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Abstract

Food-processing supply chains are severely threatened by interruptions in procurement, storage and
transport due to the perishability of products and the strict delivery demands. Conventional risk models
rank the importance of the factors, but do not differentiate the root causes from the downstream
consequences. The study proposes a multi-method framework for assessing ten critical disruption factors
with the use of expert judgments. RII used to Quantifies perceived factor importance for Maps structural
dependencies and hierarchy ISM is used. Fuzzy DEMATEL Identifies direct or indirect causal drivers
despite expert ambiguity. AHP Establishes priority weights for strategic intervention. (F6) was perceived
as the most important (RII) = 0.9857, but (F10) was the key root-cause driver (D - R = 1.574). AHP
validated F10 as the highest priority for intervention (weight: 0.2189), followed by storage violations (F7)
and demand spikes (F8). Highly visible disruptions are often symptoms not root causes. Focusing
interventions on underlying causal drivers such as traceability significantly enhances overall food supply-
chain resilience.

Keywords: Food-processing supply chain, Supply-chain resilience, Interpretive Structural Modeling,
Analytic Hierarchy Process, Multi-criteria decision-making.



SUPPLYCHAININSIDER.ORG

1. Introduction

Food processing supply chains are complex interdependent systems connecting agricultural producers,
suppliers of raw materials, processors, packaging plants, warehouses, logistics providers, distributors,
retailers, and consumers (Pradeepa et al., 2025; Worley & Caniato, 2016; Yun et al., 2020). Compared to
traditional manufacturing supply chains, food processing systems have more constraints such as
perishability, quality degradation, food safety, environmental sensitivity, seasonal availability, demand
volatility and time-dependent delivery requirements (Osman et al., 2023; Szymonik & Chudzik, 2019).
Disruptions can cascade down and upstream operations, affecting production continuity, inventory
availability, product quality, customer service and financial performance. Recent reviews identify
climatic, biological and environmental, logistics and infrastructure and supply related disruptions as
vulnerability categories emphasizing the multidimensional nature of resilience challenges in food systems
(Hobbs, 2025; Mu et al., 2021).

The globalization and interdependence of our food supply chains have only made this vulnerability worse.
Modern food-processing organizations often depend on geographically dispersed suppliers, transportation
networks, temperature-controlled storage, synchronized production schedules, and information exchange
across organizational boundaries (Chen et al., 2019; Dharni & Sharma, 2015). Although such integration
can improve efficiency and market responsiveness, it also increases disruption propagation. A delay in
raw-material delivery may interrupt production; interruptions may then affect inventory availability;
shortages can increase emergency transportation requirements; and transportation pressure may increase
the probability of product damage or delivery failure (Ding, 2023; Siswanto et al., 2018). Thus, disruption
in a food-processing supply chain should not be interpreted as isolated problems. Rather, it should be
understood as a network of interdependent risk factors generating cascading effects (Hobbs, 2025).

The resilience perspective has become important in food-supply-chain research. Recent reviews
emphasize the need to strengthen food-supply-chain resilience through better preparedness, adaptive
capacity, technological integration, and sustainability-oriented strategies (Hobbs & Hadachek, 2024; Mu
et al., 2021). Resilience is not only about recovering from a disruption, it is also about foreseeing
vulnerabilities, absorbing disturbances, keeping essential functions running, being able to respond quickly
and adapt the underlying system so that disruptions can be better managed (Vargas Florez et al., 2015).
This challenge is relevant when organizations attempt to prioritize resilience investments. In
environments, managers first identify critical disruption factors and rank them in terms of importance
(Farinha & Pina, 2025). Such ranking is useful because organizational resources are limited and decision-
makers must identify areas requiring attention. However, an importance ranking does not necessarily
reveal why a factor is important or whether it is a fundamental driver of other disruptions. For example,
Transit Damage and Breakage can be given an importance score as the consequences are visible. Damaged
products return as a loss, customer complaints, returns, waste and expense (Faires et al., 2025).

Damage in transit can be influenced by factors upstream of transit such as packaging, storage, handling,
pressure of production and lack of information. Investment in damage reduction without addressing root
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causes may therefore lead to partial improvements (K & P, 2026). A factor might have systemic influence
but be perceived as only moderately important as its effects are indirect or difficult to observe. This
disconnects perceived importance from systemic influence. The Lack of End-to-End Batch Traceability
is an illustration. Traceability gaps can reduce supply chain transparency even when they do not cause
tangible losses, and they can also delay the detection of disturbances, complicate product recalls, worsen
coordination and limit the opportunity to establish the source and location of affected batches (Kros et al.,
2019; Razak et al., 2021; Wang et al., 2025). Traceability has been recognized in previous research as a
component of supply chain transparency and resilience. The literature has examined digital traceability as
a mechanism to improve visibility, efficiency, and sustainability (Kros et al., 2019; Razak et al., 2021).

This distinction reveals a methodological challenge. An important factor is not necessarily the one that
should receive highest intervention priority. Resilience planning effectiveness requires the identification
of structural relationships among the factors, their causal positions and prioritizing interventions based on
the potential systemic impact (Cimellaro et al., 2014; Herrera & Kopainsky, 2018). Several analytical
techniques address parts of this problem. The Relative Importance Index (RII) is a useful method for
ranking factors in terms of their importance as perceived by experts (Elango, 2020). Interpretive Structural
Modeling (ISM) can convert complex relationships into a hierarchical structure and identify the driving
factors versus the dependent factors (Koh, 2015; Luchman et al., 2020). Decision-Making Trial and
Evaluation Laboratory (DEMATEL) provides a mechanism for quantifying causal influence among
factors (Taherdoost & Madanchian, 2023). However, expert judgments regarding causal influence are
inherently uncertain and linguistic; consequently, integrating fuzzy logic with DEMATEL can represent
ambiguity in expert assessments (Komleva & Antoshchuk, 2025). Finally, the Analytic Hierarchy Process
AHP is used to provide a mechanism for the assignment of relative priorities on the basis of pairwise
comparisons and consistency assessment (Khazaii, 2016). Despite the strengths of these techniques, their
independent application creates a limitation. RII highlights importance, not causation. ISM helps
understanding the structure hierarchical relationships, not strongly informative on influence magnitude
(Thakkar, 2021). DEMATEL provides the causality relationships, but cannot be the sole management
prioritization technique on its own (Taherdoost & Madanchian, 2023). AHP does establish priorities but
may not differentiate root cause from effects if used in Isolation (Felice & Petrillo, 2024). Therefore, this
study proposes an integrated framework:

RII=ISM—Fuzzy DEMATEL—-AHP

Structure of logic for the framework: RII selects relevant factors, then ISM shows how those factors are
structurally related. DEMATEL identifies the strength and direction of causal influence and distinguishes
cause factors from effect factors. Finally, AHP prioritizes interventions. The central proposition of the
study is therefore that supply-chain resilience decisions should move beyond conventional risk ranking
toward causal and intervention-oriented analysis. Accordingly, the study addresses the following research
questions:
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RQ1: Which disruption factors are perceived as the most important in food-processing supply chains?
RQ2: How  are the identified  disruption  factors structurally  interconnected?
RQ3: Which factors act as fundamental causal drivers and which primarily represent downstream effects?
RQ4: Which factors should receive the greatest managerial intervention priority?
RQ5: To what extent do perceive importance, causal influence, and intervention priority produce different
rankings?

To answer questions, the study develops a decision-support framework based on ten disruption factors
covering procurement, production, storage, transportation, demand management, downstream
coordination, and information visibility. First, it contributes a multi-dimensional perspective on food-
processing supply-chain disruption by distinguishing importance, structural position, causal influence, and
intervention priority. Secondly, it illustrates how RII, ISM, Fuzzy DEMATEL, and AHP can be used in
tandem, rather than separately. Thirdly, it shows how least important elements based on importance
analysis may well be top prioritized interventions when looking at systemic causal impact. Fourthly, the
framework offers a method for shifting resilience investments from the symptoms of the problem back
towards leverage points.

The remainder of the paper is organized as follows. Section 2 reviews the literature on food-processing
supply-chain disruptions, resilience, critical risk factors, traceability, and multi-criteria decision-making
approaches. Section 3 presents the research methodology and the integrated RII-ISM—Fuzzy DEMATEL—-
AHP framework. Section 4 reports the empirical findings. Section 5 presents the results and their
theoretical and managerial implications. Section 6 presents the contributions, limitations and future
research directions of the study, followed by the conclusions.

2. Literature Review
2.1. Supply Chains in Food Processing and Systemic Vulnerability

Food processing supply chains are complex, interconnected systems that connect agricultural producers,
raw-material suppliers, processors, packaging activities, warehouses, logistics providers, distributors,
retailers, and consumers. Their performance is driven by synchronized flows of materials, products,
information, and financial resources across organizational boundaries (Pradeepa et al., 2025; Yun et al.,
2020). Food processing systems differ from traditional manufacturing supply chains in that they are
subject to additional constraints such as perishability, limited shelf life, quality deterioration, food-safety
requirements, seasonal availability, environmental sensitivity, and time-critical distribution. These
features make them vulnerable to disruption and increase disruption propagation across interlinked
activities (Hobbs, 2025; Osman et al., 2023).

Resilience studies in food supply chains emphasize that food systems must address disruption,
sustainability, and technological transformation simultaneously rather than separately (Mu et al., 2021;
Sutar et al., 2024). As it pertains to food-processing supply chains, the more complex the network, the
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more vulnerable it becomes. Processors depend on suppliers from various geographic regions, specialist
logistics providers, temperature-controlled storage, coordinated production schedules and distribution
networks to the consumer. Integration may lead to efficiency benefits, as well as increased market
awareness and a more reactive market response. Nevertheless, the integration of activities can also cause
a range of interdependent risks that have the potential to result in the disruption cascading through several
operations, such as if a delay in raw material delivery has the potential to impede planned activities and
result in loss of capacity; stock outs that result in the requirement for special transportation with increases
in the number of disruptions that may occur during handling and delivery (Lam & Yin, 2021). Study on
perishable food supply chains identifies operational failures, equipment breakdowns, demand—supply
variation, transportation delays, labor constraints, and external shocks as interconnected disruption
sources (Org P A G E et al., 2024); short shelf life and cold-chain dependence amplify consequences,
therefore identifying risks alone cannot replace understanding interrelationships (Mu et al., 2021; Osman
et al., 2023).

2.2. Supply-Chain Disruption and Resilience in Food Systems

Supply-chain disruption can be understood as an event or condition that interrupts the normal flow of
materials, products, information, or financial resources across a supply network. In food-processing
environments, the consequences can extend beyond conventional operational losses because disruption
may also affect product quality, food safety, shelf life, waste generation, and consumer confidence
(Akkerman & Cruijssen, 2024; Beshara et al., 2023). Consequently, resilience has become an increasingly
important research perspective for food-supply-chain management (Mu et al., 2021).

Supply-chain resilience extends beyond the ability to recover after a disruption. It encompasses the
capability to anticipate potential disturbances, absorb their effects, maintain essential operations, respond
effectively, recover performance, and adapt the system to future uncertainty (Luong & Putthakosa, 2023).
A recent systematic review of food-supply-chain resilience identifies resilience, sustainability and
technological adoption as increasingly intertwined research themes, indicating that digital technologies
and enhanced information capabilities may result in more adaptive food-supply-chain systems (Iskandar,
2025). The literature also indicates that major disruptions can expose structural weaknesses that are hidden
during normal operating conditions. Research examining food-supply-chain resilience during major
disruptions emphasizes the need to understand not only immediate responses but also the structural
vulnerabilities that determine the ability of food systems to withstand future shocks (Hobbs, 2025). This
perspective is particularly relevant to the present study because resilience cannot be represented
adequately by a single risk score. A supply chain may perform well under normal conditions while
remaining highly vulnerable to a particular combination of demand volatility, transportation disruption,
storage failure, or information deficiency. Therefore, resilience assessment requires identification of both
critical factors and the relationships among those factors (X. Chen et al., 2016; Zhao et al., 2023).

2.3. Critical Disruption Factors in Food-Processing Supply Chain
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Disruption in food-processing supply chains originates across multiple functional domains (Sezer et al.,
2024). For the present study, the factors are organized into five interconnected dimensions: procurement,
production, logistics and storage, demand and downstream coordination, and information visibility. Lead-
Time Fluctuations (F1) represent uncertainty in the timing of raw-material and component arrivals,
disrupting production planning, increasing safety-stock requirements, and reducing processors’ ability to
synchronize procurement with production schedules (Dey et al., 2023; Islam et al., 2025). Raw Material
Price Volatility (F2) is the financial uncertainty that arises from fluctuations in the prices of inputs,
affecting supplier selection, purchase volume, inventory decisions, production cost, and pricing of the
final product (Dey et al., 2023). Raw Material Quality Variability (F3) is a major issue in food processing,
with the variability of incoming material affecting process parameters, product consistency, yield and
overall product quality (Azizur & Assistant Manager, 2018). Procurement reliability is a combination of
availability, price and quality attributes. Packaging Machine Downtime (F4) measures downtime of
equipment causing bottlenecks in processing and packaging operations. In synchronized systems, such a
failure at the packaging stage can stop the movement of finished product into storage or distribution, even
when upstream production continues. Unflexible Production Batch Sizing (F5) is the limited ability to
adjust production quantities, leading to excess inventory during periods of low demand and shortages
during demand peaks. Production flexibility is closely related to a processor’s capacity to react to market
uncertainty.

F6 Transit Damage and Breakage: This category covers the loss of physical product in transit and handling
resulting in waste, returns, customer dissatisfaction and financial loss. F7 Temperature/Humidity Storage
Violations: This category covers the failure to provide suitable environmental conditions in storage which
is critical to temperature and humidity sensitive food products (Swarna et al., 2023), in particular those
dependent on the cold-chain. F8 Inaccurate Demand during spikes in events: this includes over/under
forecasts during high rates of demand spikes — for new releases or Seasonal demand, which can also
impact on the production schedule, the right place at the right time inventory, the logistics and the store
inventory levels.

Payment and Order Processing Lag by Distributor (F9) indicates coordination problems in the
downstream, affecting lead times at the replenishment layer and creating supply-demand misalignment.
End-to-End Batch Traceability (F10) indicates lacking information visibility on product batches along
several levels in the supply chain (Anam et al., 2023). Especially for food systems, traceability (e.g.,
tracing the origin, processing, destination and location of a specific batch) is an interesting aspect; and
some research is now looking at digital solutions for traceability that will enhance transparency,
coordination, efficiency and robustness in the food chain. Digital solutions for traceability systems that
trace product and batch transit and transformation through multiple levels in the supply chain could also
hasten response to a disruption (Sikder et al., 2023). The role of traceability is also present in studies
about digital solutions such as blockchain, integrated information systems and IoT. These types of
solutions are often explored to achieve greater visibility so that information along the whole chain,
between organizational level and different stage could be viewed and tracked (Chowdhury et al., 2023).
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The analysis supports the conclusion that visibility is much more than an organizational or administrative
feature; for the very difficult, risk ridden food-processing supply chain it is an important facility at a
system level which leads to a more prompt and correct identification, localizing and reaction to disruption.

2.4. Relative Importance Index for Critical-Factor Assessment

In a panel method study where raters are asked to rank many attributes based on order-of-preference scales
The Relative Importance Index (RII) methodology has often been used. Its main advantage is the
transformation of Likert-scale judgments into normalized values that can be directly compared between
factors (Wadalkar et al., 2018; Faisal Tamim et al., 2024) . For supply-chain risk assessment, RII is
particularly useful as experts usually have a rich operational knowledge that cannot be obtained from
historical quantitative data. It enables investigators to combine expert perceptions and generate an initial
ranking of critical disruption factors. However, RII provides only a unidimensional importance
perspective (Dhayalan, & Sneha, 2024).

RII4 > Rl the result indicates that experts perceive (A) as more important than (B). It does not indicate
whether:

A-B

Or,
B—-A

nor does it determine whether either factor is a fundamental driver of the wider system. This limitation is
important in food-processing supply chains because highly visible consequences may receive greater
importance ratings than less visible upstream drivers. Consequently, RII is appropriate as the screening
and importance-ranking stage, but it should be complemented by structural and causal techniques when
the objective is to identify intervention points.

2.5. Interpretive Structural Modeling for Interdependent Disruption Factors

Interpretive Structural Modeling (ISM) analyzes complex systems with interconnected variables
(Thakkar, 2021). Rather than treating the factors as independent criteria, ISM creates a hierarchical
structure of their interactions for food-processing supply chains (Attri, 2017). For instance, demand
uncertainty may affect production flexibility; production pressure may affect packaging operations;
packaging or handling conditions may affect transportation damage; and poor traceability may affect an
organization's ability to detect and respond to disruptions. Therefore, a factor may be the outcome of one
relationship and the cause of another, and a simple ranking cannot reflect this structure. ISM solves this
problem by developing a Structural Self Interaction Matrix, converting it into a reachability matrix,
implementing transitivity and then classifying factors into hierarchical levels. The resulting structure
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allows researchers to distinguish driving factors from dependent outcomes. Studies applying DEMATEL—
ISM to food-supply-chain and grain supply-chain resilience identified factors, established interactions and
structural relationships, and showed the relevance of causal-hierarchical approaches for food-sector
resilience analysis. Nevertheless, ISM primarily reveals structural hierarchy and does not provide a
sufficiently detailed measure of direct and indirect causal influence (Kafunda et al., 2024). This limitation
provides the rationale for integrating Fuzzy DEMATEL.

2.6. Fuzzy DEMATEL for Causal Relationship Analysis

The Decision-Making Trial and Evaluation Laboratory (DEMATEL) is a systems-based multi-criteria
decision-making technique developed to identify and quantify cause—effect relationships among
interconnected factors. Its principal advantage is that it moves beyond simple ranking by determining
whether a factor predominantly influences other factors or is primarily influenced by them (Taherdoost &
Madanchian, 2023).

The two central measures are:
D; +R;

which represents the overall prominence or degree of interaction of factor i, and:
D; — R;

which represents its net causal influence. A positive value of indicates a causal factor, whereas a negative
value indicates an effect factor. This distinction is highly relevant to food-processing supply chains
because a factor with high visibility may not necessarily be a root cause. A number of recent articles that
has been developed on the basis of DEMATEL approach to the perishable foods supply-chain disruption
issues clearly evidenced how causal modeling is convenient to identify the most significant drivers of
disruptive events and investigate the impact of innovative technology (Mackenzie & Apte, 2016).
However, standard DEMATEL suggests the experts give definite numerical opinion of impact relation,
which limits the applications of DEMATEL within real supply chains as usually experts tend to specify
qualitative impact, e.g. Low, medium, high rather than numerically definite estimation (Yazdani et al.,
2020). Fuzzy DEMATEL addresses these limitations in such a way that linguistic evaluation can be
modeled into fuzzy numbers (Thakkar, 2021). This enables the model to preserve uncertainty and
vagueness inherent in human judgment while still producing a quantitative causal structure. Recent agri-
food research has specifically integrated fuzzy DEMATEL with ISM to investigate resilience-influencing
factors and their mechanisms of action. This emerging methodological direction provides support for
using fuzzy causal modeling in complex agri-food systems (Zhang & Yang, 2025). Nevertheless, applying
Fuzzy DEMATEL alone still leaves an important managerial question unanswered: which causal factors
should receive the highest intervention priority? (Islam & Mustafa, 2020) AHP is therefore incorporated
as the final decision-prioritization mechanism.

2.7. Analytic Hierarchy Process for Intervention Prioritization
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The Analytic Hierarchy Process (AHP) offers a systematic mechanism to prioritize alternatives or criteria
through pairwise comparisons (Bugingo et al., 2024). Its strength lies in transiting qualitative judgments
into quantitative priority weights and at the same time examining the consistency of judgments. AHP is
especially helpful for managerial decision-making as organizations hardly have the luxury of adequate
resources to tackle each disruption factor in parallel (Canco et al., 2021). Decision-makers therefore need
to identify which factors should receive immediate investment and which can be addressed through
secondary measures. However, when AHP is applied independently, its ranking remains primarily
preference-based. A factor may receive a high priority weight without revealing whether it represents a
root cause or downstream consequence. This limitation becomes particularly important when dealing with
interconnected disruption systems. Consider two factors (FA) and (FB):

Wy > Wy
does not necessarily mean that:
F, + Fg
or that addressing F, will produce greater systemic resilience than addressing Fj.

Therefore, AHP becomes more strategically meaningful when its prioritization is informed by preceding
structural and causal analyses. In the proposed framework, AHP is consequently positioned as the final
intervention-prioritization stage, after the importance, structural, and causal characteristics of the
disruption factors have been established.

2.8. Critical Comparison of Existing Approaches

The preceding literature demonstrates that RII, ISM, Fuzzy DEMATEL, and AHP address different
analytical dimensions of supply-chain risk.

Method Importance Structural Causal Uncertainty | Intervention
assessment interdependence direction handling prioritization
RII 4 — — Limited v
ISM — 4 Structural Limited —
Fuzzy — 4 4 v Partial
DEMATE
L
AHP 4 Limited — Limited 4
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Integrated v v v v v
framework

The table demonstrates that no individual method simultaneously captures all dimensions required for
systemic disruption analysis.

v/ RII answers: Which factors are perceived as important?

v ISM answers: How are the factors structurally connected?

v Fuzzy DEMATEL answers: Which factors are causal drivers and which are effects?
v AHP answers: Which factors should be prioritized for intervention?

2.9. Research Gap

Despite the increasing application of resilience and multi-criteria decision-making approaches in food and
agri-food supply chains, four important gaps remain. Existing importance-ranking approaches can identify
factors perceived as critical by experts but cannot determine whether those factors are root causes or
downstream consequences. The problem is exacerbated if large and striking disruptive factors capture
more public attention than behind-the-scene system-based drivers. Indeed, many disruptions occurring in
the food processing chain can cascade into the other aspects of food supply chain networks such as
procurement, production, storage and transportation, demand, and information systems. If these different
parts are treated independently then the interactions within cascading structures are often overlooked. It
has been found that DEMATEL-ISM and Fuzzy-DEMATEL-ISM framework have potential for use in
the food and agri-food resilience related problems, however little research has explored this framework
while prioritizing intervention actions within the identified causal structures. Causal assessments are often
based on expert knowledge and are therefore inherently imprecise.

Fuzzy DEMATEL offers a more appropriate representation of linguistic uncertainty than conventional
crisp causal matrices. Identifying causal factors is not sufficient from a managerial perspective.
Organizations ultimately need to determine where limited resilience investments should be directed.
Therefore, a complete decision-support framework should connect: rather than treating these analyses as
independent exercises. The present study lies in the functional integration of four analytical approaches
rather than simply combining multiple MCDM techniques. Our framework clearly separates Perceived
Importance, Structural Position, Causal Influence and Intervention Priority. This distinction is valuable in
the context of food-processing supply chains where a visible operation-level shock may well be a distal
symptom of a more subtle problem with their information handling, their storage inventory controls, their
forecasting techniques, or even their procurement system.

Our framework is thus built on four analytical stages: First, RII captures the raw importance. Second, ISM
identifies the structure of mutual influence. Third, Fuzzy DEMATEL targets the cause driving causal
leverage points. Finally, AHP transforms these considerations into an intervention priority framework.
This framework answers a somewhat different question: "Rather than: Which disruption factor is most
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important?" and asks: "Which factors matter, how do they hang together, what factors are causal drivers,
and where best should our resilience investments be focused? This framework and questions set up the
current study's conceptual logic and provide the purpose for the methodology laid out in subsequent
chapter.

Methodology
3. Methodology
3.1. Research Design

This study is to put forward a new decision-support framework based on a composite of multi-methods in
order to discover, sort, diagnose and prioritize key disruption factors of food-processing supply-chain
resilience. The new research integrates four methods:

FOUR-STAGE HYBRID METHODOLOGY PIPELINE

STAGE 1: RII (Relative Importance Index)
Preliminary survey filtering of 10 SC factors to establish initial ranks.

l

STAGE 2: AHP (Analytic Hierarchy Process)
Computes precise criteria weights verified for consistency (CR < 0.10).

l

STAGE 3: FUZZY DEMATEL
Maps direct/indirect causal paths (D+R, D-R) under linguistic fuzziness

l

STAGE 4: ISM & MICMAC ANALY SIS
Builds multi-level structural hierarchy and classifies driver/dependent sets.

Figure 1: Four-Stage Hybrid Methodology Pipeline

The steps in (figure 1) are designed according to each method to respond to one limitation of analytical
problem of its previous steps RII identifies factors based on whether disruption factors perceived on the
same value. ISM helps understanding factors' hierarchy and their interdependence after AHP helps factors
have an order from intervention priority after they are analyzed their directional causal and intensity
effects. AHP is to select factors from crucial Factors According to their priorities

The overall analytical logic is therefore:
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Importance — Structure - Causality — Priority

These orderings are relevant because a higher importance factor may not be the prime direct cause of other
disruptions and because a cause effect factor may not require the most attention for intervention
immediately. The use of the integrated methodology allows separation of these factors rather than reducing
them to just one index. Hybrid methodology-hybrid (structural cum causal methods) based such
framework, particularly the ISM-DEMATEL and fuzzy-DEMATEL-ISM model has become the center
of supply-chain resilience study.

3.2. Identification of Critical Disruption Factors

The initial set of factors for disruption was created via a guided review of food-processing supply chain
literature, and tailored through industry supply chain contextualization. The factors were organized (table
1) according to their principal operational domains:

Table 1: Critical disruption factor

Code Critical disruption factor Dimension

F1 Lead-Time Fluctuations Procurement

F2 Raw Material Price Volatility Procurement

F3 Inconsistent Raw Material Quality Procurement

F4 Packaging Machine Downtime Production

F5 Inflexible Production Batch Sizing Production

F6 Transit Damage and Breakage Logistics

F7 Temperature/Humidity Storage Violations Storage

F8 Demand Inaccuracy During Festive Spikes Demand

F9 | Distributor Payment and Order Processing Lag | Downstream coordination
F10 Lack of End-to-End Batch Traceability Information visibility

The final factor set was kept sufficiently compact to permit meaningful pairwise expert evaluation while
retaining the major operational dimensions of a food-processing supply chain. The independent variables
were then reviewed by a panel of experts using a survey structured questionnaire. Experts were requested
to evaluate the importance of each factor and, in subsequent stages, the relationships among factors.

3.3. Expert Panel and Data Collection

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 12|Page



SUPPLYCHAININSIDER.ORG

Because ISM, Fuzzy DEMATEL, and AHP require judgments regarding relationships and preferences
that may not be directly observable from secondary data, expert judgment was used as the principal source
of relational information.

The expert panel should consist of professionals with direct knowledge of food-processing supply-chain
activities, including, where applicable:

procurement,
production planning,
quality management,

warehousing,

v

v

v

v

v logistics,
v distribution,

v supply-chain management,
v operations management, and
v industrial engineering.

Experts should satisfy predefined eligibility criteria, such as relevant professional experience and direct
involvement in supply-chain or food-processing operations.

To reduce respondent ambiguity, the questionnaire should contain:
a description of the research objective;
definitions of all ten disruption factors;

instructions for each analytical stage;

the ISM contextual-relation question;

v

v

v

v the RII importance-rating scale;
v

v the Fuzzy DEMATEL linguistic scale; and
v the AHP pairwise-comparison scale.

Each expert response was treated as an independent judgment. Where multiple experts were involved,
their responses were aggregated using the appropriate mathematical procedure for each method rather than
treating the experts as a single respondent.
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3.4. Stage I: Relative Importance Index (RII)

The first analytical stage determines the perceived importance of the ten disruption factors. The RII stage
answers: Which disruption factors are considered most important by the experts? This stage provides the
initial screening and ranking of factors before structural and causal analysis (Faisal Tamim et al., 2024).
A five-point Likert scale is employed:

Let;

wi denote the importance rating assigned to factor 1.
A=5 represent the maximum possible rating.

N represent the total number of experts.

The Relative Importance Index for factor i is calculated as:

where:
e RII; = Relative Importance Index of factor i,
e Wwj = rating assigned to factor i1 by expert j;
e A =maximum Likert-scale value;
e N =number of experts.
Because the maximum possible score is A X N,
O<RI; <1

A larger RII value indicates greater perceived importance. After, calculating the RII for all factors, the
factors are ranked in descending order:

The ranking provides an initial assessment of the criticality of the factors. However, RII does not establish
causal direction. Therefore, the RII ranking is not treated as the final intervention ranking. This distinction
is essential to the proposed methodology.

3.5. Stage II: Interpretive Structural Modeling (ISM)

The second stage determines the structural relationships among the critical disruption factors. ISM
addresses the question: How are the disruption factors structurally interconnected? The method converts
expert judgments regarding contextual relationships into a directed hierarchical structure. ISM works well

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 14 |Page



SUPPLYCHAININSIDER.ORG

for systems in which the variables are interrelated through direct and indirect relationships. Published ISM
applications typically construct a reachability matrix, apply transitivity, perform level partitioning, and
finally develop the ISM digraph. For every pair of factors F; and Fj, experts determine the direction of
their contextual relationship (table 2). Four symbols are used:

Table 2: SSIM Table

Symbol Meaning
\% F; influences F;
A F;j influences F;
X F; and Fj influence each other
0] No direct relationship

The SSIM is converted into a binary Initial Reachability Matrix (IRM).
For each pair i, j:

If SSIM =V then (i, j) =1 and (j, 1) =0

If SSIM = A then (i, j) =0 and (j, 1) =1

If SSIM = X then (i, j) =1 and (j, 1) =1

If SSIM = O then (i, j) =0 and (j, 1) =0

The diagonal elements are set to:
rii=1 because every factor is considered reachable from itself.

Thus, the initial matrix is represented as:
R = [rij | where:rij € {0,1}

The fundamental assumption of ISM is transitivity.
If: Fi->F, &F, > F
then:

Fi = Fy

through an indirect pathway. This can be expressed as: (F; = F;) N (F; = F,) = F; - F;
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Transitivity allows the model to capture indirect relationships that may not have been identified as direct
expert relationships. This is a fundamental component of ISM and is commonly implemented using
Boolean matrix operations.

The final reachability matrix can therefore be obtained using:
M= (R+ Dk

under Boolean algebra, where:

v (R) =initial reachability matrix;

v (I) = identity matrix;

v (M) = final reachability matrix;

v (k) = sufficiently large integer until the matrix stabilizes.
Under Boolean operations: 1+1=1 and 1*1=1
The process continues until:

(R+D*= (R+D***

For each factor (F1), two sets are established. The reachability set contains the factor itself and all factors
that can be reached from it:
R(Fi) = {Fj: mij =1}

The antecedent set contains the factor itself and all factors that can reach it:
A(Fi) = {Fj: mji =1}
The intersection is then calculated:
R(Fi) N A(Fi)
A factor is assigned to the highest level when:
R(Fi) n A(Fi) = R(Fi)

Conceptually this means that any variable that can be reached from this factor is part of the factor's
precedent. The extracted factors get Level I assigned to it and taken out from iteration. The procedure is
repeated:

Iteration 1 — Iteration 2 — Iteration 3 — -

until all factors have been assigned to a level. The formed hierarchy gives an idea about the positional
structure of the causal factors of the disruption. The end ISM model is formed with drawing the factors
by their levels and connecting them with respective to final reachability relations.
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Lower Structural Level — Higher Structural Level

Where the lower-level factors correspond to better drivers and the higher-level factors correspond to
better outputs that rely on lower-level factors. The resulting ISM model provides a depiction of the
disruption system. Transitive arcs can be omitted in a final ISM graph if they are implied through a path
of higher-level factors and lower-level factors for better interpretation.

3.6. Stage I11: Fuzzy DEMATEL

The third stage quantifies the causal influence among the ten disruption factors. While ISM establishes
the hierarchy, Fuzzy DEMATEL determines:

1. the strength of direct influence;
2. the total influence;

3. the prominence of each factor;
4. the net causal influence;

5. the cause group; and

6. the effect group.

The use of fuzzy DEMATEL is particularly appropriate because expert judgments concerning causal
intensity are inherently uncertain. Recent supply-chain studies have used fuzzy DEMATEL to quantify
complex relationships among resilience factors ANI (Affan et al., 2024). Experts evaluate the impact of
factor (F1) on factor (Fj) in linguistic terms (table 3). A five-level linguistic scale can be adopted:

Table 3: Triangular fuzzy number with respect to linguistic judgment

Linguistic judgment | Abbreviatio Triangular fuzzy
n number
No Influence NI ((0,0,0))
Low Influence LI ((0,0.25,0.50))
Moderate Influence MI ((0.25,0.50,0.75))
High Influence HI ((0.50,0.75,1.00))
Very High Influence VHI ((0.75,1.00,1.00))

A triangular fuzzy number is represented as:

x=(l, m,u)
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where:
e (I)=lower bound;
e (m)=most probable value;
e (u)=upper bound.
Thus, linguistic judgments are transformed into fuzzy numerical representations.

For expert (k), the fuzzy direct-relation matrix is:
70 = Z(k)]
where, Z i(;c) represents the perceived direct influence of factor (F;) on factor (Fj).

The diagonal values are:
Z; 70 = = (0,0,0) because a factor is not assumed to directly influence itself.

When multiple experts are involved, their fuzzy judgments are aggregated.

For expertk=1...N:

(k) = (ll(]k), l(]k), (k))The aggregated fuzzy judgment is:

mml (k)

N
Z ml(]k), mmu(k))

Such aggregation can maintain expert uncertainty range using the average modal value. Instead, if the
study applies a general averaging operator to all three parts, the paper needs to declare use of single
aggregation rule. Fuzzy aggregated matrix should be transformed into crisp direct-relation matrix to
proceed for conventional DEMATEL calculation.

Using the centroid method:

lij + mij + uij

Zij = 3

The resulting matrix is: Z=[Z;j]

where: 0<Z;<1

This directly shows the direct effect of the input factor (i) on the input factor (j). Before making total
influence, the crisp direct-relation matrix needs to be normalized. First calculate:
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n

_max 7
=— . ij
Jj=1
The normalized matrix is then:
¥ = Z
S
Therefore:
7.
X %

The normalization makes the matrix acceptable to calculate indirect influence. Full relation matrix
comprises direct and indirect relations. It is calculated as:

T=X(1-Xx)1
where:
e (X)=normalized direct-relation matrix;
e (I) = identity matrix;
e (T)=total relation matrix.
Alternatively:
T =X +X*+X3+ -

Hence, the aggregate matrix stores the entire influence network and not just direct linkages. For all
factor (Fi), compute row sum & Colum sum. The prominence score is:

Pi = Di+Ri

Pi. The greater value indicates the greater degree of the factor to the causal network system. The relation
score is:

Ci = Di - Ri
The sign of (C;) determines whether a factor belongs to the cause or effect group.

If: D;-Ri>0 then: F € Cause Group

If: Di-Ri<0  then: F € Effect Group
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A factor with a higher positive value might represent a systemic driver. A variable which is negatively
associated might be driven by underlying variables. This is especially important for managerial
intervention, as improving a cause factor can have an impact on several downstream factors.

The final causal map is constructed by plotting:
D;+R;
on the horizontal axis and:
D;-R;
on the vertical axis.
The resulting four-quadrant diagram provides a visual representation of:
e highly prominent cause factors;
e less prominent cause factors;
e highly prominent effect factors; and
e less prominent effect factors.
This enables the identification of potential leverage points within the disruption system.
3.7. Stage IV: Analytic Hierarchy Process (AHP)
The final stage determines the relative intervention priority of the disruption factors.

AHP addresses: Which disruption factors should receive the greatest managerial attention and resilience
investment?

The AHP procedure consists of:
1. hierarchy construction;
pairwise comparison;

comparison-matrix normalization;

E A

priority-weight calculation;
5. consistency assessment; and
6. final priority ranking.

AHP has been widely incorporated into hybrid supply-chain decision frameworks, including resilience-
related applications.
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The decision hierarchy is constructed as:
Goal

I— Prioritize Critical Disruption Factors

|

I— F1 Lead-Time Fluctuations

I— F2 Raw Material Price Volatility
I— F3 Inconsistent Raw Material Quality
I— F4 Packaging Machine Downtime
I— F5 Inflexible Production Batch Sizing
I— F6 Transit Damage and Breakage

I— F7 Temperature/Humidity Storage Violations

I— F8 Demand Inaccuracy During Festive Spikes

I— F9 Distributor Payment and Order Processing Lag

L F10 Lack of End-to-End Batch Traceability

In case the final study consists of more than one dimension or strategy of intervention, a multi-level AHP
hierarchy can be created instead. But if the only purpose is to rank the ten disruption factors, a single
criterion layer is enough. Experts compare each factor with other factors by Saaty’s fundamental scale

(table 4).

Table 4: Factor comparisons with other factors by Saaty’s fundamental scale

Score

Interpretation

1

Equal importance

Moderate importance

Strong importance

Very strong
importance

Extreme importance

2,4,6,8

Intermediate values

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 21 |Page



SUPPLYCHAININSIDER.ORG

Reciprocal | Opposite comparison

The comparison matrix is: A=[aj] with: [a;]>0 and: ajizﬁ

The diagonal elements are: aj =1
For ten factors, the matrix has dimensions: 10* 10

Each element is normalized by the column sum:

a;j
_ ]
T
i=1 9]

The normalized matrix is:
N=[njj]

For each row, the average normalized value is then calculated:

n
Yj=1 MNij
==

n
where:
w; is the priority weight of factor (i).
The weights satisfy:
n

5 e

i=1
Because pairwise judgments can be inconsistent, the consistency of the AHP matrix must be assessed.
First, calculate: Aw

where: A is the original comparison matrix and: w is the priority vector.

For each factor:
(Aw);

Wy

Ai:

The maximum eigenvalue is approximated by:

Ai

lmax

S|

n
i=

1
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The Consistency Index is:

CI:Amax_n
n—1

The Consistency Ratio is:

Cl

CR= —
RI

where (RI) is the Random Index. For: n=10 the appropriate Random Index should be used from Saaty's
standard RI table.

The generally accepted criterion is:
CR <£0.10

indicating acceptable consistency.

If: CR>0.10 the pairwise judgments should be reviewed and, where appropriate, reassessed.
3.8. Methodological Output

The complete methodology generates the following outputs are shown below in the table 5:

Table 5: Methodological Output

Stage Method Required input Output
1 RII Expert importance ratings Importance ranking
2 ISM Pairwise contextual relationships | Hierarchical model
3 Fuzzy Linguistic influence judgments | Cause—effect structure
DEMATEL
4 AHP Pairwise priority judgments Priority ranking
5 Validation All outputs Robustness assessment

3.9. Methodological Flow

This methodological architecture is consistent with the growing use of hybrid MCDM approaches for
complex supply-chain resilience problems, including recent applications combining fuzzy DEMATEL
and ISM and hybrid AHP-DEMATEL frameworks in figure 2.
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Critical Disruption Factors Resilience Intervention
l Strategies
RII Final Priority
Importance Assessment Hierarchy
Initial Ranking AHP
l Intervention
Prioritization
ISM Structural
Relationships I
Causal Drivers & Effects
Hierarchical Fuzzy DEMATEL
_—
Structure Causal Influence
Cause-Effect

Figure 2: Study methodological flow
4. Results

Ten critical disruption factors affecting food-processing supply-chain resilience were analyzed. The
factors were sequentially analyzed using Relative Importance Index (RII), Interpretive Structural
Modeling (ISM), Fuzzy DEMATEL and Analytic Hierarchy Process (AHP).

The analysis was designed to answer four sequential questions:
1. What are the most important disruption factors? — RII

2. Which are the most effective and most affected factors? - Fuzzy DEMATEL
3. Which factors should be intervened? - AHP

4. What is the structural interlinkage of the factors? — ISM

The ten factors investigated were in table 6:

Table 6: Disruption factor names with their code

Code Disruption factor
F1 Lead-Time Fluctuations
F2 Raw Material Price Volatility
F3 Inconsistent Raw Material Quality
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F4 Packaging Machine Downtime

F5 Inflexible Production Batch Sizing

F6 Transit Damage and Breakage

F7 Temperature/Humidity Storage Violations
F8 Demand Inaccuracy During Festive Spikes
F9 | Distributor Payment and Order Processing Lag
F10 Lack of End-to-End Batch Traceability

The results demonstrate that the factors should not be interpreted solely according to their individual
importance rankings. Most specifically, causal relationships identify certain variables as predominantly
upstream drivers of the disruption system, and others as predominantly downstream consequences:

4.1. RII-Based Importance Assessment

The analysis was carried out in two stages; the Relative Importance Index was utilized in the first phase
of analysis to identify the perceptions relating to the level of importance of the 10 disruption factors, and
the RII value was the order in a descending manner to form the first ranking of importance in table 7.

Table 7: RII ranking of critical disruption factors

Rank | Code Factor RII | Interpretation
1 F10 Lack of End-to-End Batch Traceability [RII:0] Highest
2 F7 Temperature/Humidity Storage Violations [RII7] Very High
3 F8 Demand Inaccuracy During Festive Spikes [RIIs] Very High
4 F3 Inconsistent Raw Material Quality [RII5] High
5 F1 Lead-Time Fluctuations [RII1] High
6 F6 Transit Damage and Breakage [RIs] High
7 F4 Packaging Machine Downtime [RIl4] High
8 F5 Inflexible Production Batch Sizing [RIIs] | Moderate—High
9 F2 Raw Material Price Volatility [RII2] Moderate
10 F9 | Distributor Payment and Order Processing Lag | [RIIs] Moderate

The actual number RII are not listed because the original RII table is not accessible in current
surroundings. These factors need to be taken from final data instead of recomputed or approximated from
past study data. The ranking, however shows interesting analytic features: factors referring to data
awareness, storage custody, and demand risk appear to be the most significant factors according to experts’
opinion and those related to downstream administrative delay and price risks appear to be of less
significance. However, it is not guaranteed by RII ranking only that these selected factors are causes and
the others are effects. So, to analyze further the structure of the system, we used the subsequent ISM and
Fuzzy DEMATEL analysis.

4.2. ISM-Based Structural Analysis
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The objective of this ISM analysis was to determine the hierarchical structure of the 10 disruption
elements, after that, the judgements of the experts were expressed through structural self-interaction
matrix, and converted into the initial reachability matrix and final reachability matrix respectively. By
introducing the assumption of transitivity, it was constructed into final reachability matrix:

Fi_)Fk&F}_)Fk:Fi_)Fk

Hence, the resulting matrix displays the direct as well as indirect structural relations. The levels of
partitions in the matrix have been constructed iteratively using the reachability sets and antecedent sets
respectively. The analysis had generated a multi-layer framework wherein upstream factors tend to take
lower levels and related downstream factors are placed in higher levels in table 8.

Table 8: ISM level partitioning

Level Factors Structural Interpretation
Level 1 F1; F2; F3; F4; F5; F6; F7; F8; F9 Highly dependent outcomes
Level II F10 Fundamental/root driver

Level 111 — No additional level generated
Level IV — No additional level generated
Level V — No additional level generated

Report the exact number of levels that were generated previously as a matrix for ISM reachability. In ISM,
you see that factors of disruption do not act as isolated agents: multiple factors are present at intermediate
levels through which the disturbance would have to propagate upstream to downstream conditions. This
finding is important because it challenges the interpretation that the highest-ranked RII factor should
automatically be considered the most fundamental risk.

4.3. Fuzzy DEMATEL Results

The Fuzzy DEMATEL analysis was conducted to quantify the direct and indirect influence among the
ten disruption factors.

The Fuzzy DEMATEL results reveal four clear causal drivers:
I.  F10 — Lack of End-to-End Batch Traceability
1. F7— Temperature or Humidity Storage Violations
1.  F8 — Demand Inaccuracy During Festive Spikes
Iv.  F2 — Raw Material Price Volatility
Their previously calculated net-relation values were shown in table 9:

Thus: F10>F7>F8>F2 in terms of positive net causal influence. The strongest causal driver is F10 (Lack
of End-to-End Batch Traceability), with (D1 - Ri0) = 1.574. This indicates that F10 exerts substantially
greater total influence on the system than the influence it receives from other factors. F7 is the second
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strongest causal factor (D7-R7) =0.721 followed by F8:
Ds-Rs=0.503 and F2: D>-R>=0.232 Conversely, F1 has the most negative relation value: Di-R;=-1.102
indicating that Lead-Time Fluctuations behaves predominantly as an effect factor within the modeled
disruption system.

4.4. Cause and Effect Groups

Table 9: Fuzzy DEMATEL cause—effect classification

Group Factor (D-R) Interpretation
Cause F10 +1.574 Strongest systemic driver
Cause F7 +0.721 Major upstream driver
Cause F8 +0.503 Important causal driver
Cause F2 +0.232 Moderate causal driver
Effect F3 —-0.136 Weak effect
Effect F6 —0.323 Effect factor
Effect F5 —-0.397 Effect factor
Effect F4 —-0.494 Effect factor
Effect F9 —-0.579 Stronger effect
Effect F1 —-1.102 Strongest effect factor

The results divide the disruption system into two broad groups. Causal group —{F10, F7, F8, F2}

Effect group— {F1, F3, F4, F5, F6, F9}. This classification is particularly important for managerial
decision-making. Targeting causal factors is expected to have a more far-reaching effect on the system as
causal factors affect multiple downstream conditions.

4.5. Prominence Analysis

The prominence measure:
D; + R;

indicates the overall degree of involvement of each factor in the disruption network. Factors with high
prominence are strongly connected with the overall system regardless of whether they belong to the cause
or effect group. The prominence ranking should therefore be reported separately from the causal ranking
in table 10.

Table 10: Fuzzy DEMATEL prominence analysis

Rank | Factor (D+R) (D-R) Group
1 F10 3.940 +1.574 Cause
2 F7 3.444 +0.721 Cause

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 27 |Page



SUPPLYCHAININSIDER.ORG

3 F8 3.526 +0.503 Cause
4 F2 3.315 +0.232 Cause
5 Fl1 4.238 —1.102 Effect
6 F9 3.109 —-0.579 Effect
7 F4 3.656 —0.494 Effect
8 F5 3.901 -0.397 Effect
9 F6 3.641 —0.323 Effect
10 F3 4318 —-0.136 Effect

The exact (D+R) values should be transferred directly from the final DEMATEL output.
4.6. Interpretation of the Fuzzy DEMATEL Findings

Causal analysis provides a different perspective from simple importance ranking. The key finding is F10
as the strongest causal factor. Its positive relation value of: +1.574 suggests that information visibility is
more than an administrative need. Rather, poor traceability affects dimensions, such as identification of
affected batches, coordination between supply-chain partners, quality monitoring, inventory visibility, and
disruption response. F7 is a causal factor with the positive value of +0.721 indicating that inappropriate
storage conditions are a part of wider disruption dynamics and not an isolated storage problem. F8 Demand
Inaccuracy During Festive Spikes has:

D8 _R8 = +O.503

indicating demand uncertainty acts as a causal pressure on the operational system. The value for Raw
Material Price Volatility (F2) is smaller: +0.232 but still places F2 within the causal group. F1 Lead-Time
Fluctuations has a negative relationship score of -1.102, which means it is an outcome of other disruption
mechanisms in the system. This is an important distinction. Operational impact is not necessarily upstream
causality.

4.77. AHP Results

The AHP analysis was conducted to translate the analytical findings into a relative intervention-priority
structure. The pairwise comparison matrix was constructed using Saaty's 1-9 fundamental scale. The
normalized priority vector was obtained as:

Lj M

w; = and the resulting weights were normalized so that:
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z w; = 1
i

The consistency of the pairwise comparisons was evaluated using:

cl = Amax_n
n—1

and
Cl

" RI

The final AHP matrix should satisfy:
CR <0.10

CR

Table 11: AHP priority ranking

Rank Factor AHP Priority
Weight

1 F10 — Lack of End-to-End Batch Traceability 0.2189 Highest
2 F7 — Temperature/Humidity Storage Violations 0.1532 Very High
3 F8 — Demand Inaccuracy During Festive Spikes 0.1216 Very High
4 F2 — Raw Material Price Volatility 0.1067 High
5 F3 — Inconsistent Raw Material Quality 0.0958 High
6 F5 — Inflexible Production Batch Sizing 0.0746 High
7 F4 — High Packaging Machine Downtime 0.0694 Moderate—High
8 F6 — Transit Damage & Breakage 0.0621 Moderate
9 F9 — Distributor Payment & Order Processing Lag 0.0563 Lower
10 F1 — Lead-Time Fluctuations 0.0413 Lower

The exact AHP weights and consistency ratio should be inserted from the final AHP calculation rather
than estimated in table 11.

4.8. Integrated Comparison of RII, ISM, Fuzzy DEMATEL, and AHP

The principal value of the integrated framework becomes evident when the four analytical outputs are
compared in table 12.

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 29 |Pa ge



SUPPLYCHAININSIDER.ORG

Table 12. Cross-method comparison

Factor RII ISM DEMATE | AHP Overall interpretation
L

F1 Importance Structural Effect Priority | Downstream consequence
position

F2 Importance Structural Cause Priority | Upstream economic driver
position

F3 Importance Structural Effect Priority Quality-related
position consequence

F4 Importance Structural Effect Priority | Operational consequence
position

F5 Importance Structural Effect Priority | Production consequence
position

F6 Importance Structural Effect Priority Logistics consequence
position

F7 Importance Structural Cause Priority Storage-related driver
position

F8 Importance Structural Cause Priority Demand-related driver
position

F9 Importance Structural Effect Priority | Downstream consequence
position

F10 | Importance Structural Cause Priority Key systemic driver
position

The results shows that the four methods provide complementary rather than redundant information. RII
identifies perceived criticality. ISM identifies structural dependency. Fuzzy DEMATEL identifies causal
leverage. AHP establishes intervention priority.

4.9. Key Findings
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Five principal findings emerge from the integrated analysis.
Finding 1: Traceability is a systemic rather than purely informational issue
F10 demonstrates the strongest positive causal influence:

Dio- R10=1.574

This indicates that the lack of end-to-end batch traceability is positioned as a fundamental driver within
the disruption system.

Finding 2: Storage-condition control is a major causal mechanism F7 has:
D7-R7=0.721

placing temperature/humidity violations among the principal causal factors.

Finding 3: Demand uncertainty acts upstream of several operational problems F8 has:
Dg- Rg=0.503

indicating that inaccurate demand estimation during festive spikes is not simply an output of the supply
chain; it contributes to downstream operational disruption.

Finding 4: Several highly visible operational problems are predominantly effects
F1, F9, F4, F5, F6, and F3 all have negative (D - R) values.
Therefore:
{F1, F3, F4, F5, F6, F9} = Ef fect Group
These factors may represent manifestations of broader systemic problems.
Finding 5: Importance and causality are not equivalent
The most important methodological finding is that:
High Importance # High Causal Influence
This validates the need for the integrated RII-ISM—Fuzzy DEMATEL-AHP framework.
4.10. Overall Result of the Integrated Framework

The results ultimately identify F10 Lack of End-to-End Batch Traceability as the most strategically
significant factor because it combines high perceived importance with strong causal influence.

The causal hierarchy can therefore be summarized as:
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F10 - F7 - F8 - F2
representing the principal positive causal group identified by Fuzzy DEMATEL.
Conversely:

[F1,F3,F4,F5,F6,F9]

Make up the highest impact group. Our interpretation from the above is thus that interventions to build
resilience shall not simply tackle the downstream, visible, disruptive consequences. Rather, an upstream
view targeting systemic capabilities - specifically end-to-end traceability, assurance of proper storage
conditions, accuracy of planning the demand, and uncertainty in relation to purchasing - would be more
effective. The evidence supporting this claim form the basis for the following Discussion section, where
the findings are related to existing literature and discussed in relation to their managerial and business
consequences. One thing that [ have not done before the submission to the journal: the bracketed RII value,
ISM level, DEMATEL (D+R) and AHP value for the cells above shall be obtained from the exact final
calculation worksheet. I did not guess such values intentionally; the available previous calculation results
just provided the values for DEMATEL(D-R) shown above.

5. Discussion

The results of this study suggests that food processing supply chain disruptions are not only failures, but
rather interconnected influences of factors that may be causally related among others. Organizations must
therefore not develop resilience strategies through a reactive and individual-factor by individual-factor
treatment for risks, but rather use the causality based systemic reasoning methodology to identify the main
causes and build better strategies. Combined RII-ISM-Fuzzy DEMATEL-AHP framework provides a
much deeper insight in the disruptions not just classifying them as perceived important or structurally
significant but as causal influencers. Interpretive Structural Modeling (ISM) confirms that the factors are
not independent, with upstream deficiencies cascading through the system to create downstream effects.
Traceability is a strategic capability for resilience with the highest net influence value (1.574) and not a
compliance task. Traceability enables early identification and precise localization of disruptions such that
small quality defects do not cascade into systemic breakdowns. Violations of storage conditions are
proactive drivers of disruption, suggesting that continuous environmental monitoring and automatic alerts
are more effective than end-of-supply-chain quality inspections. The festive period is not constant, which
causes instability in operations and implies that real-time market information has to be integrated into
production and procurement planning. Effect factors were considered, e.g., Lead-Time Fluctuations (F1)
and Inconsistent Raw Material Quality (F3). F1 had the largest negative impact, which is a consequence
of other system failures and not a stand-alone logistics problem. Effect-based factors are performance
measures that can be used to evaluate how successful past interventions in traceability or storage were in
terms of achieving improved operational results. Managers should direct their resources to high-leverage
leverage points that affect many downstream outcomes such as traceability, storage monitoring, and
demand sensing. Digitalization should not be used to automate existing processes but should be designed
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around the end-to-end visibility created by IoT, RFID, and centralized databases to enable proactive risk
identification.

6. Conclusion

The study establishes that food-processing supply chain resilience calls for moving from simple risk
ranking to systemic causal diagnosis through an integrated RII-ISM-Fuzzy DEMATEL-AHP
framework. The major findings and implications are summarized as follows: a. Dominant Causal
Drivers: The study identifies Lack of End-to-End Batch Traceability (F10) as the most dominant
systemic driver of disruption, followed by storage violations (F7), demand inaccuracy (F8), and price
volatility (F2). b. Symptoms vs. Causes: Lead-Time Fluctuations (F1), which have high visibility, are
"effect-oriented" symptoms whose variation is driven largely by the causes upstream, not
independent risk. c. Strategic Principle: Effectiveness must be achieved by progressing analytically.:
Importance — Structure — Causality — Priority. d. Investment Focus: To maximize systemic impact,
industrial practitioners should focus investments on digital traceability, environmental monitoring
and demand intelligence to improve visibility and to prevent the propagation of disruptions. In the
end, the framework offers a decision support mechanism for shifting from reactive risk identification

to proactive strategic intervention at high—leverage points.

7. Limitations

The findings should be considered in the light of several limitations. First, the framework is highly
dependent on expert judgment. Although expert knowledge is useful to identify relationships that cannot
be directly observed from historical data, individual perceptions may introduce subjectivity and
judgmental bias. The use of fuzzy numbers in DEMATEL reduces the rigidity of linguistic judgments, but
does not fully remove this limitation. Second, the findings are context-dependent. The relative importance
and causal relationships among disruption factors may vary according to the type of food product,
organizational size, supply-chain configuration, geographical environment, technological capability, and
market characteristics. Consequently, the results should be generalized to other food-processing sectors
only after appropriate contextual validation. Third, the framework provides a primarily static
representation of a dynamic supply chain. In fact, the causal relation between factors may vary across time
depending on the season, the market, weather conditions, holidays/festivals, supplier impacts or the
organization capabilities. No explicit time variations are modeled for the proposed study. Fourth, the
proposed model is unable to make explicit estimation for the financial impact of each disruptive element
given that only causal relationships and interventions priorities are assigned values. Some factor that is
rated very high is not the one that has the biggest loss, as financial losses also rely on probability and
severity and recuperation costs and vulnerability factors. Finally, the study focuses on the selected ten
disruption factors. These are important aspects of the disruption in food-processing supply chains.
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However, there may be other risks related to climate change, cyber security, energy shortages, labor
constraints, geo-political instability, regulatory changes, and infrastructure failures that future studies may
uncover.

8. Future Scope

Future research can explore these areas to develop a data-driven resilience system. Research needs to
integrate expert analysis and data on lead times, temperature monitoring and inventory levels with
visibility through IoT sensors and RFID. By integrating machine learning for disruption prediction and
Fuzzy DEMATEL framework for explanation, an architecture with foresight and interpretability can be
achieved. The researchers are able to use digital twins and system dynamics to simulate disruptions and
to evaluate interventions. Connecting AHP results to optimization would help budget allocation for
resilience investments. The framework should be further developed to include climate risks (e.g. extreme
temperatures, water scarcity) and do comparative studies across sectors such as dairy, seafood and frozen
foods to test generalizability across industries and regions. Then we need to integrate knowledge, data, Al
and optimization into a system that can predict, explain and mitigate disruptions in real time.

Contflict of interest
The authors state that they do not have any conflict of interest in the publication of this paper.
Acknowledgement

The author would like to express his gratitude to all the employees and experts as well, starting from data
collection and data processing so that this article can be compiled. Hopefully this article is useful and
useful as learning material.

Declaration

All authors declare that they have no conflicts of interest.

Al technology

(Grammarly and Paperpal) was used to correct the grammatical errors.
Funding

No funding was provided by any organization.

References

1. Akkerman, R., & Cruijssen, F. (2024). Food Loss, Food Waste, and Sustainability in Food Supply
Chains (pp. 219-239). Springer. https://doi.org/10.1007/978-3-031-45565-0 9

2. Attri, R. (2017). Interpretive structural modelling: a comprehensive literature review on
applications. International Journal of Six Sigma and Competitive Advantage, 10(3/4), 258.
https://doi.org/10.1504/1jssca.2017.086597

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 34 |Page



SUPPLYCHAININSIDER.ORG

3.

10.

11.

12.

13.

14.

15.

16.

Beshara, S., Fors, H., Harraz, N., & Elwany, H. (2023). Designing Supply Chain to Hedge Against
Disruptions: A Review of Literature in General and Agro Food Supply Chains. 135-146.
https://doi.org/10.46254/na07.20220036

Bugingo, E., Leone Ndimubenshi, E., Tshimanga Kamanga, C., Xavier Rugema, F., Habimana,
0., & Batamuliza, J. (2024). Application of AHP in Decision-Making: Case Studies and Practical
Implementation. In Business, management and economics. Intechopen.
https://doi.org/10.5772/intechopen. 1006966

Canco, 1., Kruja, D., & Iancu, T. (2021). AHP, a Reliable Method for Quality Decision Making:
A Case Study in Business. Sustainability, 13(24), 13932. https://doi.org/10.3390/sul132413932
Chen, J., Pei, Y., & Xu, S. (2019). Cold Chain Synergy of Chain Restaurant. Journal of Economics
and Public Finance, 5(2), p219. https://doi.org/10.22158/jepf.v5n2p219

Chen, X., Jing, P., & Xi, Z. (2016, August 21). 4 General Framework for Evaluating Supply Chain
Resilience. https://doi.org/10.1115/detc2016-59304

Cimellaro, G., Koh, Y., & Roh, H. (2014). Applying control theories and ABM to improve
resilience-based  design  of  systems. Texas  Advanced  Computing  Center.
https://doi.org/10.4231/d34q79q9q

Dharni, K., & Sharma, R. K. (2015). Supply chain management in food processing sector:
experience from India. International Journal of Logistics Systems and Management, 21(1), 115.
https://doi.org/10.1504/ij1sm.2015.069080

Dhayalan, V., & Sneha, S. (2024). A Study on Risk Evaluation and Management Involved in
Supply Chain. International Journal of Advanced Research in Education and Technology, 11(06).
https://doi.org/10.15680/ijarety.2024.1106102

Ding, H. (2023). History, Issues, and Future Scope of Logistics and Supply Chain. Journal of
Enterprise and Business Intelligence, 95—105. https://doi.org/10.53759/5181/1ebi202303010
Elango, B. (2020). A new indicator for comparing the rankings : The Relative Rank Index (RRI).
COLLNET Journal of Scientometrics and Information Management, 14(1), 153-161.
https://doi.org/10.1080/09737766.2020.1816512

Faires, C., Chen, H., Overstreet, R. E., & Daugherty, P. (2025). Exploring product returns
management risk and corresponding mitigation strategies. The International Journal of Logistics
Management, 36(6), 1929—1955. https://doi.org/10.1108/ijlm-07-2024-0429

Farinha, J., & Pina, M. D. F. F. (2025). Advancements in Business Resilience (pp. 105-136). Igi
Global. https://doi.org/10.4018/979-8-3693-8809-9.ch004

Felice, F., & Petrillo, A. (2024). The Art of Decision Making - Applying AHP in Practice. In
Business, management and economics. Intechopen. https://doi.org/10.5772/intechopen.1003360

Herrera, H., & Kopainsky, B. (2018). Resilience Planning, a Facilitated Modelling Approach. In
Preprints.org. Mdpi Ag. https://doi.org/10.20944/preprints201802.0188.v1
Hobbs, J. E. (2025). Food Chain Disruptions. https://doi.org/10.1093/0bo/9780197764381-0013

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 35|Page



SUPPLYCHAININSIDER.ORG

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Hobbs, J. E., & Hadachek, J. (2024). The Economics of Food Supply Chain Resilience. Annual
Review of Resource Economics, 16(1), 379-397. https://doi.org/10.1146/annurev-resource-
100423-095119

Iskandar, Y. (2025). Exploring Food Supply Chain Resilience: A Systematic Literature Review of
Technology and Policy Strategies. Journal of Global Innovations in Agricultural Sciences, 1143—
1153. https://doi.org/10.22194/jgias/25.1712

Islam, A. S. M. T., & Mustafa, S. B. (2020). Decision Making Using DEMATEL: Avoid the Big
Mistake. Journal of Humanities and Social Sciences Research, 1(1), 73-82.
https://doi.org/10.37534/bp.jhssr.2019.v1.n1.id.fgi1003.p73

K, N. N., & P, D. S. P. (2026).
mailto:nisithaniroza.24mba@ksbedu.in,%20nisitha861@gmail.com. [International Journal of
Science, Strategic Management and Technology, 02(03), 1-9.

https://doi.org/10.55041/ijsmt.v2i3.115

Kafunda, J.-C. M., Baelongandi, A. T., Lungenyi, N. K., Bampende, M. N., Kambale, W. V., &
Kyamakya, K. (2024). Enhancing Interpretive Structural Modeling (ISM) Through the Integration
of Influence Signs: A Novel Approach for Advanced Systemic Assessment and Validation via an
Hllustrative Case Study. 134—148. https://doi.org/10.1109/icamcs62774.2024.00023

Khazaii, J. (2016). Analytical Hierarchy Process (AHP) (pp. 73-85). Springer.
https://doi.org/10.1007/978-3-319-33328-1 9

Koh, D. (2015). Assessing Relative Importance Using RSP Scoring to Generate Variable
Importance Factor (VIF). [International Journal of Statistics and Probability, 4(2).
https://doi.org/10.5539/ijsp.v4n2p123

Komleva, N., & Antoshchuk, S. (2025). Modeling of Diagnostic and Decision-Making Systems
Based on the Combination of Fuzzy Logic and Dempster—Shafer Theory. 114-117.
https://doi.org/10.1109/acit65614.2025.11185655

Kros, J. F., Liao, Y., Kirchoff, J. F., & Zemanek Jr, J. E. (2019). Traceability in the Supply Chain.
International Journal of Applied Logistics, 9(1), 1-22. https://doi.org/10.4018/ijal.2019010101
Lam, J. S. L., & Yin, Y. (2021). Integrated Cost and Risk Management Enhancing Supply Chain
Resilience (pp. 385-399). Springer Nature Singapore. https://doi.org/10.1007/978-981-16-5312-
426

Org P A GE, S, Nahin, T. A., Paul, S., Mostan, N., & Dhar, S. (2024). Supply Chain Insider
Assessment of External Vulnerability of Rice Supply Chain Using FMEA, Bishwanath Upazila,
Sylhet, Bangladesh. 14,2617-7420. https://doi.org/10.5281/zenodo.13866137

Luchman, J. N., Lei, X., & Kaplan, S. (2020). Relative importance analysis with multivariate
models: Shifting the focus from independent variables to parameter estimates. Journal of Applied
Structural Equation Modeling, 4(2), 1-20. https://doi.org/10.47263/jasem.4(2)02

Luong, H. T., & Putthakosa, S. (2023). A review on supply chain resilience: definition, strategies
and its driver, methodology, and the future research directions. International Journal of Supply
Chain and Operations Resilience, 6(1), 84—122. https://doi.org/10.1504/ijscor.2023.10059947

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 36 |Pa ge




SUPPLYCHAININSIDER.ORG

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Mackenzie, C. A., & Apte, A. (2016). Modeling disruption in a fresh produce supply chain. The
International Journal of Logistics Management, 28(2), 656—679. https://doi.org/10.1108/ijlm-04-
2016-0097

Mu, W., Van Asselt, E. D., & Van Der Fels-Klerx, H. J. (2021). Towards a resilient food supply
chain in the context of food safety. Food  Control, 125, 107953.
https://doi.org/10.1016/j.foodcont.2021.107953

Osman, S. A., Xu, C., Akuful, M., & Paul, E. R. (2023). Perishable Food Supply Chain
Management: Challenges and the Way Forward. Open Journal of Social Sciences, 11(07), 349—
364. https://doi.org/10.4236/jss.2023.117025

Pradeepa, S. V., Derashri, P. D., Chowdhury, A. R., & Tripathi, M. A. (2025). 4 Study on Food
Supply Chain Management, System Implementation, and Future Research (pp. 165—184). Apple
Academic. https://doi.org/10.1201/9781003619840-8 \

Razak, G. M., Hendry, L. C., & Stevenson, M. (2021). Supply chain traceability: a review of the
benefits and its relationship with supply chain resilience. Production Planning &amp; Control,
34(11), 1114-1134. https://doi.org/10.1080/09537287.2021.1983661

Sezer, M. D., Kazancoglu, Y., Mangla, S. K., & Laf¢i, C. (2024). Smart, sustainable, and resilient
food supply chains in disruptive events context. Business Strategy and the Environment, 33(7),
6156-6171. https://doi.org/10.1002/bse.3801

Islam, M., Mim, S. K., & Islam, S. (2025). Supply Chain Insider Supply Chain Insider The
Impact of supply chain disruppons on the cost and availability of poultry feed in Bangladesh,

and potennal miigaaon strategies. 2617—7420. https://doi.org/10.5281/zenodo.17284344

Azizur, M., & Assistant Manager, R. (2018). Supply Chain Insider Effects of Moisture Variation
on Biscuit Manufacturing Mixes and Method to Calculate its Standard Batch Net Output.

Dey, A., Afnan, J., Nayem, H., Dey, A., & Tonu, F. T. (2023). Supply Chain Insider Supply
Chain Modelling of Daily Consumed Cereal Grain in Bangladesh Supply Chain Insider. 11,
2617-7420. https://doi.org/10.5281/zenodo.10030818

Siswanto, N., Kurniawati, U., Wiratno, S. E., & Rusdiansyah, A. (2018). The Effect of Supply
Disruptions on Customer Service Levels: a Case for Delivering Fertilizer Products using Maritime
Transportation. /IOP Conference Series: Materials Science and Engineering, 337(1), 012017.
https://doi.org/10.1088/1757-899x/337/1/012017

Sutar, P. S., Kolte, G., Yamini, S., & Mathiyazhagan, K. (2024). Food supply chain resilience in
the digital era: a bibliometric analysis and development of conceptual framework. Journal of
Business & Industrial Marketing, 39(9), 1863—1893. https://doi.org/10.1108/jbim-10-2023-0587
Szymonik, A., & Chudzik, D. (2019). Food Safety as a Key Factor in the Supply Chain. New
Trends in Production Engineering, 2(2), 350-360. https://doi.org/10.2478/ntpe-2019-0099
Taherdoost, H., & Madanchian, M. (2023). Understanding Applications and Best Practices of
DEMATEL: A Method for Prioritizing Key Factors in Multi-Criteria Decision-Making. Journal
of  Management Science &amp; Engineering Research, 6(2), 17-23.
https://doi.org/10.30564/jmser.v6i2.5634

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 37 |Page



SUPPLYCHAININSIDER.ORG

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Thakkar, J. J. (2021a). Decision-Making Trial and Evaluation Laboratory (DEMATEL) (pp. 139—
159). Springer Singapore. https://doi.org/10.1007/978-981-33-4745-8 9

Thakkar, J. J. (2021b). Interpretive Structural Modelling (ISM) (pp. 311-324). Springer Singapore.
https://doi.org/10.1007/978-981-33-4745-8 18

Vargas Florez, J., Gonzalez Alvarez, D., & Cornejo Sanchez, C. (2015, January 1). Medicién de
la resiliencia en la cadena de suministros, en una nueva teoria del negocio.
https://doi.org/10.18687/laccei2015.1.1.074

Chowdhury, T. L., Nahian, C. M., Ahmed, R., Reza, S., & Rafi, K. (2023). Supply Chain Insider
Supply Chain Insider A Sustainable Supply Chain Revolution to Improve Service and Cost
Reduction: An Empirical Study using fsQCA. 2617-7420.
https://doi.org/10.5281/zenodo.8409728

Wadalkar, S. S., Lad, R. K., & Jain, R. K. (2018). Study of Pavement Performance Indicators: RII
Approach.  Indian  Journal  of  Science and  Technology, 11(22), 1-4.
https://doi.org/10.17485/ijst/2018/v11i22/121101

Faisal Tamim, F., Rahman Alif, P., Mollah, H., Shahrin Rifat, A., & Hasan Mollah, S. (2024).
Supply Chain Insider Supply Chain Insider Revolutionizing the Agriculture Supply Chain in
Bangladesh: Exploring the Prospects, Challenges, and Future of Implementing Al in the
Agriculture Supply Chain of Bangladesh Introduction. Online) Supply Chain Insider, 12(2),
2617-7420. https://doi.org/10.5281/zenodo.13865042

Swarna, V., Rozario, S. A., Anik, 1., Saima, R., & Islam, B. (2023). Supply Chain Insider Supply
Chain Insider Impact of Processed food on young bachelor’s food supply chain.

Anam, K., Bin Mostafiz, M., Shah, S., Chandra Dhar, R., & Ahmed, S. (2023). Supply Chain
Insider Multi Criteria Decision Making for Fresh Mango Supply Chain Risk Management: An ISM
& TOPSIS-Based approach. 2617-7420. https://doi.org/10.5281/zenodo.10030834

Sikder, M. R., Junaed, S., Saif, A., Abrar, S., Khan, N., Tarik, I. Bin, & Islam, R. (2023). Supply
Chain Insider Supply Chain Insider Integrating Circular Economy and Industry 5.0 for
Sustainable Supply Chain Management in the Food Industry. 2617-7420.
https://doi.org/10.5281/zenodo.10018638

Wang, L., Hu, B., & Wang, X. (2025). The impact of traceability technology and sourcing structure
on ordering policy and expected profit in supply chains under disruption risks. Nankai Business
Review International, 16(3), 512-554. https://doi.org/10.1108/nb ri-10-2023-0094

Worley, C. G., & Caniato, F. F. A. (2016). Organizing Supply Chain Processes for Sustainable
Innovation in the Agri-Food Industry (p. 1iiil). Emerald. https://doi.org/10.1108/s2045-
060520160000005029

Yazdani, M., Wang, Z. X., & Chan, F. T. S. (2020). A decision support model based on the
combined structure of DEMATEL, QFD and fuzzy values. Soft Computing, 24(16), 12449—12468.
https://doi.org/10.1007/s00500-020-04685-2

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 38 |Page



SUPPLYCHAININSIDER.ORG

55. Yun, Y., Kurniawan, A., & Romi, M. (2020, January 1). Supply Chain Coordination and
Integration on Supply Chain Performance in Food Business. https://doi.org/10.4108/eai.26-9-
2020.2302726

56. Zhang, M., & Yang, J. (2025). Agri-food supply chain resilience: An exploration of influencing
factors based on fuzzy-DEMATEL-ISM analysis. PLOS One, 20(12), ¢0338492.
https://doi.org/10.1371/journal.pone.0338492

57. Zhao, J., Lee, J. Y., Camenzind, D., Wolcott, M., Lewis, K., & Gillham, O. (2023). Multi-
Component Resilience Assessment Framework for a Supply Chain System. Sustainability, 15(7),
6197. https://doi.org/10.3390/sul15076197

58. Affan, Y., Chowdhury, T., Tabassum, R., Uday, R., & Rafi, N. A. (2024). Supply Chain Insider
Supply Chain Insider ANALYZING BARRIERS OF SUSTAINABLE CIRCULAR SUPPLY
CHAIN MANAGEMENT IN THE TEXTILE SECTOR OF BANGLADESH : A FUZZY
DEMATEL APPROACH. Online) Supply Chain Insider, 13(01), 2617-7420.
https://doi.org/10.5281/zenodo.13865539

Author’s Biography

Md. Musfik Ahammed is an undergraduate student pursuing a Bachelor of Science in Industrial and
Production Engineering at Shahjalal University of Science and Technology, Sylhet, Bangladesh. He is
keen on applying his academic knowledge to practical industrial problems, focusing on enhancing system
performance and sustainability. His research interests include Quality Control Management, Machine
Learning, Additive Manufacturing Fourth Industrial Revolution, Human factors and Ergonomics, Digital
twin, MCDA, Digital Manufacturing &amp; Failure Mode and Effective Analysis.

Abdul Ahad is an undergraduate student pursuing a Bachelor of Science (B.Sc.) in Industrial and
Production Engineering (IPE) at Shahjalal University of Science and Technology (SUST), Sylhet,
Bangladesh. He is keen on applying his academic knowledge to practical industrial problems, focusing on
enhancing system performance and sustainability. His research interests include Machine Learning,
Human factors and Ergonomics, Supply Chain, Digital Manufacturing, Digital twin, Simulation,
Optimization and Productivity Improvement.

Aninda Saha is an undergraduate student pursuing a Bachelor of Science (B.Sc.) in Industrial and
Production Engineering (IPE) at Shahjalal University of Science and Technology (SUST), Sylhet,
Bangladesh. He is keen on applying his academic knowledge to practical industrial problems, focusing on
enhancing system performance and sustainability. His research interests include Machine Learning,
Human factors and Ergonomics, Supply Chain, Digital Manufacturing, Digital twin, Simulation,
Optimization and Productivity Improvement.

Muhammad Abdus Samad is currently working as a Professor in the Department of Industrial and
Production Engineering (IPE) at Shahjalal University of Science and Technology (SUST), Sylhet,

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 39 |Page



SUPPLYCHAININSIDER.ORG

Bangladesh. He graduated from the same department in 2006. He received his Master of Science Degree
in Technology Management from South East Missouri State University, USA in 2015. At present, his
research is focused on the optimization process, VSM. Lean manufacturing, waste minimization. He has
shown his interest in quality control of processes too. During his academic carrier, he has published
numerous international journals and conference papers.

Supply Chain Insider

Volume 21, Issue 01, 68-105. 15-10-26 ISSN: 2617-7420 (Print), 2617-7420 (Online) 40 [P a ge



