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Abstract: This paper presents an innovative approach for supplier selection (SS) within the Tunisian
dairy industry, with a specific focus on sustainability and resilience. The proposed method is a
hybrid model that integrates multi-criteria decision-making (MCDM) with fuzzy logic. Initially,
twelve distinct criteria are identified, categorized into social, environmental, economic, and resilience
indexes through a combination of literature review and expert input. To establish the importance of
these criteria, a fuzzy analytic hierarchy process (FAHP) is employed to calculate their weights. These
weights are then integrated into a new method called fuzzy multi-attribute border approximation area
comparison (FMABAC) to rank the suppliers. The methodology aims to provide decision-makers
with a more intuitive means of expressing their preferences and evaluating supplier criteria, ultimately
identifying the most effective dairy farmers. The research concludes by evaluating the results through
two sensitivity analyses: one involving varying criteria weights and the other involving a comparative
assessment with alternative fuzzy MCDM techniques.

Keywords: sustainable-resilient supplier selection; fuzzy sets; fuzzy AHP; fuzzy MABAC; dairy farmers

1. Introduction

Amidst the growing awareness of sustainability and its crucial role in fostering a better
environment for both present and future generations, an increasing number of industries
are aligning themselves with the principles of sustainable production. Sustainability, as
defined by the World Commission on Environment and Development, is characterized
as “Development that meets the needs of the present without compromising the ability
of future generations to meet their own needs” [1]. Over the past decade, sustainable
supply chain management (SSCM) has garnered substantial attention from researchers and
practitioners alike, given its emphasis on economic, environmental, and social advance-
ments [1–3]. Within SSCM, the process of sustainable supplier selection (SSS) emerges
as a critical decision for operations and procurement managers [1,2,4]. The selection
of suppliers from a sustainability perspective involves a reevaluation of the traditional
supplier selection problem, incorporating economic, social, and environmental criteria
alongside the conventional set of criteria [3,5]. The selection of sustainable suppliers has
garnered increased attention in recent years, underscoring the significance of the current
topic [1–3,6–12]. Specifically, sustainability is gaining importance in the agro-food sector
due to the rising demand for food and an increased focus on quality and safety [4].

The supply chain domain today faces challenges posed by disruptive occurrences,
encompassing natural disasters like fires, earthquakes, floods, and other human-made
disasters such as transport accidents, labor strikes, and terrorist attacks. These events can
threaten supply chain operations [2,13]. In response to such circumstances, investments
in designing a resilient supply chain have become more necessary than ever [2,14,15].
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A resilient supply chain (SC) is defined as the ability of the SC to quickly return to its
original state after undergoing disruptions [13,15]. Ref. [16] argues that various resiliency
strategies, including flexibility, agility, inventory, and strategic capacity, can be employed
to handle disruptions. Given that supplier selection is a strategic decision in the context
of the supply chain, it is essential to consider resiliency when choosing the best suppliers
to reduce risks during supply disruptions [2,13]. Resilient supplier selection has been
explored in recent works [2,13,14,17–19]. Sustainable supply chains can be affected by
disruptive events in today’s dynamic environment. Consequently, the new challenge for
managers is designing an efficient supply chain that responds effectively to any disruption
and achieves sustainability goals [20–23].

Despite the significant intersections between resilience and sustainability concepts, few
recent papers, such as those by Refs. [2,24,25], have explored the relationship between these
two concepts in supplier selection problems. However, resiliency and sustainability must
be considered together to select suitable sustainable suppliers and reduce the consequences
of disruptions [2]. Ref. [2] introduced a theoretical framework that relies on sustainable
and resilient indicators to assist purchasing managers in the selection of optimal suppliers.
To achieve this, a fuzzy Inference System combined with Data Envelopment Analysis
(DEA) was proposed to identify the best suppliers based on predefined criteria in the
literature. In contrast, Ref. [24] put forth a framework tailored for sustainable global
suppliers, accounting for various risks such as currency fluctuations, political instability,
and terrorism. Additionally, Ref. [25] developed a framework for the sustainable and
resilient selection of suppliers in the automobile industry, emphasizing the necessity for
suppliers to exhibit resilience to natural disasters and human-made disruptions to ensure
the company’s competitiveness. All these papers contribute to a general framework for
Sustainable and Resilient Supplier Selection (SRSS).

In recent times, agro-food production, specifically milk production, has become a
crucial activity in developing countries. However, to the best of our knowledge, there is
a notable absence of papers presenting a framework to assist managers in choosing the
best farmers based on specific criteria. In this context, the aim of this paper is to identify
and evaluate sustainability and resiliency indicators in a case study, focusing on economic,
environmental, social, and resiliency criteria.

Supplier selection, in general, poses a complex Multi-Criteria Decision-Making (MCDM)
problem, wherein a given number of suppliers are evaluated based on a set of criteria [23,26].
Particularly, assessing sustainable and resilient suppliers involves dealing with criteria that
often conflict with each other [23]. The supplier selection process introduces ambiguity and
uncertainty, given that precise values for all criteria employed may not be readily available [26].
In recent years, MCDM techniques have been coupled with various approaches to address
conditions of uncertainty. Ref. [27] suggested that fuzzy numbers based on linguistic variables
are one type of technique that can assist decision-makers in determining preferences easily.
Consequently, a combination of MCDM approaches and fuzzy set theory (FST) is commonly
employed to facilitate decision-making under uncertainty [26].

The major objective of this study is to develop a new MCDM model for determining
appropriate sustainable and resilient suppliers for a milk collection center in Tunisia. The
specific objectives include:

• Identifying sustainable and resilient criteria for supplier selection in the milk supply
chain context.

• Identifying the set of alternatives (set of farmers).
• Calculating the relative weights of the SRSS evaluation criteria.
• Selecting the most sustainable and resilient supplier(s) from a set of farmers in the

milk industry.

To achieve these objectives, the developed FAHP-FMABAC hybrid model was applied
to select the best farmers for a milk collection center in Tunisia. Initially, the fuzzy Analytic
Hierarchy Process (AHP) was developed for weighting criteria. Subsequently, the fuzzy
Multi-attribute Border Approximation Area (MABAC) was implemented to select the most
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suitable dairy farmers. For the dairy farmers’ evaluation, five suppliers were assessed
using the hybrid method across twelve criteria, encompassing traditional, sustainability,
and resilience criteria along with their sub-criteria. A consistency analysis was conducted
to evaluate the consistency of expert opinions, and the methodology’s validation was
measured through sensitivity analysis.

The remainder of this paper is structured as follows: Section 2 provides a summary
of the existing literature, covering various evaluation criteria and describing MCDM
techniques applied to the supplier selection problem. Section 3 details the proposed
decision methodology. A real application of the methodology and the obtained numerical
results are presented in Section 4. Additionally, Section 5 illustrates a sensitivity analysis
to investigate the validity of the results. Finally, the sixth and last section presents an
investigation of the findings and offers suggestions for future research.

2. Literature Review

Supplier selection involves the comprehensive process of identification, screening,
evaluation, analysis, and communication with suppliers [28]. According to Ref. [29], the
best supplier is one who delivers the right product at the right time, in the right place, in
the right quantity, and at a competitive price. Originating as a vendor selection problem in
1966 by Dickson, it has been extensively addressed in the past two decades. The supplier
selection problem falls under the umbrella of multiple criteria decision-making (MCDM),
comprising two key steps: determining appropriate criteria and their relative weights, and
ranking suppliers [1,10]. A recent systematic literature review on supplier selection by
Ref. [6] highlights five dimensions for formulating the supplier selection problem:

• Sourcing Strategy: Categorized based on single or multiple strategies, considering
single or multi-period approaches.

• Decision Scope: Classified into pure and integrated selection, where integrated selec-
tion involves additional decisions like order allocation, inventory management, and
transportation.

• Decision Environment: Grouped into certain and uncertain environments.
• Selection Criteria: Suppliers evaluated based on qualitative and/or quantitative multi-

criteria, including green and social criteria for sustainability.
• Solution Approach: Framework for classifying methodological approaches, encom-

passing MCDM methods, optimization, and hybrid combinations with simulation or
artificial intelligence methods.

In recent years, the literature has witnessed a surge in attention towards sustainability
and resilience in supplier selection. Academics have developed various MCDM techniques
to address this issue [5,25,28]. Some authors employ multiple methods, leveraging their
outcomes in decision-making processes to gain diverse advantages. This section provides a
concise review of recent literature (2016–2023) specific to supplier selection with a focus
on sustainability and resilience, highlighting various MCDM methods used to prepare
the proposed framework. Table 1 summarizes the most recent studies conducted on
this subject.

The incorporation of sustainability in the supplier selection process has emerged as
a significant challenge in recent years. Ref. [30] defines sustainable supplier selection
(SSS) as an extension of the classical supplier selection problem, integrating economic,
environmental, and social criteria concurrently to select the best suppliers. Ref. [3] outlines
13 criteria based on the Triple Bottom Line (TBL) for SSS, proposing Pythagorean fuzzy sets
to evaluate criteria under the opinion uncertainty of decision-makers. An integrated Grey
Relational Analysis (GRA) Technique through an Order of Preference by Similarity to Ideal
Solution (TOPSIS) is then suggested for ranking suppliers. Ref. [7] develops a fuzzy AHP
alongside MABAC, TOPSIS, and Weighted Aggregated Sum Product Assessment (WASPAS)
for evaluating and selecting green suppliers based on conventional and environmental
criteria. Ref. [1] combines Interval-Valued Intuitionistic uncertainty linguistic sets with
MCDM techniques, using a modified Best Worst Method (BWM) for determining criteria
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weights and a nonlinear optimization model for assessing sustainable alternatives. For
assessing and selecting sustainable suppliers in the meat supply chain, Ref. [8] employs a
two-stage process involving fuzzy TOPSIS for evaluating sustainability performance and
a possibilistic multi-objective model for order allocation. Ref. [30] adopts a compromise
solution approach (MACROS) for selecting sustainable suppliers in the medical industry.
Ref. [11] proposes a hybrid approach based on fuzzy Analytic Network Process (FANP)
and fuzzy Decision-Making Trial and Evaluation Laboratory (DE-MATEL) for ranking
economic, environmental, and social criteria, and fuzzy TOPSIS for prioritizing suppliers
in the lamp supply chain. Ref. [10] introduces a novel hybrid approach, rough-fuzzy
DEMATEL TOPSIS, for sustainable supplier selection in a smart supply chain for energy
vehicle transmission. Other MCDM methods, including fuzzy-BWM, MULTIMOORA,
DEMATEL, CORPAS, and WASPAS, are also applied in the existing sustainable supplier
selection literature. These methodologies address various aspects such as objective and
subjective criteria weighting, green supplier selection, and the assessment and ranking of
sustainable suppliers [31,32].

In the contemporary landscape, supply chains are increasingly susceptible to a variety
of disruptions, including natural disasters and man-made threats like floods, terrorist
attacks, and fires [2]. Consequently, enhancing the resilience of supply chains has emerged
as a novel and critical challenge. Resiliency, in this context, refers to the supply chain’s
capability to promptly respond to disruptions, aiming to restore its primary performance or
attain a more advantageous state [17]. Given that suppliers constitute an integral part of the
supply chain, their resilience is paramount to minimizing vulnerability and effectively nav-
igating through disruptions. Recently, several studies have suggested a resilient supplier
selection problem. Some of these studies include Ref. [17] which proposed a fuzzy Analytic
Hierarchy Process (FANP) to weight criteria in resilient supplier selection problems. Then,
a grey VIKOR was used to rank potential suppliers in the Wool and Paper industry. Based
on the obtained results findings, several resilience criteria are considered: price uncertainty,
time delivery and supplier’s capacity. In addition, Ref. [33] considered the supply risks
and environmental risks for choosing a set of suppliers and allocating orders. A two stage
Mixed Integer Programming model was used to minimize costs and to mitigate the negative
effects of disruptions for obtaining a flexible sourcing. The most appropriate strategy found
by results is the flexibility in supplier’s production capacity. Moreover, Ref. [34] prioritized
resilient suppliers based on four categories of criteria including general, resiliency, manufac-
turers and cost using integrated QFD (Quality Function Deployment)-AHP. Then, TOPSIS
was proposed to select the best resilient suppliers in computer manufacturing companies.
Likewise, Ref. [35] identified resilience strategies such as responsiveness and general strate-
gies like product reliability to evaluate resilient suppliers. In this study, the authors used
the fuzzy VIKOR for evaluating suppliers under fuzzy environment. According to Ref. [36],
the uncertainty related to climate change were considered to evaluate food sourcing. In this
research, environmental data and weather uncertainties models were used to estimate the
suitability and risks associated with each geographical area. Then, this estimated data was
developed to calculate the optimal sourcing decisions. Later, Ref. [18] studied the problem
of selecting resilient suppliers in the logistics 4.0 environment by integrating imprecise
heterogeneous information. In this paper, the techniques used by authors were fuzzy
TOPSIS for evaluating suppliers and multi choice goal programming model to determine
optimal order allocation. Furthermore, Ref. [17] combined Grey DEMATEL-Grey SAW
(Simple Additive Weighting) to select resilient suppliers under disruption and vulnerability.
By using Grey DEMATEL, the authors evaluated the weight of criteria according to two di-
mensions of resilience enhancer and reducer respectively. Their findings indicated that the
customization was the main key aspect of resilience enhancer and the supplier’s capacity
limit is a crucial aspect of resilience reducer. Then, Grey SAW was used to determine the
score of each supplier. Finally, the suppliers were clustered into four categories including
vulnerable, volatile, resilient, sensitive according to their score.
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According to sustainability and resilience as an emerging context of study, Ref. [2]
developed a framework of resilient-sustainable supplier selection problem under disrup-
tion state in which criteria were divided into three categories of general, sustainability
and resiliency. Firstly, a modular fuzzy inference system was designed to weight sustain-
ability and resilience criteria. Then, a DEA (Data Envelopment Analysis) method was
proposed to evaluate suppliers in petroleum industry. In addition, Ref. [37] identified a
set of potential suppliers according to quantitative empirical investigation. Then, a fuzzy
VIKOR was proposed to rank suppliers in terms of risks. Finally, a modified DEA was
developed to obtain the final ranking of suppliers by proposing the sustainability criteria
as inputs and risk measurements as output. Likewise, [38] proposed a hybrid SWOT-QFD
framework for evaluating the most important criteria. Then, different proactive strategies
were suggested like contracting with backup suppliers and considering excess capacity
for improving resiliency in the supply base. Finally, a new bi-objective two stage mixed
possibilistic stochastic programming was developed for selecting suppliers based on mixed
sustainability and resiliency objectives. Besides, [39] evaluated potential suppliers based
on three categories of criterion namely basic, resiliency and green by developing a Bayesian
Network Model. Resiliency was quantified by absorptive, adaptive and retroactive strate-
gies. Additionally, Ref. [24] included sustainability criteria and risk concerns to evaluate
suppliers by integrating fuzzy AHP with the VIKOR (VIsekriterijumska optimizacija i
KOmpromisno Resenje) approach. Furthermore, Ref. [23] proposed a hybrid fuzzy BWM-
GRA-TOPSIS method for sustainable and resilient suppliers in industrial valves context in
Iran. The proposed method, firstly, obtained weights by fuzzy Best Worst Method. Then, a
TOPSIS approach was combined with grey relational analysis to evaluate the suppliers in a
fuzzy environment.

Both single and integrated methods have been proposed for the SRSS problem. A brief
literature summary on MCDM models in supplier selection is presented in Table 1.

Table 1. A brief recent literature summary of supplier selection.

Authors
Sustainable Criteria Resilient

Criteria
Methodology Case Study

Economic Environmental Social

[27] × × QFD-COPRAS Dairy industry

[17] × Fuzzy ANP-grey VIKOR Wood and paper
industry

[40] × × Fuzzy TOPSIS- AHP -

[41] × × Interval type-2 fuzzy
TOPSIS-Haming distance Battery industry

[24] × × × × Fuzzy AHP-VIKOR -

[42] × × × Fuzzy MOORA-FMEA Electronic company

[43] × × Fuzzy BWM-fuzzy TOPSIS Electronic company

[38] × × × × SWOT-QFD
Bi-objective mathematical model

Automative
company

[44] × VIKOR based sorting electrical equipment
manufacturer

[2] × × × × FIS; AR-DEA Alloy producer

[3] × × × TOPSIS under interval valued
Pythagorean fuzzy sets -

[7] × Fuzzy AHP
MABAC; TOPSIS; WASPAS Automative industry

[17] × Grey-DEMATEL
Grey SAW -
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Table 1. Cont.

Authors
Sustainable Criteria Resilient

Criteria
Methodology Case Study

Economic Environmental Social

[1] × × × Fuzzy AHP-fuzzy TOPSIS Pork meat supply
chain

[31] × × × MARCOS Health care industry

[11] × × ×
Fuzzy ANP-DEMATEL

Fuzzy TOPSIS-Weighted goal
programming

Lamp supply chain

[18] × Fuzzy-TOPSIS; Multi-choice
goal programming

Numerical
illustration

[10] × × × Rough-Fuzzy
DEMATEL-TOPSIS

Energy vehicle
transmission

[14] × × PCA-DEA Numerical
illustration

[12] × × × Fuzzy BWM-CoCoSo’B Home appliance
manufacturer

[45] × × × Fuzzy Best Worst Method Refinery industry

[46] × × × Fuzzy AHP-fuzzy DEMATEL Mining industry

[47] × × BWM–fuzzy TOPSIS Steel industry

[48] × × × Pythagorean fuzzy AHP-TOPSIS Agricultural
company

[49] × × Fuzzy BWM-fuzzy TOPSIS Electronic
manufacturer

[1] × × × MULTIMOORA with rough
numbers Power bank industry

[50] × × × × Fuzzy DEMATEL-Fuzzy ANP Palm oil industry

[51] × × × GST-OPA Numerical examples

[52] × × × Fuzzy AHP-TOPSIS Petrochemical
industry

[27] × × × SWARA-LBWA-MACROS with
D-numbers Wine industry

[53] × Fuzzy AHP-TOPSIS Shoes manufacturer

[26] × × Fuzzy-BWM-CORPAS-
WASPAS

Renewable energy
supply chain in Iran

[23] × × × × Fuzzy-BWM-GRA-TOPSIS
Industrial valves,

fittings and pipes in
Iran

[31] × × × Fuzzy-BWM-MULTIMOORA
Forklift truck

manufacturer in
China

[32] × × × Pythagorean fuzzy-DEMATEL -

[25] × × × D-number- AHP-DEMATEL Automobile
manufacturing

[19] × Z-number DEA and Artificial
Neural Network

Pharmaceutical
industry

[54] × Binary Coded
Genetic Algorithm

Supply Chain
Management
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The simultaneous incorporation of sustainability and resiliency criteria in the supplier
selection (SS) problem within a fuzzy environment has been scarcely explored in the
existing literature. Thus, the novelty of this study lies in the development of a hybrid fuzzy
decision framework to address this particular problem. In contrast, despite the growing
significance of sustainable elements in the agro-food supply chain, such as Greenhouse Gas
(GHG) emissions and efficient utilization of natural resources, coupled with the escalating
importance of resilience in the face of diverse risks like climate change, there is a notable
dearth of related case studies, especially when compared to industries like electronics and
automotive, as indicated in Table 1 [1]. Against this backdrop, it becomes imperative to
contextualize the intricacies of the dairy industry concerning the selection of farmers to
ensure efficient, sustainable, and resilient milk production. Consequently, the integrated
methodology was implemented in Tunisia to identify proficient farmers based on specific
criteria. This research operates within a fuzzy environment, and therefore, fuzzy-AHP-
MABAC techniques are integrated to overcome the limitations of each method. Fuzzy-AHP
proves adept at handling sustainable and resilient criteria, employing subjective data and
facilitating consistent pairwise comparisons through consistency analysis. The inclusion of
the relatively new Multi-Criteria Decision Making (MCDM) approach, fuzzy-MABAC, is
strategically chosen for optimal supplier selection. The amalgamation of these multifaceted
decision analysis systems enhances the efficiency of complex decision-making processes.
Consequently, this study aims not only to contribute to the theoretical discourse but also
to provide practical insights, enabling decision-makers in the realm of farmer selection to
make more informed and effective decisions.

3. Proposed Methodology

In this section, a new decision model for SRSS under uncertainty is developed. The
proposed methodology uses the hybrid AHP-MABAC and the fuzzy set theory to represent
the human vagueness when making judgments to identify sustainable and resilient suppli-
ers. The flowchart of the proposed framework is presented in Figure 1. The following three
steps are listed:

• Phase 1 (Problem definition): Identify criteria and sub-criteria based on literature
review and experts ‘opinion and define set of suppliers [1,55,56].

• Phase 2: Compute the weight of sustainable and resilient criteria using fuzzy AHP
method. In this technique, researchers based on pairwise comparisons [1,55,56].

• Phase 3: Rank the suppliers using fuzzy MABAC method by utilizing the obtained
weights derived from phase 2 [7].

A general model of SRSS is formed with the selection of one of m potential alternatives{
Aj, j = 1, . . . , m

}
, which evaluated and compared on the basis of n identified criteria

{Ci, i = 1, . . . , n}. A group of experts are formed to evaluate the significance importance of
criteria and the performance of suppliers. A group of experts are formed to evaluate the
significance importance of criteria and the performance of suppliers. In decision making
problems, the use of linguistic scales is more meaningful to the real life [57]. In such cases,
using fuzzy set theory is one of way to manage uncertainty. Recently, fuzzy set theory (FST)
is integrated with MCDM methods for solving complex decision-making problems under
uncertain environments [7]. FST has been introduced by Ref. [58] to handle the imprecision
and vagueness related to human judgments. The most important terms in FST are linguistic,
membership functions, fuzzy operators and fuzzy inference systems [2]. Here, let X is a

universe of discourse; the fuzzy set
∼
S in X is defined as:

∼
S =

{(
x, u∼

s (x)
)

/x ∈ X
}

where
u∼

s (x) ∈ [0, 1] denotes the membership function of each element x in X [59].
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Definition 1. Triangular fuzzy number (TFN).

Let a TFN
∼
S is represented by

∼
S = (l, m, u) which l and u mean the lower and upper

value of fuzzy number presented by
∼
S and m is the modal. The membership function u∼

s (x)
is defined as:

u∼
s (x) =


0 x < l

x−l
m−l l < x < m
u−x
u−m m < x < u

(1)

Definition 2. The operational rules between two TFNs.
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Suppose there are two arbitrary TFNs
∼
S1 = (l1, m1, u1) and

∼
S2 = (l1, m2, u2), the few

algebraic operations that can be applied on
∼
S1 and

∼
S2 are listed as follows:

∼
S1
⊕ ∼

S2 = (l1, m1, u1) + (l2, m2, u2) = ((l1 + l2, m1 + m2, u1 + u2))
∼
S1 ⊖

∼
S2 = (l1, m1, u1)− (l2, m2, u2) = ((l1 − u2, m1 − m2, u1 − l2))

∼
S1 ⊗

∼
S2 = (l1, m1, u1)× (l2, m2, u2) = ((l1 × l2, m1 × m2, u1 × u2))

∼
S1(\)

∼
S2 = (l1, m1, u1)(\)(l2, m2, u2) = ((l1\u2, m1\m2, u1\l2))

λ
∼
S1 = λ(l1, m1, u1) = (λl1, λm1, λu1)

Definition 3. Linguistic variables.

Linguistic variables are defined by Ref. [58] as linguistic labels of fuzzy sets. There
are used when crisp data are not sufficient to define the real-life situation [60] and can be
used quantified by using TFN. For instance, the relative importance of each criterion can
be defined by decision maker (DM) using linguistic terms such as “Equally preferred”,
“Weakly preferred”, “Fairly strongly preferred”, “Very strongly preferred” and “Absolutely
preferred” and converted to TFN as shown in Table 2. Hence, the evaluation of alternative
can be defined as linguistic terms such as “Very good”, “Good”, “Fair”, “Poor” and “Very
poor” and converted to TFN as presented in Table 3.

Table 2. Linguistic variables and their triangular fuzzy numbers [61].

Linguistic Term Fuzzy Number Triangular Fuzzy Number

Equally preferred (EP)
∼
1 (1, 1, 1)

Weakly preferred (WP)
∼
3 (2, 3, 4)

Fairly strongly preferred (FSP)
∼
5 (4, 5, 6)

Very strongly preferred (VSP)
∼
7 (6, 7, 8)

Absolutely preferred (AP)
∼
9 (8, 9, 9)

Table 3. The linguistic terms and TFN [62].

No Linguistic Terms Triangular Fuzzy Number Linguistic Values

1 Very good (VG)
∼
5 (4.5; 5; 5)

2 Good (G)
∼
4 (3.5; 4; 4.5)

3 Fair (F)
∼
3 (2.5; 3; 3.5)

4 Poor (P)
∼
2 (1.5; 2; 2.5)

5 Very poor (VP)
∼
1 (1; 1; 1)

Definition 4. De-fuzzify the fuzzy numbers.

The defuzzification can be performed via the next expressions [63].

Defuzzy S = [(t3 − t1) + (t2 − t1)]3−1 + t1
Defuzzy S = [γt3 + t2 + (1 − γ)t1]2−1 (2)

3.1. Identify the Weighs of Criteria

In this phase of the proposed model, the criteria weights are determined based on
expert opinions. In practical scenarios, decision-makers often face challenges in assigning
weights to criteria that involve uncertainty. Consequently, pairwise comparisons are
frequently preferred in decision-making processes [12]. The Analytic Hierarchy Process
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(AHP), initially introduced by Ref. [64], employs pairwise comparisons to calculate the
relative weights of criteria in relation to the main goal, utilizing a predefined scale. It has
found extensive application in resolving multi-criteria decision-making problems, including
resource allocation, vendor selection, and risk assessment, owing to its robustness and ease
of implementation for prioritizing diverse factors [57]. AHP decomposes complex problems
into hierarchical levels such as the main goal, main criteria, sub-criteria, and alternatives.
However, a notable limitation of this method is its incapacity to handle uncertainty and
imprecision in decision-making, as it relies on crisp numbers in its scale. To address this
limitation, Fuzzy AHP (FAHP) was introduced by Ref. [65] as a fuzzy extension of AHP,
incorporating fuzzy set theory and extent analysis method to manage fuzziness in the
decision process. This approach utilizes triangular fuzzy numbers instead of the nine-point
scale employed in traditional AHP for computing criteria weights. Over the recent years,
there has been a growing trend in the literature towards the utilization of this method. For
an in-depth exploration of various FAHP techniques applied to decision-making problems
in the industry, interested readers are directed to a comprehensive literature review recently
published by Ref. [1]. The construction of a fuzzy AHP model involves establishing
the comparison matrix, consolidating multiple judgments, assessing consistency, and
defuzzifying the fuzzy weights [1]. In this study, the fuzzy AHP method employed is
adapted from the works of Refs. [1,55,56] and is implemented using the following steps:

Step 1: Define the problem’s hierarchy structure.
The main objective of this step is to decompose the problem into hierarchy including

the goal in the top level (determine the relative importance of each criterion), criteria and
sub-criteria in the second level and bottom level respectively to design the FAHP process
tree structure as shown in Figure 2.
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Step 2: Construct the fuzzy pairwise comparison matrices.
First, the decision-makers compared the various elements at a given level of the

hierarchy with respect to the main goal by using linguistic variables to make pairwise
comparison. Then, the linguistic variables are converted into triangular fuzzy numbers.

Five TFNs
∼
1,

∼
3,

∼
5,

∼
7,

∼
9 are used in our study where

∼
1 denotes an equal importance while

∼
9 denotes an extremely relative importance. A reciprocal value is assigned to the inverse
comparison, i.e., sji =

1
sij

where sij denotes the importance of the ith element compared to
the jth element [61]. Therefore, the general fuzzy judgement matrix n × n obtained through
pairwise comparison can be expressed as follows [56].

∼
S =

 (1, 1, 1) . . . (l1n, m1n, u1n)
...

. . .
...

(ln1, mn1, un1) . . . (1, 1, 1)

 (3)

with
∼
s ij =

(
lij, mij, uij

)
and

∼
s ij

−1
= 1

∼
s ij

are the fuzzy numbers.
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After generating all matrices of pairwise comparison between criteria, the aggregated
fuzzy matrix is obtained by Equations (4)–(6) according to [66]).

lij = min
(

lijk
)

k ∈ {1, . . . , p} (4)

mij =

(
p

∏
k=1

mijk

) 1
p

(5)

uij = max
(

uijk

)
k ∈ {1, . . . , p} (6)

where lijk, mijk and uijk are the lower limit value, the most suitable value and the upper
limit, respectively of the decision maker k.

After the aggregated pairwise comparison matrix was formed, the consistency of
pairwise comparison shall be defined by using the calculation method of consistency index
and consistency ratio in crisp AHP. This test is performed in order to ensure that the given
expert’s inputs are consistent. In fuzzy AHP, the test consistency ratio is performed after
de-fuzzification process. To this end, the fuzzy pairwise matrix is converted into crisp
matrix by using the Ŝ − Crisp equation [55].

Then, the consistency ratio (CR) is calculated by the method in crisp AHP [55] using
the following Equation (7).

Ŝ − Crisp =
(4 ⊗ m + l + u)

6
With Ŝ = (l, m, u) (7)

CR =
CI
RI

=
Consistency Index

Random consistency of S
(8)

where CI = λmax−n
n−1 .

If the obtained CR is less than 0.1, the level of inconsistency considered is acceptable.
Otherwise, the decision maker should review the value of judgment.

Step 3: Calculate the degree of possibility Si = (li, mi, ui) ≥ Sj =
(
lj, mj, uj

)
.

Firstly, the value of fuzzy synthetic extent with respect to ith criterion is defined as:

Si = ∑n
j=1

∼
s ij ⊗

[
∑n

i=1 ∑n
j=1

∼
s ij

]−1
(9)

with (
n

∑
i=1

n

∑
j=1

∼
s ij

)−1

=

(
1

∑n
i=1 uij

;
1

∑n
i=1 mij

;
1

∑n
i=1 lij

)
i = 1, . . . , n and j = 1, . . . , n

Then, the degree of possibility of Si > Sj can be defined as V
(
Si ≥ Sj

)
= hgt

(
Si ∩ Sj

)
=

u(d) where u(d) represents the highest intersection between two fuzzy numbers and ex-
pressed mathematically as in Equation (9).

V
(
Si ≥ Sj

)
=


1 i f mi ≥ mj
0 i f lj ≥ ui

lj−ui

(mi−ui)−(mj−lj)
else

(10)

Then, the weight vector given by W ′ = (d′(S1), d′(S2), . . . , d′(Sn)) is calculated
as follows.

d′(Si) = minV
(
Si ≥ Sj

)
for j = 1, . . . , n and j ̸= i (11)

Step 4: Define the normalized weight vector W = (W1 W2 . . . Wn)
T .
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Via normalization, the normalized weight vector of the fuzzy comparison matrix
W = (d(A1), d(A2), . . . , d(An))

T is given to define the weight of each criterion over another
where W is a non-fuzzy number.

3.2. Rank the Sustainable Resilient Suppliers

The Multi-attribute border approximation area comparison (MABAC) method is one of
the most recent method of multi-criteria decision-making (MCDM) [67]. It is first introduced
by [68] at the research center at the University of Defence in Belgrade in forklift evaluation.
The main advantage of this method compared to other MCDM tools is its practical, reliable,
and stable solutions to complex problems) as well as its flexibility and adaptability to
combining with other methods [67]. The main idea of this decision-making method is
focused on the definition of the distance of the criterion function of each alternative from

the border approximation area [68]. Figure 3 exhibits the border
[∼

G
]

, lower
[∼

G
−]

, and

upper
[∼

G
+
]

approximation areas [7,69]. Due to its simple computation procedure and

the consistency of solution, several applications and modifications of the original MABAC
with the aim of solving numerous problems in the area of multi-criteria decision-making
are proposed in literature. For instance, Ref. [67] proposed interval-valued fuzzy rough
number integrated with BWM (Best-Worst method) and MABAC for selecting optimal fire
helicopters. Ref. [67] used Interval rough AHP and interval rough MABAC for evaluating
university websites under uncertainty. In their study, Ref. [70] developed an extension of
MABAC with intuitionistic fuzzy rough numbers to rank suppliers for medical services.
Ref. [7] suggested a hybrid methodology Fuzzy AHP –Fuzzy MABAC for selecting green
suppliers under fuzzy environment in automotive industry. In Ref. [59], the authors
extended MABAC under fuzzy environment for assessing the risk of rock burst in Chine.
Bozanic et al., 2019 proposed FUCOM-Fuzzy MABAC to select of the most favorable
location for construction of single span Bailey bridge.
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The modified fuzzy MABAC method used in this paper is adapted from Ref. [7]. The
mathematical formulation and implementation of the fuzzified MABAC technique are
presented in six steps as follows.

Step 1: Define the problem’s hierarchy structure.
In the first step, the evaluation of m alternatives (Ai = {A1, . . . , Am}) is performed

with respect to n evaluation criteria
(
Cj = {C1, . . . , Cn}

)
. The initial matrix

(
X̌
)

is con-

structed where
∼
x ij indicates the value of the i-th alternative according to the j-th criterion

(i = 1, 2, . . . , m; j = 1, 2, . . . , n).

∼
X =


∼
x11

∼
x12 . . .

∼
x1n

∼
x21

∼
x22 . . .

∼
x2n

...
... . . .

...
∼
xm1

∼
xm2 . . .

∼
xmn

 (12)
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Step 2: Obtain the Normalized decision matrix
(∼

N
)

.

∼
N =


∼
t 11

∼
t 12 . . .

∼
t 1n

∼
t 21

∼
t 22 . . .

∼
t 2n

...
... . . .

...
∼
t m1

∼
t m2 . . .

∼
t mn

 (13)

The elements
∼
t ij of the normalized matrix

(∼
N
)

are determined as follows:

• For the benefit-type criteria j ∈ B (a higher value of criterion is preferable):

∼
t ij =

xij − x−i
x+i − x−i

j ∈ B (14)

• For cost-type criteria j ∈ C (a lower value of criterion is preferable):

∼
t ij =

xij − x+i
x−i − x+i

j ∈ C (15)

where xij, x+i and x−i represent the elements of the initial decision matrix
(
X̌
)
, for which

x+i and x−i are defined as follows:
x+i = max(x1r, x2r, . . . , xmr) represents the maximum values of the “right distribution

of fuzzy numbers” of the observed criterion according to the alternatives.
x−i = min(x1r, x2r, . . . , xml) represent the minimum values of the “left distribution of

fuzzy numbers” of the observed criterion according to the alternatives.

Step 3: Calculate the weighted matrix
(∼

V
)

.

The elements
∼
v ij of the weighted matrix

(∼
V
)

are determined as follows:
∼
v ij =

wi ×
(∼

t ij + 1
)

,
(∼

t ij + 1
)

where
∼
t ij represent the elements of the normalized matrix

(∼
V
)

,

wi represents the weighted coefficients of the criterion. Using the Equation (16), the

weighted decision matrix
∼
V can be obtained by:

∼
V =


∼
v11
∼
v21

∼
v12 . . .
∼
v22 . . .

∼
v1n
∼
v2n

... ... . . .
...

∼
vm1

∼
vm2 . . .

∼
vmn

 =



w1·
(∼

t 11 + 1
)

w1·
(∼

t 21 + 1
) w2·

(∼
t 12 + 1

)
. . .

w2·
(∼

t 22 + 1
)

. . .

wn·
(∼

t 1n + 1
)

wn·
(∼

t 2n + 1
)

... ... . . .
...

w1·
(∼

t m1 + 1
)

w2·
(∼

t m2 + 1
)

. . . wn·
(∼

t mn + 1
)


(16)

Step 4: Determine the approximate border area matrix
(∼

G
)

.

Using Equation (16), the border approximate area for every criterion is determined by:

∼
gi =

(
∏m

j=1
∼
v ij

) 1
m (17)

where
∼
v ij represent the elements of the weighted matrix

(∼
V
)

, m represents a total number

of alternatives. After calculating the value of
∼
gi by criteria, a matrix of border approximate
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areas is obtained in the form n × 1 (n represents total number of criteria by which the

selection of the offered alternatives is performed) as
∼
G =

[∼
g1

∼
g2 . . .

∼
gn

]
.

Step 5: Calculate the matrix elements of alternatives distance from the border approxi-

mate area
(∼

Q
)

.

The distance of the alternatives from the border approximate area
(∼

q ij

)
is defined as

the difference between the weighted matrix elements
(∼

V
)

and the values of the border

approximate areas
(∼

G
)

.

∼
Q =


∼
v11 −

∼
g1∼

v21 −
∼
g1

∼
v12 −

∼
g2 . . .

∼
v22 −

∼
g2 . . .

∼
v1n −

∼
gn∼

v2n −
∼
gn

... ... . . .
...

∼
vm1 −

∼
g1

∼
vm2 −

∼
g2 . . .

∼
vmn −

∼
gn

 =


∼
q11∼
q21

∼
q12 . . .
∼
q22 . . .

∼
q1n∼
q2n

... ... . . .
...

∼
qn1

∼
qn1 . . .

∼
qnm

 (18)

The value of alternative
∼
Ai may belong to the border approximate area

(∼
G
)

, to

the upper approximate area
(∼

G
+
)

, or to the lower approximate area
(∼

G
−)

, that is,

∼
Ai ∈

{∼
G ∪

∼
G
+

∪
∼
G
−}

. The upper approximate area
(∼

G
+
)

represents the area in which

the ideal alternative is found (A+), while the lower approximate area
(∼

G
−)

represents

the area where the anti-ideal alternative is found (A−) as presented in Figure 3. The

membership of alternative
∼
Ai to the approximate area

(∼
G,

∼
G
+

or
∼
G
−)

is defined on the

basis of the following expressions:

∼
Ai ∈


∼
G
+

i f
∼
q ij > 0

∼
G i f

∼
q ij = 0

∼
G
−

i f
∼
q ij < 0

(19)

For alternatives
∼
Ai to be selected as the best in the set, it is necessary to have as many

criteria as possible belonging to the upper approximation area
( ∼

G+

)
. The higher the value

∼
q i ∈

∼
G
+

indicates that the alternative is near or equal to the ideal alternative, while the

lower the value
∼
q i ∈

∼
G
−

indicates that the alternative is closer to the anti-ideal alternative.
Step 6: Rank alternatives.
The calculation of the values of the criteria functions by alternatives is obtained as the

sum of the distance of alternatives from the border approximate areas
(∼

q i

)
. By summing

up the matrix
∼
Q elements per rows, the final values of the criteria function of alternatives

are obtained. ∼
Si = ∑n

j=1
∼
q ij, i = 1, 2, . . . , m j = 1, 2, . . . , n (20)

where n represents the number of criteria, and m is the number of alternatives. In the last

step, by defuzzification of the obtained values
∼
Si, the final rank of alternatives is reached.

The defuzzification can be performed via the Equation (2).
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4. An Implementation of Proposed Methodology
4.1. Short Description of the Case Study

The applicability and feasibility of the proposed integrated method are demonstrated
in the Tunisian milk collection center. To the best of our knowledge, there are no studies in
the field of selecting sustainable and resilient dairy farmers. The dairy supply chain holds
a crucial position in the global agro-food sector in Tunisia, contributing to employment
opportunities, economic growth, and environmental impact [71]. Agro-food decision-
makers in Tunisia face numerous challenges, including natural resource scarcity, climate
change, and market fluctuations, among others. For instance, Tunisia is recognized as one
of the driest countries with low water availability per capita per year, making sustainable
water use a pressing challenge [4]. Therefore, a real case study is undertaken to comprehend
the feasibility and applicability of the proposed approach. The case revolves around one
of the largest milk collection centers, El Rahma, situated in Sfax in the South of Tunisia.
As illustrated in Figure 4, this center receives daily supplies of raw milk from a group
of affiliated dairy farmers. The raw milk undergoes analysis and is stored for a limited
shelf-life before being distributed to manufacturing plants (Vitalait and Agromed, Sfax,
Tunisia) within the complex. The pick-up and delivery activities are carried out by a fleet
of capacitated heterogeneous vehicles. To thrive in the national market, this center must
assess the performance of candidate dairy farmers from both resilient and sustainable
perspectives, aligning with the proposed approach. As depicted in Figure 1, the framework
comprises three steps. Firstly, three decision-makers from different functions of the El
Rahma company are invited to evaluate the farmers based on resilience and sustainability
criteria, denoted by {DM1, DM2, DM3}. These decision-makers are the supply chain
manager (DM1), responsible quality manager (DM2), and purchasing manager (DM3).
Secondly, the evaluation sub-criteria are defined based on a review of recent literature and
confirmed by experts.
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These sub-criteria are denoted by {C1, C2, C3, C4, C5, C6, C7, C8, C9, C10, C11, C12}
and clustered into four groups: C1, C2 and C3 are economic sub-criteria, C4, C5 and C6
are environmental sub-criteria, C7, C8 and C9 are social sub-criteria and C10, C11 and C12
resilience sub-criteria as shown in Appendix A. After determining decision criteria, five
potential dairy farmers are defined {A1, A2, A3, A4, A5}. After setting the problem, the
weights of sub-criteria are calculated by fuzzy AHP method. The weight coefficients
obtained in this phase of the model are used in the third phase for evaluating dairy farmers
by implementing the fuzzy MABAC model.

Our methodology is motivated by the valuable advantages offered by the fuzzy AHP
and MABAC. These approaches bring substantial benefits to our study, providing robust
and flexible frameworks for decision-making in complex and uncertain environments.
Indeed, fuzzy AHP and MABAC methods offer valuable advantages in supplier selection.
They adeptly handle uncertainty and ambiguity, accommodating subjective judgments
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and expert opinions. Fuzzy AHP’s use of fuzzy logic enables the modeling of preferences
with linguistic terms, making it suitable for scenarios involving qualitative criteria, such
as social and resilient criteria in our resilient suppliers selection case. Similarly, MABAC
excels in considering imprecise information and preferences in a comprehensive manner.
Both approaches effectively manage multiple criteria, providing structured approaches for
decision-makers.

By merging these approaches, we aim to enhance the robustness and effectiveness of
decision support, contributing to a more comprehensive and informed decision-making
process in our complex and uncertain study setting.

4.2. Determine the Importance of Criteria Weights through FAHP

Step 1: Define the main criteria and sub criteria.
First, the main objective of implementing FAHP method is to define the relative

importance of sustainability and resilience criteria for selecting the most appropriate
Tunisian dairy farmers. As mentioned, three experts are contacted {DM1, DM2, DM3} for
evaluating twelve criteria. As shown in Figure 2, the hierarchy structure of the problem
composed of three levels: The top level of the structure represents the ultimate objective
which is “define the relative importance of each index and criterion”. In the second level, the
main criteria of selection are grouped into four categories under economic, environmental,
social and resiliency. In the bottom level, the main indexes are subdivided into 12 criteria.

Step 2: Construct the fuzzy pairwise comparison matrices.
The scale of linguistic variables presented in Table 2 was used by the three experts to

evaluate the importance of criteria with respect to the goal. Then, the linguistic variables
are converted to triangular fuzzy numbers, as shown in Equation (3). Then, the assess-
ments are aggregated by using Equations (4)–(6) and the obtained matrix is presented
in Appendix B. The consistency of pairwise comparison is calculated. For this purpose,
the fuzzy pairwise matrix undergoes a transformation into a crisp matrix through the
application of the Equation (7), as presented in Table 4. The consistency ratio, computed
through Equation (8), is 0.0310, indicating a value below the 0.1 threshold. So, we can
conclude that the consistency is acceptable to be able to reach the next step.

Table 4. A converted crisp matrix.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

C1 1 5 4.32 3.07 1.41 2.04 5.73 2.175 0.35 3 1.034 0.3

C2 0.2 1 4.375 2.39 0.169 1.35 2.16 0.3 0.27 1.5 0.27 0.22

C3 0.29 1.08 1 3 0.3 4.15 4.15 1.13 0.99 1.41 0.27 0.2175

C4 0.95 1.02 0.32 1 0.15 1.41 1.67 1.08 1.425 1.49 0.23 0.17

C5 1.08 6.17 3.7 6.17 1 2.395 5.73 4.32 1.17 2.65 3 1.67

C6 1.795 6.22 0.27 1.99 1.02 1 3.19 2.435 1.59 2.65 1.02 1.595

C7 0.1825 1.415 0.27 1.17 0.1825 1.38 1 1.02 0.98 1.49 0.24 0.17

C8 0.5 3.7 4.15 2.175 0.27 2.04 5 1 1.5 1.83 4.32 4.32

C9 3 4.15 2.89 5.48 1.67 1.44 2.89 1.59 1 4.32 2.175 3.7

C10 0.34 1.59 1.99 1.99 1.034 1.41 3.7 2.175 1.187 1 1.41 0.27

C11 2.64 4.32 4.32 5.18 0.345 2.39 4.8 0.27 3 1.99 1 2.175

C12 3.7 6.22 6.22 6.17 2.175 2.16 6.17 0.27 0.21 4.32 1.6 1
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Step 3: Calculate the degree of possibility Si = (li, mi, ui) ≥ Sj =
(
lj, mj, uj

)
.

The pairwise comparison matrix is further used to find the fuzzy synthetic extent
value for every criterion by Equation (9). Firstly, the computation RSj = ∑n

j=1
∼
s ij is done in

the following way:

RS1 = (0.063; 0.096; 0.153); RS2 = (0.063; 0.107; 0.179); RS3 = (0.065; 0.105; 0.175);
RS4 = (0.065; 0.113; 0.193); RS5 = (0.061; 0.101; 0.172); RS6 = (0.055; 0.087; 0.146);
RS7 = (0.055; 0.087; 0.143); RS8 = (0.047; 0.073; 0.121); RS9 = (0.036; 0.059; 0.102);
RS10 = (0.025; 0.068; ; 0.098); RS11 = (0.040; 0.057; 0.089); RS12 = (0.037; 0.046; 0.066).

Next, the value of fuzzy synthetic extend of 12 sub-criteria is calculated and shown
in Table 5. Then, the degree of possibility of V

(
Si ≥ Sj

)
for (i = 1, . . . , 12) and (i ̸= j) is

determined by the help of the Equation (10),) and the weight vector W ′ is determined by
the minimum of degree of possibility, as shown in Equation (11).

Table 5. The fuzzy synthetic value and weighted vector.

Sub-Criteria Fuzzy Synthetic Finalized Weight

C1 (16.67; 20.67; 24.67) 0.064

C2 (16.50; 22.93; 28.75) 0.127

C3 (17.00; 22.53; 28.17) 0.124

C4 (17.00; 24.27; 31.08) 0.133

C5 (16.02; 21.70; 27.61) 0.120

C6 (14.36; 18.76; 23.53) 0.102

C7 (14.48; 18.62; 23.04) 0.100

C8 (12.46; 15.77; 19.48) 0.078

C9 (9.55; 12.59; 16.34) 0.054

C10 (6.61; 14.63; 15.75) 0.057

C11 (10.50; 12.16; 14.33) 0.040

C12 (9.63; 9.93; 10.65) 0.003

Step 4: Define the normalized weight vector.
After normalization of W ′, the weight vector was found as:

W ′ = (0.064; 0.127; 0.124; 0.133; 0.120; 0.102; 0.100; 0.078; 0.054; 0.057; 0.040; 0.003).

The priority weights of each criterion can be found in Table 5 with respect to the main
indexes. Table 5 shows the weights ranking of criteria as follows:

C4(0.133) > C2(0.127) > C3(0.124) > C5(0.12) > C6(0.102) > C7(0.10) >
C8(0.087) > C1(0.064) > C10(0.057) > C9(0.054) > C11(0.04)> C12(0.03)

Based on the results obtained from FAHP, the priority of the main indexes and criteria
are identified in Figures 5 and 6.

Figure 5 illustrates the significant importance of environmental criteria, lading at
36%, followed by economic criteria at 31%. Social and resiliency criteria hold importance
percentages of 23% and 10%, respectively. Referring to Figure 6, the top six sub-criteria
are identified as C4 (Water use efficiency), C2 (Profitability), C3 (Access to market), C5
(Land use and forage area), C6 (GHG emissions) and C7 (Working conditions). On the
contrary, as depicted in Figure 6, the prioritization of economic, environmental, social, and
resilience criteria is determined as follows. Among the three economic criteria, profitability
holds the highest weight (0.127), followed by access to market (0.124), and milk quality
(0.064). Regarding the three environmental criteria, water use efficiency takes the top
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priority (0.133), followed by land use and forage area (0.120), while GHG emissions have a
lower priority with a weight of (0.102). Within the social criteria, working conditions secure
the foremost position with a weight of 0.10, followed by knowledge at the second place
with a weight of 0.078, and trust holds the third spot with a weight of 0.054. For resilience
sub-criteria, the three main sub-criteria are weighted as (0.057 for collaboration, 0.04 for
robustness, and 0.14 for feed efficiency).
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4.3. Rank Suppliers by Using FMABAC

Following the establishment of criteria weights, the second phase of the hybrid fuzzy
AHP-MABAC approach entails the evaluation of farmers using fuzzy MABAC method.
In this phase, a total of five dairy farmers are assessed by three decision makers namely
supply chain manager, environmental engineer and management quality responsible. All
criteria are presented as the benefit (higher value is preferred); only GHG emission (C6)
is considered as a cost criterion (lower value is preferred). The assessment of farmers
according to twelve criteria is based on the experiential knowledge of the decision maker.

Step 1: Define the initial fuzzy-decision matrix
(
X̌
)
.

In the first step of fuzzy MABAC, the fuzzified scale shown in Table 3 is used for
obtaining linguistic matrices of decision makers (Table 6). Then, each linguistic matrix is
converted into fuzzy matrix by using Equation (12). After aggregating the three matrices

by using Equations (4)–(6), the obtained matrix aggregated
(∼

X
)

is given in Appendix C.1.
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Table 6. Linguistic matrices.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

A1

DM1 G F P F G F F F G G F F

DM2 VG F P P G F P F VG G P F

DM3 G F F F F F F G F F G F

A2

DM1 G F F F G F P F G G F P

DM2 G F G F VG F VP F G G G G

DM3 G P F G P F F G F G P F

A3

DM1 F F P P F F P F G G F F

DM2 G P F F P F P P G G P F

DM3 G P F F P F P P G G P F

A4

DM1 F G G P F F G F F G F P

DM2 F G P G F G G F P G P F

DM3 F G P G F G G F P G P F

A5

DM1 G G F F G F G F F G F P

DM2 F G F G G P G F F G F P

DM3 F G F G G P G F F G F P

Step 2: Obtain the Normalized decision matrix
(∼

N
)

.

By using the Equations (14) and (15) for normalization of benefit and cost criteria

respectively, the normalized matrix
(∼

N
)

is given in Appendix C.2.

Step 3: Calculate the weighted matrix
(∼

V
)

.

The values of weighted matrix
(∼

V
)

is calculated by producing the values of matrix(∼
N
)

and the results obtained by FAHP method. Using the Equation (16),
(∼

V
)

is presented

in Appendix C.3.

Step 4: Determine the approximate border area matrix
(∼

G
)

.

By using Equation (18), the border approximation area (BAA) matrix
(∼

G
)

of dimen-

sion (n × 1) is presented in Table 7.
Step 5: Calculate the matrix elements of alternatives distance from the border approxi-

mate area
(∼

Q
)

.

Appendix C.4 represents the distance of each alternative from BAA
(∼

Q
)

calculated

by using Equation (18). Alternative distance from BAA matrix can be obtained by using
equation as:

q11 =
( ∼

v11 −
∼
g1

)
= (0.103 − 0.064; 0.118 − 0.054; 0.128 − 0.044) = (0.039; 0.064; 0.084)

Similarly, other values are calculated.
Step 6: Rank the alternatives.
The final value of the criteria functions by alternatives are obtained by summing up the

matrix
∼
Q elements per rows. Then,

∼
Si values for all alternatives are calculated by Equation

(20) and by defuzzification
∼
Si using Equation (2) the overall ranking of alternatives is given
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in Table 8. According to Table 8, it is observed that the supplier 5 is the best alternative with
score of 0.774, supplier 2 is in the second rank with the priority of 0.621 and the supplier 3
is located in the last place (A5 > A2 > A4 > A1 > A3).

Table 7. Border approximation area matrix
(∼

G
)

.

Criteria BAA
(∼

G
)

C1 (0.044; 0.054; 0.064)

C2 (0.105; 0.125; 0.145)

C3 (0.095; 0.119; 0.145)

C4 (0.103; 0.130; 0.158)

C5 (0.103; 0.122; 0.139)

C6 (0.078; 0.095; 0.112)

C7 (0.077; 0.089; 0.101)

C8 (0.058; 0.068; 0.079)

C9 (0.041; 0.048; 0.055)

C10 (0.035; 0.049; 0.064)

C11 (0.023; 0.030; 0.038)

C12 (0.001; 0.001; 0.002)

Table 8. The overall ranking of alternatives.

Alternative
∼
Si Defuzzification Rank

A1 (0.203; 0.556; 0.939) 0.5609 4

A2 (0.275; 0.622; 0.966) 0.6212 2

A3 (0.059; 0.412; 0.769) 0.4125 5

A4 (0.245; 0.598; 0.955) 0.5986 3

A5 (0.421; 0.773; 1.130) 0.7740 1

5. Performance Analysis

The outcomes of MCDM problems can be incorrect or change depending on different
circumstances. This may happen, for example, if one or more experts belonging to the
evaluation team are replaced by different experts. Therefore, it is important to perform
a sensitivity analysis that allows evaluating the robustness of the results. In this section,
the results are validated through two phases. Firstly, the sensitivity analysis is applied to
determine the robustness of the proposed method by assessing the impact of changing
criteria weight on final ranking of alternatives. Secondly, the results of Fuzzy AHP-MABAC
are compared with other fuzzy MCDM methods.

In the context of our study, we specifically focused on five criteria and we chose a
sensitivity analysis margin of 35%, based on expert recommendations. Sensitivity analysis
in scenario ranking proposed here aims to enhance decision-making by scrutinizing the
impact of parameter variations on the order of scenarios. By assessing robustness, it
provides a nuanced understanding of the stability and reliability of rankings. This analysis
quantifies uncertainty and optimizing decision strategies.

• Impact of changing weight on the ranking results

The results of suppliers’ evaluation have been analyzed through five scenarios (S1–S5).
In each scenario, we favored one criterion (C1, C4, C5, C9, C11) whose weights coefficient
was increased by 35% as shown in Table 9. By varying the importance of criteria, if the
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ranking changes, it can be referred that the obtained results are sensitive and vulnerable in
nature. Else, the method is robust.

Table 9. The weights of criteria in each stage.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

S1 0.162 0.0222 0.0632 0.0192 0.1462 0.0122 0.0192 0.1162 0.1362 0.0662 0.1012 0.1362

S2 0.11927 0.02527 0.06627 0.03105 0.14927 0.01527 0.02227 0.11927 0.13927 0.06927 0.10427 0.13927

S3 0.11523 0.02123 0.06223 0.01823 0.2025 0.01123 0.01823 0.11523 0.13523 0.06523 0.10023 0.13523

S4 0.1156 0.0216 0.0626 0.0186 0.1456 0.0116 0.0186 0.1156 0.189 0.0656 0.1006 0.1356

S5 0.1167 0.0227 0.0637 0.0197 0.1467 0.0127 0.0197 0.1167 0.1367 0.0667 0.14175 0.1367

The rank of alternatives at each scenario using an integrated fuzzy AHP-MABAC is
shown in Figure 7. As can be seen, alternative A1 remained ranked in second place at all
scenarios. A2 is ranked in the first place at all scenario. For other alternatives, there has not
been a significant change in ranking by scenarios. It can be concluded that by varying the
importance of the criterion, the alternative rank remains unchanged. Therefore, it can be
concluded that obtained results are robust in nature.
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Further, Sperman’s rank correlation test was also carried out for the methodology
validation purpose.

rs = 1 −
6∑6

i=1 d2
i

n(n2 − 1)

Analyzing the coefficients of Table 10 reveals the strength and direction of monotonic
associations between pairs of scenarios. A coefficient near +1 or −1 signifies a robust
monotonic relationship, while values close to 0 indicate a weaker correlation. Positive
coefficients imply that as one scenario increases, the other tends to increase, and vice
versa for negative coefficients. For instance, the correlation between S1 and S2 is 0.90,
suggesting a strong positive correlation between Scenario 1 and Scenario 2. Notably, the
diagonal elements are consistently 1, denoting the perfect correlation of each scenario with
itself. In summary, the Spearman’s coefficient values provide a more detailed and nuanced
expression of the absence of significant differences in the rankings among the five scenarios.
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Table 10. Spearman’s coefficient values between scenarios.

Scenarios S1 S2 S3 S4 S5

S1 1.00 0.9 1.00 0.70 0.90

S2 1.00 0.90 0.60 0.70

S3 1.00 0.70 0.90

S4 1 0.90

S5 1.00

• Comparison with other fuzzy MCDM methods

At the second phase of the results validation, the obtained results of fuzzy AHP-
MABAC are compared with the results of the fuzzy TOPSIS [5], fuzzy VIKOR and fuzzy
MABAC [7]. The ranking for applying the different methods are presented in Table 11. As
it can be seen in Table 11 the results show that the proposed approach and fuzzy TOPSIS
suggest the identical rankings ( A5 > A2 > A4 > A1 > A3), whereas the methods fuzzy
VIKOR propose a slightly modified ranking. On the other hand, all methods favored A5 and
A2 as the best alternatives. This finding indicates that the suggested fuzzy AHP-MABAC
method is validated.

Table 11. The ranking results of different fuzzy MCDM methods.

Rank Fuzzy TOPSIS Fuzzy VIKOR Fuzzy MABAC

1 A5 A5 A5

2 A2 A4 A2

3 A4 A2 A4

4 A1 A1 A1

5 A3 A3 A3

6. Discussion

While fuzzy AHP and MABAC offer advantages in supplier selection, they also
come with inherent limitations. Fuzzy AHP’s computational complexity, dependence
on subjective expert knowledge, and sensitivity to parameter selection pose challenges.
Additionally, the subjective nature of fuzzy sets and potential variations in interpretations
can impact result consistency. MABAC assumes linear relationships between criteria,
making it less adaptable to non-linear scenarios, and accurate weight elicitation can be
challenging. Nevertheless, careful consideration of the specific context and requirements
aid in choosing appropriate weights and mitigating potential drawbacks, as we tried to do
in this study.

So, the findings of this study indicate that environmental is the most important di-
mension (0.36) followed by economic dimension (0.31), social and resiliency with relative
importance (0.23) and (0.10) respectively. “Water use efficiency (0.133)” are the most sig-
nificant criteria, followed by “Profitability (0.127)”, “Access to market (0.124)”, “Land use
and forage area (0.12)”, “GHG emissions (0.102)”, “Working conditions (0.1)”; “Knowl-
edge (0.078)”, “Milk quality and safety (0.064)”, “Collaboration (0.057)”, “Trust (0.054)”,
“Robustness (0.04)” and “Efficient feeding (0.003)”. The consistency value is well accept-
able ensuring decision making process. The proposed methodology contributes various
advantages, which are summarized as follow:

• To make the ranking of farmers in the context of food industry considering sustainabil-
ity and resiliency more accurate, the fuzzy sets is applied to deal with the vagueness
of the experts’ judgments.
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• Due to the difference between this paper and other studies by the consideration of
sustainability and resiliency criteria simultaneously, the ranking of suppliers is more
consistent with the real decisions made by using the proposed framework.

• The results show that the proposed methodology to solve supplier selection problem
is a reliable tool for real decision-making problems.

• By using this methodology, the managers of milk collection center “El Rahma” are
able to construct a solid framework of farmer selection problem.

7. Conclusions and Future Directions

This study proposes a novel methodology for the sustainable and resilient selection
of farmers in the food industry. To this end, a hybrid model was implemented in a real
case study, integrating fuzzy AHP for weighting criteria and fuzzy MABAC for assessing
potential farmers. Finally, a sensitivity analysis was conducted to evaluate both the fea-
sibility and efficiency of the proposed approach. Based on the findings of FAHP, Water
use efficiency, Profitability, Access to market, Land use and forage area, GHG emissions,
and Working conditions are ranked as the top five most important sustainable and resilient
supplier selection criteria. Moreover, the results of the applied FMABAC show that the fifth
farmer has the highest rank. Furthermore, the results of the integrated approach have been
confirmed by using sensitivity analysis. The results indicate that the proposed method-
ology is both effective and efficient in helping decision-makers select the best suppliers.
In future research, the interrelationship between different criteria can be considered, and
fuzzy sets can be combined with rough sets to handle the uncertainty related to group
preference diversity. To address these gaps, this research implements the hybrid approach
under a fuzzy environment, considering sustainability and resilience criteria in the Tunisian
dairy industry. Another research avenue will focus on combining the proposed approach
with mathematical programming models to integrate supplier selection with order allo-
cation, transportation, or inventory management. Moreover, the current study will be
expanded by using other types of fuzzy sets like intuitionistic fuzzy sets and hesitant
interval type-2 fuzzy sets. Yet, future research should also consider parameters that can
change dynamically according to supply chain vulnerability.
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Appendix A. Supplier Selection Criteria Defined from Literature and Discussed with Experts

Indexes Criteria Sub Criteria Description Symbol Benefit/Cost

Sustainability

Economic

Milk quality and safety

Milk quality and hygiene is determined by vaccination; cow comfort and
nutrition. Vaccines are used to prevent cows from disease. Nutrition is
based on diet modification for specific life phases. Cow comfort is an

important factor to maintain a good animal health [72]

C1 B

Profitability The ability of farmer to earn a profit and make investment decisions [73] C2 B

Access to market Access input, logistic and storage and milk market [2] C3 B

Environmental

Water use efficiency
Water is vital for the livestock production which should be considered as

an integral sector of the agricultural water resource management [74]
C4 B

Land use and forage area
Land use the increasing demand for both the animal products has

intensified the need for the land use. Therefore, to preserve the nature, the
land use efficiency is of the essence in the livestock production [72]

C5 B

GHG emissions
The Greenhouse Gas (GHG) emissions of the process of milk production

were originated from CO2, CH4 and N2O emissions [72,74]
C6 C

Social

Working conditions Workers befit from acceptable conditions [2,72,74] C7 B

Knowledge Education level of farmer C8 B

Trust Long term relationship continuity [2] C9 B

Resilience

Collaboration
Capacity of cooperating with other farmers to work effectively

and reduce disruptions [13]
C10 B

Robustness
The capacity of dairy farmer to cope with unanticipated shocks by robust

design for refrigeration and milk storage including cooling tank [75]
C11 B

Efficient feeding

The ability of farmer to satisfy the cow’s need and ensure production of
sufficient milk when he(she) is faced to scarcity or high prices of feeds.

This criterion is characterized as a flexible sourcing when farmer adapts
forage and crop cultivation or to change the composition of feeds without

affect the equilibrated nutrition for the cow’s needs [13,73].

C12 B
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Appendix B. The Aggregated Fuzzy Matrix

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

C1 (1, 1, 1) (1.333, 1.667, 2)
(

1.333, 1.667
2

) (
1.333, 1.667,

2

)
(1.333, 1.667, 2) (2.333, 3, 3.666)

(
1.333, 1.667,

2

) (
1.333, 1.667,

2

) (
1.667, 2.33,

3

) (
1.33, 1.667,

2

)
(1.333, 1.667, 2) (1, 1, 1)

C2 (0.5, 0.6, 0.750) (1, 1, 1) (2, 3, 4) (2, 3, 4) (1.667, 2.333, 3)
(

1.6667, 2.333,
3

) (
1.333, 1667,

2

) (
1.333, 1.667,

2

) (
1.333, 2.33,

3

) (
1.333, 1.667,

2

)
(1.333, 1.667, 2) (1, 1.667, 2)

C3 (0.5, 0.6, 0.750) (0.5, 0.6, 0.750) (1, 1, 1) (2, 3, 4) (2.333, 3, 4) 2, 3, 4
(

1.333, 1.667,
2

) (
1.333, 1.667,

2

) (
1.667, 2.333,

3

) (
1.667, 2.333,

3

)
(1.667, 2.333, 3) (1, 1, 1)

C4 (0.5, 0.6, 0.750)
(

0.250, 0.333,
0.5

) (
0.250, 0.333,

0.5

)
(1, 1, 1) (2, 3, 4) (2, 3, 4)

(
2.667, 3.667,

4.667

) (
1.333, 1.667,

2

)
(2, 3, 4) (2, 3, 4) (2, 3.667, 4.667) (1, 1, 1)

C5 (0.5, 0.6, 0.750)
(

0.333, 0.429,
0.6

) (
0.273, 0.333,

0.429

) (
0.250, 0.33,

0.5

)
(1, 1, 1) (2, 3, 4)

(
2.667, 3.667,

4.667

)
(2, 3, 4)

(
1.667, 2.33,

3

) (
1.667, 2.333,

3

) (
2.667, 3.667,

4.667

)
(1, 1, 1)

C6
(

0.273, 0.333,
0.429

) (
0.333, 0.429,

0.6

) (
0.25, 0333,

0.5

) (
0.25, 0.333,

0.5

)
(0.25, 0.333, 0.5) (1, 1, 1)

(
2.667, 3.667,

4.667

)
(1.667, 2.333, 3) (2, 3, 4) (2, 2.333, 3) (2, 3.667, 4.667) (1, 1, 1)

C7 (0.5, 0.6, 0.75)
(

0.5, 0.6,
0.75

)
(0.5, 0.6, 0.75)

(
0.214, 0.273,

0.375

) (
0.214, 0.273,

0.375

) (
0.214, 0.273,

0.375

)
(1, 1, 1)

(
2.667, 3.667,

4.667

) (
1.333, 1.667,

3

)
(4, 5, 6)

(
2.667, 3.667,

4.667

)
(1.333, 1.667, 2)

C8 (0.5, 0.6, 0.75)
(

0.5, 0.6,
0.75

)
(0.5, 0.6, 0.75)

(
0.5, 0.6,
0.750

)
(0.250, 0.333, 0.5)

(
0.333, 0.429,

0.6

) (
0.214, 0.273,

0.375

)
(1, 1, 1)

(
2.667, 3.667,

4.667

) (
2.333, 3,

3.667

) (
2.667, 3.667,

4.667

)
(1, 1, 1)

C9
(

0.333, 0.429,
0.6

) (
0.333, 0.429,

0.75

) (
0.333, 0.429,

0.6

) (
0.25, 0.333,

0.5

)
(0.333, 0.429, 0.6) (0.25, 0.333, 0.5) (0.5, 0.6, 0.75)

(
0.214, 0.273,

0.375

)
(1, 1, 1)

(
2.667, 3.667,

4.667

)
(2, 3, 4) (1.333, 1.667, 2)

C10 (0.5, 0.6, 0.75) (0.5, 0.6, 0.75)
(

0.333, 0.429,
0.6

) (
0.25, 0.333,

0.5

)
(0.333, 0.429, 0.6) (0.375, 0.429, 0.5)

(
0.167, 0.2,

0.25

) (
0.273, 0.333,

0.429

) (
0.214, 0.273,

0.375

)
(1, 1, 1) (1.667, 9, 9) (1, 1, 1)

C11 (0.5, 0.6, 0.75) (0.5, 0.6, 0.75)
(

0.333, 0.429,
0.6

) (
0.214, 0.273,

0.5

)
(0.214, 0.273, 0.375)

(
0.25, 0.273,

0.375

) (
0.25, 0.333,

0.5

) (
0.214, 0.273,

0.375

) (
0.25, 0.333,

0.5

) (
0.111, 0.111,

0.6

)
(1, 1, 1) (6.667, 7.667, 8)

C12 (1, 1, 1) (0.5, 0.6, 1) (1, 1, 1) (1, 1, 1) (1, 1, 1) (1, 1, 1) (0.5, 0.6, 0.75) (1, 1, 1)
(

0.5, 0.6,
0.75

)
(1, 1, 1) (0.125, 0.13, 0.15) (1, 1, 1)
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Appendix C. Ranking Suppliers Using Fuzzy MABAC

Appendix C.1. The Aggregated Fuzzy Matrix
(
X̌
)

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

A1
(

3.833, 4.33,
4.667

)
(2.5, 3, 3.5)

(
1.833, 2.333,

2.833

) (
2.167, 2.667,

3.167

) (
3.167, 3.667,

4.167

)
(2.5, 3, 3.5)

(
2.167, 2.667,

3.167

) (
2.833, 3.333,

3.833

)
(3.5, 4, 4.333)

(
3.167, 3.667,

4.167

)
(2.5, 3, 3.5) (2.5, 3, 3.5)

A2 (3.5, 4, 4.5)
(

2.167, 2.667,
3.167

) (
2.833, 3.333,

3.833

) (
2.833, 3.333,

3.833

) (
3.167, 3.667,

4.167

)
(2.5, 3, 3.5)

(
1.667, 2,

2.333

) (
2.833, 3.333,

3.833

) (
3.167, 3.667,

4.167

)
(3.5, 4, 4.5) (2.5, 3, 3.5) (2.5, 3, 3.5)

A3
(

3.167, 3.667,
4.167

) (
1.833, 2.33,

2.833

) (
2.167, 2.667,

3.167

) (
2.167, 2.667,

3.167

) (
1.833, 2.33,

2.833

)
(2.5, 3, 3.5) (1.5, 2, 2.5)

(
1.833, 2.333,

2.833

)
(3.5, 4, 4.5) (3.5, 4, 4.5)

(
1.833, 2.333,

2.833

)
(2.5, 3, 3.5)

A4 (2.5, 3, 3.5) (3.5, 4, 4.5)
(

2.167, 2.667,
3.167

) (
2.833, 3.333,

3.833

)
(2.5, 3, 3.5)

(
3.167, 3.667,

4.167

)
(3.5, 4, 4.5) (3.5, 4, 4.5)

(
1.833, 2.333,

2.833

)
(3.5, 4, 4.5)

(
1.833, 2.333,

2.833

) (
2.167, 2.667,

3.167

)
A5

(
2.83, 3.33,

3.83

)
(3.5, 4, 4.5) (2.5, 3, 3.5)

(
3.17, 3.67,

4.17

)
(3.5, 4, 4.5)

(
1.83, 2.33,

2.83

)
(3.5, 4, 4.5) (2.5, 3, 3.5) (3.5, 4, 4.5) (3.5, 4, 4.5) (2.5, 3, 3.5) (1.5, 2, 2.5)

Appendix C.2. The Normalized Decision Matrix
(∼

N
)

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

A1
(

0.615, 0.846,
1

) (
0.25, 0.438,

0.625

)
(0, 0.25, 0.5)

(
0, 0.25,

0.5

) (
0.5, 0.688,

0.875

) (
0.286, 0.5,

0.714

) (
0.222, 0.389,

0.556

) (
0.375, 0.563,

0.75

) (
0.625, 0.813,

0.938

) (
0, 0.375,

0.75

)
(0.4, 0.7, 1) (0.5, 0.75, 1)

A2
(

0.462, 0.692,
0.923

) (
0.125, 0.313,

0.5

)
(0.5, 0.75, 1)

(
0.333, 0.583,

0.833

) (
0.5, 0.688,

0.813

) (
0.286, 0.5,

0.714

) (
0.056, 0.167,

0.278

) (
0.375, 0.563,

0.750

) (
0.5, 0.688,

0.875

) (
0.25, 0.625,

1

)
(0.4, 0.7, 1) (0.5, 0.75, 1)

A3
(

0.308, 0.538,
0.769

) (
0, 0.188,

0.375

) (
0.167, 0.417,

0.667

)
(0, 0.25, 0.5)

(
0, 0.188,

0.375

) (
0.286, 0.5,

0.714

) (
0, 0.167,

0.333

)
(0, 0.188, 0.375)

(
0.625, 0.813,

1

) (
0.25, 0.625,

1

)
(0, 0.3, 0.6) (0.5, 0.75, 1)

A4
(

0, 0.231,
0.462

) (
0.625, 0.813,

1

) (
0.167, 0.417,

0.667

) (
0.333, 0.583,

0.833

) (
0.25, 0.438,

0.625

) (
0, 0.214,

0.429

) (
0.667, 0.833,

1

) (
0.625, 0.813,

1

) (
0, 0.188,

0.375

) (
0.25, 0.625,

1

)
(0, 0.3, 0.6)

(
0.333, 0.583,

0.833

)
A5

(
0.154, 0.385,

0.615

) (
0.625, 0.813,

1

) (
0.133, 0.583,

0.833

)
(0.5, 0.75, 1)

(
0.625, 0.813,

1

) (
0.571, 0.786,

1

) (
0.667, 0.833,

1

) (
0.25, 0.438,

0.625

) (
0.625, 0.813,

1

) (
0.25, 0.625,

1

)
(0.4, 0.7, 1) (0, 0.25, 0.5)
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Appendix C.3. The Weighted Matrix
(∼

V
)

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12

A1
(

0.103, 0.118,
0.128

) (
0.159, 0.183,

0.206

) (
0.124, 0.155,

0.186

) (
0.133, 0.166,

0.2

) (
0.180, 0.203,

0.225

) (
0.131, 0.153,

0.175

) (
0.122, 0.139,

0.156

) (
0.107, 0.122,

0.137

) (
0.088, 0.98,

0.105

) (
0.057, 0.078,

0.1

) (
0.056, 0.068,

0.08

) (
0.005, 0.005,

0.006

)
A2

(
0.094, 0.108,

0.123

) (
0.143, 0.167,

0.191

) (
0.186, 0.217,

0.248

) (
0.177, 0.211,

0.244

) (
0.180, 0.203,

0.218

) (
0.131, 0.153,

0.175

) (
0.106, 0.117,

0.128

) (
0.107, 0.122,

0.137

) (
0.081, 0.091,

0.101

) (
0.071, 0.093,

0.114

) (
0.056, 0.068,

0.08

) (
0.005, 0.005,

0.006

)
A3

(
0.084, 0.098,

0.113

) (
0.127, 0.151,

0.175

) (
0.145, 0.176,

0.207

) (
0.133, 0.166,

0.2

) (
0.120, 0.143,

0.165

) (
0.131, 0.153,

0.175

) (
0.1, 0.117,

0.133

) (
0.078, 0.093,

0.107

) (
0.088, 0.098,

0.108

) (
0.071, 0.093,

0.114

) (
0.040, 0.052,

0.064

) (
0.005, 0.005,

0.006

)
A4

(
0.064, 0.079,

0.094

) (
0.206, 0.230,

0.254

) (
0.145, 0.176,

0.207

) (
0.177, 0.211,

0.244

) (
0.150, 0.173,

0.195

) (
0.102, 0.124,

0.146

) (
0.167, 0.183,

0.2

) (
0.127, 0.141,

0.156

) (
0.054, 0.064,

0.074

) (
0.071, 0.093,

0.114

) (
0.040, 0.052,

0.064

) (
0.004, 0.005,

0.006

)
A5

(
0.074, 0.089,

0.103

) (
0.206, 0.230,

0.254

) (
0.165, 0.196,

0.227

) (
0.2, 0.233,

0.266

) (
0.195, 0.218,

0.24

) (
0.160, 0.182,

0.204

) (
0.167, 0.183,

0.2

) (
0.098, 0.112,

0.127

) (
0.088, 0.098,

0.108

) (
0.071, 0.093,

0.114

) (
0.056, 0.068,

0.08

) (
0.003, 0.004,

0.005

)

Appendix C.4. The Matrix of Alternatives Distance from BBA
(∼

Q
)

A1 A2 A3 A4 A5

C1 (0.039, 0.064, 0.084) (0.029, 0.054, 0.079) (0.019, 0.044, 0.069) (0, 0.024, 0.049) (0.009, 0.034, 0.059)

C2 (0.014, 0.058, 0.101) (−0.002, 0.042, 0.085) (−0.018, 0.026, 0.069) (0.061, 0.105, 0.149) (0.061, 0.105, 0.149)

C3 (0.021, 0.036, 0.091) (0.083, 0.098, 0.153) (0.042, 0.056, 0.112) (0.042, 0.056, 0.112) (0.063, 0.077, 0.133)

C4 (−0.025, 0.036, 0.097) (0.019, 0.081, 0.141) (−0.025, 0.036, 0.097) (0.019, 0.081, 0.141) (0.041, 0.103, 0.163)

C5 (0.041, 0.081, 0.122) (0.041, 0.081, 0.114) (−0.019, 0.021, 0.062) (0.011, 0.051, 0.092) (0.056, 0.096, 0.137)

C6 (0.019, 0.058, 0.097) (0.019, 0.058, 0.063) (0.019, 0.058, 0.063) (−0.010, 0.012, 0.029) (0.048, 0087, 0.092)

C7 (0.021, 0.050, 0.078) (0.004, 0.027, 0.050) (−0.001, 0.027, 0.056) (0.065, 0.094, 0.123) (0.065, 0.094, 0.123)

C8 (0.028, 0.054, 0.079) (0.028, 0.054, 0.079) (−0.001, 0.024, 0.050) (0.047, 0.073, 0.098) (0.018, 0.044, 0.069)

C9 (0.033, 0.049, 0.063) (0.026, 0.043, 0.060) (0.033, 0.049, 0.060) (−0.001, 0.016, 0.033) (0.033, 0.049, 0.067)

C10 (−0.007, 0.029, 0.065) (0.007, 0.044, 0.079) (0.007, 0.044, 0.079) (0.007, 0.044, 0.079) (0.007, 0.044, 0.079)

C11 (0.018, 0.038, 0.057) (0.018, 0.038, 0.057) (0.002, 0.022, 0.041) (0.002, 0.022, 0.041) (0.018, 0.038, 0.057)

C12 (0.003, 0.004, 0.005) (0.003, 0.004, 0.005) (0.003, 0.004, 0.005) (0.002, 0.003, 0.004) (0.001, 0.002, 0.003)
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