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Abstract

Manufacturing industries are increasingly applying sustainable closed-loop supply chains
(CLSCs) to meet economic, environmental, and societal goals. The increasing complexity
and interdependence associated with the sustainability CLSCs make them highly vulnera-
ble to disruption risks that threaten continuity and sustainability. However, prior studies
fall short of guiding how disruption risks in sustainable CLSCs can be systematically
prioritized under uncertainty in a stable and decision-relevant manner. To fill this litera-
ture void, this study develops a hybrid of the Fuzzy Technique for Order of Preference
by Similarity to Ideal Solution (Fuzzy-TOPSIS) method and the genetic algorithm (GA)
technique to prioritize disruption risks under uncertainty. Triangular fuzzy numbers are
used to capture the imprecision of 13 experts from industry and academia, whereas the GA
technique used aimed to improve stability and reduce the variability commonly observed
in conventional fuzzy multi-criteria decision-making methods. The method is validated
through a real-world case study, identifying supplier disruption risk, route disruption
risk, and industrial accidents as the most critical risks. Moreover, sensitivity analysis is
conducted to validate the robustness of GA-based Fuzzy-TOPSIS, demonstrating its supe-
rior stability and reliability compared to the classical Fuzzy-TOPSIS method in uncertain
environments. The novelty of this study lies in embedding a GA-driven approach within
the fuzzy-TOPSIS structure to explicitly address ranking instability under uncertainty in
sustainable CLSCs. The study provides significant theoretical contributions by enhancing
multi-attribute decision-making regarding disruption risk in sustainable CLSC literature,
as well as practical insights for decision-makers to efficiently allocate resources by focusing
mitigation investments on consistently high-priority risks instead of low-priority ones.

Keywords: disruptive risks; Fuzzy-TOPSIS; GA; MCDM; manufacturing industry;
sustainable CLSC

1. Introduction
The past few decades have seen a dramatic growth in population, climate change,

air pollution, and the generation of solid waste, consequently increasing stresses on the
economy, the natural environment, and collective well-being. As a result, rising awareness
among consumers, in addition to increasing government and non-governmental organi-
zation pressures, has forced the manufacturing sector to adopt waste minimization, the
recovery of end-of-life products, and adherence to environmental regulations in order to
maintain market competitiveness.
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In this respect, the (CLSC) has evolved as a critical business operation and planning
initiative aimed at realizing sustainability goals in manufacturing operations. The CLSC
mitigates the forward and backward supply chains to make feasible the recovery, reuse,
remanufacture, and recycle of the EOLPs in a manner that supports economic, environmen-
tal, and social sustainability. Theoretically, the CLSC bridges the conventional open-loop
(or forward) supply chain operation and the reverse logistics process [1–6]. In the forward
supply chain operation, raw materials are processed into finished goods and shipped to the
consumer. This process leads to the generation of waste and the consumption of natural
resources [7,8]. In the opposite supply chain operation, the focus relies on recovering the
collected EOLPs from consumers to send them to collection, recycling, or manufacturing
points. While the reverse logistics process supports compliance with legislation and the
preservation of the environment, the process alone appears to lack the economics of circular
value creation [9,10].

The integration process of the forward and reverse flows under the CLSC model facili-
tates the move towards a circular economy as it aims at reducing the usage of resources,
minimizing waste, and maximizing efficiency within the system as a whole [6,8,11–14].
Research studies have illustrated the efficacy of the CLSC paradigm to reduce overall
operating expenses, improve customer satisfaction, and optimize environmental perfor-
mance [15,16]. In this respect, the CLSC concept is gaining currency as a real avenue
to ensure the attainment of the Sustainable Development Goals set forth by the United
Nations [17].

Despite the advantages mentioned, the structural and dynamic complexities of modern
CLSC systems have significantly increased their susceptibility to disruptive risks. In a
traditional CLSC, there are several network entities such as suppliers, producers, logistics
companies, customers, collection centers, recycling facilities, and units for refurbishing.
There are interdependencies between the different entities in the CLSC network. Such
interdependencies make the CLSC network prone to different disruptive risks that have the
capability of affecting the sustainability of operation continuity [11]. Some of the disruptive
risks include production downtime, shortage of products and penalties, and market share
with customer drift to rivals.

Risks associated with disruptive events are, however, vastly different and distinct
from those associated with CLSC operations. This is because, where CLSC risks are
commonly geo-localized and associated with demand variations, cost changes, and capacity
constraints, disruptive risk effects are diffused across different levels of CLSC echelons and
may cause systemic crises. Examples of disruptive risk events include natural disasters,
labor disputes, industrial shutdowns, logistics and transportation disruptions, supplier
disruption, and geopolitical crises, which may have protracted effects on CLSCs. However,
because of resource constraints, it is neither practicable nor necessarily efficient to address
all risk areas at the same time.

Although the application of multi-criteria decision analysis techniques has been com-
mon among research studies dealing with complicated decision-making in SCs, the relative
importance of disruptive risks associated with sustainable CLSCs has remained an unex-
plored area. For instance, the Fuzzy-TOPSIS was employed to evaluate supply chain risks
occurring in a ceramic factory [18]. The Fuzzy-AHP was utilized to analyze emergency sup-
ply chain risks [19]. This method was also employed to prioritize supply chain risks in the
apparel industry [20]. In a related study, the fuzzy TOPSIS was applied to prioritize supply
chain risks [21]. A combination of the BWM and the comprehensive distance-based ranking
method was used to prioritize agri-food circular supply chain risks [22]. Similarly, the
weighted fuzzy risk priority number method was employed to prioritize supply chain risks
occurring in the steel industry [23]. A hybrid of the Fuzzy-AHP method and Fuzzy-ADAM
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was applied to identify the most important circular supply chain risks [24]. Moreover, a
hybrid of AHP and Fuzzy-TOPSIS was utilized to prioritize supply chain risks faced by
micro, small, and medium manufacturing industries [25]. In the context of humanitarian
supply chains, a combination of FMEA and GRA was used to prioritize risks [26]. To
identify important sustainable supply chain risks for the logistics industry, a hybrid of the
Fuzzy-VIKOR approach and the CRITIC method was employed by [27]. Furthermore, a
combination of the Fuzzy-AHP method and the TOPSIS method was applied to identify
the highest potential risks from disasters and rank alternative solutions that enhance the
resilience of the manufacturing supply chain [28].

All the abovementioned studies employed a hybrid of MCDM methods to address
supply chain risk prioritization problems. The hybrid methods addressed the limitations
of classical standalone MCDM methods. For example, both AHP and ANP are incapable
of analyzing large-size comparison matrices, as they become perplexing for the experts
who are supposed to fill in the pairwise comparison matrix [29]; the TOPSIS method is
challenged when the number of alternatives and criteria is large, thus causing inconsistency
in experts’ judgments [30]; and BWM is incapable of producing accurate results due to the
subjective opinions of experts [30]. The classical methods are not capable of considering
the uncertainty and vagueness of the expert’s judgment [31]. The aforementioned studies
addressed this limitation by combining fuzzy sets with a classical method. Despite the
abovementioned studies using a hybrid of MCDM methods, they have a methodological
limitation related to supply chain risk prioritization. The employed methods, including
Fuzzy-TOPSIS, are challenged to solve problems with a large number of alternatives and
criteria, along with decision stability and accuracy [32]. To bridge these limitations, scholars
suggested combining the Fuzzy-TOPSIS method with operations research techniques, such
as GA, to make decisions more accurate and stable [33]. However, the level of such
research is in its infancy. Moreover, the mentioned studies have predominantly focused
on addressing supply chain risk prioritization problems of open-loop supply chains; they
have overlooked addressing this problem within a sustainable CLSC. Moreover, a few
existing studies employed a hybrid of MCDM methods and GA to address problems,
including supplier selection [34,35] and facility location [36]. However, studies focusing on
addressing the disruption risk of sustainable CLSC are scant.

To fill these research gaps, this study proposes a hybrid decision support tool that
uses the Fuzzy-TOPSIS approach together with a genetic algorithm (GA) to formulate
the ranking of disruptive risks in sustainable CLSCs. The use of fuzzy logic helps in ad-
dressing the uncertainties and subjective nature of expert opinions, which are common in
decision-making. Additionally, GA is used to improve the effectiveness of the solution by
overcoming the limitations of traditional MCDM models. To the best of the researchers’
knowledge, none of the prior studies has focused on prioritizing disruptive risks in sustain-
able CLSCs in manufacturing industries using a hybrid Fuzzy-TOPSIS and GA approach.
By applying the proposed framework to a manufacturing case study, this research assists
decision-makers in efficiently allocating resources and enhancing the ability of CLSCs to
respond to disruptive events. The contributions of this study are summarized as follows.

• A hybrid of Fuzzy-TOPSIS and GA methods was proposed to address the problem of
prioritizing disruption risks in sustainable CLSC.

• The applicability and effectiveness of the proposed hybrid approach was validated
through a case study in the sustainable metal industry CLSC.

• Assisted Decision-makers in efficiently allocating risk mitigation resources, thereby
enhancing the resilience and responsiveness of CLSCs to disruptive events.

The rest of the paper is structured as follows. Section 2 presents an overview of CLSCs,
disruptive risks, and hybrid multi-criteria decision-making techniques. Section 3 discusses
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the proposed research framework and methodology. Section 4 describes the empirical
findings, while Section 5 presents a comparative analysis. Section 6 presents sensitivity
analysis, while Section 7 interprets the results. Section 8 discusses the implications of this
research, and finally, Section 9 concludes the study.

2. Related Works
There exists a large amount of literature that has used MCDM methods to solve

complex issues in sustainable CLSCs. These methods are especially suitable for CLSCs,
where there exists a set of multiple, sometimes competing, economic, environmental, and
societal objectives under uncertainty. Of these MCDM solution methods, Fuzzy-TOPSIS
has been widely used owing to its ability to address linguistic opinions and vagueness.

Many studies have used the applications of Fuzzy-TOPSIS and its modifications to
assess barriers, suppliers, and factors of performance for CLSCs. Fuzzy-TOPSIS has been
applied to measure and prioritize the barriers of CLSCs, specifically in the automotive
industry [37]. A hybrid model using DEMATEL, ANP, and gray clustering was developed
to prioritize the core value of incoming quality related to remanufacturing systems [38].
In a similar manner, a hybrid AHP-TOPSIS method has been applied to measure triple-
bottom-line attributes specifically in a laptop CLSC [39]. Other authors focused on supplier
selection and allocation issues using models that combined Fuzzy-ANP, Fuzzy-DEMATEL,
and TOPSIS specifically in the automotive industry and related industries [40,41].

Apart from supplier-focused decisions, MCDM approaches have also found applica-
tions in facility selection, sustainability risk analysis, and performance analysis in backward
and closed-loop chains. For example, FMEA, in combination with Fuzzy-ANP and Fuzzy-
TOPSIS, has been used in the steel industry for the analysis of sustainability risks in
collection centers [42]. Fuzzy-TOPSIS has also been used in the investigation of the cor-
relation of eco-innovation and sustainable CLSCs in another study [43], whereas fuzzy
DEMATEL-based approaches have been adopted in remanufacturing and reverse logistics
performance analysis in terms of significant factors in two separate research works [44,45].
The BWM was employed to assist organizations in selecting the most suitable third-party
logistics provider [46].

Uncertainty and risk exist as typical factors of modern supply chains, and even more
so for CLSCs that stretch across the globe. Risks that cause disruptions, which differ
from ordinary operational risks, spread through various levels and can lead to systemic
breakdowns. The source of the aforementioned risks can stem from disruptions in suppliers,
delivery failures, natural disasters, pandemics, labor strikes, industrial incidents, and
global instabilities.

To mitigate supply chain risks, some researchers have suggested risk-priority models
based on MCDM. Intuitionistic Fuzzy TOPSIS was suggested for risk priority in supply
chains facing uncertainty scenarios [47]. Fuzzy set theory (QFD) was suggested for analyz-
ing risk management strategies in supply chains by some authors or for the application
of interval-valued fuzzy TOPSIS to different supply chain risks in the selection of sup-
pliers in other research works [48,49]. Simulation models like hybrid models based on
BWM-VIKOR have been suggested for evaluating risks to the resiliency of the natural
stone industries for their processing [50]. Some authors [51–53] have suggested combining
CRITIC, Fuzzy-TOPSIS, or Delphi approaches to identify criteria that enhance supply
chain resiliency.

Recently, there has been a growing trend in research papers concerning the topic of
supply chain resilience, especially in the context of large-scale events such as the COVID-
19 crisis. For instance, the method of Fuzzy-AHP was used to focus on supply chain
capabilities relating to resilience in [54], whereas hybrid models including Fuzzy-TOPSIS,
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Fuzzy-AHP, and Fuzzy-QFD have been proposed to focus on risks and strategies related to
resilience in agri-food supply chains and healthcare-related supply chains in [55,56].

Nevertheless, to date, existing research efforts focus on either open-loop supply chain
networks or address risk management, sustainability, and resilience as individual variables.
The underlying emphasis on disruptive risks under sustainable CLSCs is still an unexplored
area, especially when considered comparatively with supplier selection and performance
assessment problems. Moreover, current models address the problem by using existing
traditional multi-criteria decision-making approaches that could be vulnerable to rank
reversal, searchability, and value-based opinions.

To overcome these weaknesses, recent research has called upon the integration of
MCDM techniques with the use of artificial intelligence (AI) techniques, such as genetic
algorithms (GAs), to improve the efficacy of decisions [32]. The integration of fuzzy logic
and GA assists the decision-makers not only in dealing with vagueness associated with
expert decisions but also improves the efficacy of decisions by using evolutionary search
techniques to arrive at optimized solutions [57–59].

Several research studies have proved the efficiency of hybrid models of MCDM-GA for
applications involving supply chain management. For example, a hybrid model of BWM-
Fuzzy-TOPSIS-GA was used for the selection of suppliers in the food supply chain [34]. GA
and AHP were used to choose suppliers [35] and locations [36]. The studies also involve
the optimization of parameters of manufacturing processes [60] and the management of
inventory [61], where AHP-VIKOR-GA was used. Nevertheless, despite the advantages
established by hybrid methods of MCDM and GAs, applying them to the problem of
disruptive risk prioritization in the context of CLSC is still in its early stages. In view of
the identified research gaps, this research proposes the use of a hybrid fuzzy-TOPSIS-GA
approach to formulate an effective risk priority approach in the context of sustainable
CLSCs with disruptive risks. This proposed method combines the benefits of fuzzy analysis
with evolutionary optimization techniques to reduce uncertainty, variability, and subjective
bias in making risk evaluation decisions, especially when dealing with uncertain and
multidimensional risk assessment criteria. Table 1 lists the primary research studies on the
same subject that were used to identify the novelty of the proposed study.

Table 1. The summary of the literature related to this current study.

Study Supply Chain
Category

Uncertainty
Considered Hybrid Methods Considered Application Area

[37] CLSC Linguistic terms Fuzzy-TOPSIS Barrier identification Automotive industry

[19]
Open-loop supply

chain
(OLSC)

Linguistic terms Fuzzy-AHP Supply chain risk
prioritization

Emergency supply
chain

[38]
Backward supply

chain
(BSC)

- DEMATEL-ANP-Gray
clustering Quality sorting Heavy-duty

equipment

[20] OLSC Linguistic terms Fuzzy-AHP Supply chain risk
prioritization Apparel industry

[41] CLSC Linguistic terms Fuzzy-ANP-Fuzzy-
DEMATEL-

Supplier selection,
order allocation, and

vehicle routine
Automotive industry

[22] CLSC - BWM Supply chain risk
prioritization Agri-food

[24] CLSC Linguistic terms Fuzzy-ADAM Supply chain risk
prioritization Not mentioned

[40] OLSC Linguistic terms Fuzzy-Delphi–GCM-
TOPSIS

Supplier selection and
order allocation

Delta Industrial
Group’

[62] OLSC - Gray-BWM-TOPSIS Supplier selection Food manufacturing
industry
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Table 1. Cont.

Study Supply Chain
Category

Uncertainty
Considered Hybrid Methods Considered Application Area

[25] OLSC Linguistic terms AHP-Fuzzy-TOPSIS Supply chain risk
prioritization

Manufacturing
industries

[42] BSC Linguistic terms FMEA-Fuzzy-ANP-
Fuzzy-TOPSIS Facility location Steel industry

[26] OLSC - FMEA-GRA Supply chain risk
prioritization

Humanitarian supply
chain

[49] OLSC Linguistic terms Fuzzy set-QFD Supply chain risk
identification -

[27] OLSC Linguistic terms Fuzzy-VIKOR-CRITIC Supply chain risk
identification Logistics industry

[50] OLSC - BMW-VIKOR Resilient strategy
selection Natural stone industry

[28] OLSC Linguistic terms Fuzzy-AHP-TOPSIS Potential risk
identification

Manufacturing
industry

[63] OLSC Linguistic terms Fuzzy-AHP-Fuzzy-
TOPSIS Strategy prioritization Construction industry

[53] OLSC Linguistic terms Fuzzy Delphi Attribute selection Automotive industry
[64] BSC Linguistic terms Fuzzy-AHP-TOPSIS Prioritize strategy Construction industry

[51] CLSC Linguistic terms Fuzzy-TOPSIS Resilient strategy
prioritization Tire industry

[56] OLSC Linguistic terms Fuzzy-TOPSIS-Fuzzy-
AHP-Fuzzy-QFD

Supply chain risk
identification

Agri-food supply
chains

[34] OLSC Linguistic terms BWM-Fuzzy-TOPSIS-
GA Supplier selection Food supply chains

[36] OLSC - AHP-GA Facility location Hospital

[60] OLSC - TOPSIS-GRA-GA Parameter selection Aerospace and
biomedical industries

[61] OLSC - AHP-VIKOR-GA Inventory Freight transport
railway company

[35] OLSC - GA Supplier selection -
This

study Sustainable CLSC Linguistic terms Fuzzy-TOPSIS-GA Disruptive risk
prioritization Basic metals industry

3. Research Method
3.1. Data Collection

A detailed and expert-driven method was used to find the kinds of risks and evaluation
criteria that could disrupt sustainable CLS. A baseline disruptive risk list has been compiled
based on the CLS and SCM resilience literature.

To ensure the risks were accurate, we checked them against different sources of
literature, removing any that were similar or not relevant to the context. Only risks that
were commonly represented within CLSC studies focused on manufacturing were selected.

The case study research was conducted at a large metal manufacturing company
located in Shaggar City, Ethiopia. The selection of the company was based on the fact that it
operates throughout the supply chain, from reverse to forward logistics systems, providing
an appropriate background for evaluating the CLSC context within this study.

A group of decision-makers (DMs) was formed, including representatives from the
industry and academia. The criteria for selection included a minimum of five years in their
field, an educational background beyond the diploma level, and awareness about the terms
relating to sustainability and supply chain risk.

Although there are no set rules stated in the existing literature regarding the number of
experts to be considered in an MCDM technique, guidelines state that the number of experts,
ranging from 5 to 18 individuals with equal domain knowledge, must be considered [65].
Therefore, the study incorporated the perspectives of 13 experts.
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Structured briefing sessions and calibration exercises conducted before data collection
ensured consensus among the participating experts. During these sessions, experts were
provided with a clear explanation of the study objectives, evaluation criteria, and linguistic
scales to establish a shared understanding. A pilot assessment was then carried out to iden-
tify inconsistencies in judgments, followed by discussion and refinement of interpretations.
This process helped align expert perspectives and improve the consistency and reliability
of the aggregated evaluations.

3.2. Identification and Validation of Disruptive Risks and Evaluation Criteria

After a thorough review of related studies on the theme of sustainable supply chain,
disruption risks addressed in prior studies were systematically examined to identify those
most relevant to sustainable CLSC [15,16,66–69]. This review revealed that the disruption
risks most frequently considered in sustainable CLSC research include natural disasters
such as floods, earthquakes, and hurricanes; man-made disruptions including war, terrorist
attacks, and labor strikes; operational disturbances such as transport route disruptions
and industrial accidents (e.g., fires); as well as supplier-related disruptions. To ensure
the contextual relevance and adequacy of the identified risks, a validation process was
conducted involving domain experts. The experts assessed the applicability of these
risks within the context of the case study and confirmed their relevance. Importantly,
no additional risks were proposed during the validation process, thereby indicating that
the selected set of disruption risks is comprehensive and sufficiently represents the major
sources of disruption affecting sustainable CLSCs.

Moreover, the evaluation criteria have been identified from the extant
literature [18,21,23–25,70]. Based on this review, three evaluation criteria were selected for
the present study: probability of occurrence, severity of impact, and recovery time. These
criteria were chosen due to their widespread adoption in supply chain risk assessment
studies and their proven capability to comprehensively evaluate the many different types
of supply chain risks. To guarantee the contextual relevance and sufficiency of the chosen
criteria, a validation process was executed with the participation of domain experts. The
experts examined the applicability of the criteria within the context of the case study and
confirmed their relevance and suitability for assessing supply chain disruption risks. These
criteria were considered independent variables for analysis, as has been done in previous
fuzzy TOPSIS risk assessment studies, to reduce the complexity of the model. Although
these criteria may interact in practice, they are not inherently correlated and can vary
independently across different risk events. Treating them as separate criteria, therefore,
enables a more comprehensive and nuanced assessment of disruption risks in CLSCs.

3.3. Fuzzy-TOPSIS Procedure and Integration of GA

To prioritize disruptive risks of sustainable CLSC, we employed a hybrid of Fuzzy-
TOPSIS and GA. Below, we present a detailed step of the implemented hybrid method.

Step 1. Convert linguistic terms into fuzzy numbers.

The linguistic terms of the evaluation criteria were converted into fuzzy sets using
triangular fuzzy numbers (TFN), a widely used technique in extant literature. Suppose A
denotes a TFN that can be defined as a triple (a, b, c), and its value is between 0 and 1. The
application of TFNs facilitates partial membership and transitional movement between
linguistic values and, therefore, is suitable for representing the uncertainty and subjectivity
involved in expert risk assessment.

Step 2. Develop an aggregate fuzzy decision matrix and aggregate weights of evaluation
criteria.
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Assume i represents identified disruption risks in CLSC (i1, i2, . . ., im), and j represents
evaluation criteria (j1, j2, . . ., jn) with f number of experts.

The aggregate fuzzy number xij = (aij, bij, cij), where

aij = min{a f
ij}, bij =

1
f ∑ b f ij, cij = max{c f

ij} (1)

Aggregate fuzzy weight (wj) was computed as

wj = (wa, wb, wc), where wa = min{wa f
j }, wb =

1
f ∑ wb f j, wc = max{wcf

j} (2)

Then, the aggregate fuzzy decision matrix D was computed as

D =


x11, x12 , . . . , x1n

x21, x22 , . . . , x2n

.

.
xm1, x12 , . . . , xmn

 (3)

The method used for aggregating group opinions allows the most extreme view-
points of the experts to be kept and thereby improves the representativeness of the
group judgments.

Step 3. Normalize the aggregated weight of the criteria and decision matrix.

The linear scale transformation was utilized to normalize the constructed fuzzy

decision matrix,
∼
β. To normalize the fuzzy decision matrix, the following equation

was employed.
∼
β =

[∼
b ij

]
mxn

∼
b ij= [

aij

c+j
,

bij

cj+
,

cij

c+j
] for benefit criteria (max (cj)); (4)

∼
b ij = [

aj

cij
,

aj

bij
,

aj

aij
] for cost criteria min (aj); (5)

The weighted normalized decision matrix,
∼
p, was developed by taking the dot product

of the normalized aggregate weight for the criteria,
∼
bj, and the normalized fuzzy aggregated

decision matrix
∼
βij:

∼
p =

[∼
pij

]
mxn

(6)

where
∼
p =

∼
bj.

∼
βij (7)

The normalized weighted fuzzy decision matrix can be achieved through the multipli-
cation of the normalized matrix and the normalized criteria weights. It helps guarantee
dimensional consistency and avoids scale dominance, which is critical when making multi-
criteria decisions.

Step 4. Initialize a population of chromosomes.

Each chromosome represents a candidate set of criteria weights, with each gene
denoting the weight of a single criterion. The first population was created using Python
3.13. Random initialization helps to create a diverse set of solutions, reducing the chance of
convergence to a sub-optimal solution.
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Step 5. Definition of the fitness function and genetic operators.

The crossover operators, as well as the mutation operators, were used to produce the
next set of candidate solutions. The crossover probability and the mutation probability
were set at 0.9 and 0.1, respectively, as many studies normally state.

In the proposed model, the fitness function is expressed using the Fuzzy-TOPSIS
closeness coefficient to ensure the GA optimization process increases the closeness of the
fuzzy ideal solution.

Step 6. Convergence criterion of the genetic algorithm.

The processes described in Step 5 are repeated until the algorithm converges to a
stable optimal solution. The process converges when there is no significant improvement
in the fitness function, which indicates that there is no further gain derived from the
repeated processes.

Step 7. Rank (prioritize) identified disruption risks.

The optimal chromosome obtained at the converged state was utilized to formulate
the final ranking of disruptive risks associated with the sustainable CLSC. The combina-
tion of GA helps overcome rank instability and the susceptibility to small variations in
expert judgment, which are known problems associated with traditional approaches using
TOPSIS alone.

GA Encoding and Optimization Logic

In this study, the GA was used to improve the robustness of disruption risk prioritiza-
tion in a sustainable CLSC under fuzzy uncertainty. The GA does not aim to optimize the
risk ranking directly. Instead, it focuses on optimizing the criteria weight structure, which
serves as input to the Fuzzy-TOPSIS method. The detailed GA encoding and optimization
logic employed for this study is presented below.

Chromosome Encoding: Each chromosome represents a potential solution as a criteria
weight vector. Each gene in a chromosome corresponds to the weight given to one eval-
uation criterion, which includes (i) probability of occurrence, (ii) severity of impact, and
(iii) recovery time. The chromosome is therefore encoded as

W = (w1, w2, w3) (8)

subject to the constraints wj ≥ 0 and ∑3
j=1 wj = 1 (9)

The fuzzy performance ratings of disruption risks, expressed using triangular fuzzy
numbers, remain fixed throughout the GA process.

Optimization Objective and Fitness Evaluation: The Fuzzy-TOPSIS method is used
to determine the closeness coefficients and associated disruption risk rankings for each
chromosome (i.e., candidate weight vector). A chromosome’s ability to generate a stable
and trustworthy ranking of disruption risks is used to assess its fitness. To increase the
robustness of the prioritization results, the GA specifically aims to reduce ranking sensitivity
and dispersion brought on by subjective variability in expert judgments. Weight vectors
that produce the following are preferred by the fitness function: rankings that are constant
throughout GA iterations; the closeness coefficients’ smooth convergence behavior; and
decreased sensitivity to slight changes in the weights of the criteria.

Search Space and Constraints: The GA investigates a continuous, constrained, and
interdependent weight space where the presence of fuzzy evaluations can cause small
changes in criteria weights to result in disproportionate changes in Fuzzy-TOPSIS closeness
coefficients. The search space is non-trivial and inappropriate for straightforward analytical

https://doi.org/10.3390/su18031689

https://doi.org/10.3390/su18031689


Sustainability 2026, 18, 1689 10 of 28

or heuristic optimization techniques due to its non-linearity and interdependence. Normal-
ization constraints are applied following genetic operations like crossover and mutation to
guarantee feasibility. The population evolves toward weight combinations that improve
ranking robustness using the standard GA operators of selection, crossover, and mutation.

GA stabilizes rankings and reduces rank reversal by optimizing the decision space
globally and iteratively, rather than using fixed or locally optimal weight structures.
Through population-based search and evolutionary operators, GA reduces sensitivity
to small perturbations in criteria weights or input data, a primary cause of rank reversal
in conventional MCDM methods. By converging toward solutions that exhibit consis-
tent performance across iterations, GA enhances the robustness and reliability of the
final rankings.

3.4. Robustness, Replicability, and Bias Mitigation

To evaluate the robustness of the proposed GA-based Fuzzy-TOPSIS methodology, a
sensitivity analysis was performed. Before the sensitivity analysis, the disruption risks in
the sustainable CLSC context were ranked using the conventional Fuzzy-TOPSIS method.
This step ensured that the conventional Fuzzy-TOPSIS model exhibited a certain level of
ranking behavior with respect to the disruption risks under fuzzy uncertainty. This, in turn,
allowed the proposed model to be compared with the conventional model in terms of the
ranking behavior of the disruption risks.

For the sensitivity analysis, the weights of the aggregated evaluation criteria were
varied systematically, and all other parameters remained the same. Four scenarios of the
weights of the aggregated criteria were considered to represent the potential variations in
the expert judgments and the decision-maker’s preferences. For each of the scenarios, the
ranking of the disruption risks was obtained using the conventional Fuzzy-TOPSIS model
and the proposed GA-based Fuzzy-TOPSIS model. The robustness of the proposed model
was evaluated in terms of the stability of the obtained rankings. It was observed that the
proposed GA-based Fuzzy-TOPSIS model exhibited more stable rankings compared to the
conventional model.

The GA’s convergence was also studied by observing the fitness function’s behavior
at each iteration. The analysis of convergence indicated that the quality of the solutions
consistently improves and that the solutions rapidly approach the best or nearly the best
options. This result further justifies the effectiveness of the embedded optimization mecha-
nisms. This analysis provides further evidence of the effectiveness of the GA in improving
the stability of Fuzzy-TOPSIS results and reducing the variability that is commonly as-
sociated with MCDM methods. The proposed method is completely replicable since all
steps, equations, and parameters are defined and presented. This feature will allow other
researchers to replicate the analysis under similar or different conditions. The hybrid
model is adaptable and can be effortlessly expanded to include supplementary criteria,
alternative disruption risk categories, and various expert groups without altering its fun-
damental framework. The potential influence of expert bias is controlled through expert
briefings, aggregation of expert judgments, and the use of fuzzy set theory to account for
uncertainty, vagueness, and divergence in expert opinions. All these factors enhance the
objectivity and credibility of the DSS and, therefore, the overall validity of the GA-based
Fuzzy-TOPSIS model.

4. Result
4.1. Experts

Experts from the metal manufacturing industry and academia were involved in as-
sessing the criteria and disruptive risks relevant to sustainability.
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A panel of experts is crucial during risk prioritization analyses because disruptive
risks involve various dimensions, such as operations and environments.

Table 2 indicates that representatives from the industry formed the largest group
(84.59%), followed by 15% who were academics. The industry group included representa-
tives with varying profiles, such as spare parts manufacturing management, logistics and
transport coordination, production planning and control, supply chain and procurement
coordination, maintenance, design and development, project leading, operations manage-
ment, and marketing and sales. The academic staff included an assistant professor and an
associate professor.

Table 2. Background information of experts.

Category Description Frequency Percentage
(%)

Industry professionals

Spare part manufacturing factory manager 1 7.69%
Logistics/transport coordinator 1 7.69%

Production planning and control manager 1 7.69%
Supply chain and procurement coordinator 1 7.69%

Maintenance specialist 1 7.69%
Senior researcher in the design and development team 1 7.69%

Project team leader 1 7.69%
Operations division manager 1 7.69%

Design and development manager 1 7.69%
Marketing and sales work-process director/manager 1 7.69%

Senior marketing researcher 1 7.69%

Academics
Associate professor 1 7.69%
Assistant professor 1 7.69%

Years of experience <2 - -
2–5 - -

5–10 3 23.08
10–15 6 46.15
>15 4 30.77

Educational level Diploma (level IV) 1 7.69
BSc 3 23.08
MSc 7 53.85
PhD 2 15.38

The dominance of industry experts increases the relevance of the study to the industry,
and representation from academics brings rigor and consistency to the methodology and
concepts. In terms of experience, the majority of the experts (46.15%) had 10–15 years
of experience, and the next highest group had more than 15 years (30.77%). From an
educational viewpoint, the majority had a master’s degree (53.85%).

In sum, the expert profile reveals a high level of competence and fitness for assessing
the risk of disruption within the manufacturing CLSC.

4.2. Prioritization of Disruptive Risks in a Sustainable CLSC Using a Hybrid Fuzzy-TOPSIS
and GA

Figure 1 illustrates the three levels of the decision hierarchy. The first level represents
the primary goal of giving importance to disruptive risks in the CLSC. The second level
includes the criteria of evaluation, and the third level includes the disruptive risks used in
the assessment.
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Figure 1. CLSC disruptive risks analysis hierarchy.

As illustrated in Table 3, the criteria include the likelihood of occurrence (C1) and
severity of impact (C2), as well as the recovery time (C3). The combination of these criteria
enables an adequate assessment of the likelihood, consequence, and recovery capacity, all
of which are crucial factors related to disruptive risks.

Table 3. Evaluation criteria.

Dimension Criteria Description

CLSC disruptive risks

Probability of occurrence (C1) The likelihood of
occurrence of each risk

Severity (C2) Potential effect of each risk
type on the organization

Recovery time (C3)

The amount of time
needed to restore the
process/organization from
disruptive events.

The linguistic scales and associated triangular fuzzy numbers used in determining the
relative importance and disruptive risks are presented in both Tables 4 and 5.

Table 4. Linguistic terms and their TFNs for rating the criteria.

Linguistic Terms TFN

Equally important (EI) (1, 1, 1)
Weakly Important (WI) (1, 1.5, 2)

Fairly Important (FI) (1.5, 2, 2.5)
Strongly important (SI) (2, 2.5, 3)

Absolutely important (AI) (2, 3, 3.5)
Source: [71].

In Table 5, the linguistic terms and their corresponding definitions used to measure
disruptive risks in the sustainable CLSC of the manufacturing sector are presented.

The following steps were followed to prioritize the disruptive risks for sustainable CLSC.
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Table 5. This is a list of linguistic terms and their corresponding TFNs, which are used to assess
disruptive risks in the sustainable CLSC.

Linguistic Terms TFN

Very low (VL) (0.5, 1, 3)
Low (L) (1, 3, 5)

Moderate (M) (3, 5, 7)
High (H) (5, 7, 9)

Very high (VH) (7, 9, 11)
Source: [72].

Step 1. Convert the linguistic variable into a fuzzy number.

The linguistic terms required to evaluate criteria were converted into fuzzy sets using
triangular fuzzy numbers (TFN), a widely used technique in the extant literature. Suppose
A denotes a TFN that can be defined as a triple (a, b, c), and its value is between 0 and 1.
The membership function of µA is defined as

µA(x) =


x−a
b−a , if a ≤ x ≤ b

c−x
c−b , if b ≤ x ≤ c

0, if x > c, x < a

Step 2. Development of the Aggregate Fuzzy Decision Matrix and Aggregate Weights of
Evaluation Criteria.

Equation (1) was employed to compute the aggregate fuzzy number. Subsequently,
Equations (2) and (3) were applied to determine the aggregate fuzzy weights and to
construct the aggregate fuzzy decision matrix, respectively.

The relative importance of each evaluation criterion, expressed using linguistic terms,
is reported in Table 6. The corresponding triangular fuzzy numbers (TFNs) are provided
in Table 7.

Table 6. List linguistic terms along.

Criteria DM1 DM2 DM3 DM4 DM5 DM6 DM7 DM8 DM9 DM10 DM11 DM12 DM13

C1 FI EI AI EI EI EI SI EI SI AI SI FI SI
C2 SI WI SI FI EI EI AI EI FI AI AI FI SI
C3 FI WI SI AI EI EI SI EI SI SI FI FI SI

Table 7. Rating of the criteria in terms of TFNs.

Criteria DM1 DM2 DM3 DM4 DM5 DM6 DM7 DM8 DM9 DM10 DM11 DM12 DM13

C1 (1.5,
2, 2.5)

(1, 1,
1)

(2, 3,
3.5)

(1, 1,
1)

(1, 1,
1)

(1, 1,
1)

(2,
2.5, 3)

(1, 1,
1)

(2,
2.5, 3)

(2, 3,
3.5)

(2,
2.5, 3)

(1.5,
2, 2.5)

(2,
2.5, 3)

C2 (2,
2.5, 3)

(1,
1.5, 2)

(2,
2.5, 3)

(1.5,
2, 2.5)

(1, 1,
1)

(1, 1,
1)

(2, 3,
3.5)

(1, 1,
1)

(1.5,
2, 2.5)

(2, 3,
3.5)

(2, 3,
3.5)

(1.5,
2, 2.5)

(2,
2.5, 3)

C3 FI WI SI AI EI EI SI EI SI SI FI FI SI

With Equations (3)–(5), the individual fuzzy assessments provided by the decision
makers were first evaluated in linguistic terms (Table 8) and subsequently transformed
into TFNs through fuzzy-based evaluation (Table 9). These TFNs were then aggregated
to obtain the aggregate fuzzy decision matrix, which is presented in Table 10. This matrix
represents a combination of expert opinions for all criteria and disruptive risks and is used
as the subsequent step for normalization and weight calculation.
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Table 8. Evaluation of disruptive risks of sustainable CLSC in linguistic terms.

Disruptive
Risks Criteria DM1 DM2 DM3 DM4 DM5 DM6 DM7 DM8 DM9 DM10 DM11 DM12 DM13

A1
C1 M L L VL VL M L M VL L L L L
C2 M H VH M VL M L M L L L L L
C3 H L VH M L M L L L L L L L

A2
C1 L VL L VL VL VL VL L L L VL L L
C2 H VH VH H H M L M L H H L L
C3 H H VH H M M L M L H M L L

A3
C1 VL VH L M L VL VL VL M L L L VL
C2 H M L H L L L L M M L L VL
C3 H VH L H L L L L L M L L VL

A4
C1 VL VL L VL VL VL VL VL VL VL VL L L
C2 H VH L H VL VL VL L L L VL L L
C3 M VH L H VL VL VL L L L VL L L

A5
C1 M VH H M VH VH VH H H VH VH L M
C2 H H H VH H H H H H H H L M
C3 M H H H VH VH VH H H H M L M

A6
C1 VL VL L VL VL VL VL L L L L L M
C2 H H L H M M M H L L M L M
C3 H H L M L L L L L L L L M

A7
C1 M M L H H H H M L L M L M
C2 H VH L H H H H H M M H L M
C3 H M L M H H H M M M H L M

A8
C1 VL M L VH VH VH VH H VH H VH L M
C2 M H L VH VH VH VH H H H VH L M
C3 M H L M M M VH M M M M L M

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

Similarly, the aggregate weights for the evaluation criteria were calculated using
Equation (2). Hence, the aggregate fuzzy weights for criteria C1, C2, and C3 were calculated
as (1, 1.92, 3.5), (1, 2.08, 3.5), and (1, 2.08, 3.5), respectively.

Step 3. Normalization of the Aggregate Criteria Weights and the Decision Matrix.

The normalized aggregate weights of the criteria were calculated using Equations (4)
and (5). Normalization has been performed using Python version 3.13. Since all criteria in
the evaluation are of cost type, the normalized aggregate fuzzy weights of criteria C1, C2,
and C3 are identified as (0.29, 0.52, 1.0), (0.29, 0.48, 1.0), and (0.29, 0.48, 1.0), respectively.
Using the same concept of normalization, the normalized aggregate fuzzy decision matrix
has also been developed, which is shown in Table 11 below:

The normalized weighted aggregate fuzzy decision matrix was developed by using
Equation (7), where the normalized aggregate fuzzy decision matrix and the normalized
weights of the criteria were used. The resulting matrix, shown in Table 12, is a measure of
the weighted performance of each disruptive threat with respect to the evaluation criteria
and will play a pivotal role in calculating the Fuzzy TOPSIS distance.

Step 4. Initialization of population chromosomes.

To solve the GA-based Fuzzy-TOPSIS MCDM problem, the GA programming was
written using Python version 3.13. To perform the encoding, each GA chromosome repre-
sents a candidate set of criterion weights, with each gene denoting the weight of a single
criterion. This makes it feasible for the GA to test different sets of risk–criterion interactions
during the course of optimization. Randomly created chromosomes formed the initial
population to ensure convergence on a satisfactory global optimum.
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Table 9. TFN-based evaluation of the disruptive risks.

Disruptive
Risks Criteria DM1 DM2 DM3 DM4 DM5 DM6 DM7 DM8 DM9 DM10 DM11 DM12 DM13

A1
C1 (3, 5, 7) (1, 3, 5) (1, 3, 5) (0.5, 1, 3) (0.5, 1, 3) (3, 5, 7) (1, 3, 5) (3, 5, 7) (0.5, 1, 3) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5)
C2 (3, 5, 7) (5, 7, 9) (7, 9, 11) (3, 5, 7) (0.5, 1, 3) (3, 5, 7) (1, 3, 5) (3, 5, 7) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5)
C3 (5, 7, 9) (1, 3, 5) (7, 9, 11) (3, 5, 7) (1, 3, 5) (3, 5, 7) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5)

A2
C1 (1, 3, 5) (0.5, 1, 3) (1, 3, 5) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (1, 3, 5) (1, 3, 5) (0.5, 1, 3) (1, 3, 5) (1, 3, 5)
C2 (5, 7, 9) (7, 9, 11) (7, 9, 11) (5, 7, 9) (5, 7, 9) (3, 5, 7) (1, 3, 5) (3, 5, 7) (1, 3, 5) (5, 7, 9) (5, 7, 9) (1, 3, 5) (1, 3, 5)
C3 (5, 7, 9) (5, 7, 9) (7, 9, 11) (5, 7, 9) (3, 5, 7) (3, 5, 7) (1, 3, 5) (3, 5, 7) (1, 3, 5) (5, 7, 9) (3, 5, 7) (1, 3, 5) (1, 3, 5)

A3
C1 (0.5, 1, 3) (7, 9, 11) (1, 3, 5) (3, 5, 7) (1, 3, 5) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (3, 5, 7) (1, 3, 5) (1, 3, 5) (1, 3, 5) (0.5, 1, 3)
C2 (5, 7, 9) (3, 5, 7) (1, 3, 5) (5, 7, 9) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (3, 5, 7) (3, 5, 7) (1, 3, 5) (1, 3, 5) (0.5, 1, 3)
C3 (5, 7, 9) (7, 9, 11) (1, 3, 5) (5, 7, 9) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (3, 5, 7) (1, 3, 5) (1, 3, 5) (0.5, 1, 3)

A4
C1 (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (1, 3, 5)
C2 (5, 7, 9) (7, 9, 11) (1, 3, 5) (5, 7, 9) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (1, 3, 5) (1, 3, 5) (0.5, 1, 3) (1, 3, 5) (1, 3, 5)
C3 (3, 5, 7) (7, 9, 11) (1, 3, 5) (5, 7, 9) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (1, 3, 5) (1, 3, 5) (0.5, 1, 3) (1, 3, 5) (1, 3, 5)

A5
C1 (3, 5, 7) (7, 9, 11) (5, 7, 9) (3, 5, 7) (7, 9, 11) (7, 9, 11) (7, 9, 11) (5, 7, 9) (5, 7, 9) (7, 9, 11) (7, 9, 11) (1, 3, 5) (3, 5, 7)
C2 (5, 7, 9) (5, 7, 9) (5, 7, 9) (7, 9, 11) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (1, 3, 5) (3, 5, 7)
C3 (3, 5, 7) (5, 7, 9) (5, 7, 9) (5, 7, 9) (7, 9, 11) (7, 9, 11) (7, 9, 11) (5, 7, 9) (5, 7, 9) (5, 7, 9) (3, 5, 7) (1, 3, 5) (3, 5, 7)

A6
C1 (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (0.5, 1, 3) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (3, 5, 7)
C2 (5, 7, 9) (5, 7, 9) (1, 3, 5) (5, 7, 9) (3, 5, 7) (3, 5, 7) (3, 5, 7) (5, 7, 9) (1, 3, 5) (1, 3, 5) (3, 5, 7) (1, 3, 5) (3, 5, 7)
C3 (5, 7, 9) (5, 7, 9) (1, 3, 5) (3, 5, 7) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (1, 3, 5) (3, 5, 7)

A7
C1 (3, 5, 7) (3, 5, 7) (1, 3, 5) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (3, 5, 7) (1, 3, 5) (1, 3, 5) (3, 5, 7) (1, 3, 5) (3, 5, 7)
C2 (5, 7, 9) (7, 9, 11) (1, 3, 5) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (5, 7, 9) (3, 5, 7) (3, 5, 7) (5, 7, 9) (1, 3, 5) (3, 5, 7)
C3 (5, 7, 9) (3, 5, 7) (1, 3, 5) (3, 5, 7) (5, 7, 9) (5, 7, 9) (5, 7, 9) (3, 5, 7) (3, 5, 7) (3, 5, 7) (5, 7, 9) (1, 3, 5) (3, 5, 7)

A8
C1 (0.5, 1, 3) (3, 5, 7) (1, 3, 5) (7, 9, 11) (7, 9, 11) (7, 9, 11) (7, 9, 11) (5, 7, 9) (7, 9, 11) (5, 7, 9) (7, 9, 11) (1, 3, 5) (3, 5, 7)
C2 (3, 5, 7) (5, 7, 9) (1, 3, 5) (7, 9, 11) (7, 9, 11) (7, 9, 11) (7, 9, 11) (5, 7, 9) (5, 7, 9) (5, 7, 9) (7, 9, 11) (1, 3, 5) (3, 5, 7)
C3 (3, 5, 7) (5, 7, 9) (1, 3, 5) (3, 5, 7) (3, 5, 7) (3, 5, 7) (7, 9, 11) (3, 5, 7) (3, 5, 7) (3, 5, 7) (3, 5, 7) (1, 3, 5) (3, 5, 7)

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes; A7: Industrial accidents, such as fire; A8: Supplier disruption.
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Table 10. Aggregate fuzzy decision matrix.

Disruptive Risks C1 C2 C3

A1 (0.5, 3, 7) (0.5, 3.92, 9) (1, 4.08, 9)
A2 (0.5, 2.08, 5) (1, 5.69, 11) (1, 5.31, 11)
A3 (0.5, 3, 11) (0.5, 3.54, 9) (0.5, 4.08, 11)
A4 (0.5, 1.46, 5) (0.5, 3.46, 11) (0.5, 3.31, 11)
A5 (1, 7.15, 11) (1, 6.69, 11) (1, 6.69, 11)
A6 (0.5, 2.23, 7) (1, 5, 9) (1, 3.92, 9)
A7 (1, 5, 9) (1, 6.08, 11) (1, 5.46, 9)
A8 (0.5, 6.54, 11) (1, 6.85, 11) (1, 5.15, 11)

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

Table 11. Normalized aggregate fuzzy decision matrix.

Disruptive Risks C1 C2 C3

A1 (0.07, 0.17, 1) (0.06, 0.13, 1) (0.06, 0.12, 0.5)
A2 (0.1, 0.24, 1) (0.05, 0.09, 0.5) (0.05, 0.09, 0.5)
A3 (0.05, 0.17, 1) (0.06, 0.14, 1) (0.05, 0.12, 1)
A4 (0.1, 0.34, 1) (0.05, 0.14, 1) (0.05, 0.15, 1)
A5 (0.05, 0.07, 0.5) (0.05, 0.07, 0.5) (0.05, 0.07, 0.5)
A6 (0.07, 0.22, 1) (0.06, 0.1, 0.5) (0.06, 0.13, 0.5)
A7 (0.06, 0.1, 0.5) (0.05, 0.08, 0.5) (0.06, 0.09, 0.5)
A8 (0.05, 0.08, 1) (0.05, 0.07, 0.5) (0.05, 0.1, 0.5)

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

Table 12. Normalized weighted aggregate fuzzy decision matrix.

Disruptive Risks C1 C2 C3

A1 (0.02, 0.09, 1) (0.02, 0.06, 1) (0.02, 0.06, 0.5)
A2 (0.03, 0.123, 1) (0.015, 0.04, 0.5) (0.015, 0.04, 0.5)
A3 (0.015, 0.09, 1) (0.02, 0.07, 1) (0.015, 0.06, 1)
A4 (0.03, 0.2, 1) (0.015, 0.07, 1) (0.015, 0.03, 1)
A5 (0.015, 0.04, 0.5) (0.015, 0.03, 0.5) (0.015, 0.03, 0.5)
A6 (0.02, 0.05, 1) (0.02, 0.05, 0.5) (0.02, 0.062, 0.5)
A7 (0.02, 0.05, 0.5) (0.015, 0.04, 0.5) (0.02, 0.04, 0.5)
A8 (0.015, 0.042, 1) (0.015, 0.03, 0.5) (0.015, 0.05, 0.5)

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

Step 5. Crossover, mutation, and fitness evaluation.

After the initialization of the population, genetic operators, such as crossover and
mutation, were used to produce offspring. The probabilities of crossover (P_cross) and
mutation (P_mut) were defined according to common values in the literature, which
aimed to achieve exploration and exploitation in the evolutionary process. Therefore,
P_cross and P_mut were defined as 0.9 and 0.1, respectively. The crossover processes help
create opportunities for the exchange of genetic material among parent chromosomes, and
mutation helps create variability through the introduction of randomness. The fitness
value of the newly created chromosome was measured using the closeness coefficient
obtained from Fuzzy TOPSIS. The selection process selects chromosomes with higher
fitness values, which aims to provide opportunities for improved chromosomes to survive
in the evolutionary process.

Step 6. Repetition of step 5 until the results of the algorithm converge to the optimal
solution.
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The iterative process of crossover, mutation, and fitness function evaluation was con-
tinued until convergence occurred. The GA was run for a population of eight chromosomes
for a maximum of 40 generations, using a mutation probability of 0.1, as well as a mutation
rate of 0.1 (Figure 2). The outcome shows that the best fitness, as defined by the closeness
coefficient, is reached at the 40th generation, thereby showing the convergence of the
GA. The convergence indicates that no further improvements can be achieved through
additional iterations of the GA, thereby confirming the best priorities derived from the GA.

Figure 2. GA fitness function experiment results.

Step 7. Final Ranking of Identified Disruptive Risks.

Once the GA converged, the optimal ranking of the disruptive risks was identified
on the basis of the optimal fitness, as quantified by the closeness coefficients of the Fuzzy-
TOPSIS approach. The results of the calculation for the ranking of the disruptive risks are
given in Table 13.

Table 13. Priority of disruptive risks.

Disruptive Risks Best Fitness Results of the GA Rank (Priority)

A1 0.0934 7th
A2 0.6092 4th
A3 0.3925 6th
A4 0.0123 8th
A5 0.739 2nd
A6 0.4042 5th
A7 0.6515 3rd
A8 0.744 1st

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

As presented in Table 13, supplier disruption (A8) is revealed to have the utmost risk
of disruption, followed by route disruption (A5) and industrial accidents such as fire (A7).
This is because these risks have the highest fitness values, indicating their importance to
the sustainability of CLSC manufacturing. This data helps to ensure that risk management
receives focused attention.
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5. Comparative Analysis: Fuzzy-TOPSIS Method
In this section, the Fuzzy-TOPSIS method was used to conduct comparative analysis

and ensure the superiority of the GA-based Fuzzy-TOPSIS method over the Fuzzy-TOPSIS
method to address the disruptive risk prioritization problem of the sustainable CLSC of
manufacturing industries. The TFN was employed to cope with the uncertainty of linguistic
terms given by DMs. The first three steps (Steps 1 to 3) presented in the above section were
also applied to this section. In this regard, the results for these steps can be referred to in
the above section.

Step 4. Compute the Positive (A+) and Negative (A−) Ideal Solutions.

The following equation was utilized to determine positive and negative ideal solu-
tions for the considered problem. The Python programming language, version 3.13, was
employed for computation. Table 14 presents the results of the computation.

A+ = {P1
+, P2

+, Pj
+ . . . . . . , Pn

+} = max (
∼
pij) (10)

Table 14. Results of positive ideal solutions and negative ideal solutions.

Ideal
Solution C1 C2 C3

A+ (0.0455, 0.1343, 1.75) (0.0455, 0.1518, 1.75) (0.0455, 0.1555, 1.75)
A− (0.1, 0.6575, 3.5) (0.0556, 0.3006, 3.5) (0.0556, 0.3142, 3.5)

A− = {P1
−, P2

−, Pj
− . . . . . . , Pn

−} = min (
∼
pij) (11)

Step 5. Determine Euclidean Distance.

Assume
∼
pij = (a1, b1, c1) and yj = (a2, b2, c2) are two TFNs for the weighted normal-

ized fuzzy aggregated decision matrix and fuzzy ideal solutions, respectively. To calculate
the distance between these two TFNs, the study employed the vertex method, which is
defined as follows:

d(
∼
pij, yj) =

√
1
3
[(a1 − a2)

2 + (b1 − b2)
2 + (c1 − c2)

2] (12)

Additionally, assume Si
+ and Si

− represent the distances of each alternative from A+
and A−, respectively.

Si
+ = ∑n

j=1 d(
∼
pij, y+j ) (13)

Si− = ∑n
j=1 d(

∼
pij, y−j ) (14)

The results of the Euclidean distance calculation are shown in Table 15.

Step 6. Compute Closeness Coefficient.

The closeness coefficient for each disruption risk (CCi) was computed by employing
Equation (13). The results of the closeness coefficient are depicted in Table 15.

CCi =
S−

i
S+

i + S−
i

where0 ≤ CCi ≤ 1 (15)

https://doi.org/10.3390/su18031689

https://doi.org/10.3390/su18031689


Sustainability 2026, 18, 1689 19 of 28

Table 15. Euclidean distance and closeness coefficient.

Disruptive
Risks Si

+ Si− CCi Rank

A1 3.0417 0.2361 0.0720 7th
A2 2.1385 1.0696 0.333 5th
A3 1.5372 1.3230 0.463 3rd
A4 3.0834 1.024 0.2493 6th
A5 1.0696 2.1385 0.6665 1st
A6 3.0836 0.0117 0.0038 8th
A7 2.0864 1.3269 0.389 4th
A8 1.1215 2.1546 0.6577 2nd

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

6. Sensitivity Analysis
Sensitivity analysis was performed to see how effective the GA-based Fuzzy-TOPSIS

framework is compared to the regular Fuzzy-TOPSIS method for solving MCDM problems
related to sustainable CLSC. Four weighting scenarios were considered based on the
aggregated weights of the evaluation criteria. Python was used to validate the impact of
the varying input parameters on the prioritization of disruption risks. The obtained results
are provided in Table 16 in numerical form, while the graphical representation is provided
in Figures 3 and 4.

Table 16. Sensitivity analysis results.

Scenario Description
Priority of Disruptive Risks (Priority Decreases from Left to

Right)

Fuzzy-TOPSIS-GA Fuzzy-TOPSIS

Current case - A8-A5-A7-A2-A6-A3-A1-A4 A5-A8-A3-A7-A2-A4-A1-A6

Scenario one Increase the aggregate
weight of the criteria by 30% A8-A5-A7-A2-A6-A3-A1-A4 A3-A5-A8-A2-A7-A4-A1-A6

Scenario two Decrease the aggregate
weight of the criteria by 30% A8-A5-A7-A2-A6-A3-A1-A4 A5-A8-A3-A7-A4-A2-A1-A6

Scenario three Increase the aggregate
weight of the criteria by 50% A5-A8-A2-A7-A6-A3-A1-A4 A5-A8-A7-A3-A4-A2-A1-A6

Scenario four Decrease the aggregate
weight of the criteria by 50% A8-A5-A7-A2-A6-A1-A3-A4 A5-A8-A2-A3-A7-A1-A4-A6

A1: Flood; A2: Earthquake; A3: War and Terrorist attack; A4: Hurricane; A5: Route disruption; A6: Labor strikes;
A7: Industrial accidents, such as fire; A8: Supplier disruption.

Figure 3 indicates that the GA-based Fuzzy-TOPSIS framework produced results
that were close to the baseline, with only minor differences in risk prioritization in the
third weighting scenario. In contrast, Figure 4 shows that the traditional Fuzzy-TOPSIS
method had significant changes in how disruption risks were prioritized in all scenarios
compared to the baseline. This data proves that the GA-based Fuzzy-TOPSIS framework is
more robust than the conventional Fuzzy-TOPSIS approach in addressing disruption risk
prioritization in the context of sustainable CLSC.
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7. Discussion
The hybrid model of Fuzzy-TOPSIS with a GA gives useful information about the

different types of disruptive risks and how important they are in a sustainable CLSC for
metal industries. By bringing together expert opinions with fuzzy multi-criteria analysis
methods and evolutionary computation, this research helps us to clearly understand how
different risks affect the CLSC. The composition of the panels of experts lends credibility to
the results. The dominance of professionals from the field guarantees that the assessments
are field-realistic, while the inclusion of academics lends a degree of methodological
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consistency. The different types of professionals who work in supply chain, production,
logistics, maintenance, and management roles are similar to the different levels that are
expected in CLSCs. This is due to the likelihood that the effects will impact multiple areas
within the organization, rather than just one.

The decision hierarchy and criteria selection) offer a well-balanced and transparent
procedure for assessment. In addition, the combination of the criteria weighting mentioned
above captures both the risk and the operational aspects of the potential impacts associated
with the different forms of disruptions. In other words, the well-balanced criteria weight
suggests that the specific risk is multidimensional, where the time to recover is no less
significant than exposure and effects. This data is reflective of the increasing trend of
interventions in the area of CLSC that are associated with resilience and continuity. The
linguistic evaluation tool and its conversion into triangular fuzzy numbers are able to
handle uncertainty and subjectivity in expert opinions. The differences seen in the language
and fuzzy risk estimates show that disruptive risks vary greatly and cannot be easily
compared using single numbers. The combined fuzzy decision matrix can bring together
these opinions and highlight route disruption and supplier disruption as key risks in every
area of evaluation. The normalization and weighting processes ensure that each criterion
has an equal proportionate weight and that comparisons can be made between the risks.
These steps are crucial in preventing dominance and achieving effective distance-based
ranking using the fuzzy TOPSIS technique. The use of the GA has further improved the
stability of the outcomes. The convergence analysis clarifies that the GA can refine the
outcomes of the fuzzy TOPSIS and provide a stable ranking.

The findings of the study show that supplier disruption is the most prominent risk
to a sustainable CLSC of metal industries, followed by route disruption and industrial
accidents. This conclusion is because CLSCs are highly vulnerable to supplier and logistics
interruptions. Since the closed loop is interwoven, supplier and route risks have a dual
effect of disrupting both the original and returns supply chains. This increases the risk
impact level. Industrial disruption ranks next because of its immediate effects on CLSC
operations and the possibility of protracted downtimes. The present study ranked natural
disruption risks, such as earthquakes and hurricanes, at a lower priority level. Although
natural disruptions such as floods, earthquakes, and hurricanes are widely recognized
in the literature as low-probability but high-impact events, the magnitude and relevance
of their impacts vary substantially across countries due to differences in geographical
exposure, institutional preparedness, infrastructure resilience, and socio-economic condi-
tions. In the Ethiopian context, large-scale natural disasters occur relatively infrequently
when compared with disaster-prone countries such as Japan. They are therefore seen as
posing a relatively smaller threat to the sustainability and continuity of CLSCs. Conversely,
man-made disruption risks, such as transportation route disruptions and supplier-related
disruptions, are encountered more frequently and have more immediate operational conse-
quences. This contextual reality influenced expert judgment, leading to the assignment of
higher priority to man-made disruption risks in the case study.

The study’s results can also be connected to larger ideas in CLSC resilience theory,
like how different parts of the network depend on each other, the weaknesses in reverse
logistics, and how supply and demand are linked. The strong connection between the
forward and reverse processes in metal industry CLSCs can lead to problems with suppliers
and transportation routes, making the system more vulnerable. The network’s reliance
on a limited set of suppliers and critical logistics routes increases system vulnerability,
particularly when reverse logistics processes, such as returns collection, remanufacturing,
and spare-part redistribution, must operate in tandem with production and distribution
activities. This tight coupling between supply and demand in circular systems amplifies
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the operational impact of disruptions, as delays or failures in one node propagate through-
out the chain. From a CLSC resilience perspective, these findings align with the theory
emphasizing that system robustness is constrained by network interdependencies and the
fragility of recovery pathways in circular operations, which calls for targeted mitigation
strategies that enhance redundancy, flexibility, and recovery capability.

The study conducted a comparative analysis using the baseline Fuzzy-TOPSIS method
to prioritize disruption risks. The results indicate that transportation route disruption is
the most critical risk affecting the sustainability of the metal industry CLSC, followed by
supplier disruption and war and terrorist attacks. The GA-based Fuzzy-TOPSIS method
ranks natural disruption risks as less important, even though the highest-ranked risks are
different. Furthermore, sensitivity analysis was conducted to validate the robustness of the
GA-based Fuzzy-TOPSIS method. The results indicate that the GA-based Fuzzy-TOPSIS
approach is more robust and reliable in addressing the prioritization of disruption risks in
a sustainable metal industry CLSC compared to the baseline Fuzzy-TOPSIS method, which
is more sensitive to variations in input parameters. This study indicates that the GA-based
Fuzzy-TOPSIS method is effective for prioritizing disruption risks in sustainable metal
industry CLSCs.

Despite methodological differences and variations in the case country, the findings
of this study are broadly consistent with those reported in [73]. That study identified
supplier risk as a critical vulnerability in manufacturing supply chains and emphasized
the necessity of implementing effective mitigation strategies. Similarly, although [74]
employed a different methodological approach, structural equation modeling, its findings
partially support the results of the present study by illustrating the value of strengthening
supplier collaboration as a key mechanism for enhancing supply chain resilience against
disruption risks in manufacturing industries. Furthermore, the results of this study are also
corroborated by [75], which highlighted the need for proactive risk management strategies
to address major disruption sources, including supply and transportation disruptions.
Together, these studies reinforce the argument that manufacturing industries must adopt
systematic and anticipatory resilience-building measures to reduce vulnerability and ensure
the continuity of supply chain operations.

8. Theoretical and Managerial Implications
From a theoretical perspective, the research represents an extension of the CLSC and

SCM-R literature by addressing the disruptive risk priority problem in a specific, analytical
manner. In the literature, most research is inclined towards supplier choice or the evaluation
of sustainability, while the proposed research shows that the priority problem of disruptive
risks requires specific analysis owing to their system-level behavior and implications over
time, thereby achieving a multidimensional conceptualization of disruptive risks tuned to
the resilience concept and theories of SCM and SC, respectively. From a methodological
viewpoint, this research makes an important contribution by attempting to verify the
ability to prioritize risks in CLSC by employing a hybrid Fuzzy-TOPSIS-GA approach. The
employment of fuzzy logic helps incorporate uncertainty and subjective aspects related
to expert opinions, which is further improved by using a GA to increase the stability
and reliability of rankings. The hybrid technique overcomes many limitations related to
implementing a multi-criteria technique.

Real-world observations support the idea that ongoing and regular disruptions have
a bigger impact on CLSC vulnerability than rare disasters, as shown by how supplier
disruption and route disruption rank highest. The importance placed on supplier disruption
and route disruption in the final ranking identifies the holistic nature of CLSCs, which
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are impacted on the supply side as well as on the logistics side simultaneously, thereby
impacting downstream production streams as well as reverse supply chains.

The focus on disruptive risks adds to current CLSC sustainability models by clearly
including how risks affect decision-making aimed at sustainability. While traditional CLSC
sustainability models primarily focus on economic, environmental, and social performance
dimensions, they often assume stable operational conditions and overlook the differential
impact of disruption risks across supply chain processes. By systematically ranking dis-
ruptive risks based on probability, severity, and recovery capability, this study enriches
sustainability models with a resilience perspective, thereby enhancing the theoretical rele-
vance of this study.

From a practical managerial perspective, this study offers several important implica-
tions for practitioners involved in the design and management of sustainable CLSCs. The
proposed framework enables managers in metal industries to strategically allocate limited
resources toward mitigating the most critical disruption risks identified by the model. The
case study ranked supplier disruption as the highest-priority risk. A closer look at what
influenced the rankings shows that how quickly the company can recover from issues with
suppliers was the main reason supplier disruption was rated the highest risk, meaning the
company struggles to quickly get back to normal after problems with suppliers. To address
this vulnerability, managerial resources should be directed toward enhancing recovery
capability and supply chain resilience. Important actions include finding multiple suppli-
ers to avoid relying on just one, having backup logistics to keep materials moving, and
ensuring spare parts are available to reduce long downtimes. In addition, strengthening
reverse logistics buffering, implementing supplier sustainability and ESG performance
auditing, and developing in-house or partner-based spare-part remanufacturing capacity
can significantly improve recovery responsiveness within a CLSC context. Furthermore,
digital tools, including IoT technologies, and contingency planning for logistics bottlenecks
should be implemented to mitigate the top-priority risks by enhancing real-time monitoring
of supply flows, enabling early detection of potential disruptions, and providing alternative
routing or resource allocation options to maintain continuity in both forward and reverse
CLSC operations.

Even though the results come from just one company, the way metal industry CLSCs
operate and the risks they face are mostly similar in other cases. So, the ideas and manage-
ment suggestions from this study can be carefully applied to other sustainable CLSCs in the
metal industry, but it is important to remember that specific conditions of each company
and country might affect what risks are most important and how well they can be managed.

9. Conclusions
The paper focuses on disruptive risk priority in sustainable CLSCs in the context

of a manufacturing environment and industry. A method to help make decisions about
the complicated and uncertain issues in CLSCs has been suggested in earlier research by
merging Fuzzy-TOPSIS with a genetic algorithm. This conclusion is based on the idea that
combining fuzzy decision-making with the evolutionary method can effectively handle
complexity and strengthen how we prioritize decisions.

Figuring out the main causes of disruption risk, like problems with suppliers, delivery
routes, industrial accidents, earthquakes, and labor strikes, shows that ongoing risks in
supply chains and logistics are a bigger weakness than rare disasters for CLSCs.

Despite its significant contributions, this study is subject to several limitations. First,
the analysis relies on expert judgments, which are inherently subjective, even though fuzzy
modeling was employed to reduce uncertainty and vagueness in evaluations. Second, the
list of disruption risks and evaluation criteria was decided in advance based on existing
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research and expert advice, which might not cover all the different types of risks in every
CLSC situation. Third, although rigorous sensitivity analysis was conducted to verify the
effectiveness and robustness of the GA-based Fuzzy-TOPSIS method in addressing the
problem of prioritizing disruption risks, the empirical application of the model was limited
to a single case study, thereby constraining the generalizability of the findings.

Future research can extend this work in several directions. Additional and context-
specific criteria may be incorporated into the hybrid multi-criteria decision-making frame-
work to enhance its explanatory power. Expert subjectivity could be further mitigated
through advanced approaches such as intuitionistic fuzzy TOPSIS, iterative Delphi rounds,
or scenario-based analysis. Furthermore, the incorporation of real-time or historical disrup-
tion data alongside probabilistic modeling techniques would enhance the objectivity and
adaptability of the proposed framework. Finally, applying the model across multiple in-
dustries, regions, and organizational settings would provide stronger empirical validation
and improve the external validity of the results.

Consequently, this study contributes to a complete framework that encompasses
uncertainties and the optimization of disruption risks within CLSCs. The results will help
make decisions and provide guidelines necessary to counter the limitations posed by the
sustainability of CLSCs.
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The following abbreviations are used in this manuscript:

CLSC Closed-Loop Supply Chain
SCM Supply Chain Management
OLSC Open-Loop Supply Chain
BSC Backward Supply Chain
EOLP End-of-Life Product
MCDM Multi-Criteria Decision-Making
GA Genetic Algorithm
Fuzzy-TOPSIS Fuzzy Technique for Order of Preference by Similarity to Ideal Solution
TFN Triangular Fuzzy Number
ANP Analytic Network Process
DEMATEL Decision-Making Trial and Evaluation Laboratory
BWM Best–Worst Method
VIKOR VIseKriterijumska Optimizacija I Kompromisno Resenje
GRA Gray Relational Analysis
FMEA Failure Mode and Effects Analysis
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QFD Quality Function Deployment
DM Decision-Maker
Fuzzy-AHP Fuzzy Analytic Hierarchy Process
Fuzzy-QFD Fuzzy Quality Function Deployment
IFuzzy-TOPSIS Intuitionistic Fuzzy-TOPSIS
Fuzzy-ADAM Fuzzy Axial Distance-based Aggregated Measurement
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