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This study provides a comprehensive review of methodological advances in 
sensitivity analysis and validation of Multi-Criteria Decision-Making (MCDM) 
methods. A Systematic Literature Review (SLR) following the PRISMA 2020 
guidelines was conducted using the Scopus database, covering the period 
from 2000 to 2026. A total of 743 records were identified using the defined 
Scopus search string. Publication trends, citation patterns, leading authors, 
journals, institutions, countries, and keyword structures were examined 
through bibliometric analysis, while sensitivity analysis and validation 
approaches were systematically classified and examined using thematic 
analysis. The findings reveal a broad range of sensitivity analysis approaches, 
including deterministic, probabilistic, simulation-based, fuzzy, interval-
based, and hybrid techniques. Validation approaches were classified into 
internal, comparative, statistical, expert-based, and external validation 
techniques. The bibliometric results show that India was the most productive 
country, with 167 published papers, while Pamučar recorded the highest 
number of citations among the analysed authors, with 1,004 citations. The 
review also highlights the increasing methodological diversity of sensitivity 
and validation procedures used to evaluate the robustness and reliability of 
MCDM results. Based on the identified methodological patterns, the study 
proposes an integrated framework linking uncertainty, sensitivity analysis, 
robustness assessment, ranking stability, and validation. The proposed 
framework provides a structured basis for evaluating the reliability of MCDM 
results and contributes to improving the credibility, transparency, 
reproducibility, and methodological rigor of MCDM-based decision-making. 
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1. Introduction 

Multi-Criteria Decision-Making (MCDM) or Multi-Criteria Decision Analysis (MCDA) is one of the 
most popular methods for tackling decision-making problems with multiple and often competing 
criteria. It offers a structured approach to the assessment of options, considers the preferences of 
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those involved in decision making and assigns weights to the criteria used, and identifies appropriate 
solutions. There are many decision approaches, such as AHP, TOPSIS, VIKOR, ELECTRE and 
PROMETHEE, developed in various contexts of decision making [1, 2]. Further extensions of the field 
have been made by objective and subjective weighting, fuzzy sets, interval numbers, stochastic 
models, and hybrid methods. As a result, MCDM is widely used in engineering, manufacturing, 
energy, healthcare, transportation, supply chain management, environmental assessment, 
agriculture, and decision-making problems in the area of sustainability. 
 
1.1 Reliability Challenges in MCDM 

Although they are widely used, the outcomes from MCDM methods are influenced by the 
assumptions made, the data used and the procedures followed throughout the decision-making 
process. An MCDM model includes a set of alternatives, criteria, values of the decision matrix, 
weights of criteria, normalization methods, aggregation methods, and parameters for the method 
itself [3, 4]. Modifications to any of these elements can affect rankings and scores. Criteria weights 
could have subjective and objective uncertainties and decision data could have measurement errors 
and lack of information. Likewise, normalization, aggregation rules, parameter values, and alternative 
selection can impact results. So, the most likely option is not necessarily the most reliable one, unless 
the impact of uncertainty and methodological assumption is examined. 
 
1.2 Importance of Sensitivity Analysis 

Sensitivity analysis is one of the valuable methods to investigate the impacts of variation in the 
input, assumption and structure of an MCDM model. It can explore the impact of changing the 
relative weights of the criteria, the values on the decision matrix, the normalization method, the 
aggregation method, method-specific parameter values, and different sets. Classically, MCDM 
sensitivity analysis mostly concerned with the variation of the weights of the criteria and the 
corresponding change in the rankings [5]. It has, however, been extended to data perturbation, 
scenario analysis, rank reversal, alternative addition or removal, probabilistic analysis and 
approaches based on simulation like Monte Carlo simulation, bootstrap analysis, global sensitivity 
analysis and stochastic multicriteria acceptability analysis [6, 7]. These approaches allow for a more 
comprehensive evaluation and ranking of uncertainty and variability. Highly sensitive means that a 
small change can make a big difference to the result; stable means that the result has high resistance. 
But the sensitivity analysis is not sufficient to prove the validity of a decision 
 
1.3 Importance of Validation 

Validation is crucial to imparting confidence in the decision results obtained using MCDM. The 
purpose of validation is to judge the credibility and appropriateness of the model and its results, as 
opposed to sensitivity analysis, where the effect of changes in inputs and assumptions are assessed. 
Internal consistency checks, comparison with other sources, statistical analysis, simulation, expert 
judgment, benchmarking, and comparison to experimental or actual results are the typical methods 
for validation [8–10]. Spearman's correlation coefficient and Kendall's correlation coefficient are also 
commonly used for ranking comparison between methods of MCDM [11, 12]. Validation practices, 
however, are still quite varied and disorganized. Do not assume that if two (or more) methods agree, 
or that the two rank the same, the decision is correct in practice. Thus, a comprehensive validation 
should include suitable types of evidence based on the nature of the decision problem. 
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1.4 Sensitivity, Robustness, Stability, and Validation 
The concepts of sensitivity, robustness and stability are closely related but distinct components 

of the reliability of an MCDM decision. Sensitivity is the study of the effects on the results due to 
input, assumptions, and/or model components. The robustness of a preferred alternative means how 
it fares when the conditions or scenarios change slightly or there is uncertainty, while stability refers 
to whether the rankings stay the same among different scenarios or conditions [13]. Validation 
involves checking the evidence for the validity and usefulness of the model and results of the model. 
The two should not be used as synonyms since a stable ranking might be based on a wrong type of 
data or on wrong assumptions. Hence the process of a comprehensive assessment should be carried 
out starting from the identification of uncertainty sources, sensitivity analysis, robustness and 
stability analysis, and appropriate validation steps to build confidence on the final decision made. 
 
1.5 Existing Research Problems 

Some challenges with respect to sensitivity analysis and validation in MCDM have been 
highlighted, but this topic has not been the focus of much research. Often the sensitivity analysis and 
the validation are analysed separately in existing studies, which does not provide a complete picture 
of how sensitive validation is to sensitivity analysis and how reliable decisions can be. Furthermore, 
sensitivity analysis is often limited to variations in criteria weights, with less attention paid to 
uncertainties arising from the criteria values in the decision matrix, the way the criteria are 
normalized, the method of aggregation, the parameters used by the method, the different sets of 
criteria, and the method-specific aggregation procedures. The terms sensitivity, robustness, stability 
and validation are also used loosely, with conceptual overlap. There are also no standardized 
approaches to the selection of ranges of perturbation, simulation parameters, or stability 
parameters. Typically, cross-method validation is used; this involves comparing the methods to 
establish consistency, but it does not guarantee actual validity. Cross-method validation is also 
carried out by rank-correlations. 
 
1.6 Contributions of the Present Study 

To address these problems, this study has reviewed and summarized the advances in 
methodologies for sensitivity analysis and validation of MCDM methods in detail. It analyses the 
research trends by using bibliometric analysis and establishes structured sensitivity and validation 
taxonomies, such as deterministic, probabilistic, simulation-based and uncertainty-aware. The paper 
also elucidates the connections between sensitivity, robustness, stability and validation, discusses 
the important application fields, outlines gaps in the field and suggests a combined framework for 
enhancing the reliability, transparency and credibility of the decision-making process in the MCDM 
framework and provides research perspectives. 

This paper is organized as follows, after this introduction. The existing literature is reviewed 
(Section 2) and gaps in knowledge identified. The methodology of the systematic review is detailed 
in Section 3. The bibliometric analysis and the research trends are presented in Section 4. Sections 5 
and 6 classify sensitivity analysis and validation methods, respectively. Recent methodological 
advances are described in Section 7 and major application domains in Section 8. A critical discussion 
is included in Section 9. Last but not the least, Sections 10 and 11 feature future research directions 
and conclusion, respectively. 
 
2. Literature Review 

The classic sensitivity analysis in MCDM has been extended from the basic procedures of 
determinant criteria-weight variation to a more comprehensive set of analyses that address the 
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uncertainty in the decision matrix, various changes, scenarios, probabilistic inputs, simulation, fuzzy 
representations, and methodological assumptions. These methods have been systematically 
categorized in existing reviews, and this weight-based sensitivity analysis continues to be the primary 
way to rank risks.  
 
2.1 Evolution of Sensitivity Analysis in MCDM 

The sensitivity analysis in MCDM has been developed from the first few basic deterministic 
approaches (mostly changes in the weights of the criteria) to the more comprehensive approaches 
that deal with several uncertainty sources as presented in Table 1. Initial work was on ranking 
changes due to weight changes, later work on perturbations of the decision matrix, alternative 
changes, normalization, parameters and scenarios.  
  
Table 1 
Representative studies on the evolution of sensitivity analysis in MCDM 
Author(s) Description Key Findings Limitation 

Saaty [14] 
Introduced consistency and 
sensitivity considerations 
within the AHP framework. 

Demonstrated the importance of 
examining changes in priorities 
and judgments. 

Primarily associated with 
hierarchical and pairwise-
comparison structures. 

Triantaphyllou and 
Sánchez [15] 

Examined sensitivity and 
ranking behaviour in MCDM 
methods. 

Showed that changes in inputs 
and methodological procedures 
can affect decision outcomes. 

Focused mainly on selected 
MCDM approaches. 

Ishizaka and 
Nemery [16] 

Discussed sensitivity and 
robustness as important 
components of MCDA 
practice. 

Emphasized the role of 
uncertainty and preference 
variation in decision analysis. 

Broad MCDA coverage rather 
than a dedicated taxonomy of 
sensitivity methods. 

Więckowski and 
Sałabun [17] 

Conducted a systematic 
review of sensitivity-analysis 
approaches in MCDA. 

Identified different categories of 
sensitivity techniques and 
highlighted the dominance of 
weight-based analysis. 

Validation approaches were 
not the central focus of the 
review. 

Demir et al., [18] 

Examined sensitivity 
analysis in MCDM from a 
state-of-the-art bibliometric 
perspective. 

Revealed the growth, intellectual 
structure, and research trends of 
sensitivity-analysis studies. 

Focused primarily on 
bibliometric patterns rather 
than integrated 
methodological validation. 

  
 
2.2 Existing Reviews on Sensitivity Analysis 

The available literature on SA is summarized in this section. This section summarizes the existing 
literature on SA. This means that there are several important reviews available that have brought 
together different sensitivity analysis methods and highlighted important trends in MCDM research. 
General reviews on MCDM methods, systematic reviews on sensitivity-analysis techniques and 
bibliometric studies on the intellectual growth of the field are all found in the literature.  

The studies discussed in Table 2 illustrate growing interest in the topics of ranking robustness, 
uncertainty analysis, and methodological comparison. However, most of the available reviews are 
only concerned with the sensitivity analysis and the systematic relationship between sensitivity 
analysis and the validation is not examined as thoroughly. Moreover, recent methodological 
advancements like the probabilistic ranking, the resampling, the hybrid uncertainty analysis and 
integrated validation workflows also need to be synthesized in a single framework. 
  
  



Journal of Contemporary Decision Science 

Volume 00, Issue 00 (2026) 1-39 

5 
 
 

Table 2 
Existing studies related to sensitivity analysis in MCDM 
Author(s) Description Key Findings Limitation 

Sahoo and 
Goswami [19] 

Comprehensive review of MCDM 
methods, developments, and 
applications. 

Provided a broad overview of 
major MCDM methods and 
application areas. 

Sensitivity and validation were 
not the primary focus. 

Markatos et 
al., [20] 

Assessed sustainability rankings 
using sensitivity analysis aviation 
case. 

Model produced stable, 
robust rankings under varying 
conditions. 

Limited validation across 
industries, materials, and 
applications globally. 

Wolters and 
Mareschal 
[21] 

Introduced three approaches 
examining rankings, scores, and 
weights. 

Methods support dynamic 
decisions and analyse weight 
spaces. 

Demonstrated primarily 
through simulation, limiting 
practical validation. 

Yazdani et al., 
[22] 

Applied SWARA, WASPAS, MOORA 
with normalization sensitivity 
analysis. 

New normalization validated 
robust material ranking 
across cases. 

Only two case studies limited 
broader generalizability 
validation. 

Boukrouh et 
al., [23] 

Compared subjective, objective, 
and hybrid weighting methods 
using TOPSIS in supplier selection 
framework. 

Hybrid methods showed 
greatest stability across 
nineteen sensitivity analysis 
scenarios. 

Framework requires broader 
validation across industries 
and real-world applications. 

  
2.3 Existing Studies on MCDM Validation 

In the field of MCDM, different methods have been suggested to validate the results, such as by 
testing for internal consistency, robustness test, cross method comparison, statistical correlation 
test, expert opinion test, benchmarking, simulation, and comparison with external or empirical 
evidence. Methods based on pairwise judgements are especially relying on internal validation, 
whereas comparative and statistical methods are frequently employed to investigate agreement 
among rankings as presented in Table 3.  
  
Table 3 
Existing approaches and studies related to MCDM validation 
Author(s) Description Key Findings Limitation 

Ayyildiz [24] 
Validation used consistency ratios 
and consolidated expert 
consensus judgments. 

Consistency ratio confirmed 
reliable and internally 
consistent MCDM results. 

Lacked sensitivity analysis and 
comparative validation using 
alternative methods. 

Więckowski et 
al., [25] 

Systematically compared 
RANCOM and AHP under expert 
judgment inaccuracies. 

RANCOM generally 
demonstrated greater 
robustness, maintaining 
rankings despite increasing 
expert judgment inaccuracies. 

Validation relied on 
simulations and one housing 
location decision case, limiting 
generalizability. 

Brunelli et al., 
[26] 

Consistency validation in pairwise 
comparisons. Compared ten 
inconsistency indices to assess 
agreement among validation 
measures numerically. 

Results revealed consistency 
indices exhibited highly 
variable degrees of mutual 
agreement. 

Analysis focused numerical 
agreement, without 
examining practical decision-
making performance 
extensively. 

Ramírez-
Olivares et al., 
[27] 

Validation combined expert 
review, reliability testing, 
consistency analysis, and 
sensitivity scenarios. 

Model demonstrated reliable 
judgments and robust rankings 
across changing decision 
conditions. 

Expert-based regional case 
limits generalizability and 
retains subjective judgment 
uncertainty considerably. 

Memis & Yildiz 
[28] 

Validation employed Delphi 
consensus, AHP consistency, and 
uncertainty-aware PEM evaluation 
procedures. 

Integrated framework 
systematically prioritized 
strategies despite uncertainty 
and subjective expert 
judgments. 

Lacked explicit sensitivity, 
comparative, and external 
validation of resulting 
rankings. 
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2.4 Summary of Research Gaps 
Although more studies have been conducted, there are some limitations and gaps in sensitivity 

analysis and validation of MCDM methods. Current studies tend to focus on sensitivity, robustness, 
and validation in isolation, and few studies have paid attention to the uncertainty sources of criteria-
weight variation. 
2.5 Novelty of the Present Study 

The novelty of the study is in combining the methods of systematic literature review, bibliometric 
analysis, methodological content analysis and conceptual synthesis to study sensitivity analysis and 
validation in MCDM. It establishes comprehensive classifications, clarifies the relationships between 
the concepts of sensitivity, robustness, stability and validation, investigates advanced approaches, 
identifies methodological limitations and suggests an integrated decision-credibility framework. 
 
2.6 Research Questions 

The following research questions are proposed based on the identified research gaps. 
RQ1: What are the most important sources of uncertainty and sensitivity analysis methods used 

in MCDM? 
RQ2: How to determine the credibility and reliability of the results obtained from MCDM? 
RQ3: How to differentiate conceptually and systematically sensitivity from robustness, ranking 

stability and validation? 
RQ4: What are the key methodological pitfalls and research gaps for the use of sensitivity-analysis 

and validation in the current practice? 
 
2.7 Objectives of the Study 

The purpose of the study is to identify and assess the objectives. 
a) To conduct a systematic review of the development of sensitivity analysis and validation 

practices in MCDM studies.  
b) To perform a bibliometric analysis of the literature selected, to look for trends in 

publication, influential authors, countries, institutions, sources, collaboration networks 
and thematic developments.  

c) The taxonomy of sensitivity-analysis methods in MCDM should be developed, which will 
be useful for identifying and understanding them.  

d) To review the key areas where the use of sensitivity analysis and validation can be found.  
e) To highlight the key research gaps and methodological challenges of existing practices.  

 
3. Methodology 

This study aims to review the methodologies development, application, and future directions in 
conducting sensitivity analysis and validation in MCDM. The study uses Systematic Literature Review 
(SLR) methodology that includes both bibliometric and thematic analysis. The study follows the 
Systematic Literature Review (SLR) methodology along with bibliometric and thematic analysis to 
gain a comprehensive understanding of the evolution and current status of this research field. The 
methodology for the review is in line with Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines to ensure transparency, repeatability and methodological rigor 
in the process of literature selection [29, 30].  

Only literature data from Scopus database were collected because it covers a wide range of peer-
reviewed scientific journals and multi-disciplinary research papers in the field of MCDM, decision 
sciences, engineering, management, or related areas. The search spanned the twenty-seven-year 
timeframe from 2000 to 2026, allowing the study to examine the evolution of sensitivity analysis and 
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validation from the classical deterministic methods to the recent probabilistic, simulation-based and 
uncertainty-aware methods.  

The literature search was conducted in the Scopus database, and the data were collected on 21 
August 2026. The following search string was applied: ("MCDM" OR "MCDA" OR "multi-criteria 
decision making" OR "multi criteria decision making" OR "multi-criteria decision analysis" OR "multi 
criteria decision analysis" OR "MADM" OR "multi-attribute decision making" OR "multiple criteria 
decision making") AND ("sensitivity analysis" OR "sensitivity assessment" OR "sensitivity testing" OR 
"robustness analysis" OR "robustness assessment" OR "stability analysis" OR "ranking stability" OR 
"rank stability" OR "rank reversal" OR "uncertainty analysis" OR "perturbation analysis" OR "scenario 
analysis" OR "Monte Carlo simulation" OR "probabilistic sensitivity analysis" OR "global sensitivity 
analysis" OR "local sensitivity analysis" OR "SMAA") AND ("validation" OR "model validation" OR 
"method validation" OR "ranking validation" OR "result validation" OR "comparative validation" OR 
"statistical validation" OR "external validation" OR "empirical validation" OR "expert validation" OR 
"benchmarking" OR "cross validation" OR "rank correlation" OR "Spearman correlation" OR "Kendall 
correlation") 

 
Fig. 1. PRISMA 2020 flow diagram 
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The initial Scopus search string identified 743 publications on 21 August 2026. The records were 

not used directly in the final thematic review, but rather a series of "filters" and screening criteria 
were used to define the literature in scope of the review. The first step was to limit the publication 
range to 2000-2026, which yielded 735 publications. The dataset was then restricted to journal 
articles and no other document types which further decreased the number of records to 668. Later, 
the language was limited to English and 667 publications were published. There were no records 
found during screening that were duplicated. In total, 12 publications were excluded from further 
analysis due to missing or incomplete bibliographic data during data preparation, leaving 655 
publications for data analysis. The titles, abstracts and key words of these publications were then 
screened for relevance with respect to the goals and scope of the current project leading to 655 
relevant publications. The accessed dataset was then chosen for a bibliometric analysis of its content. 
To limit the possible age bias of a high citation threshold, but still select publications that have a high 
degree of establishment and relevance for the subsequent thematic analysis, a threshold of 3 or more 
citations per publication was used. Based on this criterion, out of 394 publications, selected and 
relevant publication is used for detailed thematic analysis. The process of selection of the entire study 
is described in the PRISMA 2020 flow diagram (Figure 1). 
 
4. Bibliometric Analysis 

Bibliometric analysis is a quantitative method to analyse intellectual structure and development 
of a research field [31, 32]. It can examine the pattern of publications, citations, influential authors, 
journals, countries, collaboration networks, and key words to highlight major research themes, 
emergent trends, and future directions in a particular scientific field. 
 
4.1 Annual Publication, Citation Trends 

Annual publication trend is the yearly pattern and its growth, which indicates the scholarly 
interest and the research activity in a given field over time [33, 34]. As can be seen from the trend of 
annual publications, the amount of research on sensitivity analysis and validation in MCDM has 
shown a significant growth. There was little publication activity for 2000–2015, with less than five 
publications being published each year. A gradual increase began after 2016, rising from 9 
publications in 2016 to 32 in 2020 and 33 in 2021 as shown in Figure 2. The growth in research 
publications grew significantly after 2022, with 51 publications in 2022, 72 in 2023 and 73 in 2024. 
The largest growth rates were for 2025 (133 publications) and 2026 (185 publications). The findings 
suggest that the academic interest in enhancing the reliability, robustness, sensitivity analysis and 
validation of MCDM-based decision-making methods is on the rise. 

Citation trend refers to the annual citation history of a publication, which reflects the scientific 
impact, influence, visibility and changing importance of a publication in a research area over time 
[35, 36]. The citation trend demonstrates the increasing scientific impact of studies about sensitivity 
analysis and validation on MCDM. The level of citations was generally low and variable from 2000 to 
2016, as there were few publications in the early phase. A substantial increase began after 2017, with 
citations rising from 654 in 2017 to 1,532 in 2018 and 1,688 in 2020 as shown in Figure 3. There were 
fluctuations but the impact on citations was not lost, with the 2023 citation of 2,120 and 1,306 in 
2024. The reduction in citations in 2025 and 2026 may be attributable to the brief period of time in 
which recent publications have been accumulating citations. It illustrates the academic trend and the 
increasing importance of reliability, robustness, sensitivity and validation in MCDM studies in general. 
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Fig. 2. Publication Count 

 

 
Fig. 3. Citation Count 
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4.2 Most Productive Sources 
As revealed by the source analysis the study of sensitivity and validation in MCDM has been 

published in multidisciplinary journals, especially in decision sciences, AI, sustainability and 
environmental research. The most publications were in the category of Sustainability (19) and 
Scientific Reports (19) (as in Figure 4). The number of publications, however, does not necessarily 
reflect the impact of citations. The total number of citations received by Expert Systems with 
Applications and Applied Soft Computing are 506 and 370 from 13 and 15 documents respectively. 
In particular, Symmetry was cited 577 times by 9 documents and Science of the Total Environment 
547 times by 8 documents, which shows high research influence. The overall results prove that the 
decision making in MCDM is interdisciplinary in nature and is gaining more and more importance in 
the academic field. 
 
4.3 Leading Authors 

Research on sensitivity analysis and validation in MCDM is dominated by a small group of highly 
productive and influential researchers as depicted in Figure 5. Albahri, A.S. has the greatest number 
of publications (21), followed by Albahri, O.S. and Pamucar, Dragan (20). As far as citations are 
concerned, the most cited documents are of Dragan Pamučar with 1,004 citations and of Željko Stević 
with 817 citations, followed by the documents of Dragan Pamučar with 779 citations. Some other 
researchers (Zaidan, A.A., Qahtan, Sarah and Deveci, Muhammet) also show high citation influence. 
Generally, the findings indicate that the research on advanced MCDM, uncertainty analysis, 
sensitivity analysis, and decision supporting methodologies have contributed significantly. 

 

 
Fig. 4. Most Productive Sources 
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Fig. 5. Most Productive Sources 

 
4.4 Top Institutions 

According to the institutional analysis, the results were geographically distributed with a great 
contribution from Iraq, Bosnia and Herzegovina, Serbia, Egypt, Kuwait and Jordan, as presented in 
Figure 6. Computer Techniques Engineering Department at Mazaya University College, Iraq recorded 
the highest productivity in terms of documents and citations, 13 and 243 respectively.  

 
Fig. 6. Top Institutions 

 
Among the Faculty of Transport and Traffic Engineering, University of East Sarajevo, 452 citations 

are received for 8 documents, emphasizing the impact of their research. The University of Belgrade, 
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Faculty of Transport and Traffic Engineering (UTTE) had produced 7 documents with 253 citations. 
Notably, the Informatics Institute for Postgraduate Studies (IIPS), Iraq had 5 documents with 332 
citations, which shows a lot of citation impact. In summary, the findings show a significant level of 
institutional involvement in MCDM sensitivity and validation research from research centers in 
Middle East and Europe. 
 
4.5 Top Country-wise Research Contribution 

A country level analysis reveals that India is contributing the most in research related to sensitivity 
analysis and validation in the field of MCDM with 167 documents and 2,877 citations. The countries 
with the highest number of citations are the top three. In Turkey, 100 documents were cited, and 
2,271 citations were made; in China, 82 documents were cited and 1,450 citations were made, as 
seen in Figure 7. The numbers of citations per document for all documents published indicates that 
Serbia has a relatively high impact on citations, with 2437 citations from 52 documents. The top three 
other countries contributing to the citations are also Australia with 1,533, Iran with 1,436 and Iraq 
with 1,291 citations. The United States had 42 documents generated with 1126 citations and 
Malaysia had 33 documents generated with 1167 citations. Overall, the results show a strong 
presence of research activity in Asian countries, notably in India and Turkey. 

 
Fig. 7. Top Country-wise Research Contribution 

 
4.6 Keyword Analysis 

The keyword co-occurrence network in the VOSviewer reveals that the most prominent and 
central keywords are from the core research themes in the field, such as “sensitivity analysis” and 
“multi-criteria decision-making” as seen in Figure 8.  

 
Fig. 8. Top Keyword Analysis 
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There is also a strong association between the central cluster and the terms “validation” and 
“uncertainty”, which reflects the increasing interest in determining the reliability and robustness of 
the MCDM results. The other crucial keywords are “multi-attribute decision-making”, “fuzzy MCDM”, 
“analytic hierarchy process (AHP),” “renewable energy”, “sustainability assessment”, “uncertainty 
quantification”, and “simulation-optimization”. The network also uncovers themes relevant to the 
application, like the Supply Chain, Electric Vehicles, Optimization in the Construction Industry and 
Automotive Industries. Overall, the structure of the keywords shows that the current research in 
MCDM is increasingly incorporating the concepts of sensitivity analysis, validation, modeling 
uncertainty, fuzzy techniques and application-specific decision frameworks in order to enhance the 
reliability and robustness of the decision. 
 
5. Sensitivity Analysis Methods in MCDM 

Sensitivity analysis plays a crucial role in Multi-Criteria Decision-Making (MCDM) by examining 
how changes in input parameters, assumptions, and methodological choices affect the scores and 
rankings of alternatives. The literature has progressively expanded toward other sources of 
uncertainty and methodological variation, including performance-value perturbation, alternative-set 
modification, scenario-based analysis, probabilistic and simulation-based approaches, fuzzy and 
interval analysis, and model- or algorithm-based sensitivity analysis. Accordingly, in this study, 
sensitivity-analysis methods are systematically classified based on what is varied, how the variation 
is introduced, which indicators are used to quantify the resulting changes, and the underlying 
assumptions and limitations. This methodological classification provides a structured basis for 
comparing different sensitivity-analysis approaches and selecting an appropriate method according 
to the nature of uncertainty in an MCDM problem.  
 
5.1 Weight-Based Sensitivity Analysis 

Among the widely used techniques in the MCDM, the weight-based sensitivity analysis [37] is one 
of the most common. It discusses the effect of varying the weights of the criteria on the ranking. A 
common approach is the one-at-a-time or incremental adjustment of the criterion weights, e.g., 
increasing or decreasing a weight by a certain percentage. The simplicity, transparency and ease in 
which this approach can be put into practice is really appealing. But it may not be a good illustration 
of multiple complex and uncertain criteria, though. Other ways to explore weight sensitivity are 
simultaneous variation, generating weights at random, weight redistribution, "equal-weight" 
scenarios, "extreme-weight" scenarios, and rank-order-preserving generation. Several weight 
vectors can be created using a probabilistic method and the frequencies of the weight ranks can be 
discussed. The literature indicates that using "weight variation" is still a commonly used method, and 
that the other weight vectors used in the model MCDM can be easily calculated.  
 
5.1.1 One-at-a-Time Weight Variation 

The one at a time method involves adjusting one weight at a time, while maintaining the other 
weights. The change in the ranking is indicated. This technique can be used as a guide to finding the 
"important" criteria and to determining if a desired alternative is "low" or "high" on a criterion. One-
at-a-time weight changes were applied to measure the sensitivity of rankings of sustainable 
manufacturing process selection by Abdel-Basset et al., and it was found that key factors like energy 
efficiency, cost, and environmental impact can have a significant impact on the results [38]. 
Therefore, this approach enhances reliability of the decision-making process in manufacturing. 
Likewise, Kitila et al. used the same for sustainable manufacturing process selection of 316 Stainless 
Steel to achieve alignment with sustainability targets and considered a wide variety of economic, 
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environmental and social criteria [39]. Ranjgar et al. discussed solar photovoltaic (PV) site selection 
by systematically altering the weight of each criterion while keeping the others the same to 
determine the effect of each criterion. In OAT studies, the percentage of variation can vary from ±20% 
to ±10%, ±5%, ±2%, or ±1%. In their study they chose a balanced range of 10% around the mean 
because it was a compromise between computational feasibility and interpretability [40]. 
 
5.1.2 Simultaneous Weight Variation 

In sensitivity testing, that several or all of the weights associated with the criteria are changed at 
once. This is a more typical case where more than one criterion are uncertain, simultaneously. 
Simultaneous Weight Variation (SWV) sensitivity analysis in MCDM is a sensitivity analysis that ranks 
simultaneously by varying multiple or all of the weights of the various criteria rather than varying 
only one criterion at a time (One-At-a-Time/OAT) [41]. Foundational work by Mukhametzyanov [42] 
and O'Sheaet al., [43] note that OATs procedures often overestimate decision stability because in 
reality, trade-offs tend to occur in more than one dimension and affect the relative importance of 
the other dimensions. Mukhametzyanov points out that objective weights, especially the Entropy 
Weighting Method (EWM), could be useful for obtaining useful data driven weights from the decision 
matrix. The study, however, shows that EWM is very sensitive to the choice of the assumed 
probability distribution of the alternatives. The weights and rankings can vary greatly depending on 
the slight change in the values for the attributes. To preserve the foundational normalization 
constraint ∑ 𝑤𝑗 = 1𝑛

𝑗=1 ,modern sensitivity models simultaneously adjust the weights across all n 

criteria. When each criterion j undergoes a concurrent perturbation factor 𝛿𝑗 ∈ [−𝛼𝑗, +𝛼𝑗](or when 

a selected target weight 𝑤𝑘 is perturbed to 𝑤𝑘
∗), the normalized simultaneous weight adjustment is 

modeled as:  

𝑤𝑗
∗ =

𝑤𝑗(1 + 𝛿𝑗)

∑ 𝑤𝑟(1 + 𝛿𝑟)𝑛
𝑟=1

 (1) 

 
Although alternative rankings can be tested as much as univariate rankings, there are some 

important shortcomings in the simultaneous weight variation approach. First, it is difficult to explore 
the multi-dimensional weight hyperspace because of the high computational complexity and 
combinatorial explosion, and it can be very time consuming to trace the stability thresholds with the 
use of either extensive Monte Carlo simulations, closed form polyhedral projections or non-linear 
solvers [44]. Second, it is hard for decision-makers to visualize and intuitively interpret simultaneous 
multi-parameter movements that are covered in the 3D plot, as opposed to 2D sensitivity plots [45]. 
Lastly, unconstrained simultaneous perturbations can generate extreme or correlated weight vectors 
that exceed the cognitive preference hierarchy and knowledge of the decision-maker, which means 
that decision scenarios mathematically possible but not practically feasible are tested. 
 
5.1.3 Scenario-Based Weight Variation 

Various weights may be assigned to different sets of weights, representing the preferences of 
decision makers, priorities of stakeholders or strategic situations. This is followed by a re-ranking of 
each scenario. Abbasi [46] investigated on scenario-based weight variation for sustainable recycling 
of NCM Lithium-ion battery cathodes, which allows to explore the influence of environmental 
regulation, economic priorities and energy limitations on selection of recycling strategies. 
Environmental and policy analyses were conducted using scenarios to see if certain extreme market 
and/or energy constrained conditions would make alternative methods more competitive, but the 
hydrometallurgical process was always competitive. To improve the low-carbon supplier selection 
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process, Maden proposed a scenario-based, integrated solution, which is based on the Fuzzy 
Cognitive Map (FCM) and Evaluation based on Distance from Average Solution (EDAS) [47]. In the 
same way, Stevic et al., [48] applied the scenario based on changing the weights of various criterion 
and identified “most significant criterion” for sustainable supplier selection in health care industries 
by utilizing following Equations. 

𝑤𝑐 = (1 − 𝑤𝑠) × (
𝑤𝑐

°

𝑊𝑐
°
) = 𝑤𝑐

° − ∆𝑥𝛼𝑐) (2) 

𝛼𝑐 = 𝑤𝑐
°/𝑊𝑐

° (3) 

Where 𝑤𝑐 represents the change in the weights of criteria in the sensitivity analysis, represents the  

𝑤𝑠 weight of the most significant criterion, 𝑤𝑐
° represents the original values of the weights of criteria 

and 𝑊𝑐
° represents the sum of the original values of the weights of criteria which are changed. The 

parameter is 𝛼𝑐 defined as the weight coefficient of elasticity, which expresses the relative 
compensation of other values of the weight coefficients in relation to the changes in the weight of 
the most significant criterion.  

𝑤𝑠 = 𝑤𝑠
° + 𝛼𝑠∆𝑥 (4) 

𝑤𝑐 = 𝑤𝑐
° + 𝛼𝑐∆𝑥 (5) 

Where  𝑤𝑠
° is the original weight of the criterion subjected to the sensitivity analysis, 𝑤𝑐

° is the original 
value of variable weights. This new set of criteria always satisfies the universal state of proportionality 
of weight coefficients that ∑ 𝑤𝑠 + ∑ 𝑤𝑐 = 1. The new values of the criteria are obtained and the 
ranks of alternative for the scenario observed are calculated. The method is systematic, 
mathematically bounded weight changes which always maintain the normalization of the non-focal 
criteria while maintaining the proportional relative weight ratios without any negative weights being 
produced [49]. The problem with this approach is that it has a rigid set of proportionality weights for 
the non-focal criteria, and only allows for one criterion to change at a time rather than the weights 
changing in multiple ways, independent of each other, across the non-focal criteria. 

 
5.1.4 Probabilistic Weight Analysis 

Weights instead of being concrete values, can be represented by probability distributions. Then 
a series of simulations can be performed to approximate the probabilities of other alternatives 
receiving a given ranking. Probabilistic weight sensitivity analysis can represent uncertain weights of 
the criteria and analyze the impact of the sensitivity of the weight on the ranking of the MCDM [50]. 
In Kala [51], the sensitivity coefficients are regarded as weight factors and the uncertain inputs are 
modelled probabilistically. The good news is that its positive is that global sensitivity methods include 
input variability and interactions and are useful for decision analysis. Furthermore, the study 
indicates that the sensitivity analysis (ROSA) results were not consistent and that interaction effects 
are strong when failure probabilities are low and difficult to compute when they are low.  

Likewise, Sun et al., [52] provides the weight sensitivity analysis of uncertain MCDM based on six 
fuzzy importance-weight sets generated. Its robustness is that A4 is the best choice for every set, and 
that its value of belief does not vary. The positive is its robustness: A4 is the best choice for every set, 
and the value of its belief does not change. It is also a method that shows the effect of the subjective 
weight changes and corrects the uncertainty of experts. One drawback is that Set 4 alters the ranking 
of A1 and A3, indicating subjective weights and a potential human-error influence. Furthermore, 
Feizizadeh and Blaschke [53] use probabilistic weight sensitivity analysis, which is a combination of 
AHP, PERT probability distributions and Monte Carlo simulation (MCS). Its key advantage is that it 
allows for the use of probability distributions to replace fixed, subjective weights, and it accounts for 
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epistemic and aleatory uncertainty, along with quantifying variations with standard deviation, 
confidence intervals, and percentiles. The method has advantages of robustness and accuracy in 
landslide susceptibility mapping. Its drawback, though, is that it is limited to expert-defined weight 
ranges, and assumes distributions, and MCS is still subjective AHP judgments-dependent and is 
computationally challenging. 
 
5.2 Decision-Matrix Sensitivity Analysis 

In MCDM, decision-matrix sensitivity analysis has progressed from a weight perturbation 
approach to a more general approach which considers the stability of the rankings under various 
uncertainty structures [54]. According to recent studies, the strength of the results of MCDM is 
significantly influenced by the dispersion and correlation among the scores of the criteria in the 
decision matrix, and the compensatory nature of aggregation rules used. For example, Gaona et al., 
[55] proposed an integrated TOPSIS framework with full range-weight sensitivity analysis, which 
showed that the local sensitivity analysis methods used in the traditional TOPSIS often miss the global 
instability regions where rank reversals occur. Likewise, Lian et al., [56] systematically studied fifteen 
MCDM methods to be used in automotive structural optimization and found that the methods with 
the highest compensatory characteristics are more likely to have rank reversals when the weights of 
the criteria vary within a narrow range.  

However, existing sensitivity analysis approaches still have many shortcomings, especially with 
respect to computational complexity and the modelling of deep uncertainty. The strong 
computational demands of global sensitivity analyses (e.g., Monte Carlo simulations or Stochastic 
Multicriteria Acceptability Analysis [SMAA]) constrain their use in high dimensional decision 
problems. Pala [57] points out that there is no systematic way to select an MCDM method depending 
on their sensitivity profiles and practitioners often select methods which may result in different 
solutions for the same problem without knowing the stability mechanism. Moreover, Nazarov [58] 
attributes weaknesses to traditional approaches such as MOORA and WASPAS in using them 
effectively when uncertainty exists because they are not able to account for qualitative information 
or changes in the environment over time.  
 
5.3 Alternative-Level Sensitivity Analysis 

MCDM alternative-level sensitivity analysis is a significant methodological improvement that 
allows to assess the robustness of the decision result by examining how the change of the input 
parameters influences the ranking and selection of particular alternatives [59]. Traditional sensitivity 
analysis looks at whether the weights for the criteria change as a result of the uncertainty about the 
data and measurement error, while alternative-level sensitivity analysis examines the values of the 
performance measures for each individual alternative to see if they are sensitive to data uncertainty 
and measurement error [60]. Alternative-level sensitivity analysis is particularly common where 
stakes are high and uncertainty is high, like planning renewable energy, managing water resources, 
and logistics in supply chains. Sensitivity analysis is used to determine which geographic and/or 
technical criteria are most important to potential sites and directs data collection on the variables 
that will have the greatest impact on site suitability in renewable energy site selection [61]. Likewise, 
water resources planning involves sensitivity analysis of performance values which helps to mitigate 
the uncertainty that exists in hydrological data to support infrastructure investments that are based 
on strong and reliable assessments [62]. The ability to pinpoint the most critical performance 
measures allows for more efficient resource allocation in data gathering and model refinement, 
ultimately enhancing the credibility of the decision-making process [63]. 
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Furthermore, the sensitivity of changes in alternative ranking because of adding or removing an 
alternative or slight changes in the weights of the criteria is a central issue in alternative-level 
sensitivity [64]. It is important to understand these circumstances to guarantee the consistency and 
reliability of the outcomes of MCDM [65] is achieved. It has been found that various MCDM methods 
have different sensitivity to rank reversal as some are more stable than others [66]. The use of 
detailed sensitivity analysis can enable the practitioner to choose the most suitable method for 
MCDM for a particular context to ensure that the method is discriminative enough in one sense while, 
at the same time, robust to data uncertainty. 
 
5.4 Scenario-Based Sensitivity Analysis 

Sensitivity analysis based on scenarios is one approach to analysing results of the MCDM using 
different decision situations [67, 68]. In MCDM, scenario-based sensitivity analysis assesses the 
robustness of the different alternatives' rankings by creating a set of states of the parameters in 
advance, in accordance with a policy or stakeholder consideration, instead of arbitrarily making 
continuous perturbations in the weight hyperspaces. In more recent work, Azzini and Munda [69] 
report that one-at-a-time weight perturbations do not reflect the complexity of real world policies, 
and when they define scenarios explicitly as weights, they can integrate competing social 
perspectives into a prioritised set of policy packages that explicitly show where consensus is found 
and where it is lacking. Likewise, in the realm of industrial warehouse automation, Purwanto et al., 
[70] examine how the prioritization changes with changing operational pressures, and they stress the 
importance of evaluating the situation-oriented weighting structures for different combinations of 
competing operational, ergonomic and space criteria to ensure that the ranking of the automation 
technologies remains consistent in the event of a sudden change of goals, e.g., from maximum 
throughput to maximum space saving.  

With this regard, from a sustainable infrastructure point of view, Özkurt [71] states that the real-
world prioritization process is significantly influenced by the divergent viewpoints of the various 
stakeholders involved, and that it is useful to assess the various scenarios individually, such as those 
with an economic dominant view, the environment-focused view, and the technology view, in order 
to provide decision makers the ability to check if the selected compromise solution remains the top 
priority even in the event of a significant change in policy. As applied results, benchmark studies for 
the method highlight the structural behaviour of the scenario test, under uncertainty. Gaona et al., 
[55] investigate predefined scenarios in addition to full range weight variation and find that scenarios 
yield an operational baseline in the form of "an anchor of practical sense" that avoids mathematically 
valid but practically meaningless weight combinations, which help identify realistic rank-reversal 
thresholds. Hashemkhani and Nemati [72] highlight through multi-scenario simulations the 
importance of systematic scenario changes to identify the rank changes for non-dominant 
alternatives when threshold parameter changes and the interactions between the thresholds change.  
 
5.5 Model-Based Sensitivity Analysis 

The use of model-based sensitivity analysis (MBSA) in MCDM considers the stability and 
consistency of alternative rankings across structurally different mathematical models (e.g., distance-
to-ideal, outranking, compromise-solution, ratio-based aggregations), rather than only parameter 
changes [73]. Więckowski and Sałabun [74] make this observation in a thorough comparative study 
over a wide range of decision contexts: The rank volatility of distance-based models is considerably 
greater than that of compensatory models while the latter show greater structural stability. Kassara 
et al., [75] note that the underlying assumptions on which distances are measured – either to an 
average solution or to minimum individual regret to maximize group utility – often change the 
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alternative that is ranked first in model selection in machine learning, where VIKOR showed higher 
stability of the ranking result under the same set of criterion weights. Likewise, in high stakes failure 
mode prioritization, Şengül and Karahan [76] compare and validate across the three methods by 
calculating Spearman rank correlation coefficients between the three follow-up results: the core 
alternative dominance does not change in the secondary and intermediate positions, and high 
correlation coefficients are obtained, even though ranks change in these positions across the three 
methods. The most salient problem is the lack of a meta-criterion or mathematical ground truth: if 
the different algorithms that compete in an MCDM problem yield conflicting rankings for a given set 
of data, decision analysts have no non-arbitrary basis for deciding which of the rankings is the "best. 
In addition, cross-method benchmarking requires a significant cognitive burden and computational 
burden because each method of MCDM has its own structural parameters tuning, thresholds 
specifications, and mathematical normalization processing.  
 
5.6 Probabilistic and Simulation-Based Sensitivity Analysis 

Probabilistic or Simulation-based sensitivity analysis in MCDM investigates the robustness and 
consistency of the multiple possible rankings that may result from alternative weights of the criteria, 
performance values, and the decision parameters, which are generally assumed to be continuous 
random variables or probability distributions [77, 78]. Dunke and Nickel [79] discussed simulation-
based sensitivity analysis as an iterative approach for evaluating parameter uncertainty and system 
dynamics in multi-criteria decision-making. Using global sensitivity analysis, particularly Sobol’ 
sensitivity indices, their methodology identifies influential parameters and strengthens the reliability 
of decision alternatives under uncertain epidemic conditions. Baležentis and Streimikiene [80] 
consider offshore engineering systems and address the problem of decommissioning based on 
dynamic Monte Carlo simulation combined with outranking techniques, noting that sampling of 
uncertain cost, environmental and technical parameters provide an entire distribution of net flows 
and probabilities of ranking decommissioning options, which highlights compromise solutions that 
are robust for thousands of simulated operational systems. Likewise, in an industrial materials 
optimization setting, Rahman et al., [81] use a combination of objective criteria weighting and 
sensitivity analysis based on Monte Carlo simulations, noting that the Monte Carlo simulations 
validate the predictive consistency of the structure of compromise alternatives by monitoring the 
ranking variations in a large number of simulations. 

It extends these findings to more complex operational and technological planning, and Valenzuela 
[82] develop a model based on distance-from-average decision models and Monte Carlo simulation 
that enables decision makers to examine the expected performance score as well as the variance 
spreads of the plans, and they show that these more reliable models lead to significantly better 
selections than deterministic or isolated multi-criteria models. Moreover, the resulting ranking 
probabilities are significantly affected by the distribution forms that are specified (e.g., uniform, 
normal, or beta distributions), as well as by the set of variance bounds that are assigned to them, 
which introduces a second level of subjectivity by the modeler that can lead to invalid output if the 
underlying statistical properties are miss specified.  
 
5.7 Fuzzy, Interval, and Uncertainty-Based Sensitivity Analysis 

In fuzzy, interval and uncertainty-based sensitivity analysis in MCDM, the parameters are 
modeled as a fuzzy set, membership function, grey interval or neutrosophic number instead of a 
deterministic scalar, and the alternative rankings are evaluated with respect to the epistemic 
imprecision, linguistic vagueness and incomplete cognitive information [83]. In a complex industrial 
system, Kaspar and Kaliyaperumal [84] study the technological roadmaps by a hybrid neutrosophic 
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approach; their sensitivity tests show that, by progressively changing the value of truth, 
indeterminacy and falsity parameters, a systematic stress test can be performed to identify ranking 
vulnerabilities that are not revealed by crisp or purely additive evaluation. In the case of sustainable 
manufacturing process selection, Lebepe and Mathaba [85] employ an integrated fuzzy multi-criteria 
approach, and, using a systematic fuzzy weight adjustment procedure, they show that the inclusion 
of triangular fuzzy boundaries in the sensitivity analysis yields robust compromise rankings that are 
able to resist real-world uncertainties in the subjective preferences of stakeholders.  

In addition to these applied research, methodological researchers highlight the crucial diagnose 
properties of interval-based testing and hesitation-aware testing. Ibrahim et al., [86] investigate the 
rank stability of a modified fuzzy AHP–TOPSIS model and conclude that monitoring the ranking 
behavior in the vicinity of the fuzzy boundaries and changing the fuzzy set boundaries make the 
model less rank-reversal sensitive, which is a common problem in crisp distance-based models. 
Moreover, Ayyildiz et al., [87] shows in a facility location model, that the sensitivity analysis of an 
intuitionistic fuzzy interval can reveal subtle crossover points at which a small change in degree-of-
hesitation can cause the relative closeness of the competing alternatives to flip. The major positive 
result of these investigations is that fuzzy and interval-based sensitivity analyses allow combining the 
mathematical rigor with the cognitive ambiguity of human decision making, allowing decision 
analysts to stress test the boundaries of stability within realistic operating intervals that are not crisp. 
The biggest problem is the uncertainty propagation when propagating intervals and fuzzy numbers 
through non-linear multi-criteria aggregation mechanisms, the intervals can get too large and the 
output intervals too wide, creating large overlapping ranges of rank where alternatives compete with 
each other and are statistically indistinguishable.  
 
5.8 Comparative Summary of Sensitivity Analysis Methods 

As seen in Table 4, all these sensitivity analysis methods have various features and characteristics 
in terms of parameters analyzed, representation of uncertainty, computational complexity, and 
robustness of the results when it comes to ranking. These approaches can be compared and 
contrasted in their merits and disadvantages and select suitable approaches according to the type of 
uncertainty and the characteristics of the MCDM problem. 
  
Table 4 
Comparative Summary of Sensitivity Analysis Methods 
Sensitivity 
Analysis 
Method 

What is 
Perturbed? 

How is it 
Perturbed? 

Main Output 
Indicator 

Key 
Assumptions 

Advantages Limitations 

Weight-
Based 

Criterion 
weights 

One-at-a-time 
(OAT), 
simultaneous, 
incremental, or 
weight 
redistribution 

Rank 
change, rank 
stability, 
rank 
correlation, 
critical 
weight 

Weights can 
be 
meaningfully 
varied while 
satisfying 
weight 
constraints 

Simple, 
transparent, 
easy to 
implement 

Mainly considers 
uncertainty in 
criterion 
importance 

Probabilisti
c Weight 

Criterion 
weights 

Probability 
distributions, 
random 
sampling, PERT 
distribution, 
Monte Carlo 
simulation 

Rank 
probability, 
confidence 
interval, 
variance 

Probability 
distributions 
adequately 
represent 
weight 
uncertainty 

Captures 
uncertainty and 
variability in 
weights 

Depends on 
distribution 
assumptions and 
may require high 
computation 
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Table 4 
Continued 
Sensitivity 
Analysis 
Method 

What is 
Perturbed? 

How is it 
Perturbed? 

Main Output 
Indicator 

Key 
Assumptions 

Advantages Limitations 

Decision-
Matrix 

Alternative 
performance 
values 

Percentage 
change, random 
noise, error 
range, interval 
variation 

Score 
change, rank 
change, rank 
reversal, 
rank 
correlation 

Perturbation 
represents 
estimation 
uncertainty 

Captures 
uncertainty in 
performance 
data 

Results depend 
on selected 
perturbation 
magnitude 

Alternative
-Level 

Alternatives 
and 
alternative set 

Adding, 
removing, 
replacing, or 
modifying 
alternatives 

Rank 
reversal, 
rank 
stability, 
rank 
correlation 

Changes in the 
alternative set 
are realistic 

Examines 
structural 
stability of the 
decision model 

Can be 
computationally 
demanding 

Scenario-
Based 

Multiple 
decision 
inputs 

Baseline, 
optimistic, 
pessimistic, 
stakeholder 

Scenario 
ranking 

Plausible 
decision 
conditions 

Represents 
multidimension
al uncertainty 

Scenario 
construction may 
be subjective 

Simulation-
Based 

Multiple 
uncertain 
inputs 

Repeated 
random sampling 
and simulation, 
e.g., Monte Carlo 

Variance, 
confidence 
interval, 
ranking 

Input 
distributions 
are 
appropriately 
specified 

Captures 
simultaneous 
uncertainty and 
interactions 

Computationally 
intensive 

Fuzzy 

Fuzzy weights, 
performance 
values, or 
expert 
judgments 

Fuzzy numbers, 
membership 
functions, fuzzy 
parameter 
variation 

Fuzzy 
score/rank, 
defuzzied 
rank, rank 
stability 

Fuzzy numbers 
adequately 
represent 
vagueness 

Suitable for 
linguistic and 
subjective 
information 

Membership-
function 
selection can be 
subjective 

Interval-
Based 

Weights, 
parameters 

Lower–upper 
bounds and 
interval variation 

Score range, 
rank stability 

uncertainty 

Does not 
require 
probability 
distributions 

Does not provide 
probability of 
occurrence 

Model-
Based 

MCDM 
method, 
normalization, 
aggregation 

Alternative 
methods or 
methodological 
configurations 

Rank 
correlation, 
rank change 

compared 
under 
comparable 
conditions 

Identifies 
methodological 
dependency 

Different MCDM 
have different 
assumptions 

  
6. Validation Methods in MCDM 

Along with sensitivity analysis, validation will bring evidence to support the credibility, 
consistency, suitability and usefulness of an MCDM model and its results [88, 89]. The major 
approaches found in the literature that are followed in the present study are as follows: Internal 
validation, External validation, Robustness checks, Monte Carlo simulation, Expert validation, 
Statistical validation, Cross-method triangulation.  
 
6.1 Internal Validation 

The Analytic Hierarchy Process (AHP) is a structured MCDM method that uses pairwise 
comparison to express preferences, according to Saaty [90]. The internal consistency of these 
judgments needs to be checked prior to the interpretation of the resulting weights and rankings as 
they are the basis for deriving criterion priorities. Internal validation, thus, examines the logical 
consistency of the decision model and the consistency of the underlying judgments and computations 
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involved in the model. The validation is especially applicable to the pairwise comparison methods 
like AHP and ANP. 
 
6.1.1 Consistency Ratio 

Saaty suggested a measure of consistency of pairwise-comparison judgments, called the 
Consistency Ratio (CR). It compares the inconsistency in a comparison matrix to the inconsistency 
that would be expected from random judgments. The CR is derived from the following: 

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
 (6) 

where CI is the Consistency Index and RI is the Random Index. A commonly used criterion is CR ≤ 
0.10, indicating an acceptable level of inconsistency, whereas higher values suggest that the pairwise 
judgments should be reconsidered. 
 
6.1.2 Consistency Index 

To measure the deviation from perfect consistency of a matrix of pairwise comparisons, Saaty 
developed a new metric, called the Consistency Index (CI). It is computed from the following 
equation: 

𝐶𝐼 =
𝜆𝑚𝑎𝑥 − 𝑛

𝑛 − 1
 (7) 

where λmax represents the maximum eigenvalue of the comparison matrix and n is its order. For a 
perfectly consistent matrix, λmax=n, and therefore 𝐶𝐼 = 0. An increasing CI indicates increasing 
inconsistency in the pairwise judgments. 

 
6.1.3 Logical Consistency 

The pairwise comparisons must be consistent with an admissible consistency level, since decision 
makers can make judgments that are contradictory or hard to reconcile, Saaty stated. Logical 
consistency, then, is the study of if the preference relationships between the criteria are coherent. 
For instance, if C1 is preferred over C2, and C2 is preferred over C3, then the resulting preference 
structure should not be in contrast to the relationship between C1 and C3. These quality checks are 
useful for detecting faulty judgments at an early stage before they get reflected in criterion weights 
and final rankings. 
 
6.1.4 Redundancy and Convergence Checks 

Saaty pointed out that it is important to build a sound hierarchical structure with relevant criteria 
and alternatives. In the same sense, internal model checking can also be used to check if the criteria 
itself give different information for decision making, and if iterative procedures (where applicable) 
can lead to a stable solution. When there are multiple criteria, they can provide redundant 
information and have the unwanted effect of giving more weight to one decision dimension. The 
convergence checks are applicable principally to iterative or computational procedure, and the 
stopping criterion should be explicitly defined for that purpose. These checks should not be used as 
evidence of the structure's external validity or as indicators of robustness, but rather are used to 
support structural validity. 
 
6.2 Robustness and Stability Validation 

Cinelli et al., [91] identify difference between robustness and sensitivity analysis in MCDA. 
Robustness refers to whether a recommendation will stand when most or all potential combination 
of uncertain performance values and preference parameters are considered, while sensitivity 
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analysis focuses on how a current recommendation will change if certain assumptions and inputs are 
modified. Accordingly, robustness and stability should be evaluated by systematically varying the 
model's inputs that are likely to be relevant and checking if the scores, rankings or preferred 
alternatives are consistent. The steps of a practical procedure may be written as in Figure 9. 

  

 
Fig. 9. Robustness and stability validation in MCDM 

 
Original and perturbed rankings are compared based on the value of measures like rank changes, 

rank correlation, rank reversal frequency and ranking stability. Ganji et al., [92] showed an approach 
that was more formal based on a modified version of the Sobol sensitivity-analysis framework. Their 
approach assesses the robustness or stability of the relative ranking of alternatives with respect to 
shifts in the criteria for assessing the alternatives and changes in the preferences of the stakeholders, 
and offers sensitivity measures of the ranking.  

A more recent proposal by Więckowski et al., [93] proposes an integrated benchmarking 
framework that takes into account a change in criterion weights, as well as a change in criterion 
exclusion and a change in decision-matrix values. They run repeated perturbed cases with the MCDA 
methods to discuss their differences in stability and robustness in their simulation approach. This 
shows how robustness testing can be expanded beyond one source of uncertainty to many sources 
of uncertainty interacting. Thus, in the context of Stability, the question is, "What happens if the 
inputs to the model are modified?"; in the context of robustness, the question is, "What happens if 
there is uncertainty in the inputs for the model, but the preferred decision remains valid? External 
validation, however, is whether the decision corresponds to independent evidence or actual results. 
This is significant because even if the result of the MCDM is very stable, the data processed, the 
assumptions made and the criteria used, and the structure of the model, may all be inappropriate. 



Journal of Contemporary Decision Science 

Volume 00, Issue 00 (2026) 1-39 

23 
 
 

Thus, alongside external validation, stability and robustness should be considered as measures of 
reliability. 

 
6.3 Comparative Validation 

Duško and Bozanic [94] proposed a framework for the validation of different MCDM methods in 
which they can be compared by the same decision conditions under which they were used to rank 
the alternatives, to check the consistency and effectiveness of the results obtained. Their approach 
employs the standard measures of difference between rankings, such as mean absolute rank 
deviation and Kendall's tau. This is consistent with the suggestion that cross-method comparison can 
be used in the evaluation of ranking agreement. Comparative validation is conducted by using two 
or more MCDM methods to analyze a set of alternatives, a set of criteria, performance data, and 
preferably a uniform weighting scheme, and then comparing the resultant rankings. For instance, 
TOPSIS, VIKOR, EDAS and COPRAS can be used to the same decision problem [95]. Spearman's rank 
correlation coefficient, Kendall's tau, rank differences, rank reversal frequency, and the agreement 
of the top-ranked alternatives are all measures of the degree of agreement. If there is a high rank 
correlation and consistent identification of leading alternatives, then there is greater stability across 
methods.  

More recently, Spearman's rank correlation is used to measure the agreement between different 
MCDM approaches to produce rankings. Baydaş et al., [96] noted, however, that MCDA is not a single 
method with a single philosophy, and that the method chosen should be a function of the structure 
of the decision problem, not a universal best method. Thus, consistency of the rankings obtained by 
the various MCDM methods should be interpreted as a convergence, rather than as evidence that 
the chosen alternative is truly optimal. Therefore, comparative validation helps to answer the 
question: “Are the different decisions yielded by the different MCDM methods the same for the same 
problem?” It can give evidence about methodological stability and ranking agreement, if no 
independent ground truth is available. But no agreement does not mean correctness, optimality or 
external validity since there may be several methods using the same data, assumptions, criteria or 
weighting judgments. Comparative validation is not an alternative to sensitivity analysis, robustness 
assessment, expert validation or external validation, but rather a complement to these techniques. 
 
6.4 Statistical Validation 

The statistical validation of MCDM should be treated as a group of quantitative processes used 
to test the validity of certain properties of the results of the decision rather than as a test of the 
overall validity of the model. statistical validation used mean absolute rank deviation and Kendall’s τ 
to quantify the consistency of MCDM rankings with reference rankings. Their study shows that it is 
possible to get quantitative evidence of agreement or difference in ranking by using statistical 
measures, but it is important that each of these measures relates to a particular property being 
evaluated.  

Spearman [97] developed a rank correlation measure to evaluate the association between two 
ordered variables. Spearman's rank correlation coefficient (ρs) is a coefficient that can be used in 
MCDM to assess the similarity between two alternative rankings. When there are no tied ranks, it is 
computed as: 

𝜌𝑠 = 1 −
6 ∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛(𝑛2 − 1)
 (8) 

where di is the difference between the ranks assigned to alternative i by the two methods or 
conditions. A value near +1 means a strong agreement in terms of rank ordering while a value near 
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−1 means an inverse ordering of the ranks. Therefore, the main purpose of Spearman's ρs test is to 
determine if there is an association between the rankings, rather than if the ranking is truly correct. 

Kendall [98] created Kendall's rank correlation as a non-parametric measure of ordinal 
association. It considers the relative number of concordant and discordant pairs for two rankings: 

𝜏 =
𝐶 − 𝐷

1
2 𝑛(𝑛 − 1)

 (9) 

 
where C is the number of concordant pairs and D is the number of discordant pairs. The higher 

the τ, the greater the ordinal agreement of the ranks. Kendall's τ is used as a statistic to assess the 
consistency of the rankings obtained by using the MCDM approach. Hence, Spearman's ρs and 
Kendall's τ are best thought of as ranking agreement rather than measures of external validity or 
correctness. 

If the objective is to determine the numerical association of two sets of MCDM scores rather than 
ordinal rankings, Pearson's product–moment correlation coefficient (r) can be used to quantify the 
linear association [99]: 

𝑟 =
∑ (𝑋𝑖 − 𝑋̅)(𝑌𝑖 − 𝑌̅)𝑛

𝑖=1

√∑ (𝑋𝑖 − 𝑋̅)2𝑛
𝑖=1 ∑ (𝑌𝑖 − 𝑌̅)2𝑛

𝑖=1

 
(10) 

where 𝑋𝑖 and 𝑌𝑖 are the scores produced by two methods or conditions, and 𝑋̅ and 𝑌̅are their 
respective means. A high 𝑟 indicates that the two sets of scores have a similar linear pattern. 
However, Pearson’s correlation does not establish equality, correctness, or causal validity. It should 
therefore be interpreted as score association, rather than ranking validation. 

Osmond et al., developed the analysis of variance approach to deciding whether there are 
significant differences between group means [100]. The ANOVA can be used in the MCDM research 
if the numerical results are generated using various MCDM methods, scenarios, parameter settings, 
or experimental conditions. The basic one-way ANOVA statistic is: 

𝐹 =
𝑀𝑆𝑏𝑒𝑡𝑤𝑒𝑒𝑛

𝑀𝑆𝑤𝑖𝑡ℎ𝑖𝑛
 (11) 

where 𝑀𝑆𝑏𝑒𝑡𝑤𝑒𝑒𝑛 represents variation between group means and 𝑀𝑆𝑤𝑖𝑡ℎ𝑖𝑛 represents variation 
within groups. A statistically significant F-test indicates that at least one group mean differs from 
another. Therefore, ANOVA evaluates statistical differences between numerical groups, rather than 
ranking agreement or ranking robustness. 

Neyman provided the framework of the "confidence-interval" for estimating an unknown 
population parameter using the information in the sample [101]. In MCDM, confidence intervals may 
be created when the scores, the probabilities of ranking, or other statistics are estimated based on 
repeated observation, simulation, or resampling. In particular, a confidence interval for the mean 
score is: 

𝑋̅ ± 𝑡𝛼
2

,𝑛−1

𝑠

√𝑛
 (12) 

where 𝑋̅ is the sample mean, ss is the sample standard deviation, n is the sample size, and 𝑡𝛼

2
,𝑛−1 

is the appropriate critical value. A narrower interval generally indicates greater precision of the 
estimated quantity. Confidence intervals therefore assess estimation uncertainty, rather than 
agreement between rankings or external validity. The summary of statistical validation is shown in 
Table 5. 
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Table 5 
Statistical Measures and What this method Validate 
Statistical procedure What is evaluated? Primary validation question 

Spearman’s ρs Association between rankings Do two rankings have a similar order? 
Kendall’s τ Ordinal agreement How strongly do two rankings agree? 
Pearson’s r Linear association between scores Do two sets of numerical scores vary similarly? 

ANOVA Differences between group means 
Are observed numerical differences statistically 
significant? 

Confidence interval Precision/uncertainty of an estimate How uncertain is the estimated quantity? 

  
6.5 Expert-Based Validation 

The expert-based validation is especially important for MCDM problems where there is no 
objective ground truth, benchmark or experimentally obtained optimum. MCDA requires preference 
and value dependent judgements, so the quality and appropriateness of the criteria, preferences, 
and the model assumptions are relevant issues within the decision analysis process. These criteria 
can then be validated by experts to see if they are relevant and complete; if the assigned weights are 
reasonable; if the assumptions are appropriate; and if the resulting ranking is consistent with domain 
knowledge. Lawshe [102] suggested a quantitative method for determining whether an item is 
essential, the Content Validity Ratio (CVR). It can also be applied in an MCDM context when experts 
decide whether or not a criterion has to be included or not in the decision problem [103]. The CVR is 
calculated as: 

𝐶𝑉𝑅 =
𝑛𝑒 − 𝑁/2

𝑁/2
 (12) 

where 𝑛𝑒 is the number of experts identifying an item as essential and N is the total number of 
experts. Higher CVR values indicate stronger expert agreement regarding the relevance of an item. 
Thus, expert validation can be used to examine criterion relevance, rather than simply accepting 
criteria selected by the researcher. The specific acceptance threshold, however, depends on the 
number of experts and the adopted validation procedure. 

Elangavan and Sundaravel [104] differentiate between content validity and face validity. Content 
validity investigates if the intended concept is covered with the proper range of items and face 
validity investigates whether the model or items seem relevant and sensible to knowledgeable 
reviewers. These ideas can subsequently be applied in MCDM to evaluate if the chosen criteria and 
model architecture are suitable representations of the decision problem. Dalkey and Helmer [105] 
developed the Delphi technique as a systematic method for asking and combining experts' opinions 
in a series of meetings. In MCDM, Delphi procedures can be employed to elicit expert consensus on 
the selection of the criteria, the definition of the criteria, the weights, the performance measurement 
or the plausibility of the final ranking. One common approach is to gather individual judgments, give 
feedback in a controlled manner, and re-evaluate the same judgment again and again until a certain 
consensus or stopping criterion is met. Delphi procedures remain popular in contemporary MCDA 
applications for the construction of experts' consensus in the absence of sufficient and consistent 
empirical data [106]. 

The expert validation can also be used after the alternative ranks and criterion weights have been 
obtained from MCDM model. Vinogradova et al., [107] proposed a re-calculation and combination of 
the weights of two sets of experts, which would increase the consistency and accuracy of the 
judgments, but this would be effective only if the expert judgments are reliable and the methods of 
the weights' calculation are appropriate. Experts might be invited to comment on the reasonableness 
of the relative importance of criteria and the resulting ranking, as well as the consistency with the 
known domain knowledge or professional experience. The agreement of the experts in the ranking, 
however, should be understood as being expert or face valid, not as an objective demonstration that 
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the alternative selected is optimal. There are more than a few influences that can affect expert 
judgment, such as experience, knowledge, preference, group dynamics, and even confirmation bias. 
The choice and makeup of the expert panel will be subject to judgments and therefore should be 
reported. The validation procedure should contain a description of the background of the experts, 
the number of experts, the selection criteria, the scale on which the experts' judgments were made, 
the number of Delphi rounds (if any), consensus level, how the disagreement is treated, and how the 
experts' judgments are aggregated.  

For instance, Pevcin and Debelak [108] validated the decision-support structure of the AHP-based 
framework by involving experts in the validation process, highlighting the significance of including 
domain knowledge explicitly in the evaluation of the criteria and the decision-support structure. 
Thus, there are two main questions addressed in the process of expert-based validation: “Are the 
criteria, the assumptions, the weights, and the resulting decision consistent with informed domain 
knowledge?” It does not demonstrate statistical significance, ranking stability, probabilistic 
robustness, or external validity; it only demonstrates evidence of content relevance, practical 
plausibility, and expert agreement. As such, expert validation is recommended in addition to 
statistical, sensitivity, robustness, and external validation especially if an objective ground truth is not 
available, as stated in Table 6. 
  
Table 6 
Expert Validation Checks 
Expert-validation 
component 

What is evaluated? Primary question 

Criterion validation 
Relevance and completeness of 
criteria 

Are the selected criteria appropriate? 

Content validity Coverage of the decision concept 
Do the criteria adequately represent the decision 
problem? 

Face validity 
Apparent appropriateness of the 
model 

Does the model make practical sense to experts? 

Weight validation 
Reasonableness of criterion 
importance 

Are the assigned weights defensible? 

Delphi consensus Agreement among experts 
Can experts reach an acceptable level of 
consensus? 

Ranking validation Practical plausibility of final ranking Does the ranking agree with domain knowledge? 

  
6.6 Benchmark and External Validation 

External validation is a comparison of the outcomes of the use of the MCDM with other evidence 
such as the optimal solution, ranking, experimental observation, historical performance, industry 
standards, benchmark models, and real-world outcomes [109, 110]. The benchmarking and ranking 
of multiclass classification models using multiple and conflicting evaluation criteria were discussed 
by Alsalem et al., [111] using a combination of BWM and VIKOR. Results of the study showed that 
almost identical rankings were obtained in the two decision-making methods, internal and external, 
and that significant differences were found among the group scores as validated by objective 
measures. Their study was limited to a small dataset and a particular group of classification models 
Similarly, Zaidan et al., [112] proposed an external evaluator based MCDM benchmarking method 
that incorporates external aggregation with AHP based preference weights and TOPSIS, to 
demonstrate that the external aggregation can facilitate the reliable comparison of alternatives 
under different evaluator preferences and only applied to a small example of digital-watermarking, 
thereby not generalizing to a broader context. To enhance the stability of the ranking, Tomar et al., 
[113] developed a benchmark-driven MCDM model with fixed benchmark values and 0–100 scores, 
showing the effectiveness of other addition/removal tests and sensitivity analysis and studied rank-
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reversal resistance and benchmark stability, but there is still a need for broader independent 
validation across a variety of MCDM applications. The intelligent supplier-benchmarking decision-
support system, under interval uncertainty, was developed by Goswami et al., [114] and the results 
were compared with the existing methods which gave comparative evidence for the validity of 
supplier efficiency rankings. Overall, the results of these studies show that external validation and 
benchmarking can improve the credibility and robustness of MCDM rankings, but independent 
datasets, different types of decision contexts, other weighting approaches and cross-method 
validation are still significant research challenges. 
 
6.7 Simulation and Resampling Validation 

The use of simulation and resampling validation techniques to verify the robustness, stability, 
predictive capability and uncertainty of the MCDM results is growing. Researchers can re-sample 
data, test different scenarios, or simulate changes to the criteria and weights to see if rankings change 
and if conclusions hold true if the decision environment changes [115].  

Eloudi et al., [116] tested the accuracy of MCDM, statistical and machine-learning ensemble 
models to gully-sensitivity mapping, and they concluded that MCDM-WoE-AHP and WoE-RF models 
performed well in predicting gully-sensitivity, with AUC values of 0.886 and 0.888, respectively. The 
study, however, was geographically limited to a semi-arid region, and was not fully validated because 
it was primarily prediction-oriented rather than in its entirety on the stability of the MCDM ranking 
under repeated resampling or under uncertainty. Raheja et al., [117] proposed a hybrid approach of 
AHP-CODAS and applied the simulation and sensitivity analysis to analyze the ranking of polluted 
cities in India. The model was validated with AHP and TOPSIS with the help of Spearman correlation 
and scenario-based sensitivity analysis was conducted to investigate the impact of pollutant weights. 
However, the validation was still conducted for a small number of cities, pollutants and alternative 
MCDM methods and so the results were limited to those. Likewise, Kalantar et al., [118] showed the 
benefit of resampling-based validation by employing cross-validation, bootstrap and optimism-
bootstrap methods for forest-fire susceptibility models. The results indicated that resampling led to 
better predictive performance; BRT performed optimistically with AUC score of 0.91. It is worth 
noting that the study mainly validates the prediction models using machine learning methods, but 
not the stability of the weights of the criteria and the alternative rankings obtained by MCDM, which 
leaves a methodological gap for resampling validation of MCDM.  
 
7. Methodological Advances in Sensitivity Analysis and Validation 

The literature suggests there is a definite methodological shift, from being strictly a sensitivity 
test method, to a more general uncertainty-aware approach. The first set of methods involved 
changing the importance of the criteria; the latter set of methods also take into account the values 
of the decision matrix, alternatives, scenarios, methodological assumptions, and multiple uncertain 
inputs and interactions. This is the next step after fixed inputs and deterministic perturbations to 
probabilistic inputs. One-at-a-time procedures have been extended to so-called global sensitivity 
analysis that takes into account the variations of multiple input variables and their potential 
interaction. Probabilistic approaches also enable uncertain parameters to be represented by a 
probability distribution and Monte Carlo simulation enables the evaluation of multiple combinations 
of weights and performance values to be repeated.  

So instead of reporting just one ranking, researchers can construct estimates for the probabilities 
of the other rank being the first. The effect of sampling variability on the outcome of MCDM is also 
discussed in the Bootstrap and resampling methods. The ranking stability and validation assessment 
has also been improved as a result of the last years developments. The focus has shifted over to other 
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elements of the decision uncertainty, such as rank probability, rank acceptability, rank volatility, 
stability indices and stochastic dominance, instead of only the “stable” vs. “unstable” dichotomy. 
Likewise, the more elementary and basic consistency checks have been expanded to a more complex 
multi-level validation of internal, comparative, statistical, expert and external validation. There are 
other ways of representing uncertain information, such as fuzzy or interval numbers, which don't 
need to be represented numerically.  
 
8. Applications of Sensitivity Analysis and Validation in MCDM 

Sensitivity and validation processes are more and more widely used in many areas of decision 
making. How they contribute to the uncertainty depends on the type of uncertainty and the external 
evidence available. The areas of engineering and industry in which MCDM applications are used are 
very broad. One of the various types of analysis available to an engineer or manufacturer in material 
selection, process selection, equipment evaluation, machining, supplier selection and technology 
assessment is the sensitivity analysis. This uncertainty in energy demand, environmental conditions, 
technological performance and even policy conditions is particularly useful in energy and renewable-
energy applications for probabilistic sensitivity analysis and comparisons of different approaches. 
Their techniques are used in the selection of renewables, assessment of energy technologies, energy-
management strategies and grid planning.  

In the healthcare field, the application of the MCDM methods was observed for hospitals 
assessment, medical equipment selection, prioritization of treatment and allocation of resources and 
in the case of clinical and experimental uncertainty, statistical validation can be used as an alternative 
tool. In supply chain operations and logistics, the sensitivity analysis can be used to test the changes 
in supplier rank under changes in supplier cost, lead time, reliability, and sustainability rating, 
particularly in a dynamic environment or operations, using scenarios and probabilistic approaches. 
In the construction and infrastructure sector, MCDM can be used to select contractors, for material 
selection, site selection, infrastructure prioritization and sustainability assessment, and sensitivity 
analysis can be used to assess the impact of costs, safety and project duration, while validation can 
be done by engineering standards and regulatory requirements. In smart-cities and emerging 
applications uncertainty and ranking stability are analyzed with hybrid (deterministic, fuzzy and 
simulation) approaches, which are suitable for dynamic and heterogeneous data.  
 
9. Comparative Discussion and Critical Analysis 

This reviewed literature indicates that the sensitivity analysis and validation in MCDM has shifted 
from the relatively simple criterion weight perturbation to more complex techniques, such as using 
uncertain performance values, alternative sets, method selection, simulation, statistical analysis and 
external evidence. The comparative evidence leads to the introduction of a seven-dimensional 
taxonomy of sensitivity sources, which are expressed in the following equation: equation 13 and are 
discussed in Table 7 and 8. 
𝑆 = {𝑊, 𝑋, 𝐴, 𝑁, 𝐺, 𝑃, 𝑀} (13) 

where W denotes criterion weights, X the decision-matrix or performance values, A the set of 
alternatives, N the normalization procedure, G the aggregation procedure, P model-specific 
parameters and M the selected MCDM method. The selection of the appropriate analysis is done as 
indicated in Figure 10.  
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Table 7 
Taxonomy of Sensitivity Sources in MCDM 

Symbol 
Sensitivity 
source 

What is varied? Typical perturbation Main question 

W Weights Criterion importance 
±%, OAT, simultaneous 
variation, probability 
distributions 

Does changing criterion 
importance alter the ranking? 

X Decision matrix 
Alternative performance 
values 

±%, random error, 
interval/noise 

Does data uncertainty alter 
the ranking? 

A Alternatives Alternative set 
Addition, removal, 
replacement 

Is the ranking stable to 
changes in alternatives? 

N Normalization Normalization technique 
Change normalization 
method 

Is the result dependent on 
data transformation? 

G Aggregation 
Aggregation/decision 
rule 

Change aggregation operator 
Is the ranking dependent on 
the aggregation mechanism? 

P Parameters 
Method-specific 
parameters 

Parameter variation 
Is the result sensitive to model 
settings? 

M MCDM method Decision-making method 
TOPSIS, VIKOR, EDAS, 
COPRAS, etc. 

Is the result method-
dependent? 

  
Table 8 
Operational mapping of sensitivity sources to perturbation and validation measures 
Source Perturbation Output Recommended indicator What it establishes 

W Weight variation Scores/ranks 
Rank change, Spearman ρ, Kendall τ, 
critical weight 

Weight 
sensitivity/stability 

X 
Performance-value 
variation 

Scores/ranks Score variation, rank reversal, ρ/τ Data sensitivity 

A 
Add/remove 
alternatives 

Ranking 
Rank reversal, rank-position 
frequency 

Structural stability 

N 
Normalization 
methods 

Scores/ranks Rank correlation, ranking difference 
Normalization 
dependence 

G Aggregation operators 
Final 
scores/ranks 

Rank correlation, rank reversal 
Aggregation 
dependence 

P Parameter variation Scores/ranks 
Sensitivity index, rank change, 
variance 

Parameter sensitivity 

M 
MCDM-method 
variation 

Rankings Spearman ρ, Kendall τ, rank deviation 
Cross-method 
agreement 

  
The complete framework can thus be illustrated as in Figure 11. This sequence helps to establish 

an operational connection between what is not known, how it is disturbed, how the decision changes, 
how stable and robust the resulting ranking is, and what evidence underpinning the final 
recommendation exists. Importantly, it does not presume a stable ranking is always correct, nor does 
it presume that if one method of MCDM agrees with another, they are correct. Instead, various types 
of evidence address various methodological questions: stability questions whether sensitive to 
changes in specified ways; robustness asks whether the results are robust to plausible uncertainty; 
comparative and statistical analyses ask whether the results are in agreement or disagreement; and 
external validation asks whether they are consistent with other evidence. This distinction offers a 
scientifically defensible way to evaluate the trustworthiness of the recommendations of MCDM. 
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Fig. 10. Decision tree for selecting sensitivity and validation procedures in MCDM 
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Stability, robustness and external validity can conceptually be stated in the following equations: 
𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑓(𝑟𝑎𝑛𝑘 𝑐ℎ𝑎𝑛𝑔𝑒𝑠, 𝜌, 𝜏, 𝑟𝑎𝑛𝑘 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) (14) 
𝑅𝑜𝑏𝑢𝑠𝑡𝑛𝑒𝑠𝑠 = 𝑓(𝑟𝑎𝑛𝑘 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 𝑝𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑 𝑎𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) (15) 
𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑉𝑎𝑙𝑖𝑑𝑖𝑡𝑦 = 𝑓(𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 𝑤𝑖𝑡ℎ 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒) (16) 

 

 
Fig. 11. Integrated Sensitivity–Validation Framework for Selecting Sensitivity, Stability, Robustness, and 

Validation Analyses in MCDM 
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10. Research Gaps and Future Research Directions 
Based on the systematic and thematic analysis, it is found that there are several gaps in the 

sensitivity analysis and validation of MCDM as discussed in Table 9. The literature searched indicated 
that criterion-weight sensitivity is the most extensively discussed source of uncertainty while the 
uncertainty related to values in the decision matrix, alternative sets, normalisation process, 
aggregation rules, model-specific parameters and choice of MCDM methods is comparatively less 
systematically discussed. Furthermore, there is also significant variation in the range of 
perturbations, the assumptions made for the probability, the simulation parameters, the stability 
measure, and the validation method, which reduce the comparability and reproducibility of the 
studies. The literature also provides evidence that stability of ranking, methodological agreement, 
external validity, and robustness are often measured independently, and little evidence of their being 
synthesized in a common analytical framework. The results suggest the need for standardized and 
more multi-dimensional sensitivity–validation procedures instead of just one sensitivity indicator and 
validation method.  
  
Table 9 
Identified Literature Gaps and Future Research Directions 
Identified gap observation from the reviewed studies Future research direction 

Lack of standardized 
sensitivity procedures 

Studies use different perturbation ranges, scenario 
numbers, probability distributions, simulation settings, 
indicators, and reporting practices. 

Standardized sensitivity 
and validation protocols 

Dominance of criterion-
weight sensitivity 

Weight variation is widely investigated, while decision-
matrix values, alternatives, normalization, aggregation, 
parameters, and MCDM-method dependence receive 
comparatively less systematic attention. 

Multidimensional 
sensitivity analysis 

Heterogeneous 
representation of uncertain 
decision information 

Existing studies employ deterministic ranges, intervals, 
probability distributions, fuzzy information, and stochastic 
approaches with different assumptions. 

Probabilistic and 
Bayesian uncertainty 
modelling 

Limited integration of 
simulation and resampling 
approaches 

Monte Carlo, SMAA, bootstrap, and global/variance-based 
sensitivity methods are generally applied for different 
purposes and are not consistently integrated. 

Advanced simulation and 
resampling frameworks 

Predominantly static 
decision structures 

Many sensitivity analyses evaluate a fixed set of weights, 
performance values, and alternatives rather than their 
evolution over time. 

Dynamic MCDM 
sensitivity analysis 

Increasing complexity of 
multidimensional sensitivity 
analysis 

Simultaneous perturbation can generate a large number of 
scenarios and computationally demanding analyses. 

AI-assisted sensitivity and 
validation 

Limited use of independent 
evidence for validation 

Cross-method agreement and statistical association are 
more readily applied than comparison with independent 
empirical or real-world evidence. 

External validation and 
benchmark comparison 

Table 9 
Continued 
Identified gap observation from the reviewed studies Future research direction 

Inconsistent reporting and 
limited reproducibility 

Perturbation ranges, distributions, simulation runs, 
preprocessing procedures, algorithms, and stability 
indicators are not consistently reported. 

Reproducibility and 
transparent reporting 
standards 

Separate treatment of 
stability, robustness, and 
validation evidence 

Different forms of evidence are often reported 
independently, making it difficult to assess the overall 
credibility of an MCDM recommendation. 

Integrated decision-
credibility assessment 

  
11. Conclusion 

This study conducted a comprehensive review of methodological advances in sensitivity analysis 
and validation of MCDM methods by conducting a systematic literature review, bibliometric analysis 
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and thematic analysis. The results indicate a significant increase in research interest and the 
development of the sensitivity analysis from the classical approach of varying the criteria to the 
current approach of perturbing the decision matrix, scenario analysis, alternative-level analysis, 
probabilistic approach, Monte Carlo simulation, bootstrap method, fuzzy approach, interval 
approach, and hybrid approach. 

The study also revealed that validation includes internal consistency assessment, robustness and 
stability analysis, cross-method comparison, statistical validation, expert evaluation, benchmarking, 
and external and empirical validation. But other uncertainties and external validation are relatively 
underdiscussed compared to criteria-weight sensitivity. Lack of standardization of sensitivity 
procedures, indicators, terminology and reporting practices also restrict comparability and 
reproducibility. From these results, the study suggests an integrated view that takes into account a 
combination of uncertainty, sensitivity, robustness, ranking stability and validation to make up the 
decision credibility. The future research directions include standardized procedures, probabilistic and 
simulation-based approaches, dynamic and AI based MCDM, better external validation and 
reproducible research. 
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