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Abstract

In Multi-Criteria Group Decision-Making (MCGDM), the assignment of weights to decision-makers
is a crucial but methodologically delicate step, especially when the group includes both human ex-
perts and artificial experts such as intelligent agents, Artificial Intelligences (AIs) or Large Language
Models (LLMs). Existing weighting strategies are often either difficult to interpret or poorly suited
to heterogeneous groups of evaluators. In this paper, we investigate a fuzzy rule-based approach to
expert weighting, building on a previously introduced methodological framework and focusing here
on its application-oriented validation. The proposed method models expert weighting as a Fuzzy
Rule-Based System (FRBS) in which relevant properties of the experts are represented by linguistic
variables and combined through interpretable IF–THEN rules. In this way, weighting policies can be
expressed transparently and adapted to the requirements of the decision domain. The framework
produces normalised weights in the interval [0, 1], which can then be incorporated into standard
MCGDM aggregation procedures. To assess the operational behaviour of the approach, we consider
an application involving the weighting of four LLMs evaluated over multilingual performance, com-
putational requirements, and open-sourceness. The experiments show that the proposed framework
is flexible enough to encode different weighting policies and that changes in the rule base produce
clear and interpretable changes in the resulting rankings. This confirms both the practical usability of
the method and its suitability for contexts in which multiple, potentially competing, objectives must
be balanced explicitly. Overall, the paper provides an application-oriented study of an FRBS-based
weighting scheme for artificial experts, highlighting its interpretability, adaptability, and potential
relevance for contemporary MCGDM settings.

Keywords: multi-criteria group decision-making; expert weighting; artificial experts; fuzzy rule-based
systems; fuzzy inference; membership functions; interpretable decision support; large language models

1. Introduzione
Multi-Criteria Group Decision-Making (MCGDM) extends Multi-Criteria Decision-Making

(MCDM) to settings in which multiple decision-makers evaluate alternatives and a collective outcome
is required [1]. In standard MCDM, criteria are identified and weighted according to their relative
importance [2,3]. In MCGDM, an additional layer is needed, namely the weighting of the decision-
makers themselves [1,4]. This issue is crucial because experts may differ in competence, objectives,
and cognitive bias, and assigning equal importance to all evaluators may lead to distorted or unstable
decisions [4–6].

The literature usually distinguishes between subjective weighting schemes, based on self-
assessment or external judgment, and objective weighting schemes, based on mathematical indicators
such as consistency, consensus, distance, or performance measures [3,7]. Despite their usefulness, both
families present practical limitations, especially when weighting is perceived as a personal evaluation
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of the participating experts rather than as a modelling choice [1,5]. For this reason, recent research
has explored hybrid and automated strategies in which artificial experts support or partially replace
human experts in fuzzy MCGDM pipelines [8–10].

Artificial experts, such as optimisation algorithms, recommender systems, simulation-driven
agents, and predictive models, are increasingly relevant in decision processes where scalability, re-
peatability, and traceability are required. In these settings, they should not be regarded merely as
computational tools, but as decision contributors whose outputs may affect the collective ranking of
alternatives. This motivates the need for principled weighting mechanisms capable of integrating
human and artificial experts within the same aggregation pipeline, while preserving interpretability
and operational flexibility. The broader interest in soft-computing approaches and in their application
to new domains is coherent with this perspective [11–14].

In this work, an extension of the work in [10], we follow this direction and study a fuzzy
framework in which expert weights are produced through a Fuzzy Rule-Based System (FRBS). The key
idea is to encode weighting policies as interpretable IF–THEN rules. This allows us to obtain weights
in the interval [0, 1] that are transparent, adaptable, and suitable for mixed groups including both
human and artificial decision-makers.

A broader panoramic view places this proposal within the long development of fuzzy-based deci-
sion systems, from early rule-based approximate reasoning models and linguistic control architectures
to more recent fuzzy MCDM and MCGDM procedures [15].

In this paper, we propose a new version of the state-of-the-art in fuzzy MCGDM [15]. This new
method has been tested on an Large Language Model (LLM) scoring task. The FRBS has been able to
weigh performances, technological requirements and the open-source of LLM tested. In conclusion, has
been proven that the proposed method is flexible enough to address real-world tasks. Since real-world
has not have a unique direction of optimisation, in this contribution it is proven that optimisation
algorithms should not either.

The remainder of this paper is organised as follows. Section 2 reviews the literature most relevant
to expert weighting, fuzzy rule-based systems, and group decision-making. Section 3 introduces the
mathematical background on fuzzy sets, FRBSs, and the MCGDM framework required for the subse-
quent developments. Section 4 presents the proposed methodology and describes the corresponding
operational pipeline. Section 5 illustrates the approach through an application involving the ranking
of four open-source LLM. Finally, Section 6 summarises the main findings of the paper and outlines
possible directions for future research.

2. Related Works
From the decision-analytic and data-driven viewpoint, user weighting is commonly addressed

through TOPSIS [16], VIKOR [17–19], scoring systems, and train–test evaluation protocols. TOPSIS
ranks users by closeness to an ideal profile [16], while VIKOR provides a compromise ranking between
collective utility and individual regret [17–19]. Scoring systems based on reinforcement learning and
curriculum learning capture dynamic behaviour, long-term utility, and performance under increasing
task difficulty; this line is consistent with performance-based expert weighting [20,21]. Train–test
protocols improve robustness by separating calibration from out-of-sample evaluation, reducing
overfitting and enabling fairer comparison across human experts and AI agents; related aggregation
strategies include adaptive weighting and evaluator-reliability estimation [1,4,22].

A second relevant line of work concerns the role of Fuzzy Rule-Based Systems themselves. Classi-
cal contributions by Mamdani and by Takagi–Sugeno established FRBSs as interpretable mechanisms
for modelling control and decision policies through linguistic IF–THEN rules [23–25]. Later stud-
ies clarified the semantics and design of fuzzy rules, and surveyed the evolution of FRBSs from
control-oriented architectures to broader knowledge-based and decision-support settings [26–28].
More recent reviews highlight that FRBSs remain attractive when transparency, modularity, and ex-
plainability are important, especially in application domains where purely black-box optimisation
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is difficult to justify [29–31]. This makes FRBSs a natural candidate for expert-weighting problems,
because they allow weighting criteria to be stated explicitly and revised without abandoning formal
aggregation procedures.

Within MCGDM, the literature usually distinguishes subjective, objective, and hybrid approaches
to weighting decision makers. Subjective approaches rely on direct judgments, pairwise compar-
isons, or elicited confidence assessments, and are close in spirit to classical expert-judgment and
preference-elicitation traditions [2,20,21]. Objective approaches infer weights from observable proper-
ties of the decision process, for example consistency, consensus, dispersion, deviation, or reliability
indicators [22,32,33]. Hybrid approaches combine both sources of information, often blending struc-
tural indicators with performance or consensus information in order to avoid the rigidity of purely
subjective schemes and the impersonality of purely objective ones [4,7,34]. The survey literature con-
firms that no single family dominates across applications, and that weighting design remains strongly
dependent on the decision context, the available data, and the desired level of interpretability [1,3,7].

This point becomes even more delicate when some evaluators are artificial experts rather than
human experts. In decision-support systems, artificial experts may take the form of optimisation
routines, learned predictors, recommender components, simulation agents, or explainable AI modules
that generate scores, rankings, or recommendations [8,9,35]. Their inclusion raises specific method-
ological questions: unlike human experts, artificial experts can be highly repeatable and scalable,
yet their outputs may depend on training data, design assumptions, or hidden model constraints;
therefore, assigning them a weight is not merely a social choice, but also a modelling decision about
trust, accountability, and comparability across heterogeneous decision sources [36,37]. For this reason,
explainability is not an accessory feature but a central requirement when human and artificial expertise
are aggregated in the same MCGDM pipeline [8,30].

Against this background, the main gap addressed by the present study is not the absence of
weighting methods per se, but the limited application-oriented validation of FRBS-based weighting
schemes for artificial experts and the still scarce use of explicit sensitivity analyses for this specific
setting. The methodological building blocks are available in the broader MCGDM and FRBS literature,
and a first focused proposal for weighting artificial experts through fuzzy rules has already been
presented in [10]; however, the literature still offers little evidence on how such a scheme behaves
when transferred to realistic decision tasks, compared with more conventional weighting strategies,
and perturbed under different modelling assumptions. Since sensitivity analysis is widely recognised
as a key instrument in MCDM and MCGDM for testing robustness, credibility, and dependence on
parameter choices, this remains a non-trivial omission [38,39].

In this sense, the present article differs both from the previous methodological contribution
and from the broader families of weighting methods already available in the literature. Relative
to [10], the contribution here is steered less by the formal introduction of the FRBS mechanism and
more by its validation in an application-oriented scenario inspired by the assessment of LLMs, with
attention to how performance, technological requirements, and openness can be jointly encoded in
the weighting process. Relative to standard subjective, objective, or hybrid schemes, the proposed
strategy emphasises an interpretable rule base, making the rationale for assigning different weights to
human and artificial experts more explicit and auditable. This orientation is consistent with broader
attempts to move fuzzy methods toward new application domains while preserving semantic clarity
and practical usability [11–14].

3. Preliminaries
In this section, the main preliminary notions concerning Fuzzy Set Theory (FST) and Fuzzy

Rule-based Systems (FRBS) will be reviewed briefly. In the following section, the essential elements of
the Multi-Criteria Decision-Making (MCDM) and Multi-Criteria Group Decision-Making (MCGDM)
frameworks will be introduced.
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3.1. Fuzzy Set Theory

In this section, we recall essential terminology from Fuzzy Set Theory (FST), which underpins
FRBSs. For more details on fuzzy sets, we refer the reader to [40–45].

A fuzzy set [46] is specified by its membership function, namely a mapping from a Universe of
Discourse (UoD) U to a complete lattice – typically the unit interval:

µA : U 7→ [0, 1], (1)

where A denotes the (symbolic) label of the set and µA its (semantic) interpretation. In order to
keep notation compact, one shall simply write fuzzy set A in place of the fuzzy set labelled A with
membership function µA, and one writes µA(x) for the membership degree of x ∈ U. The family of all
fuzzy sets over U is denoted by F (U).

Fuzzy set connectives generalise intersection, union, and complement via t-norms, t-conorms
(s-norms), and negations.

Definition 1. (cf. [40]) A function ⊗ : [0, 1]× [0, 1] → [0, 1] is a t-norm if, for all x, y, z ∈ [0, 1],

y ≤ z ⇒ x ⊗ y ≤ x ⊗ z, (Monotonicity)

x ⊗ (y ⊗ z) = (x ⊗ y)⊗ z, (Associativity)

x ⊗ y = y ⊗ x, (Commutativity)

x ⊗ 1 = x. (Boundary Condition)

Definition 2. (cf. [40]) A function ⊕ : [0, 1] × [0, 1] → [0, 1] is a t-conorm if it satisfies the axioms of
Definition 1 with the boundary condition replaced by

x ⊕ 0 = x, (Boundary Condition)

for all x ∈ [0, 1].

Three logics are commonly used: Łukasiewicz, Gödel, and Product Logic [41] (see Table 1).
Zadeh’s operators, defined by a ⊗Z b = min(a, b) and a ⊕Z b = max(a, b), coincide with Gödel logic
for conjunction and disjunction, while differing in the treatment of negation and implication. In order
to distinguish the logic used, we write the symbols in Table 2.

Table 1. Table of t-norm, t-conorm, fuzzy implication and negation of Łukasiewicz, Gödel, Product, and Zadeh
logics.

Logic

Łukasiewicz Gödel Product Zadeh

x ⊗ y max(x + y − 1, 0) min(x, y) x · y min(x, y)

x ⊕ y min(x + y, 1) max(x, y) x + y − x · y max(x, y)

x =⇒ y min(1 − x + y, 1)

{
1 if x ≤ y,
y otherwise

min
(

1,
y
x

)
max(1 − x, y)

⊖x 1 − x

{
1 if x = 0,
0 otherwise

{
1 if x = 0,
0 otherwise

1 − x
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Table 2. Table of symbols used for t-norm, t-conorm, fuzzy implication and negation of Łukasiewicz, Gödel,
Product, and Zadeh logics.

Logic

Łukasiewicz Gödel Product Zadeh

⊗L ⊗G ⊗P ⊗Z

⊕L ⊕G ⊕P ⊕Z

=⇒
L

=⇒
G

=⇒
P

=⇒
Z

⊖L ⊖G ⊖P ⊖Z

A fuzzy relation R on UX × UY is a fuzzy subset of the Cartesian product:

µR : UX × UY 7→ [0, 1]. (2)

Beyond the usual fuzzy set operations, relations admit a composition operator, fundamental to fuzzy
inference. Given R1 on UX × UY and R2 on UY × UZ, their (sup–min) composition is

µR2◦R1(x, z) = sup
y∈UY

min{µR1(x, y), µR2(y, z)}. (3)

Analogously, the composition of a fuzzy set A on UX with a relation R on UX × UY yields

µR◦A(y) = sup
x∈UX

min{µA(x), µR(x, y)}, (4)

which is known as the compositional rule of inference (CRI) [42].
Intuitively, Equation (4) matches a fact (expressed as a fuzzy set AX on UX) with a relation

R to infer a new fact (expressed as a fuzzy set AY on UY). Viewing the relation R as a fuzzy rule
AX → AY, the fuzzy composition of relation underpins the Generalized Modus Ponens (GMP), which is
the cornerstone of approximate reasoning:

A′
X , AX → AY

A′
Y

(5)

which, for any premise A′
X ∈ UX , infers a conclusion A′

Y ∈ UY.

3.1.1. Fuzzy Numbers

A fuzzy number is a specific type of fuzzy subset within the set of real numbers R, characterised
by additional defining properties (see, e.g., [41,47]). For these notions, we refer to the definitions and
results used in the 1983 paper by P.J.M. van Laarhoven and W. Pedrycz [48]. In this paper, we consider
triangular and trapezoidal fuzzy numbers defined as follows.

Definition 3. A triangular fuzzy number (TFN) t̃ = (a, b, c), with a, b, c ∈ R and a ≤ b ≤ c, is a fuzzy
number whose membership function has a trapezoidal shape, i.e., for every x ∈ R,

t̃(x) = (a, b, c)(x) = µ(x) =



x−a
b−a , x ∈ [a, b],

1 x = b,
x−b
c−b , x ∈ [b, c],

0 otherwise.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2165.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.2165.v1
http://creativecommons.org/licenses/by/4.0/


6 of 22

Definition 4. (cf. [49, Definition 2.3]) A trapezoidal fuzzy number (TpFN) t̃p = (a, b, c, d), with a, b, c, d ∈
R and a ≤ b ≤ c ≤ d, is a fuzzy number whose membership function has a trapezoidal shape, i.e., for every
x ∈ R,

t̃p(x) = (a, b, c, d)(x) = µ(x) =



x−a
b−a , x ∈ [a, b],

1 x ∈ [b, c],
x−d
c−d , x ∈ [c, d],

0 otherwise.

3.2. Fuzzy Rule-Based Systems

Fuzzy sets have been used in many applications, but their most notable success is undoubtedly in
control systems. Many control systems employ the well-known Fuzzy Rule-Based Systems (FRBSs),
which exploit a rule base formed by a simple set of IF–THEN rules in the form

IF antecedents THEN consequent,

where the antecedents are usually a composition of logical operations (AND, OR, and NOT) of fuzzy sets,
while the consequent is usually a fuzzy set. This particular setting of antecedents and consequent is
typical of Mamdani FRBSs [23]. For more details on FRBSs, we refer the reader to [27–31].

Figure 1. Main components of a Fuzzy Rule-Based System: fuzzification of crisp inputs, storage of rules and
membership functions in the Knowledge Base, rule processing by the Inference System, and conversion of fuzzy
outputs into crisp values through defuzzification.

In particular, FRBSs are explainable systems composed of (see Figure 1 for a graphical representa-
tion):

• Fuzzifier: The fuzzifier receives the real-world input to the fuzzy system. In the fuzzy-systems
literature, this is commonly termed a crisp input because it represents an exact value of the
parameter under consideration. The role of the fuzzifier is to map this precise quantity onto
linguistic categories, such as large, medium, or high, by assigning an appropriate degree of
membership. This degree typically lies within the real interval [0, 1].

• Knowledge Base: The Knowledge Base constitutes the core of the fuzzy system and comprises
both the data base and the rule base. The data base specifies the membership functions associated
with the fuzzy sets employed in the rules, whereas the rule base contains a collection of fuzzy
IF–THEN statements.
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• Inference System: The Inference System, also referred to as the decision-making unit, carries out
the reasoning process over the rule set. Its function is to determine how the rules are evaluated
and combined in order to generate the fuzzy output.

• Defuzzifier: The output produced by the inference stage is inherently fuzzy. Since practical
applications generally require a precise output, the defuzzifier converts this fuzzy result into a
crisp value that can be interpreted in real-world terms. In this respect, it performs the inverse
operation of the input stage.

In essence, FRBSs produce mathematical functions in multiple variables to model almost any
complex control system by employing this simple rule base. For instance, if each rule in the rule
base contains two antecedents and one consequent, it defines a three-dimensional surface over the
fuzzy-set domains associated with the antecedent and consequent variables.

3.3. Multi-Criteria Group Decision-Making

In this section, we briefly recall the basic setting of Multi-Criteria Decision-Making (MCDM),
i.e., a branch of decision theory concerned with the comparison of several feasible alternatives in
order to identify the optimal one, namely the option that best satisfies given goals, objectives, values,
and priorities.

In formal terms, one considers a collection of n alternatives A = {A1, A2, . . . , An} and a family
of m criteria C = {C1, C2, . . . , Cm}. The latter, sometimes referred to as attributes or goals, specify the
dimensions under which the available alternatives are evaluated.

For each pair (Ai, Cj), a value – denoted as score – aij is assigned in order to express the degree to
which the alternative Ai satisfies the criterion Cj.

The purpose of this framework is to determine the best alternative, denoted as A∗. In order to
achieve this objective, each criterion Cj is also associated with a coefficient wj ∈ [0, 1], representing its
importance in the decision problem. These coefficients are commonly normalised in such a way that
∑m

j=1 wj = 1. Their determination may depend either on the judgement of a single decision-maker or
on an aggregated assessment provided by several experts. Methods for deriving and eliciting such
weights have been extensively studied in the literature; see, for instance, [50].

In addition to identifying the optimal alternative, MCDM typically yields an overall value xi,
usually called rank, for each alternative Ai, with i = 1, . . . , n. This value summarises the global
goodness of the alternative and makes it possible to rank all feasible options according to their overall
suitability within the decision problem.

The information concerning alternatives and criteria is often arranged in a decision matrix, where
rows are indexed by the alternatives and columns by the criteria. Such a matrix compactly collects
the entries (scores) aij and provides the starting point for the application of aggregation procedures
combining criterion evaluations with their corresponding weights.

Among the classical techniques employed to determine this ranking value, one may consider the
simplest one, namely the Weighted Sum Method (WSM). In this case, for every i = 1, . . . , n, the score
assigned to Ai is given by

xi =
m

∑
j=1

aijwj.

For further details on other methods used to determine ranking values, we refer the reader to [51–67].
The alternatives are then ranked from the largest to the smallest value of xi, and the preferred

choice is the one corresponding to the maximum score, that is,

A∗ = arg max
Ai

xi.

When multiple experts are involved, the setting is referred to as Multi-Criteria Group Decision-
Making (MCGDM), in which the optimal alternatives identified by the individual experts must be
combined into a single overall optimal alternative. Let p denote the number of experts, and let Ek, for
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k = 1, . . . , p, be the l-th expert. Each expert Ek determines an optimal alternative A∗
k by means of an

MCDM method. The method adopted by one expert need not coincide with those adopted by the
others, so that different experts may employ different MCDM procedures.

Accordingly, the aggregator (see, e.g., [68]) is a function that associates the p optimal alternatives
A∗

1 , . . . , A∗
p with a new alternative, denoted by A∗ for the reader’s convenience, representing the overall

optimal choice. In order to determine this aggregated optimal alternative, a weight πk is assigned to
each expert Ek, for k = 1, . . . , p. These weights are usually normalised so that ∑

p
k=1 πk = 1, and act as

scalar coefficients expressing the relative importance attributed to the optimal alternative A∗
k selected

by the expert Ek. Thus, πk may be interpreted as a measure of the expertise of Ek, so that its optimal
alternative has a greater influence on the determination of the aggregated optimum A∗.

In general, no universal constraints are imposed on the form of the aggregator, as its definition
depends on the specific decision problem under consideration. For example, if the problem concerns
the location of a nuclear power plant and the alternatives correspond to physical sites, then the
aggregator cannot reasonably be defined as a mean – with weights {π1, . . . , πp} – of the alternatives
A∗

k , since the resulting alternative A∗ might fail to belong to the set {A∗
1 , . . . , A∗

p}. In such a case, a more
appropriate aggregator could be one that minimises the distance between the aggregated optimum A∗

and the set of alternatives {A∗
1 , . . . , A∗

p}.
Finally, it is possible to extend the MCDM and MCGDM using fuzzy logic. For instance, fuzzy

sets can be employed for the scores aij of the decision matrix and/or the weights wj of the criteria. For
MCGDM, the weights pk of the experts can also be handled with this methodology. In this case, the
frameworks are referred to as Fuzzy MCDM and Fuzzy MCGDM, respectively.

4. Method
In this section, we present our method for determining, in an MCGDM framework with p experts,

the weights πk associated with the experts Ek, for k = 1, . . . , p.
First, we provide a brief overview of the method proposed in [10].

4.1. Overview

Firstly, a concise overview of the methodology employed in [10] will be provided. The referenced
study proposed a preliminary framework for the weighting of artificial experts in the context of
MCGDM or Fuzzy MCGDM, utilising a Larsen-like FRBS architecture. The fundamental proposition
underlying this study was that, in scenarios where artificial users are utilised in lieu of or in conjunction
with human experts, their contributions should not be aggregated indiscriminately. Instead, it is
recommended that each expert (artificial and human) be assigned a weight that reflects properties
relevant to its anticipated behaviour within the decision process. This perspective was motivated by
the observation that no ranking method is uniformly preferable across all decision settings and that
the performance of a given method may vary substantially according to the structure of the problem,
the criteria considered, and the stability of the rankings it produces [50].

Within that framework, the weighting problem was reformulated as a fuzzy inference task.
Artificial experts were described through a collection of linguistic variables representing salient char-
acteristics, e.g., their precision. These properties were modelled by means of triangular membership
functions and combined through an interpretable rule base of IF–THEN rules in order to derive a
crisp (or fuzzy) weight πk for each expert. The resulting output could then be defuzzified and nor-
malised, thus making it directly usable within standard MCGDM procedures, while still preserving
the possibility of a fully fuzzy treatment whenever required by the application, e.g., in [49,69].

Consequently, the preceding contribution established a structured and extensible basis for the
evaluation of artificial experts. The primary value of the study was not limited to the specific example
examined. It demonstrated that the allocation of expert weights can be facilitated through a trans-
parent, rule-based mechanism that is capable of incorporating heterogeneous criteria and qualitative
assessments. In particular, the selection of linguistic variables and their fuzzy sets exhibited consistency
with the artificial experts that were taken into account. Concurrently, the framework was deliberately
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proffered as an inaugural methodological step, thereby leaving the question of how such a weighting
scheme might be specialised, refined, or operationalised in more targeted decision contexts unresolved.

The present study builds on this foundation, progressing from the general problem of weighting
artificial experts to the development of a more focused methodological contribution. In this sense,
the earlier framework should be understood as the conceptual and inferential substrate upon which
the current proposal is constructed. It provides the rationale for differentiating among artificial
decision-makers, the formal language through which such differentiation can be expressed, and the
methodological bridge between qualitative expert descriptors and quantitatively deployable weights
in subsequent group decision-making models.

4.2. Methodology

In this section, we describe the extension of the procedure adopted in [10] to produce either a
crisp or a fuzzy weight for a given decision domain.

Crucially, the linguistic variables and rule base are designed independently for each application
domain, reflecting the relevant properties of the experts to be weighted.

For each domain under consideration, the method follows a structured pipeline composed of four
main phases.

First, we define the domain-specific linguistic variables. Let (X1, . . . , Xl) denote the l antecedent
variables selected to characterise the experts in the considered domain. Each variable is defined on
a universe of discourse that is appropriate for the application context and is partitioned into fuzzy
sets, so as to capture the linguistic assessments relevant to that domain. In addition, we introduce the
consequent variable, denoted by Weight, whose universe is fixed to the interval [0, 10].

Second, we formulate the domain-specific fuzzy IF–THEN rules. These rules encode the rela-
tionship between the antecedent variables and the resulting expert weight. The antecedent part of
each rule may combine linguistic conditions through the logical connectives AND and OR. In particular,
conjunction is modelled by means of the some t-norm ⊗, whereas disjunction is represented through
some t-conorm ⊕, as those given in Table 1. The consequent part of each rule assigns the output to an
appropriate Weight class.

Third, once the rule base has been defined, we perform inference and defuzzification. For each
expert Ek, described by the crisp profile (x(k)1 , . . . , x(k)l ), where xk

i ∈ U(Xi), i.e., xk
i belongs to the

Universe of Discourse of Xi, the input values are first fuzzified with respect to the previously defined
antecedent fuzzy partitions. The firing strength of each rule is then computed according to the
membership degrees of the inputs and the adopted fuzzy connectives (AND/OR). Next, the implication
is applied to the consequent fuzzy sets, obtaining the corresponding firing strengths. The resulting
outputs of all activated rules are subsequently aggregated. Finally, for each expert, a crisp weight wk is
obtained through defuzzification of the Weight using one of the classic defuzzification methods, such
as the Centre of Gravity (CoG) or the Mean of Maximum (MOM).

Fourth, the obtained weights are normalised in order to derive relative expert weights (π1, . . . , πk).
Specifically, for each expert Ek, the normalised weight is computed as

πk =
wk

∑
p
i=1 wp

. (6)

This final step ensures that the resulting weights are expressed on a comparable scale and can be
directly interpreted as relative contributions within the set of experts.

4.2.1. Antecedents Memberships

In this section, we present the procedure adopted to model the antecedent variables by means of
triangular and trapezoidal fuzzy numbers.

More specifically, the antecedent variables are derived from empirical results associated with a
given metric M, such as precision@10. In this case, all results are available, and it is therefore possible
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to compute, for each metric under consideration, the pair (µ, σ), where µ denotes the mean and σ the
standard deviation. Assuming that the metric values are approximately Gaussian, a natural mapping
from the metric M to a corresponding fuzzy number.

In a three-partition fuzzy-set scheme, that is, whenever a linguistic variable is described by the
standard family of three fuzzy sets Low, Medium, and High, let M be a metric and let x = (x1, . . . , xn)

denote the vector of observed values of M over n rounds. Let x̄ be the mean of x, and let σ be its
standard deviation. Moreover, let N (x̄, σ2) denote the Gaussian distribution with mean x̄ and standard
deviation σ. Then, a suitable approximation of Low, Medium, and High by means of triangular fuzzy
numbers is

Low = t̃(x̄ − 3σ, x̄ − 3σ, x̄),

Medium = t̃(x̄ − 3σ, x̄, x̄ + 3σ),

High = t̃(x̄, x̄ + 3σ, x̄ + 3σ).

A similar approximation can be defined using trapezoidal fuzzy numbers:

Low = t̃p

(
x̄ − 3σ, x̄ − 3σ, x̄ − 2σ, x̄ − σ

2

)
,

Medium = t̃p

(
x̄ − 2σ, x̄ − σ

2
, x̄ +

σ

2
, x̄ + 2σ

)
,

High = t̃p

(
x̄ +

σ

2
, x̄ + 2σ, x̄ + 3σ, x̄ + 3σ

)
.

It is worth noting that the above partitions define a Ruspini [70] partition such that

∑
x∈x

µLow(x) + µMedium(x) + µHigh(x) = 1.

In particular, the universe of discourse of both fuzzy representations is defined over the interval
from x̄ − 3σ to x̄ + 3σ, which corresponds to approximately 99.7% of the area under N (x̄, σ2). For
trapezoidal fuzzy numbers, the plateau is taken as the interval from x̄ − σ

2 to x̄ + σ
2 , which corresponds

to approximately the 38.3% of the area under N (x̄, σ2). This choice yields a simple and interpretable
fuzzy partition of the observed range of the metric into three overlapping linguistic regions. In Figure 2,
we provide a graphical representation of both approximations.

Figure 2. Three-partition fuzzy-set approximating the Gaussian distribution function N (0, 1) as triangular (on the
left) and trapezoidal (on the right) fuzzy numbers Low, Medium, and High.

5. Applications
In this section, we present our experiments using a FRBS for weighting four LLMs:

• apertus:8b [71],
• gemma4:e4b [72],
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• mistral-small3.2:24b [73],
• nemotron-cascade-2:30b [74].

5.1. Dataset Introduction

The dataset has been created starting from the SDF dataset. Each LLM has been asked to answer
100 questions, and for every LLM, this process has been repeated 10 times. From these repetitions, the
quantities x̄ and σ have been calculated for each language, where x̄ denotes the average number of
correct answers and σ denotes the corresponding standard deviation. In this task, allowing a tolerance
of ±10% is reasonable because the answers are numerical and small deviations from the target value
should not be treated as fully incorrect. For this reason, the dataset used in the following examples is
built from the measurements obtained under this tolerance level. These values are later transformed
into trapezoidal fuzzy numbers (as defined in Section 4.2.1).

In Table 3 the multilingual results as x̄ ± σ is shown, where x̄ is the average number of correct
answers among the 10 runs, and σ is the standard deviation of these runs. In Table 4, we provide the
resource-side criteria, namely the VRAM requirement and the qualitative open-source score adopted in
the methodology.

Table 3. Multilingual results for English, Italian, and Portuguese as x̄ ± σ, where x̄ is the average number of
correct answers among the 10 runs, and σ is the standard deviation of these runs.

Model English (x̄ ± σ) Italian (x̄ ± σ) Portuguese (x̄ ± σ)

apertus:8b 10.8 ± 2.440 10.1 ± 3.348 9.2 ± 1.619
gemma4:e4b 16.8 ± 1.317 13.4 ± 2.716 14.7 ± 2.669
mistral-small3.2:24b 18.4 ± 3.340 16.7 ± 3.401 15.6 ± 3.062
nemotron-cascade-2:30b 22.2 ± 2.348 16.4 ± 3.204 20.4 ± 2.591

Figure 3. Language-side dataset reconstructed from the experimental summaries. In each barplot, the bar height
represents the mean x̄ and the whiskers represent the standard deviation σ.

Table 4. Resource-side criteria used in the examples.

Model VRAM (kMiB) Open-sourceness

apertus:8b 9.5 10.0
gemma4:e4b 11.2 7.5
mistral-small3.2:24b 20.6 5.0
nemotron-cascade-2:30b 25.0 7.5

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2165.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.2165.v1
http://creativecommons.org/licenses/by/4.0/


12 of 22

Figure 4. Resource-side criteria used together with the multilingual scores.

The dataset already suggests the qualitative trend later captured by the fuzzy method (see
Figures 3 and 4): nemotron-cascade-2:30b is strongest on multilingual quality,
mistral-small3.2:24b remains competitive on the language dimensions, while
apertus:8b and gemma4:e4b are more favourable on the resource side.

The VRAM score was assigned on the basis of the VRAM allocation size, expressed in kMiB, on a
GPU equipped with 32 GB of VRAM. It was verified that RAM offloading was negligible and therefore
did not materially affect the assessment.

By contrast, the Open-Sourceness score was determined from the following considerations. The
model apertus:8b is both open-weight and open-source, in the sense that the entire training pipeline
is openly available. For this reason, it was assigned a score of 10. The LLMs nemotron-cascade-2:30b
and gemma4:e4b provide open weights and are available for commercial use; accordingly, each was
assigned a score of 7.5. Moreover, these models have consistently remained available for commercial
use over time.

The case of mistral-small3.2:24b is more nuanced. Although the model was released under an
open-weight licence, specifically Apache 2.0, its commercial use was initially subject to restrictions.
While its weights have only recently become available for commercial use, this evolving licensing
regime may constitute a significant source of uncertainty for anyone intending to build a business
upon this LLM. For this reason, it was assigned a score of 5.

5.2. Fuzzy Inference System

The fuzzy inference scheme takes five linguistic variables into consideration for the input and
one for the output. In particular, the input variables are English, Italian, Portuguese, VRAM, and
Open-Sourceness, while the output variable is Weight. The inputs VRAM and Open-Sourceness are
resource-side criteria.

For each input variable, we defined three trapezoidal fuzzy numbers Low, Medium, and High. In
particular, the linguistic input variables English, Italian, and Portuguese are represented with the
trapezoidal parameters given Table 5 (see Figure 5 for a graphical representation). On the other hand,
the resource-side criteria VRAM and Open-Sourceness are represented using the trapezoidal parameters
given in Table 6 (see Figure 6 for a graphical representation).

In particular, VRAM is modelled to reflect the idea of what is considered acceptable in relation to
the price, based on the GPU’s capacity. On the other hand, Open-Sourceness is described through its
qualitative score range, which is sufficient for a smooth separation between low, intermediate, and
high openness.

LLM openness is best understood as a multidimensional property rather than a binary distinction
between open source and closed models. Relevant dimensions include the availability of model
weights, which permits local execution but does not necessarily imply reproducibility; the release of
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source code, training pipelines, and, in stronger cases, training data under an OSI-compatible license;
disclosure or publication of pretraining and fine-tuning corpora, enabling auditability and replication;
documentation of the model architecture and design choices through papers or technical reports; and
the legal permissions granted by the model license, including rights to commercial use, modification,
and redistribution. Additional axes include open access through public APIs, which provides usability
without revealing weights or internal implementation; open evaluation, in which benchmark results,
safety assessments, and testing protocols are published; and open fine-tuning or customisation, which
allows users to adapt the model through methods such as LoRA or full parameter fine-tuning. Under
the gradient of openness perspective, these dimensions are independent: a system may be open along
some axes while remaining closed along others. For example, some models release weights but restrict
licensing and withhold training data, whereas more fully open systems release weights, code, data
documentation, and evaluation artefacts; proprietary API-only systems, by contrast, generally provide
access without substantive openness of weights, data, or training methodology. In assigning this score
has been taken in account also the stability over time and the clearness of license assigned to each
model, as concluding factor of trustfulness of the model.

Finally, the output variable Weight is partitioned into five fuzzy numbers Very Low, Low, Medium,
High, and Very High (see Table 7 and Figure 7). This latter partition is denser than the input ones,
which is useful at the aggregation stage because it provides a more expressive scale for translating rule
consequents into final scores.

For the inference part, we consider the probabilistic t-norm ⊗P and t-conorm ⊕P for the interpre-
tation of the logical operation AND, and OR, respectively.

Table 5. Linguistic criteria membership function parameters. Each row corresponds to a trapezoidal fuzzy number
and its parameters.

Linguistic Variable Fuzzy Set Parameters

English
Low (2.823, 2.823, 7.565, 14.679)
Medium (7.565, 14.679, 19.421, 26.535)
High (19.421, 26.535, 31.277, 31.277)

Italian
Low (4.899, 4.899, 7.982, 12.608)
Medium (7.982, 12.608, 15.692, 20.318)
High (15.692, 20.318, 23.401, 23.401)

Portuguese
Low (1.2, 1.2, 5.792, 12.679)
Medium (5.792, 12.679, 17.271, 24.158)
High (17.271, 24.158, 28.75, 28.75)

Table 6. Resource-side criteria membership function parameters. Each row corresponds to a trapezoidal fuzzy
number and its parameters.

Linguistic Variable Fuzzy Set Parameters

VRAM
Low (8, 8, 16, 20)
Medium (16, 20, 24, 28)
High (24, 28, 32, 32)

Open-Sourceness
Low (0, 0, 3, 5)
Medium (3, 5, 7, 9)
High (7, 9, 10, 10)
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Table 7. Output membership functions for the weight variable. Each row corresponds to a trapezoidal fuzzy
number and its parameters.

Linguistic Variable Fuzzy Set Parameters

Weight

Very Low (0, 0, 1, 2.25)
Low (1, 2.25, 3.25, 4.5)
Medium (3.25, 4.5, 5.5, 6.75)
High (5.5, 6.75, 7.75, 9)
Very High (7.75, 9, 10, 10)

Figure 5. Trapezoidal membership functions used for the English, Italian, and Portuguese score variables.

Figure 6. Membership functions used for the resource-side criteria VRAM and Open-Sourceness.

Figure 7. Membership functions used for the output variable Weight.

5.3. First Example

As a first working example, for our inference system, we consider the following rule base:
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R1 IF Italian is High AND Portuguese is High THEN Weight is Very High
R2 IF Italian is Medium AND Portuguese is High THEN Weight is High
R3 IF Italian is Low AND Portuguese is Low AND English is High THEN Weight is Medium
R4 IF Italian is Low AND Portuguese is High THEN Weight is Very Low
R5 IF Italian is High AND Portuguese is Low THEN Weight is Very Low

This first example uses only linguistic inputs to assign a final weight. The idea is simple: strong
competence in Italian and Portuguese is valued because both languages reflect a solid background
in Latin. English is also useful, but, in this case, it plays a secondary role and can only partially
compensate for weaker performance in the other two languages.

Each rule reflects a specific preference. When both Italian and Portuguese are High, the candi-
date receives a Very High weight because strong performance in both Latin languages is especially
desirable. If Portuguese remains high while Italian is only Medium, the result is still High, showing
that Portuguese carries slightly greater importance. When both Latin-language scores are Low, a high
English score can still recover part of the evaluation, leading to a Medium weight. By contrast, a strong
imbalance between Italian and Portuguese leads to a Very Low weight, because the model penalises
inconsistent competence across the two key languages.

In Table 8, we show the final ranking for this first example, where the normalised score is the
L1 normalisation of the raw score. In this particular case study, nemotron-cascade-2:30b stands out
clearly from the other candidates, with the highest raw score and a much higher normalised value.
mistral-small3.2:24b follows at a moderate distance, while gemma4:e4b and apertus:8b receive
substantially lower scores. This distribution shows that, under the language-focused rules of the first
scenario, the fuzzy system is able to identify a strong preference for models that better match the
desired Latin language profile.

Table 8. Final ranking for first example. The model nemotron-cascade-2:30b is the best under this scenario. The
normalised scores are given by the L1 normalisation of the row scores.

Rank Model Raw Score Normalised Score

1 nemotron-cascade-2:30b 2.297 0.548
2 mistral-small3.2:24b 1.261 0.301
3 gemma4:e4b 0.624 0.149
4 apertus:8b 0.012 0.003

5.4. Second Example

In this second working example, we consider the following rule base:

R1 IF Italian is Medium AND Portuguese is Medium AND English is Medium AND VRAM is Low THEN Weight is High
R2 IF Italian is Medium AND Portuguese is Medium AND English is Medium AND Open-Sourceness is High THEN Weight is Very High
R3 IF Italian is High AND Portuguese is Medium AND English is Medium THEN Weight is High
R4 IF Italian is Low AND Portuguese is Medium AND English is Medium AND VRAM is High AND Open-Sourceness is Low THEN Weight is Very Low
R5 IF English is High AND Open-Sourceness is Medium AND VRAM is Medium THEN Weight is Low

This second example extends the evaluation by including resource-related criteria in addition to
language skills. Alongside Italian, Portuguese, and English, the model now also considers available
VRAM and the degree of commitment to open-source software. This allows the final weight to reflect
not only linguistic suitability, but also practical and ethical constraints.

Each rule highlights a different balance between these factors. When all three languages are at
a Medium level, and VRAM is Low, the weight is still High because limited hardware resources make
efficiency especially valuable. If the language profile remains balanced and Open-Sourceness is High,
the weight becomes Very High, reflecting a strong preference for principled technical choices. A strong
score in Italian, combined with Medium values in Portuguese and English, also produces a High
weight because Italian is given special importance in this example. On the other hand, if Italian is
Low, VRAM is High, and weak open-source alignment leads to a Very Low weight, since the candidate
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performs poorly on several key criteria. Finally, strong English alone is not enough to compensate for
only Medium technical and ethical values, so that case receives a Low weight.

Table 9 summarises the final ranking produced in the second scenario, where the normalised score
is again the L1 normalisation of the row score. The results suggest that gemma4:e4b is the most suitable
model under these preferences, with a clear lead in both raw and normalised score. The remaining
models form a closer group, with apertus:8b, mistral-small3.2:24b, and nemotron-cascade-2:30b
receiving lower but still comparable evaluations. Overall, the table shows how the fuzzy rule base can
separate candidates according to the combined influence of language quality, resource efficiency, and
open-source alignment.

Table 9. Final ranking for the second case. The model gemma4:e4b is the best under this scenario. The normalised
scores are given by the L1 normalisation of the row scores.

Rank Model Raw Score Normalised Score

1 gemma4:e4b 2.592 0.360
2 MichelRosselli/apertus:8b 1.631 0.227
3 mistral-small3.2:24b 1.598 0.222
4 nemotron-cascade-2:30b 1.373 0.191

6. Conclusions and Future Works
This work has examined the use of a Fuzzy Rule-Based System for assigning weights to experts

within a Multi-Criteria Group Decision-Making framework, with particular attention to settings in
which artificial experts contribute alongside, or in place of, human decision-makers. Building on
the preliminary methodological proposal introduced in [10], the present contribution has focused on
an application-oriented validation of the approach, showing how an interpretable fuzzy weighting
mechanism can be adapted to a concrete decision domain and how its behaviour changes under
different modelling choices.

The results obtained from the LLM case study confirm that the proposed framework is sufficiently
flexible to encode heterogeneous weighting policies through transparent IF–THEN rules. In particular,
the experiments have shown that the final weights are not determined by performance alone, but may
be shaped in a controlled and auditable manner by combining multilingual quality, computational
requirements, and openness-related characteristics. This is precisely one of the main advantages of
the FRBS perspective: rather than imposing a single optimisation principle, it allows the weighting
scheme to reflect the priorities of the decision context. In this sense, the method appears well-suited to
real-world scenarios, where decision quality is rarely reducible to one isolated dimension.

The empirical examples also highlight an important substantive point. Small changes in the rule
base, or in the logical structure of the antecedents, may produce substantial changes in the final ranking.
This should not be viewed as a weakness of the method, but rather as evidence of its sensitivity to
explicit modelling assumptions. Hence, the framework makes the value judgements underlying the
weighting process visible, instead of leaving them implicit in a black-box optimisation step. From
the perspective of MCGDM, this is a significant methodological advantage, especially when artificial
experts are involved, and accountability is required.

At the same time, the study has shown that some modelling components are particularly influ-
ential. Among them, the design of the rule base is the most decisive, since it directly encodes the
weighting policy adopted in the application. The choice of membership functions and the partition
of the linguistic variables also affect the outcome, especially in borderline cases where an expert lies
near the overlap of adjacent fuzzy sets. Likewise, the selection of logical operators and the adopted
defuzzification procedure may alter the relative magnitude of the final scores. For this reason, the
proposed framework should not be interpreted as a fully automatic mechanism, but as a structured
and interpretable tool whose reliability depends on a careful alignment between fuzzy modelling
choices and domain-specific objectives.
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From a practical standpoint, the proposed approach offers a viable way of integrating artificial
experts into decision-support pipelines without treating them as interchangeable black boxes. By
assigning weights through linguistic variables and interpretable rules, the framework supports a
more nuanced form of aggregation in which the role of each expert can be justified explicitly. This is
particularly relevant in contemporary decision environments, where algorithmic agents, recommender
systems, predictive models, and large language models increasingly act as decision contributors rather
than as mere auxiliary tools.

The present study nevertheless has some limitations. First, the empirical validation has been
conducted on a specific case study involving four LLMs and a selected set of criteria; therefore, the con-
clusions should not be overgeneralised without further testing on broader classes of decision problems.
Secondly, the construction of the fuzzy partitions and the rule base remains application-dependent
and requires domain knowledge. Thirdly, although the examples considered here clearly illustrate
the interpretability and flexibility of the method, a broader benchmarking analysis against alterna-
tive expert-weighting strategies would be necessary in order to assess its comparative performance
more systematically.

Several lines of future research follow naturally from these observations. A first direction concerns
the extension of the experimental analysis to additional application domains, including more traditional
MCGDM settings and larger groups of heterogeneous experts. A second direction is the development
of a more systematic sensitivity analysis covering membership-function design, logical connectives,
inference schemes, and defuzzification operators. A third possible development is the introduction of
semi-automatic or data-assisted procedures for constructing the rule base, so as to reduce the burden
of manual design while preserving interpretability. Finally, it would be worthwhile to investigate
hybrid settings in which FRBS-based weighting is combined with empirical validation, calibration
procedures, or benchmark-based evaluation protocols for artificial experts.

In conclusion, the main contribution of this paper lies not in proposing yet another abstract
weighting formula, but in showing that expert weighting can be formulated as an interpretable
fuzzy inference problem and meaningfully instantiated in an application-oriented setting. The study,
therefore, strengthens the case for FRBS-based weighting as a transparent and operationally credible
approach for MCGDM, especially in scenarios where human and artificial expertise must be combined
under multiple, and potentially competing, criteria.
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7. Ayan, B.; Abacıoğlu, S.; Basilio, M.P. A Comprehensive Review of the Novel Weighting Methods for
Multi-Criteria Decision-Making. Information 2023, 14. https://doi.org/10.3390/info14050285.

8. Kostopoulos, G.; Davrazos, G.; Kotsiantis, S. Explainable Artificial Intelligence-Based Decision Support
Systems: A Recent Review. Electronics 2024, 13. https://doi.org/10.3390/electronics13142842.

9. Soori, M.; Jough, F.K.G.; Dastres, R.; Arezoo, B. AI-based decision support systems in Industry 4.0, a review.
Journal of Economy and Technology 2026, 4, 206–225. https://doi.org/10.1016/j.ject.2024.08.005.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2165.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1016/j.inffus.2023.03.004
https://doi.org/10.1016/j.inffus.2023.03.004
https://doi.org/10.7250/itms-2023-0005
https://doi.org/10.7250/itms-2023-0005
https://doi.org/10.1016/j.ins.2023.03.092
https://doi.org/10.1016/j.eswa.2012.02.008
https://doi.org/10.1016/j.ins.2015.09.024
https://doi.org/10.3390/info14050285
https://doi.org/10.3390/electronics13142842
https://doi.org/10.1016/j.ject.2024.08.005
https://doi.org/10.20944/preprints202604.2165.v1
http://creativecommons.org/licenses/by/4.0/


19 of 22

10. Castronovo, L.; Filippone, G.; La Rosa, G.; Tabacchi, M.E. Fuzzy Rule-Based Approach for Weighting
Artificial Experts involved in a Multi-Criteria Group Decision-Making Problem. In Proceedings of the
Proceedings of the 21st International Conference on Information Processing and Management of Uncertainty
in Knowledge-Based Systems (IPMU 2026), Rome, Italy, 2026; Communications in Computer and Information
Science. Accepted for publication; to appear.

11. Tabacchi, M.E.; Termini, S., Experimental Modeling for a Natural Landing of Fuzzy Sets in New Domains.
In Enric Trillas: A Passion for Fuzzy Sets: A Collection of Recent Works on Fuzzy Logic; Springer International
Publishing: Cham, 2015; Vol. 322, pp. 179–188. https://doi.org/10.1007/978-3-319-16235-5_13.

12. Pinna, B.; Tabacchi, M.E. A Fuzzy Approach to the Role of Symmetry in Shape Formation: The Illusion of
the Scalene Triangle. In Proceedings of the Fuzzy Logic and Applications; Di Gesù, V.; Pal, S.K.; Petrosino,
A., Eds., Berlin, Heidelberg, 2009; Vol. 5571, pp. 197–204. https://doi.org/10.1007/978-3-642-02282-1_25.

13. D’Asaro, F.A.; Di Gangi, M.A.; Perticone, V.; Tabacchi, M.E. Computational Intelligence and Citizen
Communication in the Smart City. Informatik-Spektrum 2017, 40, 25–34. https://doi.org/10.1007/s00287-016
-1007-0.

14. Tabacchi, M.E.; Portmann, E.; Seising, R.; Habenstein, A., Designing Cognitive Cities. In Designing Cognitive
Cities; Springer International Publishing: Cham, 2019; Vol. 176, pp. 3–27. https://doi.org/10.1007/978-3-03
0-00317-3_1.

15. Martin Larsen, P. Industrial applications of fuzzy logic control. International Journal of Man-Machine Studies
1980, 12, 3–10. https://doi.org/10.1016/S0020-7373(80)80050-2.

16. Hwang, C.; Yoon, K. Multiple Attribute Decision Making. Methods and Applications A State-of-the-Art Survey, 1
ed.; Lecture Notes in Economics and Mathematical Systems, Springer Berlin, Heidelberg, 1981; pp. XI, 269.
https://doi.org/10.1007/978-3-642-48318-9.

17. Opricovic, S. Programski paket VIKOR za visekriterijumsko kompromisno rangiranje. In Proceedings of the
17th International symposium on operational research SYM-OP-IS, 1990.

18. Opricovic, S. Multi-criteria optimization of civil engineering systems. Faculty of civil engineering, Belgrade
1998, 2, 5–21.

19. Opricovic, S.; Tzeng, G.H. Compromise solution by MCDM methods: A comparative analysis of VIKOR
and TOPSIS. European Journal of Operational Research 2004, 156, 445–455. https://doi.org/10.1016/S0377-22
17(03)00020-1.

20. Cooke, R.M. Experts in Uncertainty: Opinion and Subjective Probability in Science; Oxford University Press:
New York, 1991.

21. Clemen, R.T.; Winkler, R.L. Combining Probability Distributions from Experts in Risk Analysis. Risk Analysis
1999, 19, 187–203. https://doi.org/10.1111/j.1539-6924.1999.tb00399.x.

22. Zhou, Z.; Xu, Z.; Wang, J. A Method for Determining Expert Weights Based on Consistency and Consensus
in Group Decision Making. Expert Systems with Applications 2011, 38, 4823–4828. https://doi.org/10.1016/j.
eswa.2010.10.062.

23. Mamdani, E. Application of fuzzy algorithms for control of simple dynamic plant. Proceedings of the
Institution of Electrical Engineers 1974, 121, 1585–1588. https://doi.org/10.1049/piee.1974.0328.

24. Mamdani, E.; Assilian, S. An experiment in linguistic synthesis with a fuzzy logic controller. International
Journal of Man-Machine Studies 1975, 7, 1–13. https://doi.org/10.1016/S0020-7373(75)80002-2.

25. Takagi, T.; Sugeno, M. Fuzzy identification of systems and its applications to modeling and control. IEEE
Transactions on Systems, Man, and Cybernetics 1985, SMC-15, 116–132. https://doi.org/10.1109/TSMC.1985.6
313399.

26. Dubois, D.; Prade, H. What are fuzzy rules and how to use them. Fuzzy Sets and Systems 1996, 84, 169–185.
Dedicated to the Memory of Professor Arnold Kaufmann, https://doi.org/10.1016/0165-0114(96)00066-8.

27. Cordón, O.; Herrera, F.; Hoffmann, F.; Magdalena, L., Fuzzy Rule-Based Systems. In Genetic Fuzzy Systems;
WORLD SCIENTIFIC, 2001; Vol. 19, chapter 1, pp. 1–46. https://doi.org/10.1142/9789812810731_0001.

28. Cordón, O. A historical review of evolutionary learning methods for Mamdani-type fuzzy rule-based
systems: Designing interpretable genetic fuzzy systems. International Journal of Approximate Reasoning 2011,
52, 894–913. https://doi.org/10.1016/j.ijar.2011.03.004.

29. Varshney, A.K.; Torra, V. Literature Review of the Recent Trends and Applications in Various Fuzzy Rule-
Based Systems. International Journal of Fuzzy Systems 2023, 25, 2163–2186. https://doi.org/10.1007/s40815-0
23-01534-w.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2165.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1007/978-3-319-16235-5_13
https://doi.org/10.1007/978-3-642-02282-1_25
https://doi.org/10.1007/s00287-016-1007-0
https://doi.org/10.1007/s00287-016-1007-0
https://doi.org/10.1007/978-3-030-00317-3_1
https://doi.org/10.1007/978-3-030-00317-3_1
https://doi.org/10.1016/S0020-7373(80)80050-2
https://doi.org/10.1007/978-3-642-48318-9
https://doi.org/10.1016/S0377-2217(03)00020-1
https://doi.org/10.1016/S0377-2217(03)00020-1
https://doi.org/10.1111/j.1539-6924.1999.tb00399.x
https://doi.org/10.1016/j.eswa.2010.10.062
https://doi.org/10.1016/j.eswa.2010.10.062
https://doi.org/10.1049/piee.1974.0328
https://doi.org/10.1016/S0020-7373(75)80002-2
https://doi.org/10.1109/TSMC.1985.6313399
https://doi.org/10.1109/TSMC.1985.6313399
https://doi.org/10.1016/0165-0114(96)00066-8
https://doi.org/10.1142/9789812810731_0001
https://doi.org/10.1016/j.ijar.2011.03.004
https://doi.org/10.1007/s40815-023-01534-w
https://doi.org/10.1007/s40815-023-01534-w
https://doi.org/10.20944/preprints202604.2165.v1
http://creativecommons.org/licenses/by/4.0/


20 of 22

30. Moral, J.M.A.; Castiello, C.; Magdalena, L.; Mencar, C. Explainable Fuzzy Systems. Paving the Way from
Interpretable Fuzzy Systems to Explainable AI Systems, 1 ed.; Studies in Computational Intelligence, Springer
Cham, 2021; pp. XXXI, 232. https://doi.org/10.1007/978-3-030-71098-9.

31. Mendel, J.M. Explainable Uncertain Rule-Based Fuzzy Systems, 3 ed.; Springer Cham, 2024; pp. XXIII, 580.
https://doi.org/10.1007/978-3-031-35378-9.

32. Koksalmis, E.; Kabak, Ö. Deriving decision makers’ weights in group decision making: An overview of
objective methods. Inf. Fusion 2019, 49, 146–160.

33. Wang, J.; Wei, G.; Wei, C.; Wu, J. Maximizing deviation method for multiple attribute decision making under
q-rung orthopair fuzzy environment. Defence Technology 2020, 16, 1073–1087. https://doi.org/10.1016/j.dt.
2019.11.007.

34. Peng, H.g.; Zhang, H.y.; Wang, J.q.; Li, L. An uncertain Z-number multicriteria group decision-making
method with cloud models. Information Sciences 2019, 501, 136–154. https://doi.org/10.1016/j.ins.2019.05.09
0.

35. Mersha, M.; Lam, K.; Wood, J.; AlShami, A.K.; Kalita, J. Explainable artificial intelligence: A survey of needs,
techniques, applications, and future direction. Neurocomputing 2024, 599, 128111. https://doi.org/10.1016/j.
neucom.2024.128111.

36. Ali, S.; Abuhmed, T.; El-Sappagh, S.; Muhammad, K.; Alonso-Moral, J.M.; Confalonieri, R.; Guidotti,
R.; Del Ser, J.; Díaz-Rodríguez, N.; Herrera, F. Explainable Artificial Intelligence (XAI): What we know
and what is left to attain Trustworthy Artificial Intelligence. Information Fusion 2023, 99, 101805. https:
//doi.org/10.1016/j.inffus.2023.101805.

37. Yang, W.; Wei, Y.; Wei, H.; Chen, Y.; Huang, G.; Li, X.; Li, R.; Yao, N.; Wang, X.; Gu, X.; et al. Survey on
Explainable AI: From Approaches, Limitations and Applications Aspects. Human-Centric Intelligent Systems
2023, 3, 161–188. https://doi.org/10.1007/s44230-023-00038-y.

38. Tanino, T., Sensitivity Analysis in MCDM. In Multicriteria Decision Making: Advances in MCDM Models,
Algorithms, Theory, and Applications; Springer US: Boston, MA, 1999; pp. 173–201. https://doi.org/10.1007/
978-1-4615-5025-9_7.
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