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 This article introduces a scientometric investigation regarding the use of Multi-Criteria Deci-
sion-Making (MCDM) techniques in the area of portfolio optimization. The study, which em-
ploys a carefully selected dataset of 108 scholarly articles that are drawn from the Scopus data-
base, covers the period 2003 to 2026, and maps the intellectual landscape, identifies the leading 
methodologies, and tracks the trends of migration. We perform a systematic analysis of the oc-
currence, impact, and application domains of 20 different MCDM methods, which include Data 
Envelopment Analysis (DEA), the Analytic Hierarchy Process (AHP), TOPSIS and PROME-
THEE, among others. The study employs key indicators such as the number of publications, the 
number of citations, the geographical distribution of authors, as well as the dispersion of jour-
nals, to assess the impact and uptake of the various techniques. The analysis demonstrates the 
dominance of DEA as a method, which is often combined with other MCDM methods and me-
taheuristics. A trend towards hybridization, which includes the combination of MCDM with 
fuzzy set theory, machine learning, and evolutionary algorithms, has been recognized as one of 
the main factors contributing to the innovation of recent techniques. In addition, the study points 
out the increasing adoption of Environmental, Social, and Governance (ESG) factors and big 
data analytics into the portfolio selection process. The survey presents a quantitative picture of 
the domain and provides researchers and practitioners with valuable insights through the iden-
tification of the established pillars, the emerging hotspots, and the future research trajectories in 
the field of MCDM-based portfolio optimization. 
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1. Introduction 

The optimization of portfolios has been one of the main pillars of financial engineering and investment science since the 
groundbreaking contribution of Markowitz (1952) to Modern Portfolio Theory (MPT). The traditional mean-variance 
model, while being the foundation, is frequently limited in its usage in actual practice as it is based solely on one risk 
measure (variance) and it also assumes that return distributions are well-behaved. The process of making financial decisions 
is naturally multi-faceted, with different conflicting goals such as obtaining the highest return, reducing risk (measured in 
a number of different ways), maintaining liquidity, controlling transaction costs, and increasingly, compliance with ethical 
or sustainability requirements. 

The complexity of the situation has been an impetus for the gradual acceptance of Multi-Criteria Decision-Making (MCDM) 
methods in this area. MCDM sets up an evaluation, ranking, and selection process with a structured framework for a limited 
number of alternatives based on various criteria, which are in most cases, contradictory. One of the major advantages of 
MCDM in portfolio optimization is that it allows for a more detailed and realistic representation of investor preferences, 
thus, moving away from the bi-objective paradigm of Markowitz. This change in thinking has realized that investors are 
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not only concerned with the trade-off between risk and return but also with a number of other qualitative and quantitative 
factors that can be systematically incorporated through MCDM techniques. 

An explosion of research has occurred during the last twenty years in this interdisciplinary field. The problem of portfolio 
selection has been tackled by various MCDM methods with application, adaptation, and hybridization. The result is a vast 
but fragmented literature, which makes it difficult to understand the overall structure, key players, and main methods. Due 
to the large amount and variety of this literature, it is critical to conduct a systematic and quantitative evaluation to map out 
the intellectual structure of the area, point out the most powerful methods, and get a grasp of the changing research fronts. 

The present study utilizes the scientometrics approach to investigate a set of 132 research papers that center on the conjoint 
aspects of MCDM and portfolio optimization. Scientometrics is a quantitative way of studying scientific communication 
that makes it possible to measure scientific activities and map out areas of knowledge (De Bellis, 2009). The application of 
bibliometric methods allows us to go from a conventional qualitative review to offering a data-driven perspective of the 
research landscape, which is much broader. 

The primary objectives of this survey are: 

1. The purpose of this research is to determine and measure the extent of application of 20 selected MCDM methods 
in the field of portfolio optimization and to create a clear ranking of their popularity and impact. 

2. In order to track the temporal patterns, to measure the citation impact and to determine the regions of the research 
origins for each method, identifying the leading research hubs and seminal works was performed. 

3. To explore how frequent hybridization is and what trends it shows, which includes cases where MCDM methods 
are either joined together or combined with other computational approaches such as fuzzy logic, metaheuristics, 
and machine learning. 

4. Creating a blueprint of the application contexts, like asset classes (stocks, bonds, energy, projects) and the integra-
tion of non-financial criteria such as ESG, which indicates the field's increasing range of influence. 

5. Another major goal of this study is to create the comprehensive reference base for future researchers by systemat-
ically organizing and annotating the seminal and recent works in the field, thus facilitating new investigations. 

The organization of the whole paper is as follows: In Section 2 data collection and analysis methodology is described. 
Besides, Section 3 contains a very comprehensive scientometric analysis by method with statistical tables included. In Sect 
ion 4, the crucial supporting roles of fuzzy logic and metaheuristics are examined. Section 5 presents a synthesis of the main 
findings, highlighting the discussion of the major trends and patterns. Section 6 states the limitations of this study, and then, 
Section 7 wraps up the paper and recommends future research paths. 

2. Methodology 

2.1 Data Collection and Filtering 
 

The data collection for this scientific analysis came from the Scopus database, which is one of the most significant abstract 
and citation data-bases of peer-reviewed literature. The search query was constructed to include articles at the junction of 
MCDM and portfolio optimization. The precise keywords that were used included: 

("Analytic Hierarchy Process" OR AHP OR "Technique for Order Preference by Similarity to Ideal Solution" OR TOPSIS 
OR ELECTRE OR PROMETHEE OR "Simple Additive Weighting" OR SAW OR "Weighted Product Method" OR WPM 
OR "Multi-Attribute Utility Theory" OR MAUT OR "Multi-Attribute Value Theory" OR MAVT OR VIKOR OR "Grey 
Relational Analysis" OR GRA OR "Data Envelopment Analysis" OR DEA OR DEMATEL OR "Best-Worst Method" OR 
BWM OR COCOSO OR MACBETH OR SPOTIS OR MOORA OR COPRAS OR SWARA OR "Analytic Network Pro-
cess" OR ANP) AND "Portfolio optimization" 

This query was run in November 2025 and led to the extraction of 108 usable documents. The output comprised complete 
bibliographic data for each record, which included title, authors, affiliations, abstract, keywords, source title, publication 
year, DOI, and citation count. The publication time range is from 2003 to 2026 (in press articles), giving a nearly 25-year 
perspective on the development of the field. 

2.2 Analytical Framework 
 

The 108 articles were coded manually and systematically to extract some information for quantitative analysis: 
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• MCDM Methods: All MCDM techniques cited or applied in the research were pinpointed through article review. 
A single paper could be linked to several approaches in case it suggested a hybrid model. 

• Publication Year: To monitor the temporal trends and method preferences. 
• Citation Count: The use of citations is recognized as a proxy for the academic impact and influence of papers. It 

is acknowledged that this method puts older publications in an advantageous position. 
• Author Affiliations: To identify the geographical distribution of research output. 
• Journal/Conference Name: In order to determine where the studies are published for this research field. 
• Application Context: The type of portfolio undergoing optimization (e.g., stocks, energy projects, cryptos, gen-

eral assets). 
• Integration with Other Techniques: Employing fuzzy logic, genetic algorithms, other metaheuristics, or ma-

chine learning. 

The examination centers around 20 MCDM techniques that are defined in the search query. The following paragraph elu-
cidates a comprehensive scientometric profile for each method. 

3. Scientometric Analysis of MCDM Methods in Portfolio Optimization 

The upcoming segment offers an in-depth exposition for every one of the 20 MCDM techniques wherein their principal 
idea, occurrence in the dataset, overall references, prominent articles, and major movements are discussed. The core statis-
tics are summarized in Table 1. 

Table 1  
Summary of MCDM Method Prevalence and Impact 

MCDM Method Frequency (No. of Articles) Frequency (%) Approx. Total Citations Avg. Citations/Paper* 
DEA 75 56.80% >1,400 18.7 
AHP 28 21.20% >550 19.6 
TOPSIS 18 13.60% >280 15.6 
PROMETHEE 12 9.10% >160 13.3 
GRA 9 6.80% >110 12.2 
VIKOR 8 6.10% >60 7.5 
COPRAS 6 4.50% >80 13.3 
MOORA 5 3.80% >45 9 
ELECTRE 4 3.00% >25 6.3 
BWM 3 2.30% >30 10 
ANP 2 1.50% >10 5 
DEMATEL 2 1.50% >15 7.5 
MAUT/MAVT 2 1.50% >15 7.5 
SAW 2 1.50% >5 2.5 
WPM 1 0.80% >2 2 
SWARA 1 0.80% >3 3 
COCOSO 1 0.80% >2 2 
MACBETH 1 0.80% >1 1 
SPOTIS 1 0.80% >1 1 

 

3.1 Data Envelopment Analysis (DEA) 

• Core Concept: This is a non-parametric technique that assesses the relative effectiveness of a group of decision-
making units (DMUs) using different resources to generate different outputs. In the context of portfolio optimiza-
tion, assets (for instance, stocks) are considered as DMUs. Inputs are usually represented by risk measures (for 
example, variance, Beta, Value-at-Risk), and outputs are by return measures (for instance, expected return, divi-
dend yield). Among the models, the CCR and BCC are the most basic, whereas the cross-efficiency model, which 
is more advanced, has gained popularity, particularly among those seeking a single unique ranking of assets. 

• Frequency & Dominance: 75 articles. DEA is the method of MCDM that has been most frequently applied in 
the dataset, its presence being more than 56% in total. This predominance highlights its power in forming efficiency 
frontiers for selecting assets and constructing portfolios, thereby offering a data-based method for the exclusion of 
inefficient assets before the final allocation. 

• Total Citations (Approx.): > 1,400 (across all DEA-related papers in the dataset). 
• Key Publications: 

o Seminal & Highly Cited: Edirisinghe and Zhang (2007) with 110 citations, presenting a generalized 
DEA model for fundamental analysis and portfolio optimization. Edirisinghe and Zhang (2008) with 52 
citations, utilizing DEA-based financial strength indicators for US industries. These publications made it 
possible to use DEA as a pre-selector in a two-stage portfolio optimization process. 
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o Modern & Influential: Zhou et al. (2021), who have been cited 38 times, are combining DEA with large 
data sets and different data sources (for instance, social media) in order to make the right investment 
decisions. Chen et al. (2020) have collected 39 citations as they introduce a detailed fuzzy multi-objective 
model that is based on the DEA cross-efficiency model. 

o Recent & Indicative of Trends: Boubaker et al. (2025) discuss a bootstrapped double-frontier DEA for 
the ESG-Sharpe ratio trade-off. Liu et al. (2024) present a novel regret-rejoice cross-efficiency approach 
for energy stock portfolios. Zhang and Chen (2026) are proposing a fuzzy multi-objective portfolio model 
with DEA cross-efficiency. 

• Trends & Hybridization: DEA is a method with a great deal of flexibility and is commonly implemented in a 
two-step process: the first step involves the screening and ranking of assets according to their efficiency and the 
second step consists in feeding the optimization model with the rankings. Additionally, it is often blended with: 

o Cross-Efficiency: Provision of a more stringent evaluation of the repair products enduringly so loosening 
the shackles of their light-fingered DEA models (e.g., Zhang & Chen 2026; Kumari et al. 2025), does as 
well enable customer consumables improved, provided that wrecked products are still a theme of conver-
sation. 

o Fuzzy Set Theory: To manage the uncertainty in the input/output data, the Fuzzy DEA models (e.g. 
Rotella Junior et al., 2015; Li and Gao, 2025) were introduced. 

o Metaheuristics: DEA models or their efficiency scores are frequently incorporated into multi-objective 
evolutionary algorithms (MOEAs) such as MOEA/D and NSGA-II to steer the process toward optimal 
portfolios (e.g., Zhou et al., 2019; Hamdi et al., 2025). 

• Geographical Distribution: China, Iran, Brazil, and Taiwan all have strong research clusters around the world. 
In particular, the Chinese institutions are characterized by an extremely high output of DEA-based portfolio re-
search. 

3.2 Analytic Hierarchy Process (AHP) 

• Core Concept: The method is a systematic approach to decision-making using math and psychology. One of its 
key points is the creation of a hierarchy that consists of criteria and their pairwise comparisons to calculate the 
weights for each of the criteria. Its power is in the decomposition of a complex problem into a hierarchy and the 
impressive expert judgment capturing in a systematic manner. 

• Frequency: 28 articles. 
• Total Citations (Approx.): > 550. 
• Key Publications: 

o Highly Cited & Foundational: Gupta and collaborators (2013) have received the highest number of 
citations (45) for their paper where they applied AHP to ethical portfolio selection, combining finance 
and ethics. Uhde and colleagues (2017), with 30 citations, illustrated the expansion of AHP usage beyond 
classic finance by applying it to forest ecosystem portfolio management. 

o Classic Application: Greiner et al. (2003) is a classical paper with 81 citations and though it mainly dealt 
with weapon systems, it showed how AHP could be integrated with integer programming for project 
portfolio selection thus the financial portfolios could easily be handled with this framework. 

o Recent Applications: Haji and the others (2023) propose techniques to reduce the risks associated with 
energy-water-food nexus technologies, while Kumar Sharma (2024) employs a triangular intuitionistic 
fuzzy AHP variant for the Saudi stock market, thereby indicating the progress of fuzzy integrations. 

• Trends & Hybridization: AHP mainly finds its application in the determination of relative weights of various 
financial and non-financial criteria (e.g., profitability, liquidity, ESG factors) based on subjective values. Its most 
significant advantage is the ability to incorporate expert opinion. Typical hybrids are: 

o AHP + Fuzzy Logic: This vagueness and imprecision of human judgment were taken into account with 
the development of Fuzzy AHP, which is now the almost universal method in subjective weighting. 

o AHP + Optimization Model: The weighted criteria obtained from the AHP method serve as input pa-
rameters in a later stage of mathematical programming model (for example, linear, integer, or goal pro-
gramming) for the purpose of portfolio allocation (for instance, Hsu, 2018; Kilic & Kaya-kutlu, 2015). 

o AHP + Other MCDM: AHP is a mathematical framework upon which popular methods of decision 
making such as TOPSIS, VIKOR, and GRA were developed. 

• Geographical Distribution: Contribution spread and prominent from India, Iran, and Turkey to the United States. 

3.3 Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) 

• Core Concept: The method that evaluates options according to their geometric distances from a positive ideal 
solution (PIS) and a negative ideal solution (NIS) is called the PIS-NIS method. The best alternative is one that is 
nearest to PIS and farthest from NIS. The main advantages of this method are its intuitive logic and computational 
simplicity. 
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• Frequency: 18 articles. 
• Total Citations (Approx.): > 280. 
• Key Publications: 

o Highly Cited: Liu et al. (2012), having 73 citations, a paper that marked the development of dynamic 
fuzzy MCDM portfolios, proposed a fuzzy multi-period TOPSIS model combined with a portfolio selec-
tion model. 

o Influential Hybrids: Pisal et al. (2025) integrating TOPSIS with ARAS (a similar method) and goal 
programming in a complex multi-criteria approach. Weng Siew et al. (2020) with a fuzzy TOPSIS-mean-
semi absolute deviation model. 

o Sector-Specific Application: Caetani et al. (2016) used TOPSIS as part of an integrated fuzzy-ELEC-
TRE-TOPSIS framework for oil refinery restructuring decisions. 

• Trends & Hybridization: It seems unreasonable in most cases that decision makers use an AI or like above in 
their research without any external intervention making them aware of the key negotiating values of decision-
making problems at hand. 

o TOPSIS + Fuzzy Logic: Fuzzy TOPSIS appears to be one of the most frequent possibilities, which deal 
with vague and imprecise data. 

o TOPSIS + Other MCDM: AHP (for weighting) and DEA are quite often applied together, among other 
methods. The integration of the DEA-TOPSIS model is still widely practiced where the efficiency ratings 
of DEA are given as a criterion in the TOPSIS method. 

o TOPSIS + Goal Programming: After obtaining some ranking or performance scores from TOPSIS for 
the purpose of proposing goals, another intention in utilizing mathematical programming might be final 
capital allocation. 

3.4 Preference Ranking Organization METHod for Enrichment Evaluations (PROMETHEE) 

• Core Concept: An outranking approach that incorporates direct comparisons and a preference function in deter-
mining an alternative’s ranking either partial (PRO-METHEE I) or complete (PROMETHEE II). A remarkable 
aspect of this method is its adaptability in selecting the forms of preference functions (e.g., usual, U-shaped, V-
shaped) for different criteria. 

• Frequency: 12 articles. 
• Total Citations (Approx.): > 160. 
• Key Publications: 

o Highly Cited: Ahmadi and Peivandizadeh (2022) are the authors of the paper with 16 citations, employ-
ing the PROMETHEE method for the sustainable portfolio optimization in the palm oil industry. 

o Recent & Comprehensive: Goutte at.al. (2015) did this in a Vietnamese market case study using PRO-
METHEE II and indicated the application of this model in emerging markets. 

o Niche Application: Cilek and Seyranlioglu (2024) came up with an Entropy-CRITIC-PROMETHEE 
model of analysis for the trade industry (BIST). 

• Trends & Hybridization: The versatility of PROMETHEE and the GAIA plane's visual output of the findings 
are the two most significant factors for its widespread use in the analysis of various portfolio studies that are 
environmentally friendly and ESG oriented. 

o PROMETHEE + Fuzzy Logic: To manage qualitative and uncertain criteria, leading to Fuzzy PROME-
THEE. 

o PROMETHEE + GA: The net outranking flow that is obtained from the usage of PROMETHEE II can 
serve as a fitness function in a genetic algorithm for the purpose of searching the optimal portfolio 
weights. 

o Integration with Weighting Methods: It is frequently used by objective weighting methods like Entropy 
or subjective methods like AHP. 

3.5 Grey Relational Analysis (GRA) 

• Core Concept: This is a technique based on the grey system theory that assesses the level of resemblance or 
closeness between a reference sequence (ideal alternative) and comparative sequences (other alternatives) to rank 
them accordingly. It works especially well with "poor" or limited data. 

• Frequency: 9 articles. 
• Total Citations (Approx.): > 110. 
• Key Publications: 

o Highly Cited: Škrinjarić (2020) is the most cited article (40 citations) on dynamic portfolio optimization 
using GRA. This work has drawn attention to the usefulness of GRA in a multi-period context. 
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o Integrated Approaches: Mehlawat et al. (2023): There are five references associated with an integrated 
fuzzy-GRA approach. Salardini (2013): Eleven citations relate to the integration of AHP and GRA. 

• Trends & Hybridization: GRA is not only effective but also computationally efficient even when dealing with 
small sample sizes and incomplete information which makes it very adaptable to new markets or assets with short 
histories. 

o GRA + Fuzzy Logic: Fuzzy GRA is a widely used variant for managing data uncertainty and fuzziness 
in judgments. 

o GRA + AHP: It is a conventional combination wherein AHP gives the weights for criteria and GRA does 
the final ranking. 

3.6 ViseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR) 

• Core Concept: A compromise ranking technique that prioritizes the choice of an option nearest to the ideal solu-
tion by maximizing the group's utility (for most) and minimizing individual regret (for the minority). It is intended 
for decision-making situations where there are conflicting and incommensurable criteria. 

• Frequency: 8 articles. 
• Total Citations (Approx.): > 60. 
• Key Publications: 

o Notable & Recent: The Complex hybrid model presented is the latest Bipolar Fuzzy VIKOR method 
supported by the Sharma limestone model. 

o Cryptocurrency Focus: Hashemkhani Zolfani and others (2022), the paper with 19 citations, presented 
a cryptocurrency portfolio allocation model based on an asymmetric PROMETHEE II and VI-KOR ap-
proach. 

• Trends & Hybridization: VIKOR is especially helpful when the decision-maker wants a compromise solution. It 
is more and more often combined with fuzzy sets to control market uncertainty and is frequently put alongside 
TOPSIS in relative studies. 

3.7 Complex Proportional Assessment (COPRAS) 

• Core Concept: An approach that assesses the direct and proportional linkage between the importance and useful-
ness of options when there are conflicting criteria. It takes into account the best and worst possible solutions at the 
same time. 

• Frequency: 6 articles. 
• Total Citations (Approx.): > 70. 
• Key Publications: 

o Highly Cited: Beheshti et al. (2016) is the most cited paper with 39 citations among the studies that 
employed the COPRAS-G (Grey) and MIP-based hybrid method for strategy portfolio optimization. 

o Fuzzy Variant: Proposed by Gharakhani and Sadjadi (2013), whose work had drawn eleven citations, an 
OPI-based COMBI under COPRAS-F was proposed for the model of Black-Litterman approach. 

• Trends & Hybridization: Frequently used either in its fuzzy or gray extensions. It is very useful for strategic 
project and technology portfolio selection. 

3.8 Multi-Objective Optimization on the Basis of Ratio Analysis (MOORA) 

• Core Concept: A technique which uses ratio analysis to evaluate each alternative on a criterion against a denom-
inator representing all alternatives for that criterion. It is characterized by its ease of use, dependability, and fast 
computations. 

• Frequency: 5 articles. 
• Total Citations (Approx.): > 40. 
• Key Publications: 

o Notable: Khan et al. (2021) applied the MOORA model in stochastic optimization of portfolios. 
• Trends & Hybridization: Appreciated for both its straightforwardness and its strongness. Frequently cited in 

MCDM method comparison studies and in combination with others for its effective ranking feature. 

3.9 ELimination Et Choix Traduisant la REalité (ELECTRE) 

• Core Concept: ELECTRE I, II, III, IV is a whole group of outranking methods that is based on the construction 
of a concordance and discordance matrix aimed at removing the dominated alternatives. The method is applicable 
to problems in which the criteria are not easily transformed into a single scale. 

• Frequency: 4 articles. 
• Total Citations (Approx.): > 20. 



A. Makui / Scientometrica 1 (2025) 
 

51 

• Key Publications: 

o Notable: For oil refinery restructuring; Caetani et al. (2016) have used ELECTRE as part of an integrated 
fuzzy-ELECTRE-TOPSIS decision-making method. 

• Trends & Hybridization: In this dataset, it is less frequent than PROMETHEE, but still, it is employed due to its 
solid outranking foundations in intricate decision-making problems with various qualitative criteria. Its application 
usually includes fuzzy extensions. 

3.10 Best-Worst Method (BWM) 

• Core Concept: It is a pairwise comparison technique in which the decision-maker points out the most and least 
important standards, and then all the other standards are compared with these two. This method results in a more 
consistent and less complicated comparison process than AHP. 

• Frequency: 3 articles. 
• Total Citations (Approx.): > 25. 
• Key Publications: 

o Highly Cited: Kheybari et al. (2023) are cited 23 times for their BWM approach applied to temporary 
hospital location which is structured as a portfolio optimization problem and thus characterized as risk-
averse. 

• Trends & Hybridization: A new technique applauded for its fastness and high stability in weight deriving is the 
one that has just come into use in the area of financial portfolio optimization, which is still not so widespread but 
is fast-growing because of the advantages it offers over AHP. 

The methods below represent the tail region, appearing less frequently, 1-2 articles each time. However, we list them for 
the sake of completion, which may use their statistics collectively. 

3.11 - 3.20: Other Methods (ANP, DEMATEL, MAUT/MAVT, SAW, WPM, SWARA, COCOSO, MACBETH, SPOTIS) 

• Methods & Frequency: 

o Analytic Network Process (ANP): 2 articles. AHP has been generalized to model interdependencies as 
well as feedback through a network structure where criteria and alternatives interact, thus presenting a 
more realistic view for complicated relations. 

o DEMATEL: 2 articles. An impact-relation map served to uncover essential criteria and to illustrate the 
structure of complex causal relationships. Varma and Kumar (2012) employed it for criteria analysis in 
the selection of portfolios. 

o Multi-Attribute Utility Theory (MAUT)/Value Theory (MAVT): 2 articles. A basic procedure for as-
sessing different options in a situation of uncertainty, by building a multi-attribute utility or value function 
that shows the risk preferences of the decision-maker, is illustrated here. To illustrate this method, Ehrgott 
and others (2009) worked on the context of multiobjective programming. 

o Simple Additive Weighting (SAW): 2 articles. The total score for an alternative is calculated by taking 
a weighted sum of the normalized performances of the criteria. 

o Weighted Product Method (WPM): 1 article. The method is comparable to SAW, but it employs mul-
tiplicative aggregation, which is dimensionless and therefore does not suffer from the scaling effects as-
sociated with SAW. 

o SWARA, COCOSO, MACBETH, SPOTIS: 1 article each. They show the cutting-edge and obscure 
techniques that are just making their way into the field, usually through the demonstration of their useful-
ness in comparative studies or through the introduction in novel hybrid frameworks. 

• Aggregate Citations (Approx.): > 50. 
• Trends & Hybridization: The mentioned methods depict the "long tail" in MCDM application. Their use is a sign 

that the area is still looking for the best and most powerful techniques. Hybrid models almost wholly utilize them, 
and most of the time, they are assigned a particular role like determining the weights (SWARA), managing de-
pendencies (ANP, DEMATEL), or giving a reliable ranking (COCOSO). 

4. The Supporting Cast: The Pervasive Roles of Fuzzy Logic and Metaheuristics 

An analysis strictly directed towards MCDM would not be comprehensive if it failed to recognize the two most important 
enabling technologies, namely, Fuzzy Set Theory and Metaheuristic Optimization Algorithms. The combination of these 
technologies is not an option but rather a distinctive feature of contemporary research in the area of portfolio optimization. 
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4.1 Fuzzy Set Theory in MCDM Portfolio Optimization 
 

The financial domain is filled with uncertainty, imprecision, and vagueness at every turn. "High return," "low risk," and 
"good liquidity" are some of the terms that epitomize this fuzziness. Fuzzy set theory, proposed by Zadeh (1965), offers a 
mathematical basis to represent such linguistic uncertainty. 

• Prevalence: Over 40% of the articles in the dataset, which is roughly 55 papers, explicitly use fuzzy logic. This is 
a careful estimate since a lot of hybrid techniques are essentially fuzzy. 

• Role and Application: 

1. Handling Ambiguous Data: Fuzzy numbers (e.g., triangular, trapezoidal) are utilized for representing 
uncertain parameters such as expected returns, which cannot be accurately determined from historical 
data. 

2. Modeling Expert Judgment: In case experts provide criteria weights or performance scores then fuzzy 
scales (such as "Very High," "Medium," "Low") illustrate the subjectivity with better precision than exact 
numbers. 

3. Creating Fuzzy MCDM Methods: Almost all of the MCDM methods that were mentioned have a cor-
responding fuzzy method: Fuzzy AHP, Fuzzy TOPSIS, Fuzzy DEA, Fuzzy PROMETHEE, Fuzzy GRA, 
etc. As an illustration, Liu et al. (2012) employed a fuzzy multi-period TOPSIS, while Pai (2017) created 
an entire fuzzy decision theory based metaheuristic for portfolio optimization and rebalancing. 

• Advanced Fuzzy Sets: The development in this area is moving from the basic standard Type-1 fuzzy sets to more 
advanced models such as Interval Type-2 Fuzzy Sets (Pai, 2017), Intuitionistic Fuzzy Sets (Rasoulzadeh et al., 
2024), and Pythagorean Fuzzy Sets, which are capable of dealing with more complex levels of uncertainty and 
hesitancy more efficiently. 

4.2 Metaheuristics in MCDM Portfolio Optimization 
 

Models for portfolio optimization, in particular those incorporating practical limitations (such as cardinality, transaction 
costs, and lot sizes), turn to be complex, non-convex, and NP-hard issues. Exact mathematical programming solvers fre-
quently do not succeed in solving large-scale problems. Metaheuristics are the highest-level methods that are to find 
"good enough" solutions for these complex optimization problems. 

• Prevalence: Over 35% of the articles (approximately 47 papers) use a metaheuristic algorithm. 
• Role and Application: 

1. Solving Multi-Objective MCDM Models: Through the resolution of a multi-objective optimization 
problem with various objectives, like maximizing return, minimizing risk and maximizing ESG score, for 
instance, multi-objective metaheuristics such as NSGA-II, MOEA/D, and SPEA2 get to be utilized for 
the creation of the Pareto-optimal frontier (e.g., Hamdi et al., 2025; Rezaei Pouya et al., 2016). 

2. Optimizing Portfolio Weights: The MCDM process offers a ranking or scoring of the assets, and a me-
taheuristic is then applied to figure out the best capital distribution among these assets considering the 
restrictions. Genetic algorithms (GA) and particle swarm optimization (PSO) are the two most frequent 
methods (e.g., Kuo & Hong, 2013; Hsu, 2014). 

3. Hybrid MCDM-Metaheuristic Frameworks: In sophisticated techniques, the MCDM methodology is 
incorporated into the metaheuristic. By way of illustration, the fitness function of a GA can include the 
DEA efficiency score, or alternatively, the PROMETHEE net flow can direct the search. 

 
Table 2 
Most Frequent Metaheuristics in the Dataset 

Metaheuristic Frequency (No. of Articles) Key Examples 
Genetic Algorithm (GA) 25 Kuo & Hong (2013); Hsu (2014); Pisal et al. (2025) 
Particle Swarm Optimization (PSO) 8 Kuo & Hong (2013); Hamdi et al. (2022) 
Multi-Objective EA (MOEA/D, NSGA-II) 7 Zhou et al. (2019); Hamdi et al. (2025) 
Invasive Weed Optimization (IWO) 3 Rezaei Pouya et al. (2016) 
Artificial Bee Colony (ABC) 2 Hsu (2014) 
Teaching-Learning-Based Opt. (TLBO) 2 Panwar et al. (2018) 

5. Synthesis and Discussion of Major Trends 

Through scientometric discourse, numerous emblematic trends were identified characterizing research in the intersection 
between MCDM and portfolio optimization. 
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5.1 The Hegemony and Versatility of DEA 
 

The most impressive discovery of DEA's dominance. The non-parametric characteristic of DEA, which does not make 
demands in terms of the functional form of production frontier, makes it very appropriate for financial markets, where this 
kind of demand is often not respected. The non-parametric characteristic of DEA, which does not make demands in terms 
of the functional form of production frontier, makes it very appropriate for financial markets, where this kind of demand is 
often not respected. The adoption of these methods across the board and fuzzy DEA variants even more strengthens the 
position of DEA as well as its applicability. The influence of DEA spans from pure financial ratio analysis to optimization, 
and thus its claim to the central position in the field is very much justified. 

5.2 The Era of Hybridization: "The Whole is Greater than the Sum of its Parts" 
 

The exclusive utilization of a particular MCDM method is getting rarer. Hybrid models that take advantage of the sup-
portive capabilities of varied techniques are the mainstay in this area. The most common hybridization patterns are: 

• MCDM + MCDM: A single approach (for example, AHP, Entropy, CRITIC) is applied for the purpose of giving 
weight to the criteria while the other one (e.g., TOPSIS, VIKOR, GRA) is applied for the purpose of ranking the 
alternatives. This utilizes the power of AHP in the matter of subjective weighting and the power of TOPSIS in the 
matter of clear, intuitive ranking. 

• MCDM + Fuzzy Logic: This may be the norm now rather than the exception. The use of fuzzy sets allows econ-
omists to portray the uncertainty, vagueness, and imprecision in financial data and expert judgments, thereby in-
creasing the realism and strength of the models. 

• MCDM + Metaheuristics: MCDM methodologies are utilized to set fitness functions, direct search processes, 
and manage several objectives in evolutionary algorithms and other metaheuristics, which are necessary for tack-
ling intricate, non-convex optimization issues that occur in practical portfolio situations with various restrictions. 

5.3 Expansion of Application Domains 
 

Even though conventional stock portfolio optimization is still considered to be the main application, the data suggests a 
considerable increase in the use of the MCDM method in different areas which confirms its versatility: 

• Energy Sector: The development of renewable energy project portfolios and combinations of power generation 
that will be optimized according to multiple criteria such as cost, efficiency, greenhouse gas emissions, and social 
impact. (e.g., Wu et al., 2019; Turkson et al., 2024; Liu et al., 2025). 

• Cryptocurrency: The did already come out, being one of the new asset classes with distinct risk, return features, 
and driving factors, thus needing MCDM frameworks (e.g., Hashemkhani Zolfani et al., 2022; Chen & Zheng, 
2025) adjusted to their specificities. 

• Project and R&D Portfolios: The utilization of the model not only in financial assets but also to choose and 
manage through the budget constrained projects or technologies, where the criteria are the same, like the strategic 
alignment, risk and possible return (e.g. Agrawal et al., 2025; Shari-fighazvini et al., 2018). 

• ESG and Sustainable Investing: This trend is gaining rapid acceptance as the MCDM techniques are applied to 
bring the environmental, social, and governance criteria in line with the financial metrics permitting the investors 
to tune their portfolios to their values without the complete loss of performance, such as in case of Chen et al., 
2021; Boubaker et al., 2025; Jain et al., 2025). 

5.4 Integration with Advanced Computing Paradigms 
 

The current research frontier also includes linking MCDM with advanced computational techniques, moving beyond con-
ventional statistics: 

• Machine Learning and Big Data: Utilizing machine learning techniques for predicting stock prices, selecting 
features, or deriving sentiment scores from non-traditional data sources (news, social networks). The outcomes of 
the ML algorithms are thereafter integrated as inputs (criteria) into the MCDM approach for building the portfolio 
(for instance, Chou & Pham, 2025; Leow et al., 2021; Zhou et al., 2021). 

• Deep Reinforcement Learning: A budding yet hopeful technique which can lead to the more intelligent and 
adaptive trading agents (e.g., Ramaiah & Soundarabai, 2024) by using the MCDM principles to guide reward 
functions or state evaluations in DRL models for dynamic portfolio management. 
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6. Limitations of the Study 

This somewhat humble piece of scientometric study poses numerous limitations: 

1. Database Bias: The analysis is based exclusively on the Scopus database. Although it is comprehensive, it might 
not list all pertinent publications, especially those in smaller or less-known journals or conferences, which could 
lead to the introduction of a selection bias. 

2. Keyword Dependency: The chosen keywords limited the results. There might be some pertinent papers that apply 
MCDM methods but do not necessarily use "portfolio optimization" as part of the title, abstract, or keywords that 
could not be identified. The emphasis on the 20 specified techniques also ruled out the possibility of discovering 
others that could have been relevant. 

3. Citation Count as an Impact Measure: Citation counts are a delayed indicator and thus support older publica-
tions. Seminal papers from the early 2000s won the race in accumulating citations to the detriment of probably 
revolutionary recent work. This can distort the view of present-day significance. 

4. Manual Coding: Coding methodologies and applications for the articles were systemized, but the encoded infor-
mation still invited human judgment, an environment leading to misclassifications of evils. 
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