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Abstract: Globalization and multinational commerce have increased the dynamism and complexity
of supply networks, thereby increasing their susceptibility to disruptions along interconnected supply
chains. This study aims to tackle the significant concern of supplier selection disruptions in the Thai
agri-food industry as a response to the aforementioned challenges. A novel supplier evaluation
system, PROMETHEE II, is suggested; it combines the Fuzzy Analytical Hierarchy Process (FAHP)
with inferential statistical techniques. This investigation commences with the identification of critical
indicators of risk in the sustainable supply chain via three phases of analysis and 315 surveys of
management teams. Exploratory factor analysis (EFA) is utilized to ascertain six supply risk criteria
and twenty-three sub-criteria. Following this, the parameters are prioritized by FAHP, whereas
four prospective suppliers for an agricultural firm are assessed by PROMETHEE II. By integrating
optimization techniques into sensitivity analysis, this hybrid approach improves supplier selection
criteria by identifying dependable solutions that are customized to risk scenarios and business
objectives. The iterative strategy enhances the resilience of the agri-food supply chain by enabling
well-informed decision-making amidst evolving market dynamics and chain risks. In addition, this
research helps agricultural and other sectors by providing a systematic approach to selecting low-risk
suppliers and delineating critical supply chain risk factors. By bridging complexity and facilitating
informed decision-making in supplier selection processes, the results of this study fill a significant
void in the academic literature concerning sustainable supply chain risk management.

Keywords: agri-food supply chain (AFSC); Fuzzy Analytical Hierarchy Process (FAHP); exploratory
factor analysis (EFA); Hybrid Sensitivity–Optimization Method for Agri-food Supplier Selection
(HSOMASS); PROMETHEE II; sustainable supply chain risk management (SSCRM)

MSC: 90B50

1. Introduction

A supply chain comprises an interrelated sequence of activities commencing with the
acquisition of basic materials and concluding with the generation of value in the form of
completed goods and services and their distribution to consumers [1,2]. Numerous factors,
such as globalization [3,4], supply and demand uncertainty [5] and shorter product and
technology life cycles [6], have increased supply chain management complexity and the
resulting difficulties in a variety of industries. Businesses must not only accomplish profit
targets but also adhere to regulatory requirements for a sustainable supply chain. Every
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partner has a distinct role in establishing a resilient supply chain. For the entire supply
chain to run sustainably, businesses must offer fully operational stakeholders [7].

Supply chains are now more vulnerable to risk due to recent developments like
outsourcing and just-in-time tactics [8]. Organizations are increasingly concerned about
risk issues as they strive to survive in a difficult commercial climate. The primary sources
of risk in supply chains can be categorized into three main categories: (a) operational
fluctuations, such as variations in supply and price, as well as uncertainties in demand;
(b) natural disasters, including hurricanes, severe droughts, and the coronavirus pandemic;
and (c) catastrophes caused by humans, such as terrorist attacks and terrorist strikes [9,10].

In a supply chain, risk is defined as unpredictability or unreliable events that could lead
to undesirable outcomes [11], obstacles, disruptions, or detrimental effects on the product or
supply chain profitability [12]. The result is a more complex, turbulent, and unpredictable
corporate environment [13]. Supply chain malfunctions and disturbances result in company
discontinuity, which may cause significant revenue losses. An agricultural supply chain
is susceptible to many hazards originating from multiple sources, which may affect the
dependability, expenses, and efficiency of processes related to manufacturing, processing,
and marketing. For instance, according to USDA reports during the summer of 2012, almost
80% of American agricultural acreage was impacted by drought conditions. Furthermore,
the Food and Agriculture Organization [14] claimed that COVID-19 had an impact on
agricultural supply chains (ASCs) in terms of both demand and supply, which, in turn,
affects food security. Civic lockdown to stop the COVID-19 outbreak also severely harmed
nine chains, resulting in labor losses and trade restrictions on food commodities [15].

In recent times, there has been a growing acknowledgment of and significance placed
on supply chain risk management (SCRM) [16]. Blos et al. [17] noted that SCRM was still
relatively unrecognized by many organizations. SCRM is, in fact, the interaction of risk
management and supply chain management (SCM) [18]. SCRM’s primary objective is
to formulate action plans to prevent, mitigate, or minimize disruptions by developing
strategies for identifying potential sources of risk, assessing them, and controlling and
responding to them [19,20].

As the process of market globalization accelerates, organizations must attract addi-
tional clients by considering several characteristics such as reliability, flexibility, and quality.
The suppliers in an inbound supply chain perform a vital part in determining the opera-
tional and financial positions of a business [21], particularly for the agricultural items that
require special consideration. The crucial links in the supply chain for agricultural products
are the suppliers of those products. The goal is to ensure the quantity and quality of fresh
commodities, as well as adequate cold storage to maintain quality until the raw materials
are packaged or processed [22]. Supplier selection problems comprise a diverse range of
objectives that frequently encounter conflicts. In practice, determining the performance of
prospective suppliers requires a set of criteria, including but not limited to cost, quality, or-
ganizational parameters, capabilities, and other customer-defined criteria that are presently
in use, to identify the optimal supplier from a range of alternatives. Nevertheless, there
has been limited attention given to the incorporation of risk criteria, specifically within
the agricultural sector [23]. However, the significance of each element varies greatly and
typically relies on the nature of the product or service to be obtained [24]. Finding the
right suppliers and focusing on critical risk factors is becoming harder since every firm has
unique plans, capabilities, and scopes that must be considered throughout the selection
process [25]. In addition, all organizations have limited funds and resources to research
and consider all possible risks [26].

Thailand’s economic growth over the past few decades has been significantly influ-
enced by the agricultural industry. The industry is widely recognized as the backbone of
the nation, producing food, and opening up a large number of employment opportunities
for the Thai population. Thailand’s economy today evolved from one based on subsistence
farming to one centered on agribusiness and eventually industry. Intending to rescue
the nation from the middle-income trap, the Thai government unveiled “Thailand 4.0” in
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2016. The model aims to boost farmers’ yearly income from THB 56,450 to THB 390,000 by
2037 [27]. The implementation of this policy would necessitate a significant shift in strategy
as well as collaboration with all the partner organizations involved in the supply chain.
According to Kumar et al. [28], among the primary and essential responsibilities of supply
chain management is strategic sourcing, which includes a variety of purchasing schemes.

Choosing a supplier is the initial step in product development that is essential for
achieving success in the market and enhancing a company’s competitive advantage in
supply chain management [29]. The selection of raw material suppliers is an essential part
of supply chain management that has both immediate and far-reaching consequences for a
company’s performance. In agribusiness, good suppliers for raw materials with acceptable
costs, quantity, and delivery are needed to ensure the quality and safety of agricultural
fresh products compared to competitors. Supplier selection affects long-term commitments
and supply chain performance [30]. In a risky supply chain, adequate criteria, and an
effective approach for evaluating suppliers by performance are crucial [31]. As a result,
determining and assessing supply chain risks is crucial for sustainable supplier selection.

The supplier selection process incorporates both quantitative and qualitative elements
into the decision-making framework. Various factors are considered, such as financial
considerations, technological proficiency, flexibility, capability for improvement, service,
relationship, yields, price, and green technology [19,32,33]. This issue is categorized as
multiple criteria decision-making (MCDM). Several scholarly investigations have explored
supplier selection strategies that incorporate supply chain risk [34–39]. However, it was
argued that the body of research specifically examining the process of supplier selection
in this area is exceedingly scant [40,41]. Moreover, there has been a lack of evaluation
of the elements and methodologies presented in these works in the agri-food sector, es-
pecially in Thailand. Furthermore, conventional sustainable supplier selection methods
encounter subsequent shortcomings in this study. Prior research has frequently failed to
take sustainability issues and supply chain risk into account at the same time, which has
resulted in erroneous assessment and poor supplier selection. The significance and weights
of various decision-makers (DMs) are frequently ignored in sustainable supplier selection
research, which has an impact on the precision and efficacy of decision-making [39]. More-
over, traditional supplier evaluation and selection research is substantial, but outranking
approaches have received less attention in supplier selection despite their importance in
other applications. To bridge the gaps in previous research, this study aims to examine the
supplier selection problem from the perspective of realistic sustainable supply chain risk.
The purpose of this study is to provide a paradigm for assessing and choosing suppliers to
encourage long-term collaboration between manufacturers and suppliers.

Several methods have been used to solve these issues, from a simple linear weight-
ing method to a more complex multi-objective method, as well as integrated or mixed
models for instance: [42–46]. Each of them is different and can be used in different
ways. A Fuzzy Analytical Hierarchy Process (FAHP) and Preference Ranking Organi-
zation METHOd (PROMETHEE) II are two popular MCDM methods. The application of
FAHP and PROMETHEE II algorithms was utilized in this context. The FAHP method
can be used to assess the uncertainties involved in converting human preferences into a
score, particularly when considering several variables in the selection process [47]. On the
other hand, PROMETHEE II selects providers based on their assigned weights, aiming to
minimize uncertainties arising from the comparison matrix. The effectiveness of the FAHP-
PROMETHEE II method could resolve concerns about judgment inconsistency, accuracy,
and weak prioritizing in pairwise procedures. It analyzes problem patterns and measures
criteria weight. The FAHP and PROMETHEE methods have been successfully used in
many areas, such as outsourcing information systems, choosing tools, policy scenarios,
supply chain risk prioritization, and mining method selection [48]. This research endeavor
aims to construct an all-encompassing evaluation framework that efficiently covers every
facet of performance. In consideration of numerous selection process-related criteria and
hazards, the framework could assist DMs in making informed decisions.
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To fill this research gap and guide the sustainable journey of supply chain resilience,
we address the following questions, leading to the development of two propositions on the
issues identified:

1. What are the primary elements and sub-factors that contribute to sustainable supply
chain risks in the agri-food industry in Thailand when selecting suppliers?

2. What is the practical approach to selecting suppliers in an agri-food firm that can
combine these sustainable supply chain risk factors?

Consequently, a three-stage hybrid model combining statistical methods and MCDM
approaches was developed for supplier evaluation to address the problem’s complexity. The
first stage was to gather elements from the literature and interview five industry experts.
Afterward, a comprehensive survey was conducted among 397 purchasing managers
operating in the agri-food sector in Thailand to identify the precise components and sub-
components that might influence the sustainability of supply chain supplier selection. Those
risk variables were then categorized using factor analysis. In the second phase, FAHP was
utilized to ascertain the weights and ranks of the sub-factors and factors of sustainability
supply chain risk by considering the equivocal and uncertain decision-making environment.
Subsequently, PROMETHEE II was suggested as a means of determining which supplier’s
solution is most suitable for a practical implementation from among multiple candidates.
Finally, the influence of the DM’s preferences for a major impact on the ranking that
was received was investigated through sensitivity analysis using the Hybrid Sensitivity–
Optimization Method for Agri-food Supplier Selection (HSOMASS).

This paper follows a structured framework. The subsequent section offers a succinct
review of the literature evaluation, focusing on the central themes addressed in this study.
In Section 3, the methodology is thoroughly described, including the research design, meth-
ods of data acquisition, and analytical approaches that were implemented to achieve the
objectives of this study. The results obtained from this procedure and the subsequent sensi-
tivity analysis are provided in Section 4. Section 5 combines the discussion and conclusion
sections, analyzing the results considering the body of current literature, analyzing their
implications. Finally, the most important lessons learned, and outlining possible directions
for further investigation are provided in Section 6.

2. Literature Review
2.1. Agri-Food Supply Chain Definition

The agri-food supply chain (AFSC) typically comprises suppliers, growers, cooper-
atives, middlemen, transporters, processors, wholesalers, retailers, and final customers.
It carries out a vitally important duty in providing those goods to satisfy consumer de-
mands [49]. It also accomplishes business-to-business transactions and partnerships that
are accountable for the effective production and distribution of fresh produce, guaranteeing
that end users’ needs in terms of quality, quantity, and value are consistently met [50].
There are multiple definitions of the AFSC, each of which reflects a unique perspective and
places emphasis on a distinct facet of the operation. For instance, the Food and Agriculture
Organization (FAO) of the United Nations describes the AFSC as “a network of entities that
bring food from “farm to fork”, including agricultural production, processing, distribution,
consumption, and disposal” [51]. The above World Bank describes AFSC as “a complex sys-
tem involving the production, processing, distribution, and consumption of food products,
encompassing various stakeholders and activities”. From production to consumption, these
definitions highlight the sequential phases, various parties involved, and complexity of the
AFSC. The goal is to ensure a dependable, safe, and sustainable supply of agricultural goods
to suit consumer nutritional demands while resolving economic, social, and environmental
concerns. The AFSC is now addressing multiple uncertainties regarding its existence,
encompassing factors such as consumer preferences and environmental considerations.
AFSCs possess unique attributes that distinguish them from traditional supply chains and
necessitate specialized managerial expertise. These distinct characteristics include hazards
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associated with supply and demand, weather-related instability, short life-cycle items, price
volatility, and food safety and quality [52–54].

At present, the AFSC encounters obstacles and risks such as ensuring quality and
safety, maintaining traceability, promoting sustainability, and adapting to globalization.
Food safety and quality control are crucial for the well-being of individuals. The demand
for traceability is growing among consumers who seek to ascertain the provenance of
their food products. Blockchain and RFID technologies are utilized to enhance traceability.
Resource consumption, waste management, and the environmental impact of agriculture
and food production are difficulties for the AFSC when products are sourced, processed,
and distributed across different countries. The future of the AFSC relies heavily on ad-
vancements in technology and the implementation of environmentally friendly policies.
Sustainable practices have evolved into an urgent concern for several industries, including
the agri-food sector. To meet higher standards for sustainability, companies in the agri-food
industry will have to set social and environmental goals along with their business goals in
the coming years. Sustainable AFSCs are now considered essential for food security [55].
To provide food security and nutrition, food systems must be sustainable, resilient, and
efficient. Otherwise, these factors could be compromised. Although well recognized,
strategies for promoting sustainable transitions in AFSC remain to be discussed [56].

2.2. Supply Chain Risk Factors

Business volatility has been a consequence of internationalization, outsourcing, short-
ened product lifetimes, intensifying competition, technological advancements, and new
legislation over the past few decades. The supply chain (SC) has become more intricate
and susceptible to natural disasters, terrorist attacks, and epidemics because of these mod-
ifications. As a result, supply chain risk management (SCRM) has attracted heightened
attention from both scholars and practitioners in the industry. Given that SCRM involves
the proactive identification, evaluation, and resolution of risks to enhance sustainable oper-
ations, its effective execution is critical in mitigating the adverse impacts of global supply
chains on society, the economy, and the environment. SCRM improves collaboration, trans-
parency, and supplier participation. These alterations promote responsible procurement,
ethical labor, and environmental stewardship across the entire supply chain. According to
statistical data, supply chain disruptions give rise to financial, environmental, and social
hazards; therefore, proactive risk management is deemed a critical element. SCRM is a criti-
cal component of sustainability. To enhance the resilience, sustainability, and impact of their
supply chains, organizations can implement comprehensive risk management strategies.

Supply chain risk encompasses potential interruptions, uncertainties, and vulnera-
bilities that can hinder the flow of products, services, and knowledge. Natural disasters,
geopolitical crises, economic volatility, regulatory changes, supplier troubles, and technical
failures are some of the possible causes. Business and supply chains have always had
risk, and it has been hard to control supply chain risk, especially in the last 20 years [57].
Numerous researchers have carried out thorough reviews of the literature to better under-
stand supply chain risk. The results have greatly increased the amount of information and
knowledge about supply chain risk. Globalization of markets and changes in supply and
demand have made supply chains more important and complicated, with risks in every
part of the chain discussed [58]. Risks can be put into groups based on how they affect the
business and the organization [59]. Additionally, it can be managed by considering the
different types of risk [60,61], such as variables linked to the organization, the environment,
or the supply chain that are hard to predict and influence the chain’s results [62].

There are numerous ways to classify and categorize supply chain risks. According to
Kleindorfer and Saad [10], disruption risks refer to unforeseen and unplanned incidents
that cause disturbances to the customary movement of materials and products along a
supply chain. Operational risks refer to the inherent uncertainties that disrupt supply
chains and have significant implications, such as uncertain costs, consumer demand, and
availability. Tang [5] separated disruption risks (e.g., political instability, storms) from
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operational risks (e.g., fluctuating consumer demand, supply unpredictability, and cost
fluctuations). Song et al. [63] separated risk factors into four groups: environmental, so-
cial, operational, and economic. The authors provided a comprehensive overview of the
identified supply risk, considering it through the lens of the Triple Bottom Line (TBL),
which encompasses social, environmental, and economic dimensions. Behzadi et al. [64]
divided supply chain risks in agriculture into two categories: (1) supply-side risks in-
cluding weather variations, sickness, and insects have an impact on supply quantity and
timeliness; and (2) demand-side problems have the biggest impact on market capacity and
sales prices. However, [23] grouped agriculture supply network risks into seven main
categories: (1) weather; (2) biological and environmental factors (e.g., pests, diseases, and
excessive rainfall); (3) logistical and infrastructure challenges; (4) market dynamics, in-
cluding labor shortages and unpredictable customer demand; (5) policy and regulatory
concerns, (6) economic considerations; and (7) operational and management aspects. Imbiri
et al. [65] classified the risks in agribusiness supply chains into three distinct categories, i.e.,
(1) risks linked to organizations, (2) risks related to the environment, and (3) risks related
to networks. The logistical/infrastructural, financial, process, control, supply, and demand
variables are examples of organizational risk factors. Environmental risk factors encompass
both natural and man-made disturbances. Meanwhile, network-related risks encompass
risks that arise from collaboration.

2.3. Sustainable Supply Chain Risks

Sustainable Supply Chain Risk Management (SSCRM) is a systematic and tactical
approach that places sustainability at the forefront of supply chain risk identification, eval-
uation, and mitigation. SSCRM involves the identification and management of sustainable
supply chain risks in collaboration with stakeholders to reduce overall vulnerability. This
entails both operational and strategic components. These possible threats may hinder
or cause disturbances in the transmission of data, products, and raw materials from the
supplier to the consumer of the company. Kouvelis et al. [66] defined SSCRM as managing
demand, supply, and cost uncertainty. Carter and Rogers [67] described supply chain risk
management (SSCRM) as an organization’s ability to control supply chain risks related to
finances, the environment, and society through interdependent planning and management.
SSCRM is the acronym for supply chain and internal logistics risk management, with an
emphasis on preventing external parties—especially upstream and downstream partners—
from becoming involved. Tang and Musa [68] defined SSCRM as the act of effectively and
sustainably managing supply chain connections through collaborative interaction among
participants. This approach includes environmental, social, and economic factors in supply
chain risk management to reduce human, environmental, and financial impacts.

Sustainable supply chain risks refer to increased susceptibility caused by factors such
as sustainability. Sourcing negatively affects economic, social, and environmental sustain-
ability [69]. According to Hofmann et al. [70], sustainability-related risks are conditions or
events that may cause negative stakeholder reactions. Traditional risks may cause supply
disruptions, but sustainability-related risks may cause strong stakeholder reactions that
severely impact the firm. Supply chain sustainability problems could hurt businesses by
lowering the worth of the brand, lowering sales, and lowering profits for shareholders.
Hofman et al. [70] divided sustainability-related risks into three groups: social issues,
such as working conditions and pay; ecological issues, such as input- and output-related
issues; and environmental risks, such as natural disasters, pollution, and greenhouse gas
emissions. Furthermore, ethical business conduct was considered, such as corruption and
business connections.

Organizations can ensure that suppliers adhere to sustainable practices by, among
other things, identifying and assessing various sustainability-related hazards at the sup-
pliers’ end and elaborating on the suppliers’ sustainability capabilities. The practices are
designed to assist suppliers in building greater awareness and implementing more sustain-
able practices [71]. Hoejmose et al. [72] stated that to reduce reputational risks, the entire
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organization and supply network must implement sustainable supply chain management
techniques.

AFSC challenges and hazards are distinctive on account of seasonality, perishability,
and dependence on natural resources, among other factors. Building resilience, ensuring
food security, and maintaining sustainable operations in a dynamic and often unexpected
environment are all dependent on agri-food firms’ ability to understand and manage these
supply chain risk factors. To ensure the AFSC’s resilience and stability, these risks must be
recognized and managed.

Nevertheless, there is still a lack of consistency in the literature on risks to supply
chain sustainability from various disciplines. As a result, an integrated methodology for
evaluating the sustainability risk of an industry’s supply chain when considering supplier
selection is developed in this study. Various indicators sourced from the literature are
utilized to quantitatively measure different dimensions of supply chain sustainability
risk. This study examines the sustainability aspect from five perspectives, i.e., social,
environmental, economic, technical, and institutional [73]. All supply chain participants
could experience losses because of these five determined risks. A conceptual framework
for this study is presented in Table 1, showcasing the characteristics of sustainability supply
chain risk factors in the agri-food business context, covering the period from 2016 to 2023.

Table 1. Identification of the risk factors of sustainability supply chain in agri-food business.

Categories Factors References

Economic

Fluctuation in the price of raw materials/commodity price variance [37,74–80]

Suppliers’ financial standing/financial instability [37,73,75,79,81]

Volatile exchange rate [73,74,76,80]

Communication, energy, and transportation expenses [73,77,79,82]

Environment

Natural disasters/climate change/risk in disaster delivery plan [73,74,79,81–86]

Accidental disasters (e.g., flood, earthquakes) [23,73,82,84]

Low level of environmentally friendly technology [76]

Lack of waste treatment management and pollution prevention [37,74,76,77,81,83]

Low level of environmentally friendly material (low waste: easy recycling and reuse capability) [74,76,83]

Social

Occupational health and safety (OHS) practices [37,74,77,80,82]

Improper tracking and traceability system [37,77,83,87]

Food safety management certificates [37,77,82,84,88]

Unavailability of qualified labor and skills/unbalanced demand for labor [74,79,81–83,86,87]

Workplace safety risk [74,86]

Institutional

Risk of policy failure [37,73,74,79,83,85]

Lack of strategic planning and strategic management system/poor supply planning [73,74]

Regulatory issues/standards/political instability [73,74,83]

Improper coordination/information sharing between supply chain actors/lack of security or
communication system [37,73–76,78,80,82–88]

Technical

Disruptions or errors in production or delivery [37,75,77,80,87]

Poor quality management system/insufficient output or quality at the source of supply [37,73,76,77,80,82–87]

Fluctuation in supply source/raw materials’ scarcity [73,74,76,79,83–87]

Fluctuation in demand [73–75,79–82,85–88]

Change/shift in consumer preference [74,83,89]

Limited knowledge about technology sustainability/out-of-date, ineffective methods or technology [74,76,79,84–86]
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2.4. Supplier Selection Methods

Today’s competitive market necessitates innovative strategies to enhance quality, lower
costs, meet deadlines, manage risks, and stay ahead of disruptions. The process of selecting
a supplier is crucial since it entails assessing and selecting potential suppliers according to a
range of standards to ensure the purchasing organization can achieve its requirements. The
selection process aims to identify reliable, capable, and cost-effective suppliers. Optimal
supplier selection is crucial for bolstering firm competitiveness, mitigating risks, and
optimizing supply chain performance. Suppliers of superior quality help to achieve cost
savings, minimize interruptions, and enhance customer satisfaction. On the other hand,
insufficient or inappropriate suppliers might result in problems such as scarcity, delayed
shipment, extra financial costs, and customer delivery disruptions [90].

To develop supplier selection within a corporation, it is necessary to first establish the
problem, proceed to establish the requirements for supplier selection, assess the qualifica-
tions of the vendors, and ultimately choose the most suitable suppliers. The quality of the
supplier assessment and selection procedure is dependent on the success of the criterion se-
lection [91]. Many businesses have implemented SSCM techniques to ensure their suppliers
perform in an efficient manner that benefits society and the environment [92]. Previous re-
search rarely examined supply risk from TBL perspectives when finding possible suppliers,
resulting in inaccurate supply chain risk assessments and inadequate supplier selection [39].
As a result, this research aims to address the complicated sustainable supplier selection
problem from a risk viewpoint.

Multi-Criteria Decision-Making (MCDM) techniques are frequently applied when
evaluating suppliers and choosing the optimal option. By incorporating the preferences
and interests of diverse stakeholders into quantitative and qualitative evaluations, these
approaches enable DMs to identify the most effective solutions. Agrawal et al. [93] and
Cinnirella et al. [94] contended that sustainable supplier selection by MCDM is critical for
long-term performance in a sustainable and responsible business ecosystem. Effective sup-
plier performance assessment is vital, and the process must consider each supplier’s unique
qualities to enable a thorough evaluation. The MCDM technique not only fosters strong sup-
plier relationships but also leads to reduced procurement costs, enhanced product quality,
and expedited delivery schedules, thereby increasing the company’s competitive position
in decision-making. Numerous manufacturing enterprises, including the agri-food sector,
have encountered a substantial challenge in discerning the optimal supplier for acquiring
input raw materials that offer numerous advantages to consumers. MCDM techniques aid
DMs in determining the most favorable solutions through a comprehensive evaluation
that incorporates both quantitative and qualitative evaluations while also considering the
preferences and interests of different stakeholders.

MCDM comprises a range of different techniques, each based on its theoretical assump-
tions and used in specific applications. Each MCDM model has unique properties, and no
MCDM method is completely superior to the others. According to Karakoc et al. [95], the
most often used techniques for sustainable supplier selection over five years (2018–2022)
were TOPSIS, AHP, VIKOR, BWM, DEA, DEMATEL, and MULTIMOORA, together with
their extensions. It has been discovered that very few studies have proposed a solution
framework or utilized MCDM methodologies to address the agri-food supplier selection
problem. Furthermore, as far as we are aware, no research has used MCDM approaches to
the issue of selecting agri-food suppliers while taking sustainable related-risk factors into
account in Thailand. Table 2 provides a comprehensive overview of MCDM techniques
employed in addressing food supplier selection challenges in recent years.
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Table 2. MCDM approaches regarding food supplier selection issues.

Reference Year Approach Application Decision-Making
Environment

Risk
Factors Country

[96] 2014 Delphi-DEA Edible oil production Certain × Iran

[97] 2015 Delphi, AHP, GRA, a
multi-objective model

Raw ingredients and
packaging material food
industries

Uncertain × Iran

[98] 2016 AHP Food-processing industry Certain × Malaysia

[99] 2017 PROMETHEE I, PROMETHEE II Food-processing industry Certain × India

[100] 2017 MOORA, COPRAS Dairy-products industry Certain × Iran

[101] 2017 ANP-QFD, WASPAS and MOORA Dairy company Certain × Iran

[102] 2017 TOPSIS, Multi-objective Optimization
via Genetic Algorithms Orange juice Certain × Mexico

[103] 2018 TOPSIS-BWM Agri-food process company Uncertain × China

[104] 2018 AHP, DEA Edible oil products Uncertain
√

Vietnam

[40] 2018 TOPSIS, VIKOR, GRA Edible oil products Uncertain × Iran

[105] 2018 AHP, TOPSIS, ELECTRE Fresh food company Uncertain × Australia

[106] 2019 AHP Fresh agricultural products Certain
√

China

[107] 2019 TODIM Food company Certain × China

[108] 2020 AHP Food company Uncertain × Brazil

[109] 2021 AHP-VIKOR Coffee bean supply chain Uncertain × Vietnam

[110] 2021 ISM-VIKOR Cold chain supplier
selection Uncertain × Pakistan

[38] 2022 TOPSIS Rice agricultural
supply chain Certain

√
Indonesia

[77] 2022 AHP Biscuits food industry Uncertain × Indonesia

[111] 2022 SWARA, LBWA,
D-numbers, MARCOS Wine and olive oil industry Certain

√
Spain

[112] 2022 GRA-BWM-TOPSIS,
AHP-BWM-TOPSIS

Food-manufacturing
company Uncertain × Malaysia

[113] 2022 ANP-VIKOR Agri-food supply chain
business Uncertain × Turkey

[114] 2023 VIKOR Whey protein powders Uncertain × Turkey

[115] 2023 DEMATEL Ice cream producer
company Uncertain × Turkey

According to the data presented in Table 2, AHP was the predominant approach
utilized in the food industry throughout this decade for supplier selection. Additionally,
TOPSIS was adopted as a hybrid method when combined with other techniques, which
is in agreement with the investigation carried out by [95], which discovered that over
five years (2018–2023), the methods TOPSIS, AHP, VIKOR, BWM, DEA, DEMATEL, and
MULTIMOORA, as well as their extensions, were the most commonly used in sustainable
supplier selection in general business.

2.5. Research Gaps and Contributions

The aforementioned scholarly works examine the utilization of diverse indicators to
quantify the sustainability risk of supply chains across their various aspects, in addition
to the application of MCDM techniques to the selection of food suppliers. There is a body
of literature about agri-food supplier selection that considers a variety of risk variables;
however, there is a dearth of research that systematically identifies these risk factors based
on three pillars (economic, environmental, and social) in the context of the Thai agri-food
business and integrates them with a hybrid concept. Both types of research are lacking in
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practice. This study intends to fill this gap by providing a methodology that combines FAHP
and PROMETHEE II to select suppliers, as well as factor analysis to identify risk factors.

Making use of this technique will result in the development of an all-encompassing
plan for the reduction in risks in supply chains for agricultural and food products. An
additional academic contribution is made by this research study in the form of the intro-
duction of a Hybrid Sensitivity–Optimization Method for Agri-food Supplier Selection
(HSOMASS). This method is a strategy that combines mixture design with an expert sys-
tem. The goal of the HSOMASS is to improve resource efficiency, optimize the supplier
selection process in the agri-food industry, and identify complicated variations by gaining
an understanding of the deep relationship between these three phenomena. In addition to
promoting sustainability and risk management, this method would assist companies in
making strategic choices that may assist them in achieving long-term performance in the
agri-food market. These decisions would be made possible via the identification of variable
interdependencies and the optimization of strategies.

It is also possible that the suggested model and the findings of our research might
assist firms in reevaluating possibilities and ensuring the sustainability of their supply
chains via resource reconfiguration. This concerns the managerial implications of our study.
The technique that has been provided is relevant not just to the agri-food industry, but also
to other businesses that are comparable and operate in growing Asian markets as well as in
those that are industrialized.

3. Research Methodologies

The framework used in this study combines statistical methodology with MCDM
approaches. By incorporating these approaches, DMs can assess prospective outcomes
thoroughly and consider sustainable implications when choosing suppliers, in addition to
several supply chain risk variables that impact the agri-food manufacturing industry. By
integrating statistical methods with MCDM, DMs are empowered to make informed and
fair choices that consider multiple dimensions, such as technological, environmental, eco-
nomic, social, and operational risks. MCDM simplifies supplier assessments by providing
a structured framework for evaluating many factors simultaneously. This methodology
combines quantitative and qualitative data, allowing for a thorough comparison of options.
The use of a systematic approach in the evaluation process enhances transparency, makes it
possible to verify results, and gives conclusions that are produced credibly and dependably.

This research constitutes an expansion upon a sequence of our prior publications.
First, we emphasized the importance of considering additional and specific criteria when
selecting sustainable suppliers for the Thai agri-food industry using a survey study. Factor
analysis (FA) was then used to identify the risk variables and their sub-factors that support
the supply chain’s sustainability, which, in turn, helps determine its efficacy. Ultimately,
it was determined that it is essential to consider the sustainable development goals when
choosing a supplier for the agri-food industry. This necessitates the consideration of
numerous MCDM-based criteria and factors. Building upon prior investigations, this article
concentrates on the implementation of MCDM to establish a system of universal criteria
for supplier selection. While considering all conceivable risk factors, the development
of the proposed methodologies and model will streamline the procedure for identifying
sustainable suppliers. The Hybrid Sensitivity–Optimization Method for Agri-food Supplier
Selection (HSOMASS) will also be used to confirm that the model is stable and that the
results are still accurate when the order of certain criteria is changed.

3.1. Factor Analysis (FA)

Factor analysis (FA) is a quantitative technique used for statistical analysis employed
to uncover and investigate the unobserved elements that contribute to the correlations
between a set of variables. The basic purpose of FA is to simplify complex data structures by
lowering the number of variables and uncovering the common components that contribute
to the observed patterns. By identifying the common factors that contribute to observed
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patterns and reducing the number of variables, FA seeks to simplify complex data structures.
More precisely, its application typically involves condensing an extensive collection of
variables or items (X1, X2, X3, . . ., Xp) into a more manageable collection (F1, F2, F3, . . ., Fm)
of underlying dimensions. These dimensions serve to clarify the interrelationships among
the numerous items or variables. Strong correlations are observed between variables
belonging to the same category, as opposed to variables that are assigned to distinct
dimensions. As a result, “dimension reduction” is an alternative designation for this
methodology. However, there are a few assumptions underlying the approach: (a) the
variables under observation have a linear relationship; (b) multicollinearity does not exist;
and (c) there is a genuine correlation between the variables and the factors [116].

In general, FA comprises three stages: (a) factor extraction; (b) factor rotation to
facilitate interpretation; and (c) factor labeling and interpretation, which is predicated on
estimated factor loading values. Confirmatory factor analysis (CFA) and exploratory factor
analysis (EFA) are the two principal types of FA. In contrast to CFA, which evaluates a
certain factor structure based on prior knowledge or theory, EFA allows for the identification
of factors without the use of any predetermined hypotheses. In consideration of this
research, EFA was utilized to categorize supply risk determinants according to the linkages
between them.

Regarding research validity, Kaiser [117] developed the Kaiser–Meyer–Olkin analysis
for determining probable commonality among each assessable criterion in investigated
measurements (e.g., questionnaires). Consequently, the Kaiser–Meyer–Olkin examination
score approaches 1 and there are more similarities between the criteria that can be used for
evaluation, which means that the data collected are better for the FA method.

FA is a sophisticated statistical instrument that facilitates the identification of the
underlying structure within complex datasets. Consequently, the FA approach is extensively
employed in statistical measurements across a multitude of research disciplines to manage
intricate analyses that incorporate complex factors [118]. This process simplifies data
analysis and empowers DMs to make better-informed choices in various practical contexts
and research undertakings. Research on supplier selection processes frequently employs
FA to improve decision-making in practical situations [119–125].

3.2. Methodology for Identifying Sustainable Supply Chain Risk Factors in Supplier Selection

The following section outlines the approach used to identify sustainable supply chain
risk factors for supplier selection in the agri-food business in Thailand. The approach
comprises the subsequent steps:

Step 1: This study investigates supplier selection and sustainable supply chain risk
factors in the Thai agri-food industry, building upon previous research. Establishing a
compilation of selection criteria and discerning pertinent factors, as illustrated in Table 1,
comprises a total of 25 variables.

Step 2: To validate these aspects from Step 1 in a practical context, an extensive
interview was carried out with the senior management teams of five agri-food enterprises.
In doing so, two variables were excluded from the analysis due to their redundancy
or relevance to other variables. The variable representing suppliers’ financial standing
incorporates insufficient financial support, while the variable representing natural disasters
and climate change includes inadvertent disasters.

Step 3: A questionnaire comprising 23 characteristics, validated by five experts from
Step II, was subsequently created and distributed to 397 Thai agri-food manufacturers
throughout Thailand. All sustainable supply chain risk criteria for supplier selection were
assessed using a 5-point Likert scale from 1 (strongly disagree) to 5 (strongly agree), with
higher values indicating greater risk.

Step 4: Data analysis from the questionnaires was divided into 2 parts, i.e., (1) gen-
eral data analysis with percentages, mean, and standard deviation; and (2) using FA to
group variables that impact sustainable supply chain risk factors for supplier selection
(Supplementary Materials).
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3.3. Determination of Criteria and Sub-Criteria Weights Using Fuzzy Analytical Hierarchy
Process (FAHP)

The decision factors and sub-factors derived from the EFA conducted in Section 3.1
were used to develop a hierarchical model for supplier selection. The FAHP approach was
adopted to estimate the weight of the elements and sub-criteria that influence supplier
selection in the Thai agri-food business.

3.3.1. Triangular Fuzzy Number (TFN)

To handle ambiguous, imprecise, or uncertain real-world data, Lotfi Zadeh created
fuzzy logic in 1965 [126]. Conventional binary logic systems could not process this infor-
mation. By creating a fuzzy set and giving each object a continuous membership grade,
Zadeh made it possible to reason in a more sophisticated way. A tilde (~) is used in the
mathematical representation of fuzzy sets to signify continuity and flexibility. A triangular
fuzzy number (TFN), as shown in Figure 1, is employed to denote a comprehensive fuzzy
occurrence. A TFN is represented by the notation P = (l, m, n). The minimum and maximum
possible values that characterize a complete fuzzy event are denoted by the parameters l,
m, and n, respectively [127]. The membership function, denoted as µM(x), is defined by
Equation (1).

µM(x) =


(x − l)/(m − l) l ≤ x ≤ m
(u − x)/(u − m) m ≤ x ≤ u

0 otherwise
(1)
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Fuzzy numbers use membership functions with upper and lower bounds that have any
value between 0 and 1 (TFN ∈ [0, 1]), while crisp values use binary logic. Fuzzy numbers
can be uniform, triangular, trapezoidal, or other shapes, depending on the situation. Since
TFNs are easy to compute, they are used in many practical applications [128], including
risk factor weight evaluation.

Because traditional MADM is unable to deal with imprecise information in the real
world, it is not perfect for fine decision-making models. To solve this problem, a decision-
making method known as fuzzy multiple attribute decision-making (FMADM) was created.
This method incorporates fuzzy set theory for complex systems. FMADM is simple and
well suited for qualitative and quantitative data.

3.3.2. Fuzzy Analytical Hierarchy Process

AHP aids individuals or groups in the formulation of complex decisions using a
structured decision-making procedure by first breaking them down into a hierarchical
structure and then assessing the relative relevance of various factors within that structure.
The AHP, which was initially formulated by Thomas L. Saaty in the 1970s, has been sub-
jected to extensive scrutiny, evaluation, and refinement ever since [129]. It is a systematic
method for arranging and evaluating complicated judgments, based on mathematics and
psychology [130]. AHP serves as a tool for making decisions that hierarchically rank the
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variables according to their respective importance. This method helps to create a coherent
and well-organized framework that may be used to formulate a choice dilemma, express,
and quantify its requirements, connect those requirements to overarching goals, and assess
potential solutions. It incorporates both qualitative and quantitative factors into a methodi-
cal and organized approach to decision-making. AHP is extensively implemented across
diverse disciplines such as business, engineering, environmental science, and healthcare,
serving as a valuable tool for DMs seeking to assess and contrast intricate alternatives.
Cinelli et al. [131] stated that rankings are accomplished by the utilization of a variety of
decision-making approaches that involve multiple factors. It was asserted that the AHP was
the strategy that was utilized the most frequently in actual practice [132]. Within the context
of pairwise comparisons, Saaty designed AHP to methodically evaluate quantitative and
qualitative characteristics using an absolute scale that ranged from 1 to 9 [133].

To resolve imprecise expert judgments utilizing fuzzy numbers, FAHP, a hybrid of
fuzzy logic and AHP, was subsequently introduced [134]. FAHP approaches are frequently
proposed in the literature. Moreover, the FAHP technique makes it possible to express
uncertainty more precisely, which is important in complicated decision-making situations
where precise values may not sufficiently account for the subjectivity that DMs possess.
FAHP can also be used with other decision-making approaches, such as TOPSIS and
PROMETHEE, to provide a more comprehensive approach.

There are several different ways to solve the MCDM problem using the FAHP-based
structured model. Synthetic extension analysis, fuzzy least square, geometric mean,
Mikhailov’s fuzzy preference programming, and two-stage logarithmic programming
are all examples of such methods [135]. By utilizing the triangular membership function
to represent pair fuzzy ratios, Buckley [136] was the first to develop the method of least
squares (subsequently the geometric mean method) for determining partial fuzzy priority.
Triangular fuzzy numbers were integrated with Saaty’s AHP-based operation by [137]
in the context of quality function deployment programs. Through comparisons between
the methods from different angles, Buyukozkan et al. [138] analyzed the benefits and
drawbacks of each. Singh and Sarkar [139] implemented fuzzy Delphi to integrate group
perspectives into their revision of Saaty’s hierarchical analysis method.

An extension analysis method was proposed by [140] to compute crisp weights from
the synthetic value ranges of pairwise comparison matrices. Eventually, Mikhailov [141]
suggested using fuzzy comparison matrices to create crisp weights through a fuzzy priori-
tization technique based on nonlinear optimization. By utilizing the membership functions
of a TFN, pairwise comparisons of decision variables ranging from “Excellent” to “Very
poor” were illustrated. The smallest, maximum, and apex values of the fuzzy number Mi
are represented by the membership functions Mi = (mi1, mi2, mi3), i ∈ {1, 2, . . ., n} and mi1,
mi2, mi3, respectively. The evaluation of the extent of each objective, denoted as gi, was
conducted in accordance with Chang’s extent analysis approach [140]. Thus, the following
symbols were utilized to represent the m extent analysis values for each object:

M1
gi

, M2
gi

, · · · , Mm
gi

; i = 1, 2, · · · , n (2)

where Mi
gi(j = 1, 2, . . . , m) are TFNs.

To determine the weight of an FAHP, Bozbura [142] establishes several methodologies.
The extension analysis method described by [140] was used to transform fuzzy numbers
into crisp numbers by intersecting two fuzzy numbers and a degree of possibility. The cri-
terion weight for the supplier selection problem is determined in this research by applying
Chang’s [140] five-step FAHP approach. Below, the steps are outlined [143,144]:

Step 1: Calculating fuzzy synthetic extent for item i, as follows:

Si = ∑m
j=1 Mj

gi ⊗
[
∑n

i=1 ∑m
j=1 Mj

gi

]−1,
; ∀i (3)
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to obtain ∑m
j=1 Mj

gi ,∑m
j=1 Mj

gi, perform fuzzy addition of m extent analysis values for a
given matrix, s such that:

∑m
j=1 Mj

gi =
(
∑m

j=1 lj, ∑m
j=1 mj, ∑ m

j=1 uj

)
(4)

to calculate
[
∑n

i=1 ∑m
j=1 Mj

gi

]−1
, add the numbers of Mj

gi (i = 1, 2 . . . n; j = 1, 2, . . . , m) in a
fuzzy way so that:

∑n
i=1 ∑m

j=1 Mj
gi =

(
∑m

j=1 lj, ∑m
j=1 mj, ∑ m

j=1 uj

)
(5)

Then, calculate the inverse of the vector in Equation (6):[
n

∑
i=1

m

∑
j=1

Mj
gi

]−1

=

(
1

∑n
i=1 ui

,
1

∑n
i=1 mi

,
1

∑n
i=1 li

)
(6)

Step 2: The following defines the degree of possibility that M2 = (l2, m2, u2) ≥ M1 =
(l1, m1, u1):

V(M2 ≥ M1) = sup [min (µM1(x), µM2(y)] (7)

which can be equally defined as follows:

V(M2 ≥ M1) =


1
0

l1−u2
(m2−u2)−(m1−l1)

if m2 ≥ m1,
if l1 ≥ u2,
otherwise

(8)

where Figure 2 depicts the highest intersection (point d) of µM1 and µM1 . The values of
V(M1 ≥ M2) and V(M2 ≥ M1) are required to distinguish between M1 and M2.
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Step 3: The extent to which a convex fuzzy number is superior to k convex fuzzy
numbers, Mi (i = 1, 2, . . . , k), can be expressed as follows:

V(M ≥ M1, M2, . . . , Mk ) = minV(M ≥ Mi) : i = 1, 2, . . . , k (9)

Step 4: The vector of weights is obtained by assuming that:

d(Si) = minV(Si ≥ Sk)k = 1, 2, . . . , n; k ̸= i (10)

The weights vector, W′, is obtained from:

W ′ = (d(S1), d(S2), . . . , d(Sn))
T (11)
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Step 5: Normalized weight vectors are calculated as follows:

W = (d(A1), d(A2), . . . , d(An))
T (12)

Table 3 presents fuzzy linguistic concepts along with their Triangular Fuzzy Recip-
rocal Numbers (TFRNs) and TFNs, which are utilized for pairwise comparisons in the
FAHP approach.

Table 3. The triangular scale of the FAHP.

Fuzzy Number Linguistic TFNs TFRNs

1 Equally preferable (1, 1, 1) (1,1,1)

3 Weakly preferable (2, 3, 4) (1/4, 1/3, 1/2)

5 Fairly preferable (4, 5, 6) (1/6, 1/5, 1/4)

7 Strongly preferable (6, 7, 8) (1/8, 1/7, 1/6)

9 Absolutely preferable (9, 9, 9) (1/9, 1/9, 1/9)

2, 4, 6, 8 Values in the middle of the two
adjacent judgments

(1, 2, 3), (3, 4, 5), (5, 6, 7)
and (7, 8, 9)

(1/3, 1/3, 1) (1/5,1/4,1/3),
(1/7, 1/6, 1/5) and (1/9, 1/8, 1/7)

Source: Adapted from [145].

3.3.3. Consistency Ratio (CR)

It is essential to verify the consistency of the paired matrix results when utilizing the
FAHP. The definitions of the terms consistency ratio (CR) and consistency index (CI) are
as follows:

Consistency ratio (CR) =
CI
RI

where CI =
(λmax − n)
(n − 1)

(13)

The symbol λmax represents the eigenvalue of the matrix, where n is the dimensions of
the matrix. RI, however, represents the mean value of randomly developed weights.

The degree of deviation exhibited by the system from the consistent matrix is denoted
by the consistency index. A CR value below 0.10 is deemed satisfactorily acceptable. When
the CR exceeds this threshold, it indicates that the judgment matrix lacks coherence. The
final step is to analyze the judgments to eliminate inconsistency. The RI value is presented
in Table 4 in accordance with the size of its matrix.

Table 4. RI for different matrix sizes.

The Matrix’s Size (N) 1 2 3 4 5 6 7 8 9 10 11 12

RI 0.00 0.00 0.58 0.89 1.12 1.24 1.33 1.40 1.45 1.49 1.51 1.58

Source: [133].

3.4. Supplier Prioritization and Selection Using the PROMETHEE II Method

The Preference Ranking Organization Method for Enrichment Evaluation, or
PROMETHEE, is an outranking strategy utilized to evaluate criteria through the inte-
gration of qualitative and quantitative approaches. Brans initially developed the concept
in 1982, and Vincke and Brans further developed it in 1985 [146]. In it, each criterion
and the preference structure through the implementation of various preference functions
provide decision support after both the partial and complete ranking processes. The goal
of this approach is to resolve a Pγ-type problem where a set of chosen alternatives needs
to be prioritized. Up until the order is established, these options are further examined
concerning each criterion, taking the DM’s degrees of preference into account. It extends
the PROMETHEE approach to handle partial or inaccurate information in decision-making.
PROMETHEE II is applicable in scenarios when there is insufficient or vague information
regarding preferences. It does not need exact numerical data and can handle qualitative
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evaluations. The method compares options in pairs according to each criterion while taking
the DM’s preferences into account. The DM evaluates each alternative’s relative dominance
concerning a particular criterion.

PROMETHEE I (partial ranking) and PROMETHEE II (complete ranking) gained schol-
arly recognition in 1982 during a symposium on supplementary decision-making tools held
at Laval University in Canada. Professor Brans and Mareschal improved PROMETHEE
procedures over time, including PROMETHEE III (interval ranking) and PROMETHEE
IV (continuous case). Successive algorithms included designation and continuous cases.
In 1988, Mareschal and Brans developed the visualized GAIA interactive module, which
gave a useful graphical representation of this technique. During the 1990s, both individ-
uals developed two extension methods that achieved success: PROMETHEE VI, which
represented the human brain; and PROMETHEE V, which incorporated segmentation
constraints. Classical approaches such as PROMETHEE I and PROMETHEE II continue to
be widely employed owing to their distinct applications [147].

According to Veza et al. [148], the industrial company was ranked by its strengths.
Businesses were ranked using the PROMETHEE II technique according to a distinct set of
skills that they developed specifically for the purpose of evaluation. Liu and Guan [149]
used the PROMETHEE II method to rate the quality of passenger train service. Theodorou
et al. [150] used the PROMETHEE II approach to investigate Cyprus’s energy supply.
To find the best student in college, Fidlina et al. [151] used the PROMETHEE II ranking
method, which considers skills, performance, grades, and other factors. Govindan et al. [99]
employed the PROMETHEE approach to help an Indian food company choose a supplier
while considering environmentally friendly considerations.

It is suggested that PROMETHEE is a flexible decision-making technique that relies
on comparing options in pairs and aggregating preferences. Research and technological
progress improve its strength, and more investigation of hybrid methods will expand its
comprehension. In the current study, therefore, the PROMETHEE II approach hybridization
with FAHP is utilized to ascertain the overall ranking of alternative suppliers for an agri-
food industrial application while taking sustainable supply chain risk into account. The
PROMETHEE II technique includes the following steps [152].

Step 1: Normalize the decision matrix as follows:

Rij =
[(

Xij
)
− min

(
Xij

)]
/
[
max

(
Xij

)
− min

(
Xij

)]
(14)

where Xij is the alternative’s performance metric in relation to the j-th criterion; i = 1,
2, · · · , n; j = 1, 2, · · · , m. The equation can be reformulated for non-beneficial conditions
as follows:

Rij =
[
max

(
Xij

)
−

(
Xij

)]
/
[
max

(
Xij

)
− min

(
Xij

)]
(15)

Step 2: Conduct pairwise evaluations to measure the differences between alternatives.
Step 3: Calculate the preference function using the following formulas, Pj(i, i′):

Pj =
(
i, i′

)
= 0 i f Rij ≤ Ri′ j (16)

Pj
(
i, i′

)
=

(
Rij − Ri′ j

)
i f Rij > Ri′ j (17)

Step 4: Compute the aggregated preference function by assigning weights to each
criterion as follows:

π
(
i, i′

)
= ∑m

j=1

[
Wj ∗ Pj

(
i, i′

)]
/ ∑m

j=1 Wj (18)

where Wj is the weight that indicates how important criterion j is in respect to other criteria.
Step 5: Identification of the “entering (negative) flow” and “leaving (positive) flow”

as follows:
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Leaving flow for an alternative

φ+(i) =
1

n − 1 ∑n
i′=1 π

(
i, i′

)
;
(
i ̸= i′

)
(19)

Entering flow for an alternative

φ−(i) =
1

n − 1 ∑n
i′=1 π

(
i′, i

)
;
(
i ̸= i′

)
(20)

where n is the number of alternatives involved; the “leaving flow” and the “entering flow”
denote the degree to which a particular alternative is, respectively, “dominating” and being
“dominated” by the other alternatives.

Step 6: Use the following equation to find the net outranking flow for alternative:

φ(i) = φ+(i)− φ−(i) (21)

Step 7: Rank the choices according to φ(i) values, the best alternative being indicated
by the highest number.

The flow diagram depicting the proposed hybrid methodologies, namely FA-FAHP-
PROMETHEE II, for the selection of sustainable agri-food suppliers with a focus on supply
chain risk is illustrated in Figure 3.

Mathematics 2024, 12, x FOR PEER REVIEW 17 of 41 
 

 

Step 7: Rank the choices according to 𝜑(𝑖) values, the best alternative being indi-
cated by the highest number. 

The flow diagram depicting the proposed hybrid methodologies, namely FA-FAHP-
PROMETHEE II, for the selection of sustainable agri-food suppliers with a focus on sup-
ply chain risk is illustrated in Figure 3. 

Identify supply chain risk factor 
lists from the literature 

Validate these factors with five 
manufacturers in Agri-food 
industries

Develop a questionnaire and distribute it to 
Agri-food industries to gather information

Data analysis and synthesis using a statistical 
approach via FA

Determine supply chain risk 
factors and their sub-factors

Form the DM teamDevelop decision hierarchy

Determine supply chain risk 
factors and their sub-factors

Define the pair-wise comparison 
matrix of criteria and sub-criteria 
(in a linguistic scale)

Defuzzied the fuzzy weights

Synthesis of the judgments of 
multiple DMs

Calculate the fuzzy weight of 
criteria and sub-criteria

Check the 
consistency

Evaluate alternative suppliers

Rank alternative suppliers via 
PROMETHEE II

Evaluate the sensitivity analysis 
of the ranking to the fluctuation 
of the DMs assessment via 
HSOMASS

Compare the resulting rankings 
and analysis of their variability

Select the most appropriate 
supplier

CR<0.1

Phase 1: Identify supply chain risk 
factors via Factor Analysis (FA)

Phase 2: Determine the combination 
weights of supply chain risk factors 

via FAHP

Phase 3: Ranking the best 
supplier via PROMETHEE 
II and sensitivity analysis

No

Yes

 
Figure 3. The proposed hybrid methodologies of the research. 

3.5. Sensitivity Analysis via Hybrid Sensitivity–Optimization Method for Agri-Food Supplier 
Selection (HSOMASS) 

Sustainability and supply chain risk management are essential for system robustness 
and flexibility in the ever-changing agri-food industry. Sustainable suppliers are sought 
by companies. The hybrid method introduces a new way of thinking about supply chain 
risks. Sensitivity analysis is crucial in this situation because it shows how parameter 
changes impact hybrid model performance [153–157]. This research uses sensitivity analysis 
for two purposes. First, it enables one to see how changes in each element affect hybrid strat-
egy performance indicators, revealing the relative importance of each risk factor [158–160]. 
Mixture design and expert system design ideas are employed to reveal changeable intercon-
nections and collaborative effects to understand how the system reacts to supply chain risk 
variations. This study is unique in that it identifies key parameters and optimizes sustainable 
agri-food supplier selection by understanding their complex relationship. 

The findings of this sensitivity study may guide DMs in the agri-food sector toward 
resilient, adaptable, and environmentally sustainable supply chain solutions. Sensitivity 
analysis is used to obtain insights beyond supplier selection to strengthen and maintain 
the agri-food industry [161]. The HSOMASS framework guides this investigation to 

Figure 3. The proposed hybrid methodologies of the research.



Mathematics 2024, 12, 1598 18 of 42

3.5. Sensitivity Analysis via Hybrid Sensitivity–Optimization Method for Agri-Food Supplier
Selection (HSOMASS)

Sustainability and supply chain risk management are essential for system robustness
and flexibility in the ever-changing agri-food industry. Sustainable suppliers are sought by
companies. The hybrid method introduces a new way of thinking about supply chain risks.
Sensitivity analysis is crucial in this situation because it shows how parameter changes
impact hybrid model performance [153–157]. This research uses sensitivity analysis for two
purposes. First, it enables one to see how changes in each element affect hybrid strategy
performance indicators, revealing the relative importance of each risk factor [158–160].
Mixture design and expert system design ideas are employed to reveal changeable inter-
connections and collaborative effects to understand how the system reacts to supply chain
risk variations. This study is unique in that it identifies key parameters and optimizes
sustainable agri-food supplier selection by understanding their complex relationship.

The findings of this sensitivity study may guide DMs in the agri-food sector toward
resilient, adaptable, and environmentally sustainable supply chain solutions. Sensitivity
analysis is used to obtain insights beyond supplier selection to strengthen and maintain
the agri-food industry [161]. The HSOMASS framework guides this investigation to
overcome supplier selection restrictions. Our mission is to deliver insights that strengthen
and maintain the agri-food industry via sensitivity analysis and optimization. In the
ever-changing agri-food business, where risk management and sustainability are linked,
supplier selection greatly influences supply chain flexibility and resilience. This work uses
mixture design to provide a comprehensive sensitivity analysis of supply chain hazards
due to their complexity. Mixture design’s ability to modify component ratios in a small
experimental area is its main strength.

The hybrid methodology’s sensitivity is determined by creating a mixture design
matrix with a unique mix of component proportions for each trial point. This rigorous
examination allows us to determine each factor’s effects and their interrelationships and
synergies [162,163]. As we study this unique strategy, we seek to provide agri-food industry
DMs with information to make educated choices in complex supply chain dynamics. This
undertaking requires sensitivity analysis using the mixture design to understand how
the relative magnitudes of key factors affect sustainable agri-food supplier selection. The
mixture design framework guides us toward robust and lasting solutions that meet the
ever-changing needs of a sustainable and resilient AFSC as we begin our inquiry. Mixture
design is useful, but it has limits that should be addressed when performing sensitivity
analysis for agri-food supplier selection. Its preference for continuous variables makes
it unsuitable for discrete or categorical factors. The complex dynamics of AFSCs may
hinder the model’s usefulness by requiring the simultaneous examination of discrete and
continuous components.

Another drawback of mixture design is the assumption of linearity between com-
ponents and responses. The assumption may not match the physical system’s inherent
non-linearities. Complex, non-linear relationships among parameters impacting the agri-
food sector sustainable supplier selection may weaken the model’s prediction accuracy.

Extreme values or outliers in experimental data may also hinder mixture design.
Skewed interpretations and inferior predictions may result from outliers disproportionately
affecting model results. The heightened vulnerability to extreme values emphasizes the
need for caution when interpreting results, particularly when data points deviate signif-
icantly from the mean. To create a robust Hybrid Sensitivity–Optimization Method for
Agri-food Supplier Selection (HSOMASS), mixture design and expert system should be
used to optimize resource usage. These approaches work together to maximize experimen-
tation, distribute resources wisely, and maintain sensitivity analysis accuracy.

Mixture design’s ability to gradually change component ratios in a small experimental
region matches HSOMASS’ resource efficiency goals. Mixture design allows the research
team to find major patterns and interdependencies without many experimental rounds by
effectively investigating ongoing factor proportion variations. This is important in the agri-
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food business because limited resources may need efficient and practical experimentation.
Orthogonal arrays help optimize resources using mixture design and expert systems.
Structured orthogonal arrays allow several components and their interactions to be studied
in a few tests. Scientists may learn about the sensitivity of the agri-food supplier selection
process without straining experimental capabilities by using this resource-efficient strategy.

HSOMASS synergizes mixture design and expert system strengths and mitigates
their flaws. The hybrid method optimizes resource use by combining mixture design for
continuous variables with an expert system for discrete components. By methodically and
resource-efficiently investigating discrete and continuous changes, HSOMASS may give
complete insights for selecting sustainable agri-food suppliers within practical constraints.
HSOMASS prioritizes resource efficiency by carefully combining expert system and mixture
designs, meeting agri-food industry needs. This hybrid technique reveals the possibilities
of nuanced sensitivity analysis and emphasizes a commitment to gaining valuable insights
without overusing resources.

The Hybrid Sensitivity–Optimization Method for Agri-food Supplier Selection (HSO-
MASS) signifies a pioneering effort to reshape the landscape of supplier selection within
the intricate dynamics of the agri-food industry. Comprising a series of meticulously or-
chestrated steps, HSOMASS integrates the strengths of mixture and expert system designs,
providing a nuanced understanding of the complex interplay between supply chain risks
and sustainability goals. This innovative methodology unfolds systematically, designed
to enhance resource efficiency, capture intricate variations, and ultimately optimize the
selection of suppliers within the agri-food sector. As this transformative journey unfolds,
each step of HSOMASS reveals a strategic progression towards attaining a resilient, adap-
tive, and sustainable agri-food supply chain. The overall and comprehensive approach of
HSOMASS is outlined as follows:

Step 1: Determine the Major (Ma) and Minor (Mi) values of the weights assigned to
criteria on both the coded (W̃i) and natural levels (Wi).

Step 1a: Collect the entire Ma weight of criteria (WMa
i ) for all possible simplex–lattice

or simplex–centroid mixture designs to form the mixture design.
Step 1b: Assign the remaining weight of the Minor criteria (WMi

i ) in order to modify
their newly selected levels in accordance with the Ma criteria.

Step 2: Determine the adjusted Ma weight of the criteria in order to meet the constraint
of ∑Ma

i WMa
i .

Step 3: Determine the updated level of the Mi weight of criteria by utilizing θWMa
i ,

where 0 ≤ θ ≤ 1, and consider reevaluating the stipulation that the minimum weights of
the Ma criteria must be significantly greater than the maximum weights of the Mi criteria.

Step 4: Iterate and converge during the execution of the Step 4 procedure. Upon
accomplishment (θ∗), proceed to Step 5.

Step 5: Perform adaptive mixture design and calculate the modified Ma
(

Adj WMa
i

)
and Mi

(
Adj WMi

i
)

values of the weights of criteria as follows [164]:

Adj WMa
i = WMa

i + θ∗ ∑ WMi
i ; for all Ma criteria weights (22)

Adj WMi
i =(1 − θ∗) WMi

i ; for all Mi criteria weights (23)

Step 6: To conduct sensitivity analysis via the mixture design combined with the
expert system, select the j-th treatment with difference (∆) of the maximal and minimal

coded levels of adjusted major weights (Adj W̃Ma
ij ) and the number of major weights of

NMa meets the criteria below:

∆= Max(Adj W̃Ma
ij )−Min(Adj W̃Ma

ij )< NMa + 1 (24)
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4. Results and Analysis

The accuracy of our model was confirmed in the agricultural food industry in Thai-
land. A questionnaire was developed based on a literature assessment and input from
academics and specialists in the agri-food business and then distributed to 397 companies
in Thailand. After that, sustainability supply chain risk categories were grouped using
the main component approach of exploratory factor analysis (EFA). Finding a suitable
supplier for a major Thai agri-food producer necessitated integrating EFA with FAHP and
PROMETHEE II to examine the relative impact of sustainability supply chain risk factors
in supplier evaluations. In the subsequent sections, the results were examined considering
the various methodologies that were proposed.

4.1. Risk Factors and Sub-Factors for Supply Chain Sustainability in Supplier Evaluation

A 79.3% response rate was achieved with 315 completed questionnaires. Table 5
provides the respondents’ demographics.

Table 5. Basic characteristics of the respondents.

Characteristics Profile No. of Respondents Percentage

Sector

Soft drinks and juices 161 51.1

Bakery and confectionery 111 35.2

Canning and preserving 19 6.0

Meat processing 5 1.6

Dairy processing 19 6.0

No. of employees/size of business

≤50 (small-sized business) 38 12.1

50–200 (medium-sized business) 231 73.3

≥200 (large-sized business) 46 14.6

Expertise

Executive director 15 4.8

Purchasing department manager 182 57.8

Senior purchasing officer 115 36.5

Supply coordination officer 3 1.0

Experience in years

Less than or equal to 5 years 44 14.0

From 5 to 10 years 79 25.1

From 10 to 15 years 97 30.8

Over 15 years 95 30.2

The results from Table 5 suggest that based on the nature of their firms, most of
the respondents are in the soft drinks and juices sector (51.8%), followed by the bakery
and confectionery sector (35.2%). Regarding the number of employees or the size of the
business, it is evident that most respondents were employed in medium-sized companies
with a workforce ranging from 50 to 200 employees (73.3%). The respondents were mostly
purchasing department managers (57.8%), followed by senior purchasing officers (36.5%).
Most of them (30.8%) had worked for more than 10 to 15 years, and the percentage of those
with more than 15 years’ experience was almost equal (30.2%).

Next, the relationships between supply chain risk factors were utilized to categorize
them using EFA. The data analysis was performed using the IBM SPSS Statistics 29.0. As-
sumptions were examined using the Kaiser–Meyer–Olkin Measure of Sampling Adequacyn
Measure of Sampling Adequacy (KMO) and Bartlett’s Test of Sphericity before implement-
ing the method [116]. The survey data were suitable for factor analysis, as shown in Table 6,
where the KMO value was 0.845. The hypothesis was examined by applying Bartlett’s
Test of Sphericity, which provided the following results: χ2 =3643.314 and p-value < 0.0001.
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Thus, it was confirmed that the data were captured appropriately, as the null hypothesis
(H0) was rejected.

Table 6. KMO and Bartlett’s test.

Kaiser–Meyer–Olkin Measure of Sampling Adequacy 0.845

Bartlett’s Test of Sphericity

χ2 3643.314

df 253

sig. 0.000

Table 6 presents the estimations of variance in each variable provided by the extraction
communalities for the 23 variables. Communalities represent the shared variance among
components with specified variables. High values suggest that variables should be kept
in the analysis because they fit the factor solution well. For effective factor analysis,
communalities should be 0.4 or above [165]. The values of extraction communalities in
Table 7 reveal that they all range from 0.481 to 0.848, which is significantly higher than the
acceptable threshold of 0.4 or higher.

Table 7. Communalities (23 items).

Item Extraction Item Extraction

1 0.750 13 0.848

2 0.652 14 0.843

3 0.481 15 0.808

4 0.701 16 0.794

5 0.709 17 0.595

6 0.570 18 0.536

7 0.698 19 0.538

8 0.792 20 0.600

9 0.706 21 0.623

10 0.513 22 0.618

11 0.538 23 0.573

12 0.588

After extracting the factors, an EFA comprising 23 variables was utilized to classify
the quantity of supply chain risk factors that were considered during sustainable supplier
selection. A varimax rotation was performed on orthogonal axes. Eigenvalues larger than
one were chosen during the 25th cycle of factor extraction, and six factors were retrieved
from the scree plot diagram (refer to Figure 4). Table 8 highlights the six factors that have
eigenvalues greater than one.

The total variance explained by these five criteria equals 65.542%. Table 8 provides a
list of factors and their relevant sub-criteria that were obtained by factor loading from the
analysis, and each of these six criteria were given their respective names as follows: Crite-
rion 1 contains eleven items classified as “supply chain resilience and adaptability risk” (F1).
Technological problems/out-of-date, ineffective methods or technology (F11), change/shift
in consumer preference (F12), information sharing/communication system/lack of coor-
dination/information sharing between supply chain actors (F13), disruptions or errors
in production or delivery (F14), poor quality management system/insufficient output or
quality at the source of supply (F15) and fluctuation in supply (F16) are intricately linked
with F1.
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Table 8. Eigenvalues and extraction sums of squared loadings.

Component
Initial Eigenvalues Rotation Sums of Squared Loadings

Total % of Variance Cumulative % Total % of Variance Cumulative %

1 7.490 32.565 32.565 3.147 13.683 13.683
2 2.370 10.303 42.868 3.077 13.380 27.063
3 1.621 7.048 49.916 2.442 10.617 37.680
4 1.360 5.914 55.830 2.343 10.188 47.868
5 1.226 5.331 61.161 2.200 9.567 57.435
6 1.008 4.382 65.542 1.865 8.108 65.542
7 0.914 3.974 69.516

. . . . . . . . . . . .
23 0.049 0.211 100.000

Criterion 2 encompasses five variables that have been classified as “workforce safety
compliance risk” (F2). These items include the sub-factors of administration of employee
risk (F21), workplace safety risk (F22), improper tracking and traceability system (F23),
food safety management certificates (F24), and occupational health and safety practices
(F25). Criterion 3, denoted as “environmental sustainability and waste management risk”
(F3), encompasses three key aspects: waste treatment management and pollution preven-
tion/waste generation (F31), a low level of environmentally friendly technology (F32), and
a low level of environmentally friendly material (F33) with low waste, indicating ease of
recycling and reuse capability.

Criterion 4 has three elements categorized as “operational resilience and external
disruption risk” (F4). These elements include transportation, energy, and communication
costs (F41), demand fluctuations (F42), and natural disasters/climate change (F43). The
five elements on Criterion 5 was labeled “strategic governance and compliance challenges”
(F5) includes problems with strategic sourcing/planning and goals (F51), risk of policy
failure (F52) and regulatory issues/standards (F53). Finally, “financial stability and market
dynamics risk” (F6) was designated as Criterion 6. Its components are price fluctuation
(F61), suppliers’ credit status (F62), exchange rates and interest rate policies (F63).

These criteria and their sub-criteria were then utilized to build into the proposed
supplier selection model in the next phase. A summary of the variable members for each
criterion and their factor loading is shown in Table 9.
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Table 9. Summary of variables in each criterion.

Criteria Variables/Sub-Criteria Factor Loading

Supply Chain Resilience
and Adaptability Risk (F1)

Technological problems/out-of-date, ineffective methods or technology (F11) 0.618

Change/shift in consumer preference (F12) 0.573

Information sharing/communication system/lack of coordination/Information
sharing between supply chain actors (F13) 0.536

Disruptions or errors in production or delivery (F14) 0.538

Poor quality management system/insufficient output or quality at the source of
supply (F15) 0.600

Fluctuation in supply (F16) 0.623

Workforce Safety Compliance
Risk (F2)

Administration of employee risk (F21) 0.848

Workplace safety risk (F22) 0.843

Improper tracking and traceability system (F23) 0.588

Food safety management certificates (F24) 0.538

Occupational health and safety practices (F25) 0.513

Environmental Sustainability
and Waste Management Risk (F3)

Waste treatment management and pollution prevention/waste generation (F31) 0.792

Low level of environmentally friendly technology (F32) 0.706

Low level of environmentally friendly material (low waste: easy recycling
and reuse capability) (F33) 0.698

Operational Resilience
and External Disruption Risk (F4)

Communication, energy, and transportation expenses (F41) 0.709

Fluctuation in demand (F42) 0.701

Natural disasters/climate change (F43) 0.570

Strategic Governance
and Compliance Challenges (F5)

Problems with strategic sourcing/planning and goals (F51) 0.808

Risk of policy failure (F52) 0.794

Regulatory issues/standards (F53) 0.595

Financial Stability
and Market Dynamics Risk (F6)

Fluctuation in the price of raw materials (F61) 0.750

Suppliers’ financial standing (F62) 0.652

Exchange rate and interest policies (F63) 0.481

4.2. Data Analysis of FAHP

The weight of the criteria and sub-criteria was determined using the FAHP technique
by taking the main criteria (F1 to F6) and their decomposition into 23 sub-criteria (F11, F12,
. . ., F63) in Table 5, which were obtained from the FA. Consequently, the F1–F6 criteria
constitute the top level of the hierarchical model, with the six criteria and sub-criteria
forming the following level. Then, in accordance with Table 3, five DMs (E1, E2, E3, and
E5) from the Canning and Preserving case company with over 20 years of experience in the
business provided linguistic evaluations that facilitated the decision-making process. The
determination of the local weights of the sub-criteria was performed utilizing FAHP. The
weights of the criteria were multiplied by the group of weights of the sub-criteria once the
local weights of the sub-criteria had been defined. The global values were acquired and
subsequently utilized in this analysis to assess alternatives using PROMETHEE II in the
subsequent stage.

After the decision hierarchy for the supplier selection problem for the case company
was created and approved, as shown in Figure 5, the experts were asked to assess the
supplier selection criteria’s relative importance weights on nine linguistic terms in relation
to a fuzzy nine-level scale, as shown in Table 3. Every membership function in this scale
is determined by TFN’s three parameters (l, m, u). The final pairwise comparison matrix
was created by aggregating the experts’ individual fuzzy evaluations. The process of
aggregating individual judgment matrices is essential to attain a collective consensus
among DMs, as each matrix represents the viewpoint of a single DM. Following Buckley’s
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recommendation [136], the geometric mean method was used to calculate the elements of
the synthetic pairwise comparison matrix.
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Tables 10–12 display the pairwise comparison matrix, the non-fuzzy comparison ma-
trix, and the normalized comparison matrix of the six primary dimensions. In accordance,
the consistency ratio (CR) of the pairwise comparison was computed.



Mathematics 2024, 12, 1598 25 of 42

Table 10. Expert relative opinion on main criteria.

Criteria F1 F2 F3 F4 F5 F6

Supply Chain Resilience
and Adaptability Risk (F1) (1,1,1,1,1) (4,3,3,3,2) (4,2,3,4,3) (2,2,3,2,4) (4,2,3,3,2) (2,2,1,3,2)

Workforce Safety Compliance
Risk (F2)

(0.25,0.33,
0.33,0.33,0.50) (1,1,1,1,1) (2,2,3,2,2) (2,2,2,2,2) (2,2,2,2,2) (4,3,3,4,4)

Environmental Sustainability
and Waste Management
Risk (F3)

(0.25,0.50,0.33,
0.25,0.33)

(0.50,0.50,
0.33,0.50,0.50) (1,1,1,1,1) (1,3,3,2,4) (2,3,3,4,3) (2,4,3,3,5)

Operational Resilience and
External Disruption Risk (F4)

(0.50,0.50,0.33,
0.50,0.25)

(0.50,0.50,0.50,
0.50,0.50)

(1.00,0.33,
0.33,0.50,0.25) (1,1,1,1,1) (2,3,2,3,2) (1,3,3,1,3)

Strategic Governance
and Compliance Challenges (F5)

(0.25,0.50,0.33,
0.33,0.50)

(0.50,0.50,0.50,
0.50,0.50)

(0.50,0.33,
0.33,0.25,0.33)

(0.50,0.33,0.50,
0.33,0.50) (1,1,1,1,1) (1,2,2,3,1)

Financial Stability
and Market Dynamics Risk (F6)

(0.50,0.50,1.00,
0.33,0.50)

(0.25,0.33,0.33,
0.25,0.25)

(0.50,0.25,
0.33,0.33,0.20)

(1.00,0.33,0.33,
1.00,0.33)

(1.00,0.50,0.50,
0.33,1.00) (1,1,1,1,1)

Table 11. A non-fuzzy comparison matrix of the main criteria.

Criteria F1 F2 F3 F4 F5 F6

Supply Chain Resilience and Adaptability Risk (F1) 1.00 2.93 3.10 2.49 2.70 1.88

Workforce Safety Compliance Risk (F2) 0.36 1.00 2.17 2.00 2.00 3.56

Environmental Sustainability and Waste Management Risk (F3) 0.34 0.50 1.00 2.34 2.93 3.24

Operational Resilience and External Disruption Risk (F4) 0.43 0.56 0.44 1.00 2.35 1.92

Strategic Governance and Compliance Challenges (F5) 0.39 0.56 0.36 0.46 1.00 1.63

Financial Stability and Market Dynamics Risk (F6) 0.56 0.29 0.32 0.53 0.63 1.00

Sum 3.08 5.83 7.39 8.81 11.60 13.23

Table 12. Main criteria normalized comparison matrix.

Criteria F1 F2 F3 F4 F5 F6

Supply Chain Resilience and Adaptability Risk (F1) 0.32 0.50 0.42 0.28 0.23 0.14

Workforce Safety Compliance Risk (F2) 0.12 0.17 0.29 0.23 0.17 0.27

Environmental Sustainability and Waste Management Risk (F3) 0.11 0.09 0.14 0.27 0.25 0.24

Operational Resilience and External Disruption Risk (F4) 0.14 0.10 0.06 0.11 0.20 0.15

Strategic Governance and Compliance Challenges (F5) 0.13 0.10 0.05 0.05 0.09 0.12

Financial Stability and Market Dynamics Risk (F6) 0.18 0.05 0.04 0.06 0.05 0.08

RI = 1.24 when n = 6 CR = CI/RI = 0.123872/1.24 = 0.099

Using pessimistic and optimistic values derived from the fuzzy comparison ma-
trix [136], the fuzzy number is transformed into a real number to ascertain the rating score
CR. In Table 11, the non-fuzzy comparison matrix of the primary criteria is presented.

The outcome indicates that the CR is 0.099, which is below the threshold of 0.1. Since
the pairwise comparison matrix is thus consistent, the results are deemed acceptable.
As a result, the same process is applied to the calculation of other sub-criteria, and the
consistency test results for each matric were all less than 10%. As such, the consistency in
each matrix was acceptable. The results of the calculations for the local and global weights
of all the criteria and sub-criteria derived from the FAHP model are displayed in Table 13.
These weights will be used in the next phase of evaluating the supplier selection of the case
company using the PROMETHEE II technique.
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Table 13. Final priorities of supply chain risk factors.

Criteria Weight Variables/
Sub-Criteria

Local
Weight

Global
Weight Rank

Supply Chain Resilience and
Adaptability Risk (F1) 0.3190

F11 0.3405 0.1086 2

F12 0.2967 0.0946 4

F13 0.1680 0.0536 7

F14 0.0927 0.0296 13

F15 0.0621 0.0198 14

F16 0.0400 0.0128 20

Workforce Safety Compliance Risk (F2) 0.2113

F21 0.5090 0.1076 3

F22 0.2343 0.0495 9

F23 0.1406 0.0297 12

F24 0.0754 0.0159 16

F25 0.0407 0.0086 22

Environmental Sustainability
and Waste Management Risk (F3) 0.1809

F31 0.7032 0.1272 1

F32 0.2052 0.0371 10

F33 0.0875 0.0158 17

Operational Resilience and External
Disruption Risk (F4) 0.1252

F41 0.5940 0.0744 5

F42 0.2677 0.0335 11

F43 0.1383 0.0173 15

Strategic Governance and Compliance
Challenges (F5) 0.0924

F51 0.7168 0.0662 6

F52 0.1634 0.0151 18

F53 0.1198 0.0111 21

Financial Stability and Market
Dynamics Risk (F6)

0.0711
F61 0.7118 0.0506 8

F62 0.2117 0.0151 19

F63 0.0765 0.0054 23

As shown in Table 13, the case company’s top three supplier selection evaluative
criteria are as follows: risk associated with supply chain resilience and adaptability or
F1 (0.3190), workforce safety compliance risk or F2 (0.2113), and risk associated with
environmental sustainability and waste management or F3 (0.1809). On the contrary,
financial stability and market dynamics risk or F6 (0.0711) is the least significant. The order
of significance observed in the FAHP results aligns with the results obtained from the FA
analysis conducted in Phase I.

Additionally, the results showed that the five most critical sub-factors in deciding
which supplier to choose are waste treatment management and pollution prevention/waste
generation or F31 (0.1272), technological issues such as old or ineffective methods or
technology or F11 (0.1086), employee risk management or F21 (0.1076), changes in consumer
preferences or F12 (0.0946), and communication, energy, and transportation costs or F41
(0.0744), respectively. Most of these sub-criteria belong to the first or second order of each
critical criterion.

4.3. Data Analysis of PROMETHEE II

To deploy PROMETHEE II in the case company, the DMs, criteria, and suppliers are
identified. A panel of five experts (E1, E2, E3, E4, E5) was asked to rank and assess four
suppliers (S1, S2, S3, S4) using the six criteria (F1, F2, F3, F4, F5, F6) acquired from FA in
phase I. During the PROMETHEE II phase, the same group of experts complete a third sur-
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vey questionnaire to rank supplier measures on a scale of 1–10 regarding risk management.
Table 14 constructs the normalized decision matrix using Equation (15). The calculation of
the preference function (see Table 15) and the aggregated preference indices was carried
out following Equations (16)–(18), respectively. The aggregated-preference indices were
then used to determine the entering (negative) flow and leaving (positive) flow using
Equations (19) and (20) as demonstrated in Table 16. Finally, the net outranking flow for all
alternatives was estimated using Equation (21). Table 17 presents the conclusive findings.

Table 14. The normalized decision matrix.

Weightage 0.32 0.21 0.18 0.13 0.09 0.07

Criteria F1 F2 F3 F4 F5 F6

S1 0.54 0.67 0.15 0.83 0.63 0.00

S2 0.00 0.29 0.00 0.33 0.00 1.00

S3 0.85 1.00 0.59 0.53 0.74 1.00

S4 0.59 0.91 0.59 0.71 0.68 1.00

Table 15. The preference function for every pair of alternatives.

Criteria F1 F2 F3 F4 F5 F6

P(S1-S2) 0.83 0.38 0.11 0.23 0.18 0.00

P(S1-S3) 0.00 0.00 0.00 0.38 0.09 0.00

P(S1-S4) 0.57 0.04 0.00 0.23 0.13 0.00

P(S2-S1) 0.00 0.00 0.00 0.00 0.00 0.20

P(S2-S3) 0.00 0.00 0.00 0.15 0.00 0.03

P(S2-S4) 0.00 0.00 0.00 0.00 0.00 0.03

P(S3-S1) 0.32 0.34 0.04 0.00 0.00 0.17

P(S3-S2) 1.15 0.72 0.14 0.00 0.09 0.00

P(S3-S4) 0.89 0.38 0.00 0.00 0.04 0.00

P(S4-S1) 0.00 0.00 0.04 0.00 0.00 0.17

P(S4-S2) 0.26 0.34 0.14 0.00 0.06 0.00

P(S4-S3) 0.00 0.00 0.00 0.15 0.00 0.00

Table 16. Aggregated-preference indices.

π(i, i′) S1 S2 S3 S4 Leaving Flow, φ+

S1 0.00 1.73 0.47 0.97 1.06

S2 0.20 0.00 0.18 0.03 0.14

S3 0.86 2.10 0.00 1.31 1.43

S4 0.21 0.79 0.15 0.00 0.38

Entering Flow, φ− 0.42 1.54 0.27 0.77

The alternative suppliers are now ordered in descending order by net outranking flow
values. It is evident that Supplier 4 option has the lowest value of −0.39 and Supplier 3 has
the greatest value of 1.16. Specifically, Supplier 3 was regarded as the most advantageous
alternative, whereas Supplier 1 was designated as the second-best option.
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Table 17. The results of PROMETHEE II method with alternatives ranking.

Alternative Net Outranking Flow, φ Ranking Position

S1 0.63 1

S2 −1.41 3

S3 1.16 2

S4 −0.39 4

4.4. Sensitivity Analysis via HSOMASS

Integrating sustainability concepts with supply chain risk management has become
essential in the dynamic agri-food business to maintain system resilience and adaptation.
Hybrid approaches bring a new paradigm that incorporates varied supply chain risks as
firms aim for sustainability. Sensitivity analysis is essential in this context since it shows
how parameter changes affect hybrid model performance. This research uses sensitivity
analysis for two purposes. First, it shows how changes in individual components affect
hybrid strategy performance measures, revealing the relative importance of each risk factor.
Second, mixture design and expert system design principles are used to reveal complex
variable relationships and collaborative effects, enabling a full knowledge of how the
system reacts to supply chain risk changes.

This study’s new approach identifies essential parameters and optimizes sustain-
able agri-food supplier selection by analyzing their intricate relationships. The Hybrid
Sensitivity–Optimization Method for Agri-food Supplier Selection (HSOMASS) uses sensi-
tivity analysis to improve decision-making and strengthen agri-food supply chains against
changing obstacles and uncertainties. HSOMASS sensitivity analysis may help DMs un-
derstand how risk dimensions affect supplier selection. This strategy helps firms make
strategic choices that promote sustainability, manage risks, and long-term performance in
the agri-food market by revealing variable interdependencies and optimizing tactics.

4.4.1. Importance Criteria and Their Impact

When choosing sustainable agri-food suppliers, characteristics that support supply
chain resilience, sustainability, and risk management are emphasized. Important and
impactful selection factors are included in the following table. Each factor evaluates agri-
food suppliers’ suitability, from their capacity to adjust to shocks and maintain worker
safety to their environmental sustainability and financial stability. Organizations aiming to
develop resilient and sustainable supply chains that can overcome problems and succeed
must understand these characteristics and their effects on supplier selection choices.

Sustainable agri-food supplier selection requires examining providers’ robustness
and adaptation to different risk scenarios to ensure supply chain resilience. This research
uses sensitivity analysis across 12 scenarios to assess supplier performance under various
risk situations. Mixture design and expert system design ideas were used to create these
scenarios, which illustrate a range of agri-food supply issues and uncertainties. These
scenarios reveal how suppliers handle various risk variables by methodically adjusting
supply chain resilience, workforce safety compliance, environmental sustainability, opera-
tional resilience, strategic governance, and financial stability. These scenarios help DMs
mitigate risks and improve AFSC sustainability by revealing the relative relevance of risk
aspects and their effects on supplier selection results. We want to provide enterprises with
actionable knowledge to make educated supplier selection choices in the face of increasing
agri-food sector issues and uncertainties with our thorough sensitivity study.

Agri-food supply networks must prioritize supplier performance across risk scenarios
to be resilient and sustainable. We weighted 12 scenarios across six supplier selection
factors in this research. Mixture design and expert system design were used to create
these scenarios, which include a variety of agri-food supply difficulties and uncertainties.
By weighting scenarios across Supply Chain Resilience, Workforce Safety Compliance,
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Environmental Sustainability, Operational Resilience, Strategic Governance, and Financial
Stability, we can assess supplier performance. Table 18 lists the weights for each scenario to
help DMs evaluate supplier appropriateness and manage risks in the AFSC. This inves-
tigation seeks to uncover key supplier selection criteria and their effects on supply chain
resilience and risk management.

Table 18. Weights of the 12 scenarios across the six criteria from the HSOMASS.

Scenario Supply Chain
Resilience (F1)

Workforce Safety
Compliance (F2)

Environmental
Sustainability (F3)

Operational
Resilience (F4)

Strategic
Governance (F5)

Financial
Stability (F6)

1 0.537778 0.064444 0.301111 0.043333 0.03 0.023333

2 0.301111 0.064444 0.537778 0.043333 0.03 0.023333

3 0.064444 0.301111 0.537778 0.043333 0.03 0.023333

4 0.301111 0.537778 0.064444 0.043333 0.03 0.023333

5 0.537778 0.301111 0.064444 0.043333 0.03 0.023333

6 0.537778 0.182778 0.182778 0.043333 0.03 0.023333

7 0.182778 0.182778 0.537778 0.043333 0.03 0.023333

8 0.182778 0.537778 0.182778 0.043333 0.03 0.023333

9 0.301111 0.301111 0.301111 0.043333 0.03 0.023333

10 0.419444 0.419444 0.064444 0.043333 0.03 0.023333

11 0.419444 0.064444 0.419444 0.043333 0.03 0.023333

12 0.064444 0.419444 0.419444 0.043333 0.03 0.023333

Scenarios 1–3: These scenarios underscore the significance of supply chain resilience,
workforce safety compliance, and environmental sustainability, respectively. Suppliers
demonstrating strength in these areas exhibit higher rankings, emphasizing the importance
of robustness, safety, and sustainability within the AFSC.

Scenarios 4–6: Operational resilience, strategic governance, and financial stability
emerge as key determinants of supplier performance here. Suppliers with resilient op-
erational strategies, transparent governance practices, and strong financial standing are
preferred, highlighting adaptability, accountability, and financial health in supplier selection.

Scenarios 7–9: These scenarios explore the interplay of supply chain resilience, work-
force safety compliance, and environmental sustainability. Sensitivity analysis reveals
synergistic effects on supplier performance, indicating the need for integrated risk manage-
ment and sustainability approaches.

Scenarios 10–12: Strategic governance, financial stability, and operational resilience
play pivotal roles in shaping supplier rankings in these scenarios. Suppliers excelling in
governance, financial management, and operational efficiency are favored, highlighting
their ability to navigate challenges and seize opportunities.

Through sensitivity analysis across these scenarios, valuable insights into supplier
performance dynamics and decision-making in sustainable agri-food supplier selection
are gained. Understanding sensitivities inherent in each scenario enables organizations
to develop targeted strategies for risk mitigation, enhancing supply chain resilience, and
fostering partnerships with suppliers committed to sustainability and excellence.

4.4.2. Comparative Analysis with Alternative Scenarios

In comparing alternate situations, we examine supplier rank outcomes across 12 sce-
narios and six criteria. These rankings reveal AFSC supplier performance across risk
parameters. A repeating pattern in rank results suggests supplier performance tendencies
across situations. Suppliers score similarly across Supply Chain Resilience, Workforce Safety
Compliance, Environmental Sustainability, Operational Resilience, Strategic Governance,



Mathematics 2024, 12, 1598 30 of 42

and Financial Stability. Suppliers routinely score top or second in Supply Chain Resilience,
suggesting a high capacity to tolerate disruptions and respond to market changes. Suppliers
also rate lower in Workforce Safety Compliance, indicating they might enhance worker
safety. This comparison research emphasizes the need of examining supplier performance
across a variety of situations to understand their AFSC capabilities and weaknesses. DMs
may make educated choices and adopt focused measures to improve supply chain resilience
and manage risks via such analysis.

In Scenario 1, Supply Chain Resilience and Adaptability Risk (F1) is more important
than Environmental Sustainability and Waste Management Risk (F3) and Workforce Safety
Compliance Risk (F2). Scenario 2 has the same rank assignments but prioritizes Environ-
mental Sustainability and Waste Management Risk (F3). Scenario 3, with similar rank
assignments, prioritizes Supply Chain Resilience and Adaptability Risk (F1) above Environ-
mental Sustainability and Waste Management Risk (F3). In Scenario 4, rank assignments (2,
4, 1, 3) emphasize Operational Resilience and External Disruption Risk (F4) above Financial
Stability and Market Dynamics Risk (F6). Scenario 5 emphasizes Operational Resilience
and External Disruption Risk (F4) with comparable rank allocations. Despite having the
same rank assignments, Scenario 6 prioritizes Environmental Sustainability and Waste
Management Risk (F3) and Strategic Governance and Compliance Challenges (F5) above
Supply Chain Resilience and Adaptability Risk (F1).

Scenario 7 prioritizes Environmental Sustainability and Waste Management Risk (F3)
and Strategic Governance and Compliance Challenges (F5) above Supply Chain Resilience
and Adaptability Risk. Scenario 8 also prioritizes Environmental Sustainability and Waste
Management Risk (F3) and Strategic Governance and Compliance Challenges (F5) above
Supply Chain Resilience and Adaptability Risk (F1). Scenario 9, with ranks 1, 4, 2, 3,
balances all requirements. Scenario 10 prioritizes supply chain adaptation and safety
by emphasizing Supply Chain Resilience and adaptation Risk (F1) and Workforce Safety
Compliance Risk (F2). Scenario 11, with identical objectives, prioritizes Supply Chain
Resilience and Adaptability Risk (F1) and Workforce Safety Compliance Risk (F2) above
Environmental Sustainability and Waste Management Risk (F3). Finally, Scenario 12 ranks
Environmental Sustainability and Waste Management Risk (F3) and Strategic Governance
and Compliance Challenges (F5) as key supplier selection concerns. These evaluations high-
light the relevance of risk aspects and strategic goals when choosing agri-food suppliers,
aiding business decision-making.

The sensitivity analysis helps explain agri-food supplier selection, notably how risk
considerations are prioritized across scenarios. The approach prioritizes Financial Stabil-
ity and Market Dynamics Risk (F6) differently. This element may be crucial, indicating
a strategic emphasis on suppliers’ financial health and market flexibility. In contrast,
other risk indicators may take priority if their weight is reduced, reflecting supply chain
strategy goals.

Note the variation in the relevance of Environmental Sustainability and Waste Manage-
ment Risk (F3). Some supplier selection scenarios emphasize environmental sustainability,
while others downplay it, suggesting business principles or strategic goals. The balance be-
tween Operational Resilience and External Disruption Risk (F4) and Strategic Governance
and Compliance Challenges (F5) is equally important. Governance and compliance are
prioritized in certain circumstances above operational resilience and external disruption
preparation. This shows that supplier selection choices are complex and need a diversified
strategy that includes risk and strategic objectives.

5. Discussion and Managerial Insights
5.1. Discussion of the Obtained Results

To guarantee the safety of the product and reduce the negative effects on the environ-
ment, it is necessary to identify and control all potential risks inside the company and its
supply chain. The current research included the sustainability idea in the supplier selection
process to improve the AFSC’s ability to handle unexpected risks and interruptions, thereby
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reducing the occurrence of unsatisfied customers. According to [166], the procurement
process plays a vital and strategically important part in the company’s success. Therefore,
it is crucial to precisely define the risk factors that may emerge throughout the cooperation,
evaluation, and implementation of improvement efforts between the supplier and receiver.
Previous studies on sustainable supplier selection mostly focused on the characteristics of
the supply chain, paying little consideration to the supply risk as seen from the perspective
of the Triple Bottom Line (TBL) [92]. This research examines the problem of choosing
sustainable suppliers by considering the element of risk, specifically focusing on the Triple
Bottom Line (TBL) framework. The theoretical framework for sustainable supplier selection
includes the consideration of supply risk. This study uses factor analysis (FA) to detect and
classify hazards in the process of selecting suppliers. In addition, it utilizes the FAHP and
PROMETHEE II techniques to prioritize the eligible providers according to these risks.

The assessment and criteria for choosing vendors were established using survey-
based research. This study consisted of 23 sub-criteria and six risk criteria. A decision
was made to establish a hierarchical structure, and the FAHP technique was then used to
ascertain the weights of the criteria. The PROMETHEE II technique was used to determine
the most optimal option among several alternative providers, considering the weights
assigned to the assessment criteria. This research investigated the risk variables linked
to sustainable supply chains in 315 samples of agri-food enterprises located in Thailand.
The EFA analysis identified a total of 23 variables and categorized them into six distinct
components. Based on this study, it was found that the risk factor with the greatest
impact, accounting for 13.683% of the observed variation, was “Supply Chain Resilience
and Adaptability Risk (F1)”. The emergence of this issue as a significant concern for
the agri-food sector’s sustainable supplier selection may be attributed to many causes.
Currently, advancements in technology, manufacturing methods, and distribution channels
all play a role in the continuous growth of the agri-food business. Failure to adopt and use
technology may impede organizations’ ability to compete and fulfill customer demands.
To ensure that products are delivered on time and that the supply chain operates well, it is
essential to have flawless coordination and communication among all individuals involved.
Technological advancement and innovation are considered highly effective solutions for
minimizing risks associated with the AFSC [167] and improving the overall performance of
agri-food enterprises [168]. Lack of coordination or failure to share information may lead
to operational inefficiencies, delays in delivery and manufacturing processes, and mistakes.
Suppliers that implement efficient procedures and embrace technology improvements are
better equipped to tackle market problems and take advantage of favorable situations.
Consumer preferences in the agri-food business are ever-evolving, influenced by factors
such as a heightened awareness of health, concerns about sustainability, and shifts in dietary
habits. As a result, providers must possess the ability to quickly adapt and respond to
changes in customer tastes to stay competitive and maintain their relevance in the market.

“Workforce Safety Compliance Risk (F2)” was discovered to be the second risk el-
ement in the Thai agri-food sector, explaining 13.380% of the observed variance. Food
safety concerns have expanded dramatically due to major occurrences such as avian flu,
mad cow disease, foot-and-mouth disease, chicken salmonella, dairy, berry, and olive oil
contamination, and natural and industrial disasters [169]. Given the inherent risks in this
sector involving machinery operations, manual labor, and diverse occupational hazards,
ensuring worker safety is paramount to prevent accidents, and injuries, and maintain
productivity. In addition, agri-food businesses must adhere to a multitude of laws on food
safety, environmental preservation, and labor standards. Noncompliance may result in
legal repercussions, penalties, and harm to the organization’s reputation. Emphasizing
adherence to food safety and quality standards is critical, as any form of noncompliance
can lead to product contamination, recalls, and damage to the organization or sector’s
reputation. Suppliers with strong safety management systems offer a more reliable and
stable supply chain, eliminating disruptions and ensuring operations. Ensuring workforce
safety compliance is crucial for establishing a robust and enduring supply chain. Suppliers
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who have strong safety management systems are more likely to be part of a stable and
dependable supply chain, which lowers the possibility of interruptions and guarantees
business continuity. Organizations should therefore investigate the origins of fraud, im-
plement supplier auditing to prevent fraudulent receipts of basic materials, and leverage
technological advancements to oversee and trace products throughout the stages of manu-
facturing and distribution, evaluating the precision of labeling and promptly identifying
malfunctions. To safeguard reputation, reduce losses, and avert recurrences, organizations
ought to implement established protocols to identify the origins of contaminated products,
canceling and returning supplies, and minimizing losses [84].

“Environmental Sustainability and Waste Management Risk (F3)” was identified as
the third critical risk criterion for supplier selection, explaining 10.617% of the observed
variance. Suppliers who promote environmental sustainability are more likely to meet
consumer demand while maintaining market competitiveness. Implementing resource-
efficient methods, including water conservation, energy efficiency, and waste reduction,
can reduce production costs, increase operational efficiency, and reduce environmental
impact. Suppliers help to build a more sustainable supply chain by minimizing waste
generation and maximizing resource consumption. Furthermore, suppliers who embrace
sustainable practices are better positioned to reduce risks related to resource shortages,
climate change, and regulatory uncertainty, guaranteeing supply chain continuity and
economic resilience in the face of environmental difficulties. These findings also align
with recent research by [73,74], providing congruence and reinforcing the significance of
addressing these identified risk factors in the agri-food business.

The supply chain faces several risks, making it difficult to determine the most sig-
nificant ones. Supply chain risk evaluation for supplier selection is necessary to mitigate
higher risks. Proper evaluation and management of these issues are increasingly crucial.
The FAHP approach is used to rate hazards, allowing supply chain enterprises to identify
larger risks and take measures to mitigate them [170]. TFNs were employed to analyze
ambiguities in linguistic data assessment. Due to the significant number of qualitative
risk factors and sub-factors in supply chain evaluation, quantitative assessment is chal-
lenging. These fuzzy values could indicate the relative strength of each pair of network
members [171].

Based on the comprehensive analysis of 23 sub-criteria obtained via the FA method,
the findings of this study indicate that the primary risk sub-criterion that significantly
impacts the supplier selection process inside a canning and preserving case company is
waste treatment management and pollution prevention/waste creation (F31). Preventing
pollution and managing waste treatment are critical concerns in the agri-food sector owing
to the considerable quantity of waste generated. Contamination of the air, water, and soil
can result from inadequate waste management. Suppliers who implement efficient waste
management strategies could mitigate environmental harm and guarantee adherence to
regulatory requirements, thereby strengthening the sustainability of the supply chain. This
research is corroborated by the findings of [172], who discovered that ecological indicators
on purchasing decisions were deemed to be more significantly impacted by the materials
and waste component.

Technological challenges, including outdated or inefficient methods or technology
(F11), constituted the second most crucial sub-factor. Modern AFSCs are significantly
influenced by technology, which has profound effects on quality, efficiency, and safety. As
suggested by [173], AFSC may benefit from technologies such as Blockchain and RFID that
facilitate monitoring and supply chain tracing, among other responsibilities. Suppliers that
utilize technology that is obsolete or inefficient might encounter difficulties in adhering to
quality standards, ensuring consistency, and controlling expenses. Improved overall perfor-
mance, increased productivity, and decreased waste can result from suppliers’ investments
in modern, efficient technology.

The third sub-factor identified for hazard risk was employee risk management (F21).
Lack of specified personnel specifications, as well as poor skills and training, can lead to
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losses [174]. Suppliers that prioritize employee safety and well-being, such as training,
safe working conditions, and labor laws, are more likely to contribute to a sustainable and
responsible supply chain.

Likewise, it was discovered that the agri-food industry’s supplier selection process
considers consumer preferences (F12) as one of the critical risk sub-criteria. Ecological
concerns, health trends, and ethical issues are some of the driving forces for the continuous
evolution of this industry. Suppliers with the ability to adjust to these shifts and provide
raw materials or goods that suit customer tastes have a higher chance of being successful
in the marketplace. Selecting suppliers who understand consumer trends minimizes the
chance of falling behind in a market that is changing rapidly. Communication, energy,
and transportation expenses (F41) were also discovered to be important risk variables
in the agri-food sector, influencing suppliers’ competitiveness and overall cost structure,
which was ranked fifth in importance. Suppliers with strong communication, energy, and
transportation cost management capabilities can lower risks associated with cost variations
and supply chain disruptions while providing more dependable service and competitive
pricing. To strengthen the supply chain’s ability to withstand disruptions, businesses must
be aware of and able to see the most common and serious issues that suppliers encounter.
Maintaining operational continuity, preserving reputation, and enhancing overall supply
chain resilience all depend on an understanding of and ability to mitigate supplier risk.

A crucial resolution to the supplier selection problem is also proposed in this study:
the hybrid FAHP-PROMETHEE methodology combined with FA. The proposed technique
enables DMs to efficiently rank supplier options and obtain valuable information for
formulating supplier selection strategies. This is achieved through the utilization of the
group decision-making process, which facilitates agreement on the ranking of alternative
suppliers. This model takes into account the assessments and viewpoints of numerous
DMs, whose organizational levels and management functions may vary. Efficiently and
rationally, the FAHP was employed to ascertain the accurate weights of DMs. In conclusion,
administrators of sustainable supply chains (SSCs) can utilize the proposed model to select
the most appropriate sustainable suppliers, thereby reducing supply risk and uncertainty.
Furthermore, through the implementation of a PROMETHEE II method and the integration
of qualitative and quantitative criteria, the suggested model can aid SSC managers in
developing a systematic framework to determine the most appropriate sustainable supplier
for a given case company.

The generalizability of the proposed hybrid model for agri-food supplier selection
is dependent upon its adaptability and efficacy in different contexts. The applicability of
the model extends beyond the agri-food sector and encompasses diverse domains where
risk management and supplier selection hold significant importance. By identifying risk
factors in various sectors and industries, Factor Analysis can generate industry-specific
assessments. The FAHP and PROMETHEE II methodologies offer a systematic framework
for making decisions that are flexible enough to be applied in various situations. To ensure
the efficacy and dependability of the model, it is critical to validate it in various contexts.
The relevance and applicability of the model in diverse contexts can be guaranteed through
the inclusion of stakeholders from various industries in its development and validation.

Additionally, sensitivity analysis was utilized to evaluate the performance of rank-
ing suppliers under dynamic environmental conditions. This study concludes that the
suggested model demonstrates robustness and strength. Moreover, this model can ad-
dress various decision management issues, including the selection of production methods,
maintenance strategies, and project management.

5.2. Managerial Implication

Supply chain sustainability concerns for supplier selection are vital to research in
today’s dynamic world. This article analyzes how management systems affect risk per-
ception, specifically with sustainable supplier selection, a future uncertainty. This study
contributes to the limited research on the collaboration between supply chain suppliers and
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the implementation of standardized management systems. The investigation suggests that
supply chain managers should incorporate overlooked risk indicators into their dynamic,
sustainable, and crucial plans for manufacturing enterprises.

Supply chain disruptions were most significantly impacted by the risk factors of sup-
ply chain adaptability and resilience, according to research; workforce safety compliance
risk was subsequently identified as the second most influential factor. Hence, it is impera-
tive for entrepreneurs to contemplate and underscore these risks through the formation
of cooperative alliances with suppliers and the execution of preventative measures. Orga-
nizations should also use new technology and innovation to streamline their operations
and share information throughout the supply chain. Research suggests that concentrating
on neglected hazards could enhance supply chain resilience and predict operational risk
events [175,176].

To aid the organization in employing MCDM methodologies to resolve its supplier
evaluation and selection challenges, a framework was developed as part of this research.
An examination of potential resolutions was undertaken with due consideration for the
distinctive industry demands of the Thai company operating in the agri-food sector, for
which the methodologies of this study were customized. These are the fundamental
differences between the aforementioned inquiries and those found in the literature.

Overall, the implementation emphasizes the importance of proactive risk management
in sustainable supply chains and using advanced supplier selection methods. Integration
of sustainability criteria into supplier evaluations and reduction in major risk factors can
improve supply chain adaptation and resilience, enabling organizations to negotiate today’s
complex business landscape [176–179].

6. Conclusions

This paper proposes many essential measures to include sustainability in supplier
selection procedures and reduce supply chain vulnerabilities. Firstly, it suggests the creation
of procedures to assess risks and work together with suppliers, employing models such as
FAHP and PROMETHEE II to choose suppliers based on their level of risk. Additionally,
it proposes the possibility of automating these processes using AI or algorithms. Using
criterion optimization and FAHP, PROMETHEE II was found to be the most successful
approach for making decisions. The organization should also stress how crucial it is to
gather qualitative information on customer attitudes and update the assessment process to
accurately identify risks.

Furthermore, threat management and sustainability can be enhanced through the
incorporation of TBL into the supplier selection matrix. Furthermore, this study suggests
that risk management protocols in the food industry should incorporate practical informa-
tion and methodologies as well as research findings. Additionally, it is recommended that
training and capacity-building programs be provided to internal personnel and external
suppliers to enhance their understanding of sustainability principles and risk management.
This research underscores the importance of consistently evaluating, overseeing, and en-
hancing processes for selecting sustainable suppliers. To cultivate an environment that
values transparency and responsibility, it is imperative to involve essential stakeholders
in initiatives related to risk management and sustainability, such as regulatory bodies,
suppliers, employees, consumers, and suppliers. In conclusion, by implementing these
recommendations, supply chain resilience could be strengthened, risks could be reduced,
and sustainability outcomes could be optimized not only in the agri-food industry but also
in other sectors.

6.1. Limitations

Similar to numerous other research endeavors, future investigations may aim at
addressing certain limitations. Firstly, this study significantly depends on a single example,
which restricts its capacity to be applied to a broader population. Subsequent investigations
should incorporate a variety of cases. Additionally, the analysis exclusively concentrates on
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Thailand’s agri-food industry, possibly disregarding sector-specific intricacies. Expanding
the inclusion of a wider array of sectors would enhance the level of relevance. Furthermore,
the results are limited to Thailand and may not be directly applicable to countries with
distinct circumstances. Moreover, this research ignores cross-cultural differences in supplier
selection and risk assessments, which may influence supply chain decision-making.

In the hybrid approach, FA for supply chain risk factor identification and FAHP with
PROMETHEE II for agri-food supplier selection are beneficial. Possible drawbacks should
be considered. Initially, factor analysis requires an extensive amount of data, and data
quality might alter outcomes. Secondly, FAHP and PROMETHEE II utilize DMs’ subjective
opinions to weigh and prefer factors. Thirdly, the interpretation of the data obtained from
FA and the FAHP-PROMETHEE II hybrid model might pose challenges, particularly for
stakeholders who lack familiarity with these analytical techniques. Effective communica-
tion and a thorough explanation of the findings are crucial to guarantee comprehension and
approval. Furthermore, the implementation of the hybrid approach necessitates substantial
resources, including time, knowledge, and technology. Organizations must consider these
resource requirements while determining whether to implement the model. It is important
to exercise caution when extending the findings of this study to other contexts.

Finally, researchers need to be cognizant of and address any potential biases that may
arise in the research design, data collection, and analysis to ensure accurate findings.

6.2. Scope of Further Study

Despite the fundamental nature of this research, substantial potential exists for addi-
tional advancements. To begin with, a more comprehensive examination of this research
would be enlightening, including sectors such as automotive, healthcare, manufacturing,
and technology. Additionally, examining the impact of substantial disruptions on suppliers
and enterprises may contribute to the mitigation of risks and the improvement in resilience.
It is also possible that future studies will investigate the impact that developing technologies
have on the resilience of supply chains. Some examples of this study include investigations
into the potential of Blockchain technology to increase traceability and transparency in the
agri-food supply chain, as well as the application of traceability technologies to improve
the source of agricultural goods in a way that is both sustainable and ethical.

In the context of supplier selection, it would be advantageous to investigate additional
novel MCDM approaches or alternative forms of fuzzy set theory, such as intuitionistic
fuzzy sets. The generalizability of the methodology could be further evaluated through
empirical investigations in emerging economies. Finally, in addition to supplier selection,
an examination of risk and uncertainty in logistics, inventory control, and distribution
networks would enhance the overall resilience of the supply chain.
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