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1. Introduction
The automotive industry stands as one of the largest and most influential sectors in the globaleconomy. It plays a pivotal role in shaping economic growth, technological advancements, and em-ployment generation. However, the industry is also a significant contributor to environmental con-cerns, including carbon emissions, excessive resource consumption, and industrial waste generation.With the rising emphasis on sustainability and corporate responsibility, the selection of sustainablesuppliers has become an essential component of strategic decision-making within the automotivesector.In recent years, stringent environmental regulations, ethical labor practices, and growing con-sumer awareness have compelled automotive manufacturers to adopt sustainable practices acrosstheir supply chains. The supplier selection process in this industry has evolved to include more thanjust the conventional factors of cost, quality, and delivery speed. A comprehensive and sustainablesupplier selection approach should integrate environmental, social, and governance (ESG) factors toensure responsible and ethical production. Sustainable supplier selection not only helps in minimiz-ing the carbon footprint but also enhances resource optimization, cost efficiency, and corporate socialresponsibility initiatives.As the demand for electric and hybrid vehicles continues to rise, there is an increasing emphasis onusing environmentally friendly materials, adopting energy-efficient production methods, and ensuringsustainable waste management practices. Sustainable supplier selection should focus on procuringrenewable and recyclable materials, ensuring compliance with green manufacturing standards, andfostering collaborations with suppliers that prioritize energy conservation and ethical labor practices.Moreover, suppliers should be assessed based on their ability to adopt circular economy principles,which promote recycling, reusing, and reducing waste throughout the production cycle.To effectively achieve sustainability goals in supplier selection, the automotive sector needs toadopt Multi-Criteria Decision-Making (MCDM) techniques that assess suppliers using a clearly definedset of criteria. These criteria should include environmental sustainability metrics, social complianceindicators, and economic performance measures. However, given the intricate and multidimensionalcharacteristics of the decision-making process, depending on just one decision-maker can result inpartial judgments or less-than-optimal outcomes. Given the diverse factors involved in sustainablesupplier selection, input from multiple experts across various fields is necessary to ensure a com-prehensive and well-balanced evaluation. As a result, this problem falls under the domain of groupdecision-making, where collective expertise and consensus-driven methodologies are essential forachieving an optimal supplier selection strategy. Kolour, Momayezi and Momayezi [1] developed anintegrated MCDM model to enhance supplier selection in public manufacturing. Wang et al. [2] de-veloped an integrated DEMATEL-MARCOS model and applied it in sustainable food supplier selection.Mandal and Seikh [3] utilized the weighted distance-based approximation method to select supplierfor a textile manufacturing company.One of the key challenges in sustainable supplier selection for the automotive industry is the in-herent uncertainty, vagueness, and incompleteness of real-world data. Many critical sustainabilityfactors, such as environmental responsibility, ethical labor practices, and corporate social initiatives,are challenging to measure with exact numerical values. Additionally, expert assessments often relyon qualitative descriptions, such as “moderate durability” or “high environmental compliance,” whichintroduce subjectivity and ambiguity into the decision-making process. Furthermore, data inconsis-tencies and incomplete supplier reports further complicate the evaluation. To address these issues,fuzzy set theory [4] provides a valuable tool for modeling uncertainty and imprecise information. Arecent extension of this theory, known as p,q-QOFSs [5], offers an advanced framework for capturinghesitation and imprecision in expert opinions. In this approach, the membership degree (MD) and
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non-membership degree (NMD) are raised to the powers of p and q, respectively, ensuring that theirsum does not exceed one. The inclusion of the parameter p enhances the model’s ability to representincomplete information with greater flexibility and depth. Due to these advantages, p,q-QOFSs havebeen widely applied to various MCDM problems, demonstrating their effectiveness in handling com-plex and uncertain decision environments. Rahim et al. [6] developed cosine similarity and Euclideandistance measures for p,q-QOFSs and extended the TOPSIS model to address a company investmentproblem. Rahim et al. [7] developed an integrated decision-making model by combining COPRASand CRITIC methods under p,q-quasirung orthopar fuzzy environment, then apply this model to greensupplier selection. Alballa et al. [8] enhanced the CODAS approach to address multi-criteria groupdecision-making (MCGDM) challenges and utilized it to determine the optimal site for a retail store.Rahim et al. [9] proposed Dombi aggregation operators (AOs) within the p,q-ROF environment andintroduced an MCGDM model utilizing these operators. Rahim et al. [10] proposed Bonferroni meanAOs within the p,q-ROF environment and developed an MCDM model incorporating these operators,which was then applied to stock selection for investment. Ali and Naeem [11] developed p,q-QOFAczel–Alsina AOs for MCDM and applied them to evaluate the intensity of corruption. Arya and Pal[12] proposed an MCDM model using Jaccard and cosine similarity-driven AOs in an p,q-QOF environ-ment, demonstrating its application in assessing government medical facilities across different Indianstates.In the context of MCGDM, the process of aggregating information is essential, as it involves com-bining the evaluations of several decision-experts (DEs) regarding alternatives under multiple criteria.The effectiveness of decision-making largely depends on the method used to aggregate individualopinions, preferences, or evaluations into a collective outcome. In this context, AOs serve as powerfulmathematical tools designed to combine uncertain, imprecise, or fuzzy information in a systematic andmeaningful manner. Among the various approaches to developing AOs, t-norms (TN) and t-conorms(TCN) are widely employed due to their ability to model conjunction and disjunction operations, re-spectively. A particularly flexible and effective class of TNs and TCNs is the Dombi TN and TCN [13],which are parameter-dependent functions. Their flexibility allows DEs to adjust the parameter valuesto control the strictness or permissiveness of the aggregation process, making them highly adaptableto different decision-making scenarios. By varying the parameter, the Dombi TN can mimic traditionalTNs such as the minimum operator, product TN, or even more generalized forms, thus enhancing theversatility of the aggregation framework. Given their adaptability, Dombi-based AOs have been widelyutilized in MCGDM models to enhance the precision and dependability of decision outcomes in vari-ous fuzzy environments. Some notable applications include Dombi AOs in intuitionistic fuzzy settings[14], linguistic Pythagorean fuzzy environments [15], Fermatean fuzzy contexts [16], interval-valuedFermatean fuzzy frameworks [17], q-rung orthopair fuzzy (q-ROF) environments [18], interval-valuedspherical fuzzy environments [19], and hesitant fuzzy set environments [20], etc.Again, existing Dombi AOs in different fuzzy environments, though effective, overlook variations inDEs’ confidence levels (CLs), potentially leading to biased results. Their fixed mathematical formula-tions limit adaptability in uncertain decision settings. CL-based AOs address this by assigning greaterweight to reliable information, enhancing accuracy and robustness in MCGDM. By incorporating CLs,decisions better reflect the credibility of expert opinions. Recognizing these advantages, researchershave introduced CL-based AOs in various fuzzy environments to enhance decision-making reliabilityand effectiveness. Seikh and Chatterjee [21] developed CL-based AOs under an IVSF environment andapplied the MEREC-VIKOR approach for sustainable electric vehicle adoption. They also proposed CL-based Dombi AOs under the intuitionistic fuzzy framework and utilized them for the evaluation andselection of e-learning websites [22]. Chatterjee and Seikh [23] applied a CL-based decision-makingframework in a q-rung orthopair picture fuzzy environment for municipal solid waste management.Joshi and Gegov [24] introduced CL based AOs under the q-rung orthopair fuzzy environment. Mah-
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mood et al. [25] introduced CL based AOs within intuitionistic fuzzy rough sets for medical diagnosis.Lin et al. [26] investigated cost and profit evaluation by applying AOs on spherical fuzzy sets, incorpo-rating CLs. Punetha and Komal [27] developed confidence picture fuzzy hybrid AOs for MCGDM. Khan
et al. [28] introduced bipolar complex fuzzy AOs for decision-making.The above analysis highlights the following gaps in the existing research:

• Existing fuzzy set-based approaches face challenges in effectively capturing hesitation and im-precise expert opinions in sustainable supplier selection. While the recently developed p,q-QROFSs offer greater flexibility in handling uncertainty, their application in this domain remainslargely unexplored.
• In MCGDM, most AOs treat all expert opinions equally, failing to account for variations in reli-ability. This uniform treatment can introduce biases in decision-making, emphasizing the needfor CL-based aggregation methods within the p,q-QOF framework.
• Although Dombi AOs offer flexible information fusion capabilities, their integration with p,q-QROFSs has not been thoroughly investigated. Exploring these operators can enhance the ac-curacy and robustness of decision-making processes in uncertain environments.
The motivation of the study is given as follows:
• The automotive industry is increasingly prioritizing sustainable procurement strategies that alignwith environmental, social, and economic goals. Selecting a sustainable supplier requires adecision-making framework that integrates multiple criteria while addressing uncertainty in ex-pert evaluations.
• Conventional decision-making methods frequently face challenges in managing uncertain andimprecise information, which can result in inconsistencies during supplier assessment. A robustmodel incorporating advanced fuzzy logic and aggregation techniques is essential for ensuringmore reliable and well-informed decisions.
• The p,q-QOFS offers a highly adaptable framework for handling uncertain and imprecise infor-mation, making it well-suited for addressing complex decision-making problems.
• Existing Dombi AOs do not consider the CLs of DEs, which are crucial for refining decision accu-racy. This research introduces CL-based Dombi AOs under p,q-QOFS, improving the reliability ofinformation fusion in MCGDM.
The important contributions to this study are listed below.
• This study introduces Dombi weighted averaging and geometric AOs under p,q-QOFSs. Theseoperators incorporate CLs, ensuring expert reliability influences decision-making outcomes.
• An improved MCGDM model using CL-based Dombi AOs under p,q-QOFSs is developed. It en-hances decision accuracy by addressing uncertainty and varying CLs in expert evaluations.
• The proposed model is applied to evaluating and selecting sustainable suppliers in the automo-tive industry, ensuring more reliable and data-driven procurement decisions.
• A comparative study with existing methods highlights the superiority of the proposed approach.Sensitivity analysis confirms its robustness by assessing stability under varying parameter values.

288



Decision Making AdvancesVolume 3, Issue 1 (2025) 285-309
The structure of this study is outlined as follows: Section 2 outlines the essential preliminaries. Section3 describes the development of CL-based Dombi AOs for p,q-QOFSs and discusses their fundamentalproperties. Section 4 explains the MCGDM framework that incorporates the proposed Dombi AOswithin the context of p,q-QOFSs. In Section 5, the effectiveness of the proposed approach is illustratedthrough a real-world example focusing on sustainable supplier selection in the automotive industry.Lastly, Section 6 summarizes the findings and highlights the study’s limitations along with suggestionsfor future research.
2. Preliminaries

This section presents essential definitions and preliminary concepts. In the entire paper, the uni-versal set is denoted by X.

Definition 2.1 [5] For two positive integers p and q, a p,q-QOFS β defined onX can be expressed as

β = {⟨c,Mβ(c), Nβ(c)⟩|c ∈ X}

where Mβ : X −→ [0, 1] and Nβ : X −→ [0, 1] represents the MD and NMD of c ∈ X. These
functions satisfy the condition (Mβ(c))

p + (Nβ(c))
q ≤ 1. For convenience, the pair β = (Mβ, Nβ) is

referred to as a p,q-QOF number (p,q-QOFN).

Definition 2.2 [5] Let β = (Mβ, Nβ), β1 = (Mβ1 , Nβ1) and β2 = (Mβ2 , Nβ2) be the p,q-QOFNs and
ξ > 0. Then

1. β1

⊕
β2 =

(
p
√
(Mβ1)

p + (Mβ2)
p − (Mβ1)

p(Mβ2)
p, Nβ1Nβ2

)
;

2. β1

⊗
β2 =

(
Mβ1Mβ2 ,

q
√

(Nβ1)
q + (Nβ2)

q − (Nβ1)
q(Nβ2)

q
)
;

3. βξ =
(
(Mβ)

ξ, q
√

1− (1− (Nβ)q)ξ
)
;

4. ξβ =
(

p
√

1− (1− (Mβ)p)ξ, (Nβ)
ξ
)
.

Definition 2.3 [5] The score function Φ and the accuracy function Ψ for the p,q-QOFN β = (Mβ, Nβ)
are defined as

Φ(β) =
1 + (Mβ)

p − (Nβ)
q

2
(1)

Ψ(β) = (Mβ)
p + (Nβ)

q (2)
where 0 ≤ Φ(β) ≤ 1 and 0 ≤ Ψ(β) ≤ 1.

Let β1 = (Mβ1 , Nβ1) and β2 = (Mβ2 , Nβ2) be two p,q-QOFNs, then

• β1 ≻ β2 if Φ(β1) > Φ(β2);

• β2 ≻ β1 if Φ(β1) < Φ(β2);

• If Φ(β1) = Φ(β2), then

– β1 ≻ β2 ifΨ(β1) > Ψ(β2);

– β2 ≻ β1 ifΨ(β1) < Ψ(β2);
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– β1 ∼ β2 ifΨ(β1) = Ψ(β2).

Definition 2.4 [13] For any two real numbers r and s, DTN (TD) and DTCN (SD) are defined as

TD(r, s) =
1

1 + [(1−r
r
)η + (1−s

s
)η]

1
η

and SD(r, s) = 1− 1

1 + [( r
1−r

)η + ( s
1−s

)η]
1
η

where η > 0 is the adjustable operational parameter of the Dombi functions, and both r and s are
elements of the interval [0, 1].

Definition 2.5 [9] Let β = (Mβ, Nβ), β1 = (Mβ1 , Nβ1) and β2 = (Mβ2 , Nβ2) be three p,q-QOFNs and
ξ > 0. Then Dombi operation within p,q-QOFNs are defined as follows.

1. β1

⊕
β2 =

(
p

√
1− 1

1+{
(

(Mβ1
)p

1−(Mβ1
)p

)η
+
(

(Mβ2
)p

1−(Mβ2
)p

)η
}
1
η
, q

√
1

1+{
(

1−(Nβ1
)q

(Nβ1
)q

)η
+(

1−(Nβ2
)q

(Nβ2
)q

)η
}
1
η

)
.

2. β1

⊗
β2 =

(
p

√
1

1+{
(

1−(Mβ1
)p

(Mβ1
)p

)η
+(

1−(Mβ2
)p

(Mβ2
)p

)η
}
1
η
, q

√
1− 1

1+{
(

(Nβ1
)q

1−(Nβ1
)q

)η
+
(

(Nβ2
)q

1−(Nβ2
)q

)η
}
1
η

)
.

3. ξβ =
(

p

√
1− 1

1+{ξ
(

(Mβ)p

1−(Mβ)p

)η
}
1
η
, q

√
1

1+{ξ
(

1−(Nβ)q

(Nβ)q

)η
}
1
η

)
.

4. βξ =
(

p

√
1

1+{ξ
(

1−(Mβ)p

(Mβ)p

)η
}
1
η
, q

√
1− 1

1+{ξ
(

(Nβ)q

1−(Nβ)q

)η
}
1
η

)
.

Definition 2.6 [9] The aggregated result of the p,q-QOFNs βk = (Mβk
, Nβk

)(k = 1, 2, . . . , n) using
the p,q-QOF Dombi weighted averaging (p,q-QOFDWA) and p,q-QOF Dombi weighted geometric (p,q-
QOFDWG) operators are given as follws:

p, q −QOFDWA(β1, β2, . . . , βn) =

(
p

√√√√1− 1

1 +
∑n

k=1{ξk(
(Mβk

)p

1−(Mβk
)p
)η}

1
η

, q

√√√√ 1

1 +
∑n

k=1{ξk(
1−(Nβk

)q

(Nβk
)q

)η}
1
η

)

p, q −QOFDWG(β1, β2, . . . , βn) =

(
p

√√√√ 1

1 +
∑n

k=1{ξk(
1−(Mβk

)p

(Mβk
)p

)η}
1
η

, q

√√√√1− 1

1 +
∑n

k=1{ξk(
(Nβk

)q

1−(Nβk
)q
)η}

1
η

)
.

Here, ξk be the weight of βk satisfying the conditions ξk>0 and
∑n

k=1ξk = 1.

Definition 2.7 [29] The aggregated result of the p,q-QOFNs βk = (Mβk
, Nβk

)(k = 1, 2, . . . , n) using
the p,q-QOF weighted averaging (p,q-QOFWA) operator is given as follws:

p, q −QOFWA(β1, β2, . . . , βn) =

(
p

√√√√1−
n∏

k=1

(1−Mp
βk
)ξk ,

n∏
k=1

(Nβk
)ξk

)
. (3)

Here, ξk be the weight of βk satisfying the conditions ξk>0 and
∑n

k=1ξk = 1.
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3. CL-based Dombi AOs for p,q-QOFSs
This section introduces the formulation of Dombi AOs in the p,q-QOF framework, integrating theconcept of CLs.

Definition 3.1 The aggregated value of the p,q-QOFNs βk = (Mβk
, Nβk

)(k = 1, 2 . . . , n) using the
CL based p,q-QOF Dombi weighted averaging/geometric (CLp,q-QOFDWA/CLp,q-QOFDWG) AOs are
given by

CLp, q −QOFDWA(β1, β2, . . . , βn) =
n⊕

k=1

(ξklk)βk.

CLp, q −QOFDWG(β1, β2, . . . , βn) =
n⊗

k=1

(βk)
ξklk .

where lk(0 ≤ lk ≤ 1) be the confidence level βi, and ξi’s are given in Definition 2.6.

Theorem 3.1 If βk = (Mβk
, Nβk

)(k = 1, 2 . . . , n) be a collection of p,q-QOFNs and lk be the CL of βk

then the aggregated value using CLp,q-QOFDWA (CLp,q-QOFDWG) operators are given by

CLp, q −QOFDWA(β1, β2, . . . , βn) =

(
p

√√√√√1− 1

1 + [
n∑

k=1

{lkξk(
(Mβk

)p

1−(Mβk
)p )

η}]
1
η

,
q

√√√√√ 1

1 + [
n∑

k=1

{lkξk(
1−(Nβk

)q

(Nβk
)q )η}]

1
η

)

CLp, q −QOFDWG(β1, β2, . . . , βn) =

(
p

√√√√√ 1

1 + [
n∑

k=1

{lkξk(
1−(Mβk

)p

(Mβk
)p )η}]

1
η

,
q

√√√√√1− 1

1 + [
n∑

k=1

{lkξk(
(Nβk

)q

1−(Nβk
)q )

η}]
1
η

)
.

Proof: For two p,q-QOFNs β1 and β2, we have
CLp, q −QOFDWA(β1, β2) =

2⊕
k=1

(ξklk)βk =(
p

√
1− 1

1+{ξ1l1
(

(Mβ1
)p

1−(Mβ1
)p

)η
}
1
η
, q

√
1

1+{ξ1l1
(

1−(Nβ1
)q

(Nβ1
)q

)η
}
1
η

)
⊕(

p

√
1− 1

1+{ξ2l2
(

(Mβ2
)p

1−(Mβ2
)p

)η
}
1
η
, q

√
1

1+{ξ2l2
(

1−(Nβ2
)q

(Nβ2
)q

)η
}
1
η

)
=

(
p

√
1− 1

1+

(
ξ1l1

(
(Mβ1

)p

1−(Mβ1
)p

)η
+ξ2l2

(
(Mβ2

)p

1−(Mβ2
)p

)η) 1
η
,

q

√
1

1+

(
ξ1l1

(
1−(Nβ1

)q

(Nβ1
)q

)η
+ξ2l2

(
1−(Nβ2

)q

(Nβ2
)q

)η) 1
η

)

=

(
p

√
1− 1

1+
2∑

k=1

{lkξk(
(Mβk

)p

1−(Mβk
)p

)η}
1
η

,
q

√
1

1+
2∑

k=1

{lkξk(
1−(Nβk

)q

(Nβk
)q

)η}
1
η

)
.

Hence, the theorem holds true for the case when k = 2.Now, suppose that the statement is true for k = m, where m is an arbitrary natural number.
Thus,CLp, q−QOFDWA(β1, β2, . . . , βm) =

(
p

√
1− 1

1+[
m∑

k=1
{lkξk(

(Mβk
)p

1−(Mβk
)p

)η}]
1
η
,

q

√
1

1+[
m∑

k=1
{lkξk(

1−(Nβk
)q

(Nβk
)q

)η}]
1
η

)
.

Now,
CLp, q −QOFDWA(β1, β2, . . . , βm, βm+1) =

m+1⊕
k=1

(ξklk)βk =
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p

√
1− 1

1+[
m∑

k=1
{lkξk(

(Mβk
)p

1−(Mβk
)p

)η}]
1
η
,

q

√
1

1+[
m∑

k=1
{lkξk(

1−(Nβk
)q

(Nβk
)q

)η}]
1
η

)
⊕(

p

√
1− 1

1+{ξm+1lm+1

( (Mβm+1
)p

1−(Mβm+1
)p

)η
}
1
η
,

q

√
1

1+{ξm+1lm+1

( 1−(Nβm+1
)q

(Nβm+1
)q

)η
}
1
η

)
=

(
p

√
1− 1

1+
( m∑
k=1

lkξk(
(Mβk

)p

1−(Mβk
)p

)η+lm+1ξm+1(
(Mβm+1

)p

1−(Mβm+1
)p

)η
) 1

η
,

q

√
1

1+
( m∑
k=1

lkξk(
1−(Nβk

)q

(Nβk
)q

)η+lm+1ξm+1(
1−(Nβm+1

)q

(Nβm+1
)q

)η
) 1

η

)

=

(
p

√
1− 1

1+
m+1∑
k=1

{lkξk(
(Mβk

)p

1−(Mβk
)p

)η}
1
η

,
q

√
1

1+
m+1∑
k=1

{lkξk(
1−(Nβk

)q

(Nβk
)q

)η}
1
η

)
.

Thus, if the theorem holds for k = m, it must also hold for k = m + 1. Hence, by applying theprinciple of mathematical induction, the theorem is proven to hold true for all k.Similarly, the aggregated result obtained through the CLp,q-QOFDWG operator can be derivedfollowing the same approach.Subsequently, we present several desirable properties of the proposed CLp,q-QOFDWA and CLp,q-QOFDWG operators.
Property 3.1 If all the p,q-QOFNs βi = (Mβi

, Nβi
), (i = 1, 2, . . . , n) are equal to β = (Mβ, Nβ), then

CLp, q −QOFDWA(β1, β2, . . . , βn) = I and CLp, q −QOFDWG(β1, β2, . . . , βn)) = I.

Property 3.2 Consider a set of p,q-QOFNs denoted by βi = (Mβi
, Nβi

)(i = 1, 2, . . . , n), each associ-
ated with a confidence level li(0 ≤ li ≤ 1). Let, β− = mini{βi} and β+ = maxi{βi}. Then,

β− ≤ CLp, q −QOFDWA(β1, β2, . . . , βn) ≤ β+

β− ≤ CLp, q −QOFDWG(β1, β2, . . . , βn) ≤ β+

wheremin{βi} = (min(Mβi
),max(Nβi

)), max{βi} = (max(Mβi
),min(Nβi

)),∀i.

Property 3.3 Let {βi|i = 1(1)n} and {β∗
i |i = 1(1)n} be two families of p,q-QOFNs such that βi ⪯ βi

∗

then CLp, q − QOFDWA(β1, β2, . . . , βn) ≤ CLp, q − QOFDWA(β∗
1 , β

∗
2 , . . . , β

∗
n) and CLp, q −

QOFDWG(β1, β2, . . . , βn) ≤ CLp, q −QOFDWG(β∗
1 , β

∗
2 , . . . , β

∗
n).

4. MCGDMModel using the Proposed Operators
In this section, we develop a MCGDM model using the proposed CLp,q-QOFDWA and CLp,q-QOFDWGoperators.This approach involves three key stages. The first step consists in collecting data from multiple ex-perts for each available alternative related to the attributes, which is organized into matrices. The nextphase involves combining the decision matrices gathered from various experts. Finally, alternativesare evaluated and prioritized according to the score values derived from the aggregated data.Consider the set {K1, K2, . . . , Km} representing m alternatives and the set {R1, R2, . . . , Rn}representing n criteria. The weights corresponding to these criteria are denoted as ξ1, ξ2, . . . , ξn,

which fulfill the conditions n∑
k=1

ξk = 1 and 0 ≤ ξk ≤ 1 for each n. Let us consider a group of
i experts, D1, D2, . . . , Di, who evaluate a set of alternatives based on multiple criteria. Using thep,q-QOFN, each expert assesses each alternative and provides their evaluations in the form of p,q-QOFNs as, γr

cd = (M r
βcd

, N r
βcd

), where c = 1, 2, . . . ,m; d = 1, 2, . . . , n and r = 1, 2, . . . , k, and
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(M r

βcd
)p + (N r

βcd
)q ≤ 1. The experts also specify the extent of their familiarity with the given alter-natives by assigning confidence levels lkcd, where 0 ≤ lkcd ≤ 1, thereby incorporating the notion ofconfidence into the evaluation process. Also assume that experts weights are α1, α2, . . . , αi, where

0 ≤ αr ≤ 1 and i∑
r=1

αr = 1.

The proposed MCGDM framework, which uses CLp,q-QOFDWA and CLp,q-QOFDWG AOs, followsthese steps.
Step 1. Identify the problem, select the experts along with their confidence levels, and define thealternatives and criteria associated with the given problem.
Step 2. The weight of each decision expert is computed using Eq. (4). Let αr denote the weight of the

rth expert, then
αr =

yr
i∑

r=1

yr

, (4)

where yr represents the number of years of experience of the rth expert.
Step 3. Computation of criteria weights using the AHP method [30]. The computaion procedure com-prised of the following steps:

Step 3.1. Construct the pairwise comparison matrix by comparing each criteria with the othersusing the scale of importance presented in Table 1. Let R = (rab)n×n be the pairwisecomparison matrix.
Table 1AHP relative importance scale

Scale Value Explanation

1 Criteria are equally important3 One criterion is moderately more important than the other5 One criterion is strongly more important7 One criterion is very strongly more important9 One criterion is extremely more important2,4,6,8 Intermediate values
Step 3.2. Normalize the pairwise comparison matrix using Eq. (5). Let R′ = (r′ab)n×n be thenormalized pairwise comparison matrix, where

r′ab =
rab
n∑

a=1

rab

. (5)

Step 3.3. Compute the final weights of the criteria using Eq. (6). Let ξa be the weight of the
kth criteria. Then
ξa =

1

n

n∑
b=1

r′ab. (6)
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Step 4. Gather the decision matrices expressed in linguistic variables (LVs) together with their level ofconfidence. Then, Transform the LVs assigned by the decision experts (DEs) into p,q-QOFNsusing the predefined linguistic scale presented in Table 2. This scale is constructed based onthe semantics and relative strength of each linguistic term, where each LV is mapped to ap,q-QOFN of the form (µ, ν), where µ and ν denote the membership and non-membershipdegrees respectively, satisfying the condition µp + νq ≤ 1 for the chosen values of p and q.This results in the p,q-QOF decision matrix with their level of confidence Mr = ⟨γr

cd, l
r
cd⟩m×nfor r = 1, 2, . . . , i, where c = 1, 2, . . . ,m and d = 1, 2, . . . , n.

Table 2DEs’ confidence level for each attribute
LVs p,q-QOFNs

Very Bad (VB) (0.10,0.98)Bad (B) (0.25,0.75)Medium (M) (0.45,0.55)Good(G) (0.75,0.25)Very Good (VB) (0.98,0.10)
In Table 2, a VB evaluation implies high uncertainty and very low satisfaction, which is reflectedby assigning a low membership degree and a high non-membership degree, such as (0.20,0.98). Similarly, ‘B’ indicates dissatisfaction with slightly more positivity than VB, representedby (0.50, 0.96), ‘M’ shows neutrality or hesitation, ‘G’ implies a high level of agreement, and‘VG’ represents strong satisfaction.

Step 5. Determine the aggregated decision matrix by applying the CLs and weights of the decision ex-perts, utilizing the CLp,q-QOFDWA (or CLp,q-QOFDWG) AO given in Definition 3.1. Consider theaggregated decision matrix M = (γcd)m×n, where each element is given by γcd = (Mβcd
, Nβcd

)and calculated using Eq. (7).

γcd = (Mβcd
, Nβcd

) =

(
p

√√√√√1− 1

1 + [
i∑

r=1
{lrcdαr(

(Mr
βcd

)p

1−(Mr
βcd

)p )
η}]

1
η

,
q

√√√√√ 1

1 + [
i∑

r=1
{lrcdαr(

1−(Nr
βcd

)q

(Nr
βcd

)q )η}]
1
η

)
. (7)

Step 6. Compute the combined value for each alternative using the p,q-QOFWA operator as definedin Definition 2.7. Then, aggregate the overall value of each alternative, denoted as ρc, usingEq. (8).
ρc =

(
p

√√√√1−
n∏

d=1

(1−Mp
βcd

)ξd ,
n∏

d=1

(Nβcd
)ξd

)
. (8)

Step 7. Determine the score value Φ(ρc)(c = 1(1)m) utilizing Eq. (1) for each combined value ρc.

Step 8. If a particular alternative achieves the highest score among all options, it is considered themost preferred choice. Thus, alternative Kc deemed the best if Φ(αc) = max
1≤s≤m

{Φ(αs)}.
However, if no unique alternative holds the highest score, proceed to the next step.

Step 9. In cases where multiple alternatives attain the same score, Eq. (2) should be used to calculatethe accuracy function Ψ for these alternatives. Then:
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• If several alternatives share the highest score, the final selection is based on the one withthe maximum Ψ−functional value.
• If multiple alternatives also have identical functional values, any of them can be regardedas an acceptable choice.

Figure 1 illustrates the step of the proposed MCGDM approach.

Fig. 1. Framework of the proposed model

5. Sustainable Supplier Selection in the Automotive Industry
Sustainable supplier selection is a crucial process in the automotive industry, as it directly impactsenvironmental responsibility, economic efficiency, and social welfare. Automotive companies are in-creasingly expected to go beyond traditional cost and quality considerations by incorporating sustain-
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ability into their supplier evaluation and selection processes. This ensures long-term value creationfor businesses, enhances brand reputation, and contributes to global sustainability goals.To make informed decisions, automotive companies need to evaluate suppliers based on multiplesustainability criteria. These criteria generally span environmental, economic, and social dimensions,each playing a significant role in responsible supply chain management. However, selecting the mostappropriate supplier is a complex task due to conflicting objectives, uncertainty in data, and subjectiveexpert judgments. To overcome these challenges, researchers and practitioners have developed avariety of advanced decision-making models.
5.1 Review of Decision-Making Models for Supplier Selection in the Automotive In-
dustry

In response to the growing complexity of supplier selection decisions, the literature presents sev-eralMCDM models that integrate fuzzy logic, and hybrid approaches. These models aim to handleimprecise information and balance multiple sustainability dimensions effectively.For instance, Tronnebati et al. [31] developed a comprehensive decision-making framework thatintegrates AHP, TOPSIS, and WASPAS techniques within a fuzzy environment. They effectively utilizedthis approach to address the problem of selecting green suppliers in Morocco’s automotive sector.Kara et al. [32] developed a MCDM model based on Dempster-Shafer theory to select green supplierin the automotive industry. Bas [33] proposed a combined decision-making framework that mergesthe AHP and TOPSIS techniques under an interval type-2 fuzzy environment. This integrated approachwas effectively utilized to address green supplier selection in the automotive sector. Gergin et al.[34] proposed a combined decision-making approach integrating DEMATEL and TOPSIS techniquesunder an intuitionistic fuzzy setting to facilitate supplier selection in the automotive sector. Bah andTulkinov [35] integrated the ordinal priority approach with the TOPSIS method to develop a decision-making model, which they applied for the evaluation of automotive parts suppliers. Dweiri et al. [36]demonstrated the application of AHP-based MCDM frameworks through a case study in the Pakistaniautomotive sector. Dang et al. [37] developed a two-stage MCDM framework that combines AHP andCOPRAS techniques within a spherical fuzzy environment to effectively address supplier selection inthe Vietnamese automobile industry.Although these models have significantly advanced supplier evaluation methods, most existingapproaches do not incorporate the CL of DEs, which can play a vital role in reflecting the reliabilityof expert judgments. Practical decision-making scenarios require not only sophisticated mathemati-cal models but also clear problem formulation and expert-driven analysis that account for real-worldconstraints, varying expertise, and the certainty associated with expert evaluations. Therefore, thisstudy builds upon previous models by integrating CLs into the decision-making process, involving ex-pert judgment along with realistic supplier profiles. This integration demonstrates a more structuredand reliable approach for sustainable supplier selection.
5.2 Problem Statement

In this study, three DEs D1, D2 and D3 are engaged to evaluate five potential suppliers based onkey sustainability criteria. Each expert brings a distinct background and area of expertise to ensure abalanced and informed evaluation. ExpertD1 has 15 years of experience in supply chain management,specializing in sustainable procurement. Expert D2 has 12 years of experience in environmental com-pliance, focusing on carbon footprint reduction. Expert D3 has 10 years of experience in corporatesocial responsibility, with an emphasis on labor rights and ethical procurement.The five suppliers considered in this evaluation are Supplier K1, a well-established supplier with
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strong environmental policies but higher costs; Supplier K2, a cost-effective supplier with moderatesustainability practices; Supplier K3, a new supplier with innovative green technologies but limitedoperational history; Supplier K4, a regional supplier with reliable delivery performance and averageenvironmental compliance; and Supplier K5, a global supplier offering a wide product range withvariable sustainability records across locations. The DEs will evaluate these suppliers based on threesustainability criteria: environmental, economic, and social.The environmental criteria include:

• Carbon emissions (tons per year) (R1) [38]: This criterion measures the total greenhouse gasemissions generated by the supplier’s manufacturing and logistics processes. Lower emissionlevels indicate a more environmentally conscious supplier, reducing its contribution to globalclimate change. The automotive industry is known for significant CO2 emissions, making thismetric crucial for assessing environmental responsibility. Suppliers that adopt cleaner technolo-gies, electric vehicles for transportation, and green energy sources such as solar or wind powerare rated more favorably. Additionally, consistent monitoring and reporting of emissions showa proactive approach toward environmental regulations and sustainability goals.
• Waste management (R2) [38, 39]: This criterion evaluates the percentage of waste materialsthat are recycled or disposed of through environmentally responsible methods. A higher re-cycling efficiency indicates stronger sustainability efforts by reducing landfill dependency andfostering a circular economy. Suppliers with robust waste management policies demonstratea commitment to environmental stewardship and regulatory compliance. Moreover, effectivewaste utilization in production processes can lead to reduced material costs, improved opera-tional efficiency, and a positive brand image in environmentally conscious markets.
• Energy consumption (kWh/unit produced) (R3) [38]: This criterion measures the total energyconsumption per unit of product manufactured. Lower energy consumption per unit indicateshigher energy efficiency and contributes to a reduced carbon footprint. Suppliers that invest inrenewable energy sources, such as solar or wind power, are evaluated more favorably. Addition-ally, continuous improvements in energy-efficient technologies can enhance competitiveness,reduce operational expenses, and align with global sustainability goals, making such suppliersmore attractive for long-term partnerships.

The economic criteria include:
• Cost competitiveness (R4) [38, 40]: This criterion evaluates the supplier’s pricing structure incomparison to industry standards. A competitive cost, without compromising product quality,is essential for sustainable financial performance and overall business growth. Lower procure-ment costs enable companies to remain profitable while maintaining affordability for end cus-tomers. Additionally, suppliers who offer stable, transparent, and reasonable pricing structurescontribute to financial predictability and effective budget planning. Establishing partnershipswith such suppliers ensures a reliable, long-term business relationship and supports strategicdecision-making for future investments.
• Financial stability (R5) [38, 40]: A financially stable supplier ensures reliability and minimal riskof business failure or supply chain disruptions. Higher credit ratings indicate a stronger finan-cial position and the ability to fulfill long-term contracts. Suppliers with better financial healthare more likely to invest in sustainability initiatives. Evaluating financial reports and industrybenchmarks helps in assessing their fiscal responsibility. Additionally, financial stability reflectsthe supplier’s ability to adapt to market fluctuations and unforeseen challenges without com-promising performance.
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• Delivery performance (on-time delivery rate %) (R6) [38, 40]: This criterion measures the sup-plier’s ability to meet delivery deadlines consistently. A high on-time delivery rate ensuressmooth production planning and avoids supply chain delays. Suppliers with robust logistics andinventory management systems score higher in this metric. Efficient delivery performance re-duces inventory holding costs and production halts. Moreover, it reflects the supplier’s relia-bility and commitment, which directly impacts the overall operational efficiency and customersatisfaction.

The social criteria include:
• Labor conditions (worker satisfaction index) (R7) [38, 40]: This assesses worker satisfactionbased on fair wages, workplace safety, and labor policies. Companies with better working con-ditions retain skilled employees and maintain higher productivity. Suppliers adhering to interna-tional labor laws and ethical employment practices rank higher. Satisfied workers contribute to ahealthier work environment and lower turnover rates. Moreover, a positive labor environmentenhances the company’s reputation and fosters long-term business sustainability.
• Corporate social responsibility (CSR) activities (R8) [38, 40]: This measures the supplier’s in-vestment in community development and social welfare initiatives. Companies actively engag-ing in CSR contribute to local economic development and environmental conservation. HigherCSR investment indicates a commitment to ethical business practices and corporate sustainabil-ity. Suppliers with social responsibility programs tend to have a positive brand reputation andstronger stakeholder relationships.

The hierarchy of the selection of sustainable suppliers is presented in Figure 2.
5.3 Solution Procedure

Step 1. In this decision-making problem, five alternatives (K1, K2, . . . , K5) are evaluated based oneight criteria (R1, R2, . . . , R8). The evaluation is carried out by three decision experts (D1, D2,
D3), possessing 15, 12, and 10 years of experience, respectively.

Step 2. The weights of the decision experts based on their years of experience are calculated usingEq. (4) as follows: α1 =
15
37

= 0.406, α2 =
12
37

= 0.324, α3 =
10
37

= 0.270.

Step 3. Computation of experts weights using AHP method. Here we compute the experts weightsusing the following steps.
Step 3.1. Using the scale of importance provided in Table 1, the pairwise comparison matrixfor the eight criteria R1, R2, . . . , R8 is presented in Table 3.
Step 3.2. The normalized pairwise comparison matrix, computed using Eq. (5), is presented inTable 4.
Step 3.3. Using Eq. (6), the normalized weights of the eight criteria R1, R2, . . . , R8 are ob-tained as

ξ1 = 0.328, ξ2 = 0.220, ξ3 = 0.156, ξ4 = 0.105, ξ5 = 0.072, ξ6 = 0.049, ξ7 =
0.041, ξ8 = 0.029.

Step 4. The decision matrices, expressed in linguistic variables is presented in Table 5. The p,q-QOFdecision matrix (as per Table 2) with their level of confidence is presented in Table 6.
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Fig. 2. Hierarchy for sustainable supplier selection

Table 3Pairwise comparison matrix
R1 R2 R3 R4 R5 R6 R7 R8

R1 1 3 2 4 5 6 6 7R2 1/3 1 1/2 2 3 4 4 5R3 1/2 2 1 3 3 5 5 6R4 1/4 1/2 1/3 1 2 3 3 4R5 1/5 1/3 1/3 1/2 1 2 2 3R6 1/6 1/4 1/5 1/3 1/2 1 2 2R7 1/6 1/4 1/5 1/3 1/2 1/2 1 2R8 1/7 1/5 1/6 1/4 1/3 1/2 1/2 1
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Table 4Normalized pairwise comparison matrix
R1 R2 R3 R4 R5 R6 R7 R8

R1 0.276 0.397 0.360 0.350 0.326 0.273 0.255 0.233R2 0.092 0.132 0.090 0.175 0.196 0.182 0.170 0.167R3 0.138 0.265 0.180 0.263 0.196 0.227 0.213 0.200R4 0.069 0.066 0.060 0.088 0.130 0.136 0.128 0.133R5 0.055 0.044 0.060 0.044 0.065 0.091 0.085 0.100R6 0.046 0.033 0.036 0.029 0.033 0.045 0.085 0.067R7 0.046 0.033 0.036 0.029 0.033 0.023 0.043 0.067R8 0.039 0.026 0.030 0.022 0.022 0.023 0.021 0.033

Table 5The decision matrices given in LVs
DEs Alternatives Sub criteria

R1 R2 R3 R4 R5 R6 R7 R8

D1
K1 B M VB M B G VG B
K2 M VB M G VG B G G
K3 G G VG M M VB M B
K4 VG B M VG G G M VB
K5 B M G B M VG G M

D2
K1 G G B M M M M VG
K2 M VB M G VG B G G
K3 G VG M M VB B G VG
K4 B M G VG M VG B G
K5 VG G M B VB G M M

D3
K1 B M M G VG G B M
K2 G VG G G VG M M B
K3 M G B M G B M VG
K4 M B VG M G G B VG
K5 VG VG M G B M VG B

Table 6Decision matrix using p,q-QOFNs with confidence levels
DEs Alternatives Sub criteria

R1 R2 R3 R4 R5 R6 R7 R8

D1
K1 ⟨(0.25, 0.75), 0.90⟩ ⟨(0.45, 0.55), 0.85⟩ ⟨(0.10, 0.98), 0.88⟩ ⟨(0.45, 0.55), 0.80⟩ ⟨(0.25, 0.75), 0.92⟩ ⟨(0.75, 0.25), 0.83⟩ ⟨(0.98, 0.10), 0.87⟩ ⟨(0.25, 0.75), 0.84⟩
K2 ⟨(0.45, 0.55), 0.89⟩ ⟨(0.10, 0.98), 0.86⟩ ⟨(0.45, 0.55), 0.91⟩ ⟨(0.75, 0.25), 0.82⟩ ⟨(0.98, 0.10), 0.90⟩ ⟨(0.25, 0.75), 0.85⟩ ⟨(0.75, 0.25), 0.87⟩ ⟨(0.75, 0.25), 0.83⟩
K3 ⟨(0.75, 0.25), 0.88⟩ ⟨(0.75, 0.25), 0.87⟩ ⟨(0.98, 0.10), 0.91⟩ ⟨(0.45, 0.55), 0.84⟩ ⟨(0.45, 0.55), 0.80⟩ ⟨(0.10, 0.98), 0.89⟩ ⟨(0.45, 0.55), 0.86⟩ ⟨(0.25, 0.75), 0.83⟩
K4 ⟨(0.98, 0.10), 0.92⟩ ⟨(0.25, 0.75), 0.85⟩ ⟨(0.45, 0.55), 0.90⟩ ⟨(0.98, 0.10), 0.89⟩ ⟨(0.75, 0.25), 0.88⟩ ⟨(0.75, 0.25), 0.84⟩ ⟨(0.45, 0.55), 0.83⟩ ⟨(0.10, 0.98), 0.87⟩
K5 ⟨(0.25, 0.75), 0.90⟩ ⟨(0.45, 0.55), 0.87⟩ ⟨(0.75, 0.25), 0.89⟩ ⟨(0.25, 0.75), 0.86⟩ ⟨(0.45, 0.55), 0.84⟩ ⟨(0.98, 0.10), 0.90⟩ ⟨(0.75, 0.25), 0.91⟩ ⟨(0.45, 0.55), 0.83⟩

D2
K1 ⟨(0.75, 0.25), 0.87⟩ ⟨(0.75, 0.25), 0.86⟩ ⟨(0.25, 0.75), 0.84⟩ ⟨(0.45, 0.55), 0.80⟩ ⟨(0.45, 0.55), 0.85⟩ ⟨(0.45, 0.55), 0.88⟩ ⟨(0.45, 0.55), 0.90⟩ ⟨(0.98, 0.10), 0.92⟩
K2 ⟨(0.45, 0.55), 0.91⟩ ⟨(0.10, 0.98), 0.85⟩ ⟨(0.45, 0.55), 0.83⟩ ⟨(0.75, 0.25), 0.89⟩ ⟨(0.98, 0.10), 0.88⟩ ⟨(0.25, 0.75), 0.86⟩ ⟨(0.75, 0.25), 0.87⟩ ⟨(0.75, 0.25), 0.90⟩
K3 ⟨(0.75, 0.25), 0.92⟩ ⟨(0.98, 0.10), 0.89⟩ ⟨(0.45, 0.55), 0.87⟩ ⟨(0.45, 0.55), 0.84⟩ ⟨(0.10, 0.98), 0.85⟩ ⟨(0.25, 0.75), 0.83⟩ ⟨(0.75, 0.25), 0.86⟩ ⟨(0.98, 0.10), 0.91⟩
K4 ⟨(0.25, 0.75), 0.85⟩ ⟨(0.45, 0.55), 0.88⟩ ⟨(0.75, 0.25), 0.83⟩ ⟨(0.98, 0.10), 0.87⟩ ⟨(0.45, 0.55), 0.89⟩ ⟨(0.98, 0.10), 0.86⟩ ⟨(0.25, 0.75), 0.85⟩ ⟨(0.75, 0.25), 0.84⟩
K5 ⟨(0.98, 0.10), 0.91⟩ ⟨(0.75, 0.25), 0.92⟩ ⟨(0.45, 0.55), 0.89⟩ ⟨(0.25, 0.75), 0.88⟩ ⟨(0.10, 0.98), 0.85⟩ ⟨(0.75, 0.25), 0.90⟩ ⟨(0.45, 0.55), 0.86⟩ ⟨(0.45, 0.55), 0.87⟩

D3
K1 ⟨(0.25, 0.75), 0.84⟩ ⟨(0.45, 0.55), 0.88⟩ ⟨(0.45, 0.55), 0.87⟩ ⟨(0.75, 0.25), 0.90⟩ ⟨(0.98, 0.10), 0.91⟩ ⟨(0.75, 0.25), 0.83⟩ ⟨(0.25, 0.75), 0.85⟩ ⟨(0.45, 0.55), 0.86⟩
K2 ⟨(0.75, 0.25), 0.92⟩ ⟨(0.98, 0.10), 0.91⟩ ⟨(0.75, 0.25), 0.85⟩ ⟨(0.75, 0.25), 0.88⟩ ⟨(0.98, 0.10), 0.89⟩ ⟨(0.45, 0.55), 0.90⟩ ⟨(0.45, 0.55), 0.86⟩ ⟨(0.25, 0.75), 0.83⟩
K3 ⟨(0.45, 0.55), 0.87⟩ ⟨(0.75, 0.25), 0.86⟩ ⟨(0.25, 0.75), 0.84⟩ ⟨(0.45, 0.55), 0.88⟩ ⟨(0.75, 0.25), 0.91⟩ ⟨(0.25, 0.75), 0.90⟩ ⟨(0.45, 0.55), 0.89⟩ ⟨(0.98, 0.10), 0.85⟩
K4 ⟨(0.45, 0.55), 0.83⟩ ⟨(0.25, 0.75), 0.85⟩ ⟨(0.98, 0.10), 0.90⟩ ⟨(0.45, 0.55), 0.89⟩ ⟨(0.75, 0.25), 0.84⟩ ⟨(0.75, 0.25), 0.87⟩ ⟨(0.25, 0.75), 0.83⟩ ⟨(0.98, 0.10), 0.88⟩
K5 ⟨(0.98, 0.10), 0.90⟩ ⟨(0.98, 0.10), 0.89⟩ ⟨(0.45, 0.55), 0.86⟩ ⟨(0.75, 0.25), 0.84⟩ ⟨(0.25, 0.75), 0.88⟩ ⟨(0.45, 0.55), 0.83⟩ ⟨(0.98, 0.10), 0.90⟩ ⟨(0.25, 0.75), 0.85⟩
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Step 5. The individual decision matrices provided by the three decision experts (DEs) are aggregatedusing Eq. (7), where the parameters are set as p = 4, q = 3, and η = 5. The resulting aggre-gated decision matrix is presented in Table 7.

Table 7Aggregated decision matrix
R1 R2 R3 R4 R5 R6 R7 R8

K1 (0.717, 0.272) (0.717, 0.272) (0.42, 0.595) (0.713, 0.274) (0.974, 0.110) (0.735, 0.26) (0.976, 0.107) (0.975, 0.108)K2 (0.714, 0.274) (0.974, 0.110) (0.712, 0.275) (0.746, 0.253) (0.980, 0.101) (0.42, 0.594) (0.738, 0.258) (0.738, 0.258)K3 (0.739, 0.257) (0.975, 0.109) (0.976, 0.107) (0.447, 0.555) (0.713, 0.274) (0.242, 0.769) (0.717, 0.272) (0.977, 0.104)K4 (0.976, 0.107) (0.424, 0.589) (0.974, 0.11) (0.978, 0.103) (0.736, 0.259) (0.975, 0.109) (0.427, 0.584) (0.974, 0.110)K5 (0.978, 0.104) (0.974, 0.110) (0.724, 0.267) (0.711, 0.275) (0.427, 0.583) (0.976, 0.107) (0.974, 0.110) (0.44, 0.565)

Step 6. Next, the combined values for each alternative with respect to each criterion are determinedby applying Eq. (8). The aggregated results of each alternative are presented in Table 8.
Table 8Ranking outcomes

Alternative Aggregated value Score value Rank

K1 (0.807, 0.269) 0.7023 5
K2 (0.878, 0.214) 0.7922 4
K3 (0.905, 0.208) 0.8309 3
K4 (0.946, 0.178) 0.8976 2
K5 (0.946, 0.161) 0.8984 1

Step 7. Following this, the score values of the aggregated results are computed using Eq. (1), and thealternatives are ranked accordingly. The score values and final rankings are presented in Table8.
Step 8. Based on Table 8, the ranking order of the five suppliers is determined as K5 ≻ K4 ≻ K3 ≻

K2 ≻ K1. Therefore, K5 is identified as the best supplier using the proposed method.
5.4 Comparative Analysis

This section provides a comparative analysis of the results produced by the proposed methodand those derived from several existing techniques. For this purpose, different aggregation operator-based approaches are applied to the same numerical example (presented in Section 5.2), and thealternatives K1 through K5 are evaluated based on their score values Φ(Ki), which are then used todetermine the final ranking. These methods include the confidence levels-based p, q-QOF weightedaveraging/geometric (p,q-CQOFWA/p,q-CQOFWG) operators [41] (assuming p = 4, q = 3) and theconfidence q-rung orthopair fuzzy weighted averaging/geometric (CFWAq, CFWGq) operators (assum-ing p = q = 3).The comparative results are presented in Table 9 and Figure 3.The key observations from Table 9 are summarized as follows:
• Proposed Method (CLp,q-QOFDWA): The proposed method produces the highest score valuesacross all five alternatives, ranging from 0.7023 (K1) to 0.8984 (K5). This wide range indicatesstrong discriminatory power. The resulting ranking is: K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1. This
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Table 9Comparison with the current approach of averaging aggregation method.
Methods Score Values Ranking

Φ(K1) Φ(K2) Φ(K3) Φ(K4) Φ(K5)

p,q-CQOFWA [41] 0.5130 0.6277 0.6722 0.7218 0.7370 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1p,q-CQOFWG [41] 0.4306 0.5805 0.5841 0.5251 0.5050 K3 ≻ K2 ≻ K4 ≻ K5 ≻ K1CFWAq [24] 0.5006 0.6156 0.6606 0.7056 0.7226 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1CFWGq [24] 0.4306 0.5805 0.5841 0.5251 0.5050 K3 ≻ K2 ≻ K4 ≻ K5 ≻ K1CLp,q-QOFDWA (Proposed) 0.7023 0.7922 0.8309 0.8976 0.8984 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1

Fig. 3. Comparative analysis
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ranking clearly identifies K5 as the most preferred alternative, closely followed by K4, andshows consistency and robustness in outcome.

• p,q-CQOFWA [41]: This method yields moderate score values (0.5130 to 0.7370), with the sameranking as the proposed method: K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1. While the ranking matches,the score range is narrower, indicating less sensitivity in differentiating between alternatives.
• CFWAq [24]: This method also results in the same ranking: K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1.However, the scores (0.5006 to 0.7226) are slightly lower and less spread than the proposedmethod, suggesting lower precision in ranking closeness among alternatives.
• p,q-CQOFWG [41] and CFWGq [24]: These geometric aggregation methods provide a distinctlydifferent ranking: K3 ≻ K2 ≻ K4 ≻ K5 ≻ K1. In these cases, K3 is ranked highest and
K5, which is top-ranked in most other methods, is pushed to fourth place. The score values(0.4306 to 0.5841) are also significantly compressed, reflecting weaker discriminative abilityand potential inconsistency in outcome under the given decision context.

Therefore, the proposed CLp,q-QOFDWA operator based method demonstrates superior perfor-mance compared to existing methods by producing higher, more distinct score values and yielding aconsistent and interpretable ranking order. This confirms its reliability and practical effectiveness forsolving complex multi-criteria group decision-making problems in uncertain environments.
5.5 Sensitivity Analysis

The sensitivity analysis of the parameter η plays a crucial role in understanding the stability androbustness of the decision-making model. The parameter η is a crucial component in the Dombi aggre-gation operators, influencing the aggregation process. For solving the numerical problem, we initiallyset η = 1 arbitrarily. To conduct the sensitivity analysis, we systematically vary the value of η from 1to 100, solving the numerical problem for each η and analyzing its effect on the ranking outcomes.Table 10 presents the sensitivity analysis of the parameter η and its impact on the overall perfor-mance scores Φ(Ki) and rankings of the five alternatives K1 to K5. The parameter η plays a crucialrole in influencing the aggregation behavior, and hence the final ranking of alternatives.From Table 10, we observe that as the value of η increases from 1 to 100, the performance scoresof all alternatives gradually increase. However, the rate of increase varies across the alternatives.Notably, the ranking of the alternatives remains relatively stable across a wide range of η, with someslight fluctuations in the top positions.
• At η = 1, the ranking is K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1, indicating that K5 has the highestperformance score, closely followed by K4.
• As η increases to 2, 3, and 4, K4 temporarily overtakes K5, becoming the top-ranked alterna-tive. This suggests that for lower values of η, the model slightly favors K4.
• At η = 5, K5 regains the lead, although the performance scores of K4 and K5 remain veryclose, resulting in occasional switching between the first and second ranks.
• From η = 6 to approximately η = 20, the top position oscillates between K4 and K5, revealingsensitivity to small changes in η in this range.
• Beyond η = 25, the ranking stabilizes to K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1, and this order remainsconsistent even as η increases up to 100.
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Table 10Sensitivity of the parameter η
η Φ(K1) Φ(K2) Φ(K3) Φ(K4) Φ(K5) Rank

1 0.6101 0.7135 0.7606 0.8343 0.8355 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
2 0.6655 0.7617 0.8038 0.8751 0.8744 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
3 0.6853 0.7782 0.8187 0.8888 0.8880 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
4 0.6954 0.7852 0.8263 0.8941 0.8932 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
5 0.7023 0.7922 0.8309 0.8976 0.8984 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
6 0.7058 0.7952 0.8340 0.9011 0.9001 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
7 0.7093 0.7980 0.8341 0.9012 0.9002 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
8 0.7117 0.7981 0.8356 0.9029 0.9002 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
9 0.7140 0.8009 0.8371 0.9030 0.9036 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
10 0.7152 0.8010 0.838 0.9030 0.9036 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
9 0.7140 0.8009 0.8371 0.9030 0.9036 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
10 0.7152 0.8010 0.8387 0.9030 0.9036 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
11 0.7153 0.8024 0.8403 0.9047 0.9037 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
12 0.7176 0.8038 0.8403 0.9048 0.9054 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
13 0.7177 0.8038 0.8403 0.9048 0.9054 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
14 0.7188 0.8053 0.8403 0.9065 0.9054 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
15 0.7189 0.8053 0.8403 0.9065 0.9054 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
20 0.7224 0.8082 0.8434 0.9082 0.9072 K4 ≻ K5 ≻ K3 ≻ K2 ≻ K1
25 0.7225 0.8082 0.8434 0.9083 0.9089 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
30 0.7236 0.8082 0.8435 0.9083 0.9089 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
35 0.7237 0.8082 0.8434 0.9083 0.9089 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
40 0.7237 0.8082 0.8450 0.9083 0.9089 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
45 0.7249 0.8097 0.8450 0.9083 0.9089 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
50 0.7249 0.8097 0.8465 0.9101 0.9086 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
55 0.7261 0.8111 0.8465 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
60 0.7261 0.8111 0.8465 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
65 0.7261 0.8111 0.8465 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
70 0.7272 0.8111 0.8465 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
75 0.7273 0.8111 0.8466 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
80 0.7273 0.8111 0.8466 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
90 0.7273 0.8111 0.8466 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
100 0.7273 0.8112 0.8466 0.9101 0.9107 K5 ≻ K4 ≻ K3 ≻ K2 ≻ K1
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It is also important to note that the relative ordering among the lower-ranked alternatives remainscompletely stable across all values of η: specifically, K3 ≻ K2 ≻ K1 holds true for every tested value.This consistency reflects the robustness of the model in differentiating among the lower-performingoptions, regardless of the value of the sensitivity parameter. The only variations occur between thetop two alternatives, K4 and K5, which switch positions depending on the value of η.This analysis highlights that while η affects the magnitude of the performance scores, the rankingbecomes robust for higher values of η (typically beyond η = 25). Hence, the model exhibits a degree ofsensitivity to the parameter η in the lower range, especially in determining the top-ranked alternative.However, once η surpasses a certain threshold, the rankings become stable and reliable, indicatingrobustness of the decision-making process under higher values of the parameter.To visually illustrate the trend of sensitivity analysis, Figure 4 presents a graphical representationof the variation in scores Φ(Ki) for different values of η.

Fig. 4. Sensitivity analysis of the parameter η

6. Conclusion
This study proposes CL-based Dombi weighted averaging and geometric aggregation operatorsfor p,q-QOFSs to support decision-making processes. Several important properties of these opera-
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tors have been well established. By integrating experts’ confidence levels into the evaluation process,these operators more effectively model real-world scenarios, offering a more realistic and reliable rep-resentation within the p,q-QOF framework. These operators are incorporated into a MCGDM modelto demonstrate their effectiveness in capturing real-world scenarios, particularly when expert con-fidence levels are considered during the evaluation process. In this model, the criteria weights arecomputed by using AHP method. A numerical example focused on selecting a sustainable supplier forthe automotive industry has been presented to showcase the applicability and advantages of the pro-posed method, with a comparative analysis against existing approaches. In this problem, the decision-making process involved input from three decision experts, who evaluated three alternative suppliersbased on three major sustainable criteria, further broken down into eight detailed sub-criteria. Theresults of the analysis demonstrated that supplier K5 was identified as the most suitable and optimalsupplier, offering the best performance with respect to the defined sustainability criteria. Further-more, a detailed sensitivity analysis was performed to assess the stability and reliability of the results.The findings confirmed that the proposed model is stable under variations in parameter settings andprovides consistent outcomes, thereby enhancing its credibility for practical applications.This study offers important insights but has certain limitations. Specifically, the number of expertsand alternatives considered in the numerical example is limited, primarily to maintain clarity and man-ageability in the illustration. Nevertheless, the proposed model is designed to be flexible and scalable,making it applicable to decision-making problems involving any number of alternatives and criteria.Future research could explore its effectiveness in more complex and large-scale scenarios. Again, thecurrent study focuses primarily on the development of the proposed aggregation model; future workwill incorporate comparative analyzes using methods such as EDAS and PROMETHEE to enhance vali-dation and robustness.In the future, additional CL-based AOs can be developed for advanced extensions of fuzzy setsby employing various TNs and TCNs. Future research can be extended to address a wide range ofdecision-making challenges, feature selection problem, medical diagnosis and problems of recruit-ment and selection, etc. Moreover, the proposed approach has the potential to be utilized withindifferent uncertainty environments, such as neutrosophic fuzzy sets, hesitant fuzzy sets, and beyond.
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