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Abstract: The integration of sustainable indicators into supply-chain management (SCM), including
cost, innovation capability, quality, service capability, long-term cooperation, environmental manage-
ment system, pollution reduction, green image, social responsibility, and employment practices, has
become essential for conducting strategic analyses of the entire supply-chain process competitive
advantage. This study proposes a fuzzy integration multi-criteria decision-making (MCDM) method
to solve SCM issues. To navigate this complexity, a multi-criterion decision-making (MCDM) frame-
work is employed, integrating MCDM methods with fuzzy logic to effectively address subjective
environmental criteria. This innovative approach not only enhances supply-chain management (SCM)
but also emphasizes the necessity for ongoing innovation in tackling contemporary supply-chain
challenges. It serves as a cornerstone for sustainable supplier selection practices and optimizing
SCM processes. In this study, a hybrid fuzzy MCDM method is proposed for supplier selection. The
method addresses supplier selection by utilizing evaluations from expert decision-makers based on
predetermined criteria. This comprehensive approach ensures that all relevant factors are considered,
promoting sustainable and efficient supply-chain management.

Keywords: multi-criteria decision-making (MCDM); fuzzy set; q-rung orthopair fuzzy (Q-ROF);
supply-chain management (SCM)

1. Introduction

The supply chain is a complex network involving organizations, technologies, and
resources facilitating the movement of products from suppliers to customers. Supply-chain
management (SCM) has traditionally prioritized economic objectives, often neglecting soci-
etal and environmental considerations. However, given current environmental concerns
and societal expectations for sustainability, it is imperative to integrate environmental and
social issues into SCM metrics. In today’s globalized business landscape, sustainability
is increasingly viewed as a competitive advantage. Adverse impacts on sustainability
experienced by upstream suppliers can ultimately affect downstream industries, highlight-
ing the interconnectedness of supply chains and the importance of adopting sustainable
practices [1].

SCM orchestrates this system to efficiently meet consumer demand while minimizing
costs. Originating in the 1980s, SCM emphasizes integrating business processes from end
users to original suppliers to add value. Decision-making is integral to SCM, where multi-
criteria decision-making (MCDM) aids in resolving conflicts and reaching compromises
transparently. MCDM plays a crucial role in SCM processes such as inventory manage-
ment and supplier selection, enabling informed decision-making amid evaluations and
potential conflicts.

As the global emphasis on sustainability intensifies, the significance of SCM in busi-
nesses has grown substantially. This shift is driven by environmental concerns and stricter
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regulations, pushing companies to adopt eco-friendly practices. SCM now aims to min-
imize environmental impacts, improve energy efficiency, reduce carbon footprints, and
embrace sustainability principles. MCDM has become essential to managing the complexi-
ties of SCM. MCDM integrates various factors into the decision-making process, helping
organizations evaluate diverse environmental, economic, and social criteria for optimal
sustainable strategies. A comprehensive review of the intersection between green SCM and
MCDM methods revealed significant research interest, with 743 articles and 135 confer-
ence proceedings out of 959 research outcomes. This highlights the increasing academic
and practical importance of using MCDM methodologies to address the challenges of
sustainable supply-chain management. The results indicate that the proposed approach is
an effective decision-making tool for SCM in uncertain environments. An expert system
based on a hierarchical structure has been suggested for the further evaluation of potential
alternatives in future studies.

This paper aims to introduce an efficient and practical MCDM method for assessing
the performance of suppliers using subjective evaluations from experts. The proposed
methodology addresses these challenges and enhances SCM decision-making. It is one
of the first studies to combine the Q-rung orthopair fuzzy (Q-ROF) technique for order
preference by similarity to ideal solution (TOPSIS) and Vlsekriterijumska Optimizacija I
Kompromisno Resenje (VIKOR) methods in this context. Ref. [2] extended Zadeh’s fuzzy set
theory to intuitionistic fuzzy sets (IFS), but its application is limited due to a constraint on
membership and non-membership degrees. Ref. [3] proposed Pythagorean fuzzy sets (PFS)
to address this constraint. Q-rung orthopair fuzzy (Q-ROF) sets, introduced by [4], further
expanded this concept, presenting IFS and PFS for different values of q. Additionally,
Ref. [5] introduced spherical fuzzy sets (SFS) based on logarithmic operations, providing
improved predictions. Ref. [6] measured similarities between SPF sets using the cosine
function, while Ref. [7] demonstrated the effectiveness of their algorithm with different
aggregation operators in SFS. Furthermore, Ref. [8] utilized Fermatean fuzzy sets, and [9]
introduced single-valued intuitive trapezoidal neutrosophic fuzzy sets.

By adopting the “relative distance” measurement formula, the method’s effectiveness
is assessed through sensitivity analysis and comparison with other methods. Following a
thorough evaluation of relevant studies, this paper outlines several objectives:

1. Define criteria metrics for selecting sustainable suppliers and efficiently assess
supplier qualifications;

2. Define evaluation metrics for selecting sustainable suppliers and efficiently assess
supplier qualifications;

3. Address uncertainty in evaluation data;
4. Address inconsistency in evaluation data;
5. Determine the weighting of evaluation metrics;
6. Select the most suitable sustainable supplier; and
7. Develop an effective tool for selecting the optimal sustainable suppliers.

This study presents a comprehensive model that integrates robust fuzzy MCDM
methods for evaluating suppliers based on specified criteria. Initially, criteria and sub-
criteria are identified from existing research and refined based on expert input to align with
sustainability goals. Subsequently, optimal weights for the finalized criteria and sub-criteria
are determined through a nonlinear optimization model, incorporating experts’ fuzzy
evaluations into the Q-ROF VIKOR method. Suppliers are then prioritized using a hybrid
MCDM approach, combining the Q-ROF TOPSIS method within a fuzzy environment.

The key contributions of this study include promoting:

1. Application of Q-ROF MCDM in real-world scenarios with ambiguous or uncertain
data; and

2. Providing a practical case study to assist managers in making informed decisions on
related issues.
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The following sections of this paper are organized as follows: Section 2 provides
a review of pertinent research on sustainable suppliers and MCDM techniques, while
Section 3 explores the approaches employed. Section 4 outlines the development of a
sustainable supplier evaluation method, followed by an in-depth mathematical analysis
in Section 5, elucidating the selected strategies. Finally, Section 6 offers a summary of the
findings and suggests directions for future research.

2. Literature Review

In the dynamic business landscape, selecting sustainable suppliers is crucial for long-
term growth, involving stages like identification, evaluation, and contract signing. Tradi-
tional metrics like cost and quality now integrate with environmental and social consid-
erations, reflecting a shift towards sustainable supply-chain (SSC) practices that balance
economic, environmental, and social factors in supplier selection and planning to achieve
comprehensive results.

Over the past two decades, a variety of methods have been proposed to address
economic, sustainable, and resilient supply-chain management (SCM) challenges. Many of
these methods involve multi-criteria decision-making (MCDM) models, often incorporating
fuzzy logic. The fuzzy analytic hierarchy process/analytic network process (AHP/ANP),
fuzzy technique for order preference by similarity to ideal solution (TOPSIS), fuzzy decision-
making trial and evaluation laboratory (DEMATEL), and fuzzy simple additive weighting
(SAW) are among the commonly used approaches. The following is a brief overview of
some fuzzy-oriented methods recently introduced to tackle SCM issues.

Ref. [10] introduced F-TOPSIS for supplier selection in the logistics sector, focusing
on criteria such as environmentally friendly technology usage, green research and devel-
opment projects, and green market share. Ref. [11] developed a model integrating the
fuzzy DEMATEL method, ANP, and TOPSIS for green supplier selection in the automotive
industry. Ref. [12] conducted a comparative analysis of F-TOPSIS, fuzzy grey relational
analysis (GRA), and fuzzy VIKOR methods for evaluating green suppliers in agri-food
companies, concluding that GRA offers the best computational complexity and effectively
handles uncertain criteria.

Ref. [13] proposed an integrated approach combining F-TOPSIS and the best-worst
method to select vendors for Khouzestan Steel Company in Iran based on green innova-
tion skills and criteria such as environmental investments, economic benefits, and green
purchasing capabilities. Ref. [14] explored a technique using single-valued neutrosophic
linguistic TOPSIS for green supplier selection (GSS) in low-carbon supply chains in 2018.
Ref. [15] developed a green performance index evaluation platform using an integrated
grey TOPSIS and COPRAS-grey method to assess green suppliers. Ref. [16] devised a
Cloud TOPSIS model for GSS in the automobile industry. Ref. [17] introduced an inte-
grated method combining the intuitionistic fuzzy (IF) judgment matrix and TOPSIS for
green supplier selection. Lastly, Ref. [18] proposed an Intuitionistic F-TOPSIS Model for
green supplier selection to address ambiguity and aid decision-makers in selecting the best
supplier in uncertain situations.

This paper presents a holistic approach to sustainable supplier selection, integrating
human judgment, raw data, and sophisticated decision-making techniques. It employs
the AHP for weighting indicators and the VIKOR method to evaluate various economic,
social, and environmental factors comprehensively. The VIKOR method prioritizes al-
ternatives based on their proximity to ideal solutions, ensuring robust decision-making.
Additionally, the paper introduces the neutrosophic set approach to address qualitative
measurements and subjective assessments within MCDM. By proposing a VIKOR model
based on single-valued neutrosophic sets, it aims to reduce individual biases and enhance
evaluation accuracy. This approach aims to balance individual regret and group utility,
considering potential inaccuracies in the provided information. Overall, this methodology
provides a precise and efficient framework for sustainable supplier selection, highlighting
the importance of decision quality and simplicity.
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The initial review process involved an extensive examination of 462 articles (2008–2023)
extracted from highly reputable journals in the field of supply-chain management. Recog-
nizing the complex landscape of this discipline, particularly regarding the utilization of
multi-criteria decision-making methodologies, our analysis concentrated on papers that
intersected various approaches within this realm.

The literature contains numerous studies across various sectors that have employed
fuzzy MCDM methods and operators for diverse purposes.

Table 1 presents a classification concerning the focus and contribution of the studies
mentioned above, showing the key features of each study.

Table 1. The classification concerning the focus and contribution.

Author Year Title Focus

Kayani, SA; Warsi, SS and Liaqait, RA [19] 2023
A Smart Decision Support Framework for Sustainable
and Resilient Supplier Selection and Order Allocation
in the Pharmaceutical Industry

Supplier Selection

Luo, XC; Wang, ZL; Yang, LG; Lu, L; Hu, S [20] 2023 Sustainable supplier selection based on VIKOR with
single-valued neutrosophic sets Supplier selection

Zakeri, S; Konstantas, D; Bratvold, RB; Pamucar, D [21] 2023 A Supplier Selection Model Using the Triangular
Fuzzy Grey Numbers Supplier selection

Agarwal, R; Agrawal, A; Kumar, N; Ray, S [22] 2023 Evaluation and selection of sustainable suppliers using
the fuzzy TOPSIS method in a dairy product company Supplier selection

Farid, HMA; Bouye, M; Riaz, M; Jamil, N [23] 2023 Fermatean Fuzzy CODAS Approach with Topology
and Its Application to Sustainable Supplier Selection Supplier selection

Xu, LC; Hu, XJ; Zhang, Y; Feng, JS; Luo, SZ [24] 2023
A fuzzy multiobjective team decision model for CODP
and supplier selection in customized logistics service
supply chain

Supplier selection

Erdebilli, B; Yilmaz, I; Aksoy, T; Hacioglu, U; Yüksel, S;
Dinçer, H [25] 2023

An Interval-Valued Pythagorean Fuzzy AHP and
COPRAS Hybrid Methods for the Supplier
Selection Problem

Supplier selection

Eghbali-Zarch, M; Zabihi, SZ and Masoud, S [26] 2023
A novel fuzzy SECA model based on fuzzy standard
deviation and correlation coefficients for
resilient-sustainable supplier selection

Supplier selection

Keshavarz-Ghorabaee, M [27] 2023
Sustainable Supplier Selection and Order Allocation
Using an Integrated ROG-Based Type-2 Fuzzy
Decision-Making Approach

Supplier selection

Nazari-Shirkouhi, S; Tavakoli, M; Govindan, K;
Mousakhani, S [28] 2023

A hybrid approach using the Z-number DEA model
and Artificial Neural Network for Resilient
supplier Selection

Supplier selection

Ali, H; Zhang, JW and Shoaib, M [29] 2023
A hybrid approach for sustainable-circular supplier
selection based on the Industry 4.0 framework to make
the supply chain smart and eco-friendly

Supplier selection

Modares, A; Farimani, NM and Dehghanian, F [30] 2023
A New Vendor-Managed Inventory Four-Tier Model
Based on Reducing Environmental Impacts and
Optimal Suppliers Selection Under Uncertainty

Suppliers selection

3. Proposed Methodology-Based Framework

The process of selecting SCM strategies poses a challenging decision problem for
decision-makers, particularly when evaluating criteria in a fuzzy context. In this section,
we delve into the Q-ROFS theory, which provides a framework for handling uncertainty
and imprecision in decision-making scenarios. Q-ROFS theory offers a nuanced approach to
modeling vague and ambiguous information, making it suitable for addressing the inherent
complexities of SCM selection processes. Subsequently, we introduce two prominent
methodologies derived from Q-ROFS theory: Q-ROF TOPSIS and Q-ROF VIKOR. Q-ROF
TOPSIS offers a systematic approach to rank alternative SCM strategies based on their
similarity to ideal solutions, taking into account both positive and negative aspects of each
alternative. Meanwhile, Q-ROF VIKOR provides a comprehensive method for identifying
the most favorable SCM strategy that strikes a balance between maximizing benefits and
minimizing drawbacks. By incorporating Q-ROFS theory into the decision-making process,
decision-makers gain access to robust methodologies capable of handling uncertainty and
imprecision inherent in SCM selection. These methodologies enable decision-makers to
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make informed choices that align with their objectives and preferences, ultimately leading
to more effective and efficient SCM strategies.

TOPSIS and VIKOR were chosen for their ease of application, universality, clear logic,
computational efficiency, and ability to provide relative performance assessments for each
alternative. They help determine the distances of alternative values from both negative
and positive ideal solutions. Evaluation criteria for sustainable suppliers include economic,
environmental, and social factors, with AHP weights determining their importance. The
VIKOR approach, extended to Q-ROF, is used to streamline the process. However, the
combination of Q-ROF’s fuzzy logic and MCDM increases complexity and relies on accu-
rate data inputs, which can introduce subjectivity. This integration requires substantial
computational resources and may be difficult for stakeholders to interpret. These method-
ologies are best suited for situations involving uncertainty and qualitative criteria, while
traditional models may be more appropriate in other scenarios.

3.1. Q-Rung Orthopair Fuzzy Set

Ref. [31] introduced the fuzzy set, as A in the universe of discourse X = {x1, x2, . . . , xn}
is a set of ordered pairs:

A = {⟨x, µA(x)⟩|x ∈ X} (1)

where µA(x) : X → [0, 1] is the membership degree.
As an extension to Zadeh’s fuzzy set, Atanassov (1986) [30] proposed an intuitionistic

fuzzy set, of which A in X can be defined as:

A = {⟨x, µA(x), vA(x)⟩|x ∈ X} (2)

where the functions µA(x) : X → [0, 1] and vA(x) : X → [0, 1] define the membership and
non-membership degrees of x, respectively, and:

0 ≤ µA(x) + vA(x) ≤ 1 (3)

Besides, πA(x) defines the hesitation degree:

πA(x) = 1 − µA(x)− vA(x) and 0 ≤ πA(x) ≤ 1 (4)

which shows hesitation.
Ref. [4] introduced the q-rung orthopair fuzzy sets (q-ROFs), which is the general

form of IFS and PFS. In q-ROFs, the sum of the qth powers of the membership degree and
non-membership degree is restricted to one. A qth rung orthopair fuzzy subset A of X is
as follows:

A = {⟨x, µA(x), vA(x)⟩|x ∈ X} (5)

where µA : X → [0, 1] is membership degree and vA : X → [0, 1] is non-membership de-
gree of x ∈ X to A and their sum is as follows:

(µA(x))q + (vA(x))q ≤ 1 (6)

The hesitation degree πA(x) is as follows:

πA(x) =
(
1 − (µA(x))q − (vA(x))q)1/q (7)

Therefore, q-ROF numbers give decision-makers the flexibility to define a more com-
prehensive information range than previous fuzzy sets.

Q-rung orthopair fuzzy sets represent an advanced extension of traditional fuzzy sets,
offering a comprehensive framework that includes both intuitionistic fuzzy sets (IFS) and
Pythagorean fuzzy sets (PFS). This innovative approach introduces the concept of a Q-rung
orthopair, expressed as µq + νq ≤ 1, where Q denotes a positive integer. This formulation
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enhances the flexibility in representing uncertainty, making Q-rung fuzzy sets applicable
across various scenarios.

Its adaptability makes it particularly useful in complex decision-making and classi-
fication tasks, providing tailored solutions for addressing different types and degrees of
uncertainty. Overall, Q-ROF Fuzzy Sets, alongside IFS and PFS, offer versatile tools for
navigating diverse challenges in decision-making and classification, as shown in Figure 1.
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3.2. Q-ROF VIKOR Method

The current Q-ROF VIKOR method proposed by [32] was used. Below are the steps of
this method.

Step 1: Determination of the weights of
decision-makers (DMs) involved in
translating their assessments

The process involves translating assessments into Q-level fuzzy numbers for a more precise
representation of decision-makers’ relative importance (AHP). This approach captures nuances and
uncertainties in decision-making, improving assessments of preferences. It enhances reliability and
robustness, contributing to the overall effectiveness of the decision-making framework.
Linguistic terms: Extremely High (0.95, 0.15), Very High (0.85, 0.25), High (0.75, 0.35), Medium High (0.65,
0.45), Medium (0.55, 0.55), Medium Low (0.45, 0.65), Low (0.35, 0.75), Very Low (0.25, 0.85) Extremely Low
(0.15, 0.95)
A Q-ROFN is shown as; Dk =

[
µk , vk , πk

]
The final Q-ROF Number (Q-ROFN) score is computed utilizing Equation (8).

λk =
(1+µ

q
k (xi )−vq

k (xi ))
l

∑
k=1

(1+µ
q
k (xi )−vq

k (xi ))
, (8) and where

l
∑

k=1
λk = 1

Step 2: Assessment of alternatives and
constructing a normalized decision matrix

All alternative evaluations made by the DMs are converted into Q-ROFN using Table 4. Supposed
αk = 〈 µk(x), vk(x) 〉 (k = 1,2,3 · · · , l) is a group of Q-ROFN sets(Q-ROFNs) combined with DMs weights
(λ k) using the Q-ROF weighted averaging (Q-ROFWA) operator proposed in Equation (9).

q − ROFWA(α1,α2, . . .αl,) =

〈(
1 −

l
∏

k=1
(1 −µk(x)q)λk

) 1
q ,

l
∏

k=1

vk(x)
λk
〉

(9)

The final state of the Q-ROF decision matrix is as in Equation (10).

R =


µA1(x1 ), vA1(x1 ),πA1(x1 ),µA1(x2 ), vA1(x2 ),πA1(x2 ) . . .µA1 (xn), vA1(xn),πA1(xn)
µA2(x1 ), vA1(x1 ),πA1(x1 ), µA2(x2 ), vA1(x2 ),πA1(x2 ) . . .µA2(xn), vA1(xn),πA1(xn)

...
. . .

...
µAm(x1 ), vAm(x1 ),πAm(x1 ), µAm(x2 ), vAm(x2 ),πAm(x2 ) . . .µAm(xn), vAm(xn),πAm(xn)


(10)
where R = (rij) and

((
µAi
(
xj
)
, vAj

(
xj
)
,πAj

(
xj
) )

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

Step 3: Determination of criterion weights

To determine the importance (Wj) of the criteria, the linguistic terms evaluated by the DMs are
converted into Q-ROFNs using Equation (11).

Wj =
∑l

k=1 λk(1+µ
q
k (xj )−vq

k (xj ))
∑n

j=1 Wj∑
l
k=1 λk(1+µ

q
k (xi )−vq

k (xi ))
(11)

where W = [w1 + w2 + w3 + . . . + wj] and wj = (µj, vj, πj), (j = 1, 2, 3, . . ., n)
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Step 4: Creation of a combined
weight matrix

The aggregated weight matrix (R‘) is created with the following Equations (12)–(14).

wkα1 =

((
1 −

(
1 −µ1(x)q)wk

) 1
q , v1(x)

wk

)
(12)

πAi
(

xj
)
=
(
1 − µ

q
Ai
(
xj
)
−vq

Ai
(
xj
))1/q

, (13)

R′ =


µA1w(x1), vA1w(x1),πA1w(x1) ,µA1 w(xn), vA1w(xn),πA1w(xn)
µA2w(x1), vA1w(x1),πA1w(x1) ,µA2w(xn), vA1w(xn),πA1w(xn)

...
. . .

...
µAmw(x1), vAmw(x1),πAmw(x1) , µAmw(xn), vAmw(xn),πAmw(xn)

 (14)

r′ij =
(
′
ij, v′ij, π′

ij ) =
(

Ai w
(
xj
)
, vAiw

(
xj
)
, πAiw

(
xj
))

is an element of the R′ matrix.

Step 5: Determination of Positive and
Negative Ideal Solutions

Benefit and cost criteria are identified, and the positive ideal solution (PIS) and negative ideal solution
(NIS) are computed utilizing Equations (15) and (16).

QPIS = max
j ∈ bene f it

(
M
(
Qj

)
) or min

j ∈ cost
(

M
(
Qj

)
) (15)

QNIS = min
j ∈ bene f it

(
M
(
Qj

)
) or max

j ∈ cost
(

M
(
Qj

)
) (16)

Step 6: Determination of
separation measures

With the help of Equations (17) and (18), the Si and Ri values of each alternative are calculated.

Si = Σn
j=1wj

d ( Qj , QPIS )
d ( QPIS , QNIS )

(17)

Ri = max
j∈n

(
wj

d ( Qj , QPIS )
d ( QPIS , QNIS )

)
(18)

The Euclidean distance formula, as denoted in Equation (19), was employed to calculate the distances
among Q-ROFN [33].

where d (Q1, Q2) =
√ (

µ
q
1 − µ

q
2
)2

+
(
vq

1 − vq
2
)2

+
(
π

q
1 − π

q
2
)2

(19)
wj are the weight of the jth criteria and the total number of criteria is n.

Step 7: Calculating the merit function

The merit function Qm f
i of each alternative is calculated using Equation (20).

Qm f
i = v

(
Si−S∗
S−−S∗

)
+1 − v

(
Ri−R∗
R−−R∗

)
(20)

where v ∈ [0, 1] is the strategy of the DMs. In this study, v is taken as 0.5.
S− = maxi (Si ) , S∗ = min i (Si )
R− = maxi (Ri ), R∗ = min i (Ri )

Step 8: The Qj values of each alternative are
ordered from largest to smallest

3.3. Q-ROF TOPSIS

Let X = {X1, X2, X3, . . . Xn} represent a set of n criteria, and let A = {A1, A2, A3, . . . Am}
denotes a set of m alternatives. Below, we outline the steps of the algorithm [34,35]:

Q-ROF TOPSIS Definition

Step 1: Translating their assessments

In the Q-ROF TOPSİS method, the initial four steps are iterated to establish the weighted decision matrix with consistency. These steps involve
meticulously assessing the criteria, normalizing the decision matrix, determining the relative closeness coefficients, and calculating the separation
measures. By repeating these foundational steps, the weighted decision matrix is refined to accurately represent the importance of the criteria and
the performance of the alternatives across various dimensions. This iterative process ensures a robust and comprehensive analysis, laying the
groundwork for subsequent stages of the decision-making process within the Q-ROF VIKOR framework.

Step 2: Determining Positive and Negative Ideal Solutions

The Q-ROF Positive Ideal Solution (A*) maximizes the benefit criteria while minimizing the cost criteria. On the other hand, Q-ROF Negative Ideal
Solution (A−) maximizes the benefit criteria while minimizing the benefit criteria. A* and A− values are calculated with the following Equations
(21)–(25).
A∗ = µA∗W

(
xj
)
, vA∗W

(
xj
)
,πA∗W

(
xj
)

and A−= µA−W
(

xj
)
, vA−W

(
xj
)
,πA−W

(
xj
)

(21)
where
µA∗W

(
xj
)
=
((

max
i µAi

w
(

xj
)∣∣∣ j ∈ j1),

(
min
i µAi

w
(

xj
)∣∣∣ j ∈ j2)) (22)

vA∗W
(
xj
)
=
((

min
i vAi w

(
xj
)∣∣∣j ∈ j1 ),

(max
i vAi w

(
xj
)∣∣ j ∈ j2)) (23)

µA−W
(
xj
)
=
((

min
i µAi

w
(

xj
)∣∣∣j ∈ j1 ),

(
max
i µAi

w
(

xj
)∣∣∣ j ∈ j2)) (24)

vA−W
(

xj
)
=
((

max
i vAi w

(
xj
)∣∣∣j ∈ j1 ),

(min
i vAi w

(
xj
)∣∣ j ∈ j2)) (25)
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Step 3: Determination of separation measures

The distance measures were calculated using Equations (26) and (27) [36].

S∗
i = p

√√√√√ 1
2n Σn

j=1


∣∣∣(1 − k)

(
µAi

w
(

xj
)
− µA∗W

(
xj
))

+ k
(

q
√

1 − vq
Aiw

(
xj
)
− q
√

1 − vq
A∗w

(
xj
) ∣∣∣p+∣∣∣(1 − k)

(
vAi w

(
xj
)
− vA∗W

(
xj
))

+ k
(

q
√

1 − µ
q
Aiw

(
xj
)
− q
√

1 − µ
q
A∗W

(
xj
) ∣∣∣p

 (26)

S−
i = p

√√√√√ 1
2n Σn

j=1


∣∣∣(1 − k)

(
µAi

w
(

xj
)
− µA−W

(
xj
))

+ k
(

q
√

1 − vq
Aiw

(
xj
)
− q
√

1 − vq
A−w

(
xj
) ∣∣∣p+∣∣∣(1 − k)

(
vAi w

(
xj
)
− vA−W

(
xj
))

+ k
(

q
√

1 − µ
q
Aiw

(
xj
)
− q
√

1 − µ
q
A−W

(
xj
) ∣∣∣p

 (27)

where p = 1, 2, . . ., n and k =
( 1

2 q2 + 3
2 q− 1

3 )
(q2+3q+1)

, k ∈
[

1
3 , 1

2

]
Step 4. Calculation of the relative closeness coefficient ( Ci∗).

Ci∗ is calculated using Equation (15).

Ci∗ = S−

S++S− where 0 ≤ Ci∗ ≤ 1,

4. Case Study

This section presents the results obtained from implementing the proposed methodol-
ogy to solve the SCM selection within a real-life case study conducted by the producer of an
industrial company in Turkey. In the conventional evaluation process, the first crucial step
involves the selection of optimal evaluation criteria before proceeding to assess alternatives
and select suppliers. Establishing suitable metrics presents a significant challenge in sup-
plier selection. This study addresses the issue of SCM selection by evaluating five suppliers
across ten criteria, with three experts serving as decision-makers (DMs). The decision to
use three experts was based on the following points: Experience and specialization: Each
expert brings unique skills and deep knowledge in their respective areas of supply-chain
management, logistics, and optimization. This ensures a comprehensive assessment of
different perspectives in the field. Quality over quantity: While a larger number of ex-
perts could provide more diverse opinions, the three selected experts have considerable
qualifications and experience that we believe adequately represent the necessary expertise.
Practicality and efficiency: Managing and combining inputs from a larger group of experts
can be difficult and can lead to logistical inefficiencies. By limiting ourselves to three highly
qualified experts, we can ensure a smoother and more efficient decision-making process.
Table 2 offers an in-depth analysis of the decision-makers (DMs) involved in the study.

Table 2. DMs in detail.

DMs Education Experiences Area

Masters (Business) 15 Supply-Chain Optimization

PhD (Supply Chain) 18 Supply-Chain Management

PhD (Industrial Eng.) 12 Logistics Management

Based on the literature, it was found that the following ten criteria are often considered
in various studies on this topic:

Cost [37–48], innovation capability [49–59], quality [60–71], service capability [57–59,72–79],
long-term cooperation [80–88], environmental management system [89–97], reduce
pollution [95,98–104], green image [105–114], social responsibility [115–122]), and employment
practices [123–129].

Alternatives is committed to strategic progress, recognizing the importance of strength-
ening sustainable supply-chain management for long-term viability. Following a meticulous
assessment, the company has identified five alternative suppliers: A1, A2, A3, A4, and A5,
all capable of meeting its needs. The evaluation process is focused on identifying suppliers
that best align with companies’ long-term development goals, fostering sustainable and
enduring partnerships.

Through a meticulous process combining literature review and expert evaluations,
this study identifies the key criteria that heavily influence SCM selection. With these criteria
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established, the next step involves comparing five suppliers across ten distinct metrics. This
comparison is conducted using both the Q-ROF TOPSIS and Q-ROF VIKOR methods, which
offer robust frameworks for supplier evaluation and selection. The expertise of the decision-
makers has been evaluated by considering their extensive industry experience, educational
background, professional qualifications, and relevant certifications. Additionally, their
track record of successful decision-making in similar contexts and their familiarity with
the specific challenges and nuances of the industry are taken into account. Furthermore,
their ability to analyze complex situations, make informed judgments, and anticipate
potential risks and opportunities is also considered to be part of their expertise assessment.
Overall, a comprehensive evaluation of decision-makers’ capabilities ensures that their
input contributes effectively to the decision-making process.

The comprehensive assessment of decision-makers’ expertise helps significantly re-
duce subjectivity in decision-making by evaluating industry experience, education, qual-
ifications, certifications, and decision-making track records. However, these measures
cannot eliminate subjectivity due to inherent human biases and cognitive limitations. To
further enhance objectivity, it is recommended to use decision-support tools, provide con-
tinuous training, conduct reflective assessments, and incorporate diverse perspectives to
complement individual judgment.

DM1 = (0.85, 0.25), DM2 = MH (0.65, 0.45), and DM3 = MH (0.65, 0.45)
λDM1 = 0.799
λDM2 = 0.592
λDM3 = 0.592
Table 3 presents the linguistic expressions used by decision-makers to evaluate alter-

natives. These linguistic terms have been translated into Q-ROF numbers based on the
conversion guidelines outlined in Equation (1).

Table 3. Decision-maker ratings of alternatives in linguistic terms.

Criteria Alternative DM1 DM2 DM3

C1

A1 0.85 0.25 0.55 0.55 0.25 0.85

A2 0.85 0.25 0.85 0.25 0.95 0.15

A3 0.65 0.45 0.65 0.45 0.65 0.45

A4 0.85 0.25 0.85 0.25 0.65 0.45

A5 0.95 0.15 0.55 0.55 0.65 0.45

C2

A1 0.85 0.25 0.65 0.45 0.65 0.45

A2 0.85 0.25 0.75 0.35 0.95 0.15

A3 0.55 0.55 0.55 0.55 0.55 0.55

A4 0.75 0.35 0.85 0.25 0.65 0.45

A5 0.95 0.15 0.95 0.15 0.75 0.35

C3

A1 0.75 0.35 0.85 0.25 0.75 0.35

A2 0.75 0.35 0.75 0.35 0.95 0.15

A3 0.65 0.45 0.65 0.45 0.65 0.45

A4 0.75 0.35 0.55 0.55 0.75 0.35

A5 0.95 0.15 0.95 0.15 0.85 0.25

C4

A1 0.75 0.35 0.55 0.55 0.65 0.45

A2 0.55 0.55 0.45 0.65 0.55 0.55

A3 0.75 0.35 0.65 0.45 0.75 0.35

A4 0.75 0.35 0.75 0.35 0.85 0.25

A5 0.75 0.35 0.85 0.25 0.75 0.35
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Table 3. Cont.

Criteria Alternative DM1 DM2 DM3

C5

A1 0.65 0.45 0.55 0.55 0.55 0.55

A2 0.55 0.55 0.55 0.55 0.35 0.75

A3 0.55 0.55 0.55 0.55 0.65 0.45

A4 0.45 0.65 0.35 0.75 0.55 0.55

A5 0.95 0.15 0.85 0.25 0.85 0.25

C6

A1 0.65 0.45 0.45 0.65 0.55 0.55

A2 0.55 0.55 0.35 0.75 0.45 0.65

A3 0.85 0.25 0.55 0.55 0.75 0.35

A4 0.95 0.15 0.65 0.45 0.95 0.15

A5 0.75 0.35 0.75 0.35 0.85 0.25

C7

A1 0.55 0.55 0.65 0.45 0.65 0.45

A2 0.55 0.55 0.55 0.55 0.55 0.55

A3 0.55 0.55 0.65 0.45 0.65 0.45

A4 0.95 0.15 0.85 0.25 0.75 0.35

A5 0.95 0.15 0.95 0.15 0.75 0.35

C8

A1 0.35 0.75 0.75 0.35 0.35 0.75

A2 0.35 0.75 0.85 0.25 0.45 0.65

A3 0.65 0.45 0.65 0.45 0.55 0.55

A4 0.45 0.65 0.55 0.55 0.45 0.65

A5 0.95 0.15 0.95 0.15 0.85 0.25

C9

A1 0.85 0.25 0.75 0.35 0.75 0.35

A2 0.55 0.55 0.65 0.45 0.35 0.75

A3 0.45 0.65 0.65 0.45 0.65 0.45

A4 0.65 0.45 0.45 0.65 0.95 0.15

A5 0.95 0.15 0.85 0.25 0.85 0.25

C10

A1 0.55 0.55 0.65 0.45 0.75 0.35

A2 0.85 0.25 0.65 0.45 0.75 0.35

A3 0.75 0.35 0.75 0.35 0.75 0.35

A4 0.75 0.35 0.75 0.35 0.55 0.55

A5 0.95 0.15 0.85 0.25 0.95 0.15

Table 4 displays the Q-ROF matrix, which has been normalized using the Q-ROFWA
operator. This normalization process helps to standardize the data and facilitate compar-
isons among the different alternatives.

The significance assessments of the criteria by the decision-makers were transformed
into Q-ROF numbers using Equation (1). Subsequently, the weights of these criteria were
calculated using Equation (4) and are presented in detail in Table 5. This process enables
a quantitative representation of the relative importance of each criterion in the decision-
making process, aiding in the selection of the most suitable supplier.
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Table 4. Normalized decision matrix.

R

C1 C2 C3 C4

A1 0.710 0.456 0.818 0.759 0.355 0.803 0.787 0.317 0.783 0.677 0.432 0.848

A2 0.893 0.215 0.652 0.878 0.237 0.677 0.852 0.272 0.712 0.525 0.578 0.872

A3 0.650 0.450 0.859 0.550 0.550 0.874 0.650 0.450 0.859 0.725 0.377 0.827

A4 0.811 0.298 0.760 0.767 0.341 0.798 0.708 0.401 0.834 0.787 0.317 0.783

A5 0.847 0.307 0.714 0.922 0.193 0.594 0.931 0.175 0.571 0.787 0.317 0.783

C5 C6 C7 C8

A1 0.596 0.507 0.870 0.576 0.533 0.869 0.615 0.488 0.867 0.561 0.597 0.848

A2 0.508 0.603 0.866 0.477 0.634 0.860 0.550 0.550 0.874 0.655 0.518 0.834

A3 0.585 0.518 0.871 0.768 0.350 0.796 0.615 0.488 0.867 0.625 0.478 0.865

A4 0.465 0.645 0.858 0.916 0.208 0.606 0.891 0.225 0.654 0.485 0.618 0.866

A5 0.905 0.203 0.630 0.787 0.317 0.783 0.922 0.193 0.594 0.931 0.175 0.571

C9 C10

A1 0.798 0.306 0.773 0.657 0.453 0.855

A2 0.550 0.568 0.866 0.780 0.329 0.788

A3 0.590 0.522 0.867 0.750 0.350 0.812

A4 0.805 0.362 0.755 0.708 0.401 0.834

A5 0.905 0.203 0.630 0.931 0.175 0.571

Table 5. Importance and weight of the criteria.

Weight of the DMs
DM1 DM2 DM3

Criterion Weight
0.799 0.799 0.592 0.592 0.5920 0.592

C1 0.45 0.65 0.85 0.25 0.95 0.15 0.095

C2 0.95 0.15 0.85 0.25 0.85 0.25 0.126

C3 0.85 0.25 0.75 0.35 0.85 0.25 0.112

C4 0.65 0.45 0.95 0.15 0.75 0.35 0.105

C5 0.95 0.15 0.35 0.75 0.55 0.55 0.094

C6 0.95 0.15 0.65 0.45 0.25 0.85 0.095

C7 0.95 0.15 0.75 0.35 0.65 0.45 0.113

C8 0.95 0.15 0.85 0.25 0.95 0.15 0.130

C9 0.65 0.45 0.35 0.75 0.45 0.65 0.068

C10 0.75 0.35 0.15 0.95 0.35 0.75 0.061

Table 6 presents the weighted decision matrix obtained by amalgamating the criteria
weights with the normalized decision matrix.
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Table 6. Aggregated Weighted Decision Matrix.

R’=

C1 C2 C3 C4

A1 0.352 0.924 0.552 0.412 0.877 0.634 0.418 0.877 0.631 0.339 0.914 0.582

A2 0.491 0.856 0.633 0.510 0.834 0.660 0.470 0.862 0.634 0.255 0.943 0.525

A3 0.317 0.923 0.568 0.283 0.927 0.565 0.330 0.913 0.587 0.369 0.901 0.602

A4 0.420 0.885 0.615 0.418 0.873 0.640 0.365 0.901 0.603 0.410 0.884 0.621

A5 0.448 0.888 0.595 0.560 0.812 0.660 0.555 0.820 0.652 0.410 0.884 0.621

C4 C6 C7 C8

A1 0.278 0.940 0.529 0.267 0.945 0.517 0.308 0.923 0.570 0.294 0.934 0.542

A2 0.234 0.955 0.489 0.218 0.960 0.473 0.272 0.935 0.545 0.349 0.917 0.572

A3 0.272 0.942 0.525 0.376 0.909 0.580 0.308 0.923 0.570 0.331 0.907 0.601

A4 0.213 0.961 0.470 0.499 0.867 0.607 0.506 0.846 0.643 0.251 0.939 0.540

A5 0.488 0.865 0.619 0.389 0.901 0.594 0.540 0.831 0.644 0.581 0.794 0.672

C9 C10

A1 0.360 0.923 0.550 0.268 0.955 0.479

A2 0.230 0.963 0.457 0.333 0.937 0.519

A3 0.249 0.957 0.476 0.316 0.941 0.515

A4 0.365 0.934 0.516 0.293 0.948 0.497

A5 0.443 0.898 0.573 0.451 0.903 0.555

4.1. Selection with Q-ROF VIKOR Method

In this section, we proceed with the subsequent steps of the Q-ROF VIKOR method,
incorporating both the combined weighted decision matrix and the criterion weights. By
leveraging Equations (15) and (16), we compute the optimal and suboptimal values of the
criteria. These values are meticulously documented and presented in Table 7, providing a
comprehensive overview of the decision-making process and facilitating informed analysis
and comparison of alternatives.

Table 7. Best and worst values of criteria.

Criteria Best Values Worst Values

C1 0.893488285 0.306827296 0.7137597 0.65 0.455779906 0.818085819

C2 0.921863245 0.193158404 0.593791996 0.55 0.237323764 0.676869428

C3 0.931418996 0.174703588 0.571463687 0.65 0.40054564 0.834237563

C4 0.787076402 0.316560162 0.783349621 0.524867382 0.57811651 0.871620338

C5 0.905176652 0.203475624 0.62989658 0.464913045 0.645369834 0.857585529

C6 0.915872764 0.208203334 0.606158429 0.477081794 0.634185114 0.860132228

C7 0.921863245 0.193158404 0.593791996 0.55 0.55 0.873835185

C8 0.931418996 0.174703588 0.571463687 0.485260415 0.618387459 0.865909702

C9 0.905176652 0.203475624 0.62989658 0.550258796 0.568268348 0.866185684

C10 0.931418996 0.174703588 0.571463687 0.656561062 0.452656573 0.854634987
Si−, Si+, Ri−, and Ri+ values are shown in Table 9.

The values of Si, Ri, and Qi were determined through the application of formulas
delineated between Equations (17)–(20). These calculated values are meticulously recorded
and presented in Table 8. and Figure 2. This comprehensive analysis offers insights into the
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performance and characteristics of each alternative, facilitating a deeper understanding of
their respective strengths and weaknesses in the decision-making process.

Table 8. Values of Si, Ri, and Qi.

Alternatives Si Ri Q i(v = 0.5) Rank

A1 0.7829 0.1188 0.7736 4

A2 0.7031 0.1135 0.7008 3

A3 0.8700 0.1578 1.0000 5

A4 0.5500 0.1304 0.6801 2

A5 0.0655 0.0445 0.0000 1
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Based on the Qi results, the alternatives are ranked as follows: A5 > A4 > A2 > A1 > A3.
Consequently, A5 emerges as the most suitable alternative, while A3 is identified as the least
favorable option. Notably, these rankings align with those obtained from the Q-ROF VIKOR
method, reaffirming the consistency of the outcomes across different analytical approaches.
This consistency underscores the robustness of the analysis and provides further confidence
in the selection of A5 as the preferred alternative.

When assessing companies based on certain criteria, even if there are minimal dis-
crepancies between them, certain criteria tend to hold more weight in people’s preferences.
Specifically, factors such as the number of examinations, brand strength, and premium
suitability emerge as particularly influential. Both analytical methods indicate that the A5
alternative, occupying the top position, represents a well-established entity in the local
market and enjoys greater credibility in the eyes of the public. This suggests that A5 is
perceived as a more reliable option, likely due to its strong presence and reputation within
the industry.

Table 9. Values of Si and Ri.

Si− Si+ Ri− Ri+

0.8700 0.0655 0.1578 0.0445

4.2. Selection with Q-ROF TOPSIS Method

This section outlines the procedural steps of the Q-ROF TOPSIS method by taking into
account the combined weighted decision matrix. The Q-ROF Positive Ideal Solution (PIS)
and Negative Ideal Solution (NIS) values presented in Table 10 were computed utilizing
the equations outlined in Equations (21)–(25), with the q-value set to 3.
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Table 10. Positive and Negative Ideal Solution Values.

A∗=

C1 0.491 0.856 0.633

A−=

C1 0.317 0.924 0.552

C2 0.560 0.812 0.660 C2 0.283 0.927 0.565

C3 0.555 0.820 0.652 C3 0.330 0.913 0.587

C4 0.410 0.884 0.621 C4 0.255 0.943 0.525

C5 0.488 0.865 0.619 C5 0.213 0.961 0.470

C6 0.499 0.867 0.607 C6 0.218 0.960 0.473

C7 0.540 0.831 0.644 C7 0.272 0.935 0.545

C8 0.581 0.794 0.672 C8 0.251 0.939 0.540

C9 0.443 0.898 0.573 C9 0.230 0.963 0.457

C10 0.451 0.903 0.555 C10 0.268 0.955 0.479

The separation measures were calculated using Equations (26) and (27). Afterward,
proximity values to the ideal solution were established, guiding the determination of
rankings for the alternatives. These rankings are clearly outlined in Table 11 and Figure 3
for comprehensive evaluation and comparison.

Table 11. Proximity values and ranking of alternatives.

S* S− Ci* Rank

A1 0.101 0.037 0.269 4

A2 0.097 0.041 0.296 3

A3 0.107 0.031 0.223 5

A4 0.075 0.063 0.456 2

A5 0.009 0.129 0.934 1
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Comprehensive evaluation and comparison of two methods. (See Figure 4).
Following the computation of the Ci* results, the alternatives are ranked as follows:

A5 > A4 > A2 > A1 > A3. Consequently, the analysis reveals that A5 stands out as the most
suitable alternative, while A3 is identified as the least suitable option. This ranking provides
valuable insights into the comparative effectiveness and appropriateness of each alternative,
guiding decision-makers toward optimal choices in the decision-making process.
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5. Conclusions and Future Studies

Modern businesses face the significant challenge of implementing sustainable supply-
chain management, with supplier selection being a crucial aspect. This is particularly
pertinent in engineering and management, given that a company’s supply chain involves
multiple suppliers, and their qualifications significantly impact overall supply chain perfor-
mance. To achieve sustainable development goals, companies must prioritize social and
environmental responsibility while maximizing economic benefits. This study aims to ad-
dress the objectives outlined in the introduction by evaluating the literature on sustainable
suppliers, establishing a framework of environmental, social, and economic performance
indicators, and formulating selection criteria for sustainable suppliers. By combining sub-
jective and objective weights, the study creates a total weight, indicating the importance
of various indicators. This approach enhances the effectiveness of ranking results by in-
corporating human judgment and raw data information. Moreover, supplier selection is
identified as a multi-criteria decision-making (MCDM) issue, underscoring the complexity
of the decision-making process in this context.

In contexts where situations are not clearly defined by crisp numbers, traditional
analytical methods may fall short of providing clear insights. This is where the Q-ROF
(Quality-Robustness-Operation Fuzziness) method proves invaluable, as it offers a frame-
work for making clearer decisions amid uncertainty. Recognizing the uncertainties inherent
in policy selection, this study leveraged Q-ROF-based clusters to navigate through the
complexities and arrive at the most informed decisions. Five alternatives were subjected
to analysis to evaluate the effectiveness of the Q-ROF method, using both the Q-ROF
TOPSIS and Q-ROF VIKOR methods. These analyses were conducted through surveys
administered to three decision-makers actively engaged in the sector, providing diverse
perspectives on the matter. By employing different distance measures in the evaluation
process, the study sought to ascertain whether varying measures would yield divergent
outcomes. Interestingly, despite employing different distance measures, the results ob-
tained from both methods exhibited remarkable similarity, indicating that the choice of
distance measure had minimal impact on the outcomes.

Furthermore, a detailed parameter analysis revealed that the ranking between q-
values remained consistent in the Q-ROF TOPSIS method, underscoring the robustness
of this approach. However, slight variations were observed in the rankings of the last
three alternatives in the Q-ROF VIKOR method, highlighting the nuanced differences
in their performance. Nevertheless, across all analyses conducted using both methods,
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alternatives A5 and A4 consistently emerged as the top-performing options, reaffirming
their superiority in the decision-making process.

6. Research Limitation

Integrating Q-ROF with MCDM can lead to increased complexity stemming from the
fusion of fuzzy logic with MCDM. This complexity can make the decision-making process
more challenging to grasp and execute. Moreover, this integration may demand substantial
computational resources and time, especially for sizable decision problems. Additionally,
interpreting the outputs of integrated Q-ROF and MCDM approaches can be challenging,
particularly for stakeholders unfamiliar with fuzzy logic or decision analysis methods.

7. Recommendations for Future Works

The limitations identified in the study provide directions for future research. This
study employs Q-level fuzzy set and sensitivity analyses to evaluate alternatives, providing
a comprehensive decision-support framework. Through comparisons of results at different
Q-levels, the methodology offers valuable insights into the evaluation process. It tackles
challenges such as analyzing criteria-alternatives relationships, handling uncertainty, as-
signing importance weights, and assessing diverse options. The study does have certain
restrictions. Future research should consider the decision-making mechanism coefficient
and any potential interactions and relationships between standards, as these elements
have not been fully explored in the current study. Additionally, fuzzy sets cannot fully
capture fundamental uncertainty; therefore, future research will focus on combining multi-
granularity language data with support vector machines, fuzzy sets, and neutrosophic sets
to create a model known as multi-criteria decision-making (MCDM).

Future research should also consider multiple directions to improve the robustness
and applicability of the results. First, expanding the panel of experts is essential. Increasing
the number of experts involved in the decision-making process increases the significance
and reliability of the results. This can be achieved by involving a more diverse group of
experts, ideally between 10 and 15, to ensure a comprehensive assessment of the criteria.
Second, integrating more advanced analytical methods can provide deeper insights into
the complexities of supply-chain management. Future studies should focus on combining
multi-granularity speech data with support vector machines, fuzzy sets, and neutrosophical
sets. This approach will more effectively address fundamental uncertainties and enable
a more nuanced analysis of the decision-making process. Third, examining possible
interactions and relationships between different criteria is crucial. Using advanced multi-
criteria decision-making (MCDM) techniques to examine these relationships will enable
a more holistic understanding of the factors that influence supply-chain management
decisions. Additionally, analyzing the organization’s internal processes alongside supplier
selection will provide a more comprehensive view of supply-chain management. This
holistic approach ensures that both internal efficiency and the performance of external
suppliers are taken into account in the decision-making process. Finally, the development
of dynamic decisions is required.
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Group Decision-Making MCGDM
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Supply-Chain Management SCM
Analytic Hierarchy Process AHP
Analytic Network Process ANP
Technique for Order Preference by Similarity to Ideal Solution TOPSIS
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Decision-Making Trial and Evaluation Laboratory DEMATEL
Simple Additive Weighting SAW
Green Supplier Selection GSS
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25. Erdebilli, B.; Yilmaz, İ.; Aksoy, T.; Hacıoglu, U.; Yüksel, S.; Dinçer, H. An Interval-Valued Pythagorean Fuzzy AHP and COPRAS
Hybrid Methods for the Supplier Selection Problem. Int. J. Comput. Intell. Syst. 2023, 16, 124. [CrossRef]

26. Eghbali-Zarch, M.; Zeynab Zabihi, S.; Masoud, S. A Novel Fuzzy SECA Model Based on Fuzzy Standard Deviation and
Correlation Coefficients for Resilient-Sustainable Supplier Selection. Expert Syst. Appl. 2023, 231, 120653. [CrossRef]

27. Keshavarz-Ghorabaee, M. Sustainable Supplier Selection and Order Allocation Using an Integrated Rog-Based Type-2 Fuzzy
Decision-Making Approach. Mathematics 2023, 11, 2014. [CrossRef]

28. Nazari-Shirkouhi, S.; Tavakoli, M.; Govindan, K.; Mousakhani, S. A Hybrid Approach Using Z-Number DEA Model and Artificial
Neural Network for Resilient Supplier Selection. Expert Syst. Appl. 2023, 222, 119746. [CrossRef]

29. Ali, H.; Zhang, J.; Shoaib, M. A Hybrid Approach for Sustainable-Circular Supplier Selection Based on Industry 4.0 Framework to
Make the Supply Chain Smart and Eco-Friendly. Environ. Dev. Sustain. 2023. [CrossRef]

30. Modares, A.; Farimani, N.M.; Emroozi, V.B. A New Model to Design the Suppliers Portfolio in Newsvendor Problem Based on
Product Reliability. J. Ind. Manag. Optim. 2023, 19, 4112–4151. [CrossRef]

31. Zadeh, L.A. Fuzzy Sets. Inf. Control 1965, 8, 338–353. [CrossRef]
32. Krishankumar, R.; Gowtham, Y.; Ahmed, I.; Ravichandran, K.S.; Kar, S. Solving Green Supplier Selection Problem Using Q-Rung

Orthopair Fuzzy-Based Decision Framework with Unknown Weight Information. Appl. Soft Comput. 2020, 94, 106431. [CrossRef]
33. Du, W.S. Minkowski-Type Distance Measures for Generalized Orthopair Fuzzy Sets. Int. J. Intell. Syst. 2018, 33, 802–817.

[CrossRef]
34. Wang, R.; Li, Y. A Novel Approach for Green Supplier Selection under a Q-Rung Orthopair Fuzzy Environment. Symmetry 2018,

10, 687. [CrossRef]
35. Liu, P.; Wang, P. Some Q-Rung Orthopair Fuzzy Aggregation Operators and Their Applications to Multiple-Attribute Decision

Making. Int. J. Intell. Syst. 2018, 33, 259–280. [CrossRef]
36. Pinar, A.; Rouyendegh, B.D.; Ozdemir, Y.S. Q-Rung Orthopair Fuzzy TOPSIS Method for Green Supplier Selection Problem.

Sustainability 2021, 13, 985. [CrossRef]
37. Abdelraheem, A.A.E. Effect of Strategic Cost Management on Total Quality Management Principles. Res. Mil. 2023, 13, 305–314.
38. Alsobhi, S.A.; Krishnan, K.K.; Gupta, D.; Almaktoom, A.T. Analysis of Damage Costs in Supply Chain Systems. Int. J. Ind. Syst.

Eng. 2017, 28, 70–98. [CrossRef]
39. Aldrighetti, R.; Battini, D.; Ivanov, D.; Zennaro, I. Costs of Resilience and Disruptions in Supply Chain Network Design Models:

A Review and Future Research Directions. Int. J. Prod. Econ. 2021, 235, 108103. [CrossRef]
40. de Goeij, C.; Gelsomino, L.M.; Caniato, F.; Moretto, A.M.; Steeman, M. Understanding SME Suppliers’ Response to Supply Chain

Finance: A Transaction Cost Economics Perspective. Int. J. Phys. Distrib. Logist. Manag. 2021, 51, 813–836. [CrossRef]
41. Du, N.; Yan, Y.; Qin, Z. Analysis of Financing Strategy in Coopetition Supply Chain with Opportunity Cost. Eur. J. Oper. Res.

2023, 305, 85–100. [CrossRef]
42. Habib, M.S.; Omair, M.; Ramzan, M.B.; Chaudhary, T.N.; Farooq, M.; Sarkar, B. A Robust Possibilistic Flexible Programming

Approach toward a Resilient and Cost-Efficient Biodiesel Supply Chain Network. J. Clean. Prod. 2022, 366, 132752. [CrossRef]
43. Kumar Tarei, P.; Kumar, G.; Ramkumar, M. A Mean-Variance Robust Model to Minimize Operational Risk and Supply Chain Cost

under Aleatory Uncertainty: A Real-Life Case Application in Petroleum Supply Chain. Comput. Ind. Eng. 2022, 166, 107949. [CrossRef]
44. Roeck, D.; Sternberg, H.; Hofmann, E. Distributed Ledger Technology in Supply Chains: A Transaction Cost Perspective. Int. J.

Prod. Res. 2020, 58, 2124–2141. [CrossRef]
45. Schmidt, C.G.; Wagner, S.M. Blockchain and Supply Chain Relations: A Transaction Cost Theory Perspective. J. Purch. Supply

Manag. 2019, 25, 100552. [CrossRef]
46. Sriram, V.P.; Raj, K.B.; Srinivas, K.; Pallathadka, H.; Sajja, G.S.; Gulati, K. An Extensive Systematic Review of RFID Technology Role

in Supply Chain Management (SCM). In Proceedings of the 2021 6th International Conference on Signal Processing, Computing
and Control (ISPCC), Solan, India, 7–9 October 2021; pp. 789–794.

47. Taghikhah, F.; Voinov, A.; Shukla, N. Extending the Supply Chain to Address Sustainability. J. Clean. Prod. 2019, 229, 652–666.
[CrossRef]

48. Wong, C.Y.; Wong, C.W.Y.; Boon-itt, S. Effects of Green Supply Chain Integration and Green Innovation on Environmental and
Cost Performance. Int. J. Prod. Res. 2020, 58, 4589–4609. [CrossRef]

49. Yu, Y.; Zhang, M.; Huo, B. The Impact of Supply Chain Quality Integration on Green Supply Chain Management and Environ-
mental Performance. Total Qual. Manag. Bus. Excell. 2019, 30, 1110–1125. [CrossRef]

https://doi.org/10.1371/journal.pone.0290093
https://doi.org/10.1109/ACCESS.2023.3320032
https://doi.org/10.1142/S1793005723500382
https://doi.org/10.3390/sym15020433
https://doi.org/10.1016/j.eswa.2023.121387
https://doi.org/10.1007/s44196-023-00297-4
https://doi.org/10.1016/j.eswa.2023.120653
https://doi.org/10.3390/math11092014
https://doi.org/10.1016/j.eswa.2023.119746
https://doi.org/10.1007/s10668-023-03567-5
https://doi.org/10.3934/jimo.2022124
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1016/j.asoc.2020.106431
https://doi.org/10.1002/int.21968
https://doi.org/10.3390/sym10120687
https://doi.org/10.1002/int.21927
https://doi.org/10.3390/su13020985
https://doi.org/10.1504/IJISE.2018.088565
https://doi.org/10.1016/j.ijpe.2021.108103
https://doi.org/10.1108/IJPDLM-04-2020-0125
https://doi.org/10.1016/j.ejor.2022.05.021
https://doi.org/10.1016/j.jclepro.2022.132752
https://doi.org/10.1016/j.cie.2022.107949
https://doi.org/10.1080/00207543.2019.1657247
https://doi.org/10.1016/j.pursup.2019.100552
https://doi.org/10.1016/j.jclepro.2019.05.051
https://doi.org/10.1080/00207543.2020.1756510
https://doi.org/10.1080/14783363.2017.1356684


Sustainability 2024, 16, 4901 19 of 21

50. Liu, Y.; Srai, J.S.; Evans, S. Environmental Management: The Role of Supply Chain Capabilities in the Auto Sector. Supply Chain
Manag. Int. J. 2016, 21, 1–19. [CrossRef]

51. Liao, S.-H.; Hu, D.-C.; Shih, Y.-S. Supply Chain Collaboration and Innovation Capability: The Moderated Mediating Role of
Quality Management. Total Qual. Manag. Bus. Excell. 2021, 32, 298–316. [CrossRef]

52. Iddris, F.; Baffour Awuah, G.; Abraha Gebrekidan, D. The Role of Innovation Capability in Achieving Supply Chain Agility. Int. J.
Manag. Comput. Sci. 2014, 4, 104–112.

53. Swink, M. Building Collaborative Innovation Capability. Res.-Technol. Manag. 2006, 49, 37–47. [CrossRef]
54. Tan, K.; Cross, J. Influence of Resource-based Capability and Inter-organizational Coordination on SCM. Ind. Manag. Data Syst.

2012, 112, 929–945. [CrossRef]
55. Wang, C.; Lu, I.; Chen, C. Evaluating Firm Technological Innovation Capability under Uncertainty. Technovation 2008, 28, 349–363.

[CrossRef]
56. Octavia, A.; Sriayudha, Y.; Ali, H. Innovation Capability and Supply Chain Management: Empirical Study of Inodonesian

Tradisional Herbal Medicine Product. Int. J. Supply Chain Manag. 2020, 9, 601–608.
57. Chaudhuri, R.; Chatterjee, S.; Gupta, S.; Kamble, S. Green Supply Chain Technology and Organization Performance: Moderating

Role of Environmental Dynamism and Product-Service Innovation Capability. Technovation 2023, 128, 102857. [CrossRef]
58. Guo, Y.; Xie, W.; Yang, Y. Dual Green Innovation Capability, Environmental Regulation Intensity, and High-Quality Economic

Development in China: Can Green and Growth Go Together? Financ. Res. Lett. 2024, 63, 105275. [CrossRef]
59. Raharja, S.J.; Rivani, R. Effects of Information and Communication Technology Adoption and Innovation Capability on Export

Performance: Study of Purwakarta Ceramic Industry in Indonesia. Int. J. Trade Glob. Mark. 2022, 15, 104–113.
60. Agus, A. Supply Chain Management: The Influence of SCM on Production Performance and Product Quality. J. Econ. Bus. Manag.

2015, 3, 1046–1053. [CrossRef]
61. Basana, S.R.; Malelak, M.I.; Suprapto, W.; Siagian, H.; Tarigan, Z.J.H. The Impact of SCM Integration on Business Performance

through Information Sharing, Quality Integration and Innovation System. Uncertain Supply Chain Manag. 2024, 12, 435–448.
[CrossRef]

62. Kaur, M.; Singh, K.; Singh, D. Synergetic Success Factors of Total Quality Management (TQM) and Supply Chain Management
(SCM). Int. J. Qual. Reliab. Manag. 2019, 36, 842–863. [CrossRef]

63. Talib, F.; Rahman, Z.; Qureshi, M.N. A Study of Total Quality Management and Supply Chain Management Practices. Int. J.
Product. Perform. Manag. 2011, 60, 268–288. [CrossRef]

64. Vanichchinchai, A.; Igel, B. Total Quality Management and Supply Chain Management: Similarities and Differences. TQM J. 2009,
21, 249–260. [CrossRef]

65. Rizwan, A.; Karras, D.A.; Kumar, J.; Sánchez-Chero, M.; Mogollón Taboada, M.M.; Altamirano, G.C. An Internet of Things
(IoT) Based Block Chain Technology to Enhance the Quality of Supply Chain Management (SCM). Math. Probl. Eng. 2022,
2022, 9679050. [CrossRef]

66. Sharma, S.; Modgil, S. TQM, SCM and Operational Performance: An Empirical Study of Indian Pharmaceutical Industry. Bus.
Process Manag. J. 2020, 26, 331–370. [CrossRef]

67. Mishra, P.; Sharma, R.K. Investigating the Impact of Perfect Order Fulfilment on Quality Level and SCM Performance. Int. J.
Model. Oper. Manag. 2014, 4, 95–115. [CrossRef]

68. Kaynak, H.; Hartley, J.L. A Replication and Extension of Quality Management into the Supply Chain. J. Oper. Manag. 2008,
26, 468–489. [CrossRef]

69. Theodorakioglou, Y.; Gotzamani, K.; Tsiolvas, G. Supplier Management and Its Relationship to Buyers’ Quality Management.
Supply Chain Manag. Int. J. 2006, 11, 148–159. [CrossRef]

70. Salah, S.; Rahim, A.; Carretero, J.A. Implementation of Lean Six Sigma (LSS) in Supply Chain Management (SCM): An Integrated
Management Philosophy. Int. J. Transit. Innov. Syst. 2011, 1, 138–162. [CrossRef]

71. Sarkar, M.; Chung, B. Do Flexible Work-in-Process Production System in Supply Chain Management under Quality Improvement.
Int. J. Prod. Res. 2020, 58, 3821–3838. [CrossRef]

72. Adhikari, B.; Chang, B.-Y. Quantum Computing Impact on SCM and Hotel Performance. Int. J. Internet Broadcast. Commun. 2021,
13, 1–6.

73. Al Humdan, E.; Shi, Y.; Behina, M.; Chowdhury, M.M.H.; Mahmud, A.K.M.S. The Role of Innovativeness and Supply Chain Agility in
the Australian Service Industry: A Dynamic Capability Perspective. Int. J. Phys. Distrib. Logist. Manag. 2023, 53, 1–25. [CrossRef]

74. Karamchandani, A.; Srivastava, S.K.; Srivastava, R.K. Perception-Based Model for Analyzing the Impact of Enterprise Blockchain
Adoption on SCM in the Indian Service Industry. Int. J. Inf. Manag. 2020, 52, 102019. [CrossRef]

75. Shaikh, S.S.; Huaming, S.; Ameer, M.S. Synergistic Effect of TQM-SCM Initiatives in Organizational Performance: Evidence from
the Service (Logistics) Sector. Nankai Bus. Rev. Int. 2023, 15, 207–223. [CrossRef]

76. Barrar, H.; Ruiz-Benitez, R. Exploratory Study of the Impact of the Supply Chain on Integrated Product-Service Systems Design.
Bus. Process Manag. J. 2023, 29, 262–284. [CrossRef]

77. Qi, B.; Shen, Y.; Xu, T. An Artificial-Intelligence-Enabled Sustainable Supply Chain Model for B2C E-Commerce Business in the
International Trade. Technol. Forecast. Soc. Change 2023, 191, 122491. [CrossRef]

78. Vu, T.P.; Grant, D.B.; Menachof, D.A. Exploring Logistics Service Quality in Hai Phong, Vietnam. Asian J. Shipp. Logist. 2020,
36, 54–64.

https://doi.org/10.1108/SCM-01-2015-0026
https://doi.org/10.1080/14783363.2018.1552515
https://doi.org/10.1080/08956308.2006.11657367
https://doi.org/10.1108/02635571211238527
https://doi.org/10.1016/j.technovation.2007.10.007
https://doi.org/10.1016/j.technovation.2023.102857
https://doi.org/10.1016/j.frl.2024.105275
https://doi.org/10.7763/joebm.2015.v3.332
https://doi.org/10.5267/j.uscm.2023.9.008
https://doi.org/10.1108/IJQRM-11-2017-0228
https://doi.org/10.1108/17410401111111998
https://doi.org/10.1108/17542730910953022
https://doi.org/10.1155/2022/9679050
https://doi.org/10.1108/BPMJ-01-2018-0005
https://doi.org/10.1504/IJMOM.2014.063599
https://doi.org/10.1016/j.jom.2007.06.002
https://doi.org/10.1108/13598540610652546
https://doi.org/10.1504/IJTIS.2011.039622
https://doi.org/10.1080/00207543.2019.1634851
https://doi.org/10.1108/IJPDLM-03-2022-0062
https://doi.org/10.1016/j.ijinfomgt.2019.10.004
https://doi.org/10.1108/NBRI-11-2021-0081
https://doi.org/10.1108/BPMJ-08-2022-0374
https://doi.org/10.1016/j.techfore.2023.122491


Sustainability 2024, 16, 4901 20 of 21

79. Fu, W.; Zhao, X.; Wang, L. Supply Chain as a Service: Building Supply Chain Capability as a Business Model; CEIBS Working Paper No.
003/2020/POM/MAN/STR; China Europe International Business School (CEIBS): Shanghai, China, 2020.

80. Beske, P. Dynamic Capabilities and Sustainable Supply Chain Management. Int. J. Phys. Distrib. Logist. Manag. 2012, 42, 372–387.
[CrossRef]

81. Lotfi, Z.; Mukhtar, M.; Sahran, S.; Zadeh, A.T. Information Sharing in Supply Chain Management. Procedia Technol. 2013, 11,
298–304. [CrossRef]

82. Mentzer, J.T.; Dewitt, W.; Keebler, J.S.; Min, S.; Nix, N.W.; Smith, C.D.; Zacharia, Z.G. Defining Supply Chain Management. J. Bus.
Logist. 2001, 22, 1–25. [CrossRef]

83. Neto Wuli, R.; Puspita, V.A.; Taus, I. Analysis of Supply Chain Management Performance in the Community Coffee Production
System in Bajawa, Ngada Regency. J. Sos. Sci. 2023, 4, 11–18. [CrossRef]

84. Mukhsin, M.; Suryanto, T. The Effect of Information Sharing, Long-Term Relationships, Cooperation, and Integration Processes
on Supply Chain Performance. Cuad. Econ. 2023, 46, 104–114. [CrossRef]

85. Marcotte, F.; Grabot, B.; Affonso, R.; Marcotte, F.; Grabot, B.; Affonso, R. Cooperation Models for Supply Chain Man-Agement.
Int. J. Logist. Syst. Manag. 2008, 5, 123–153. [CrossRef]

86. Wankmüller, C.; Reiner, G. Coordination, Cooperation and Collaboration in Relief Supply Chain Management. J. Bus. Econ. 2020,
90, 239–276. [CrossRef]

87. Habib, M.A.; Balasubramanian, S.; Shukla, V.; Chitakunye, D.; Chanchaichujit, J. Practices and Performance Outcomes of Green
Supply Chain Management Initiatives in the Garment Industry. Manag. Environ. Qual. Int. J. 2022, 33, 882–912. [CrossRef]

88. Mulyaningsih; Hermina, T.; Akbar, G.G.; Ulumudin, A. Analysis of the Effect of Supplier-Company’s Long-Term Commitment,
Communication and Strategy on Supply Chain Performance in Manufacturing Sector. Uncertain Supply Chain Manag. 2021,
9, 513–520. [CrossRef]

89. Darnall, N.; Jolley, G.J.; Handfield, R. Environmental Management Systems and Green Supply Chain Management: Complements
for Sustainability? Bus. Strategy Environ. 2008, 17, 30–45. [CrossRef]

90. Younis, H.; Sundarakani, B. The Impact of Firm Size, Firm Age and Environmental Management Certification on the Relationship
between Green Supply Chain Practices and Corporate Performance. Benchmarking 2020, 27, 319–346. [CrossRef]

91. Johnstone, L. A Systematic Analysis of Environmental Management Systems in SMEs: Possible Research Directions from a
Management Accounting and Control Stance. J. Clean. Prod. 2020, 244, 118802. [CrossRef]

92. Jell-Ojobor, M.; Raha, A. Being Good at Being Good—The Mediating Role of an Environmental Management System in Value-
Creating Green Supply Chain Management Practices. Bus. Strategy Environ. 2022, 31, 1964–1984. [CrossRef]

93. Daddi, T.; Heras-Saizarbitoria, I.; Marrucci, L.; Rizzi, F.; Testa, F. The Effects of Green Supply Chain Management Capability on
the Internalisation of Environmental Management Systems and Organisation Performance. Corp. Soc. Responsib. Environ. Manag.
2021, 28, 1241–1253. [CrossRef]

94. Das, G.; Li, S.; Tunio, R.A.; Jamali, R.H.; Ullah, I.; Fernando, K.W.T.M. The Implementation of Green Supply Chain Management
(GSCM) and Environmental Management System (EMS) Practices and Its Impact on Market Competitiveness during COVID-19.
Environ. Sci. Pollut. Res. 2023, 30, 68387–68402. [CrossRef]

95. Al-Sheyadi, A.; Muyldermans, L.; Kauppi, K. The Complementarity of Green Supply Chain Management Practices and the
Impact on Environmental Performance. J. Environ. Manag. 2019, 242, 186–198. [CrossRef]

96. Zimon, D.; Madzik, P.; Sroufe, R. The Influence of ISO 9001 & ISO 14001 on Sustainable Supply Chain Management in the Textile
Industry. Sustainability 2020, 12, 4282. [CrossRef]

97. Muduli, K.; Luthra, S.; Kumar Mangla, S.; Jabbour, C.J.C.; Aich, S.; de Guimarães, J.C.F. Environmental Management and the
“Soft Side” of Organisations: Discovering the Most Relevant Behavioural Factors in Green Supply Chains. Bus. Strategy Environ.
2020, 29, 1647–1665. [CrossRef]

98. Rehman Khan, S.A.; Yu, Z. Environmental and Ethical Issues in SCM. In Strategic Supply Chain Management; Khan, S.A.R., Yu, Z.,
Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 233–248. ISBN 978-3-030-15058-7.

99. Saha, S.; Alrasheedi, A.F.; Khan, M.A.A.; Manna, A.K. Optimal Strategies for Green Investment, Sharing Contract and Advertise-
ment Effort in a Supply Chain Coordination Problem. Ain Shams Eng. J. 2024, 15, 102595. [CrossRef]

100. Zhou, Y.; Xu, L.; Shaikh, G.M. Evaluating and Prioritizing the Green Supply Chain Management Practices in Pakistan: Based on
Delphi and Fuzzy AHP Approach. Symmetry 2019, 11, 1346. [CrossRef]

101. Tseng, S.H.; Wee, H.M.; Song, P.S.; Jeng, S. Optimal Green Supply-Chain Model Design Considering Full Truckload. Kybernetes
2019, 48, 2150–2174. [CrossRef]

102. Khan, S.A.R.; Zhang, Y.; Kumar, A.; Zavadskas, E.; Streimikiene, D. Measuring the Impact of Renewable Energy, Public Health
Expenditure, Logistics, and Environmental Performance on Sustainable Economic Growth. Sustain. Dev. 2020, 28, 833–843. [CrossRef]

103. Nabeeh, N.A.; Abdel-Basset, M.; Soliman, G. A Model for Evaluating Green Credit Rating and Its Impact on Sustainability
Performance. J. Clean. Prod. 2021, 280, 124299. [CrossRef]

104. Khan, I.S. Effect of Disruptive Factors on Green Supply Chain Management. South Asian J. Soc. Rev. 2022, 1, 1–15. [CrossRef]
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