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Abstract: Food safety in supply chains remains a critical concern due to the complexity of
global distribution networks. This study develops a conceptual framework to evaluate how
food safety risks influence supply chain performance through predictive analytics. The
framework identifies and minimizes food safety risks before they cause serious problems. The
study examines the impact of food safety practices, supply chain transparency, and
technological integration on adopting predictive analytics. To illustrate the complex dynamics
of food safety and supply chain performance, the study presents supply chain transparency,
technological integration, and food safety practices and procedures as independent variables
and predictive analytics as a mediator. The results show that supply chain managers’ capacity
to anticipate and control risks related to food safety can be improved by predictive analytics,
leading to safer food production and distribution methods. The research recommends that
businesses create scalable cloud-based predictive model solutions, combine data sources, and
employ cutting-edge Al and machine learning tools. Companies should also note that strong,
data-driven approaches to food safety require cooperative data sharing, regulatory compliance,
training initiatives and ongoing improvement.

Keywords: food safety; supply chain performance; predictive analytics; supply chain
efficiency

1. Introduction

According to Belhadi et al. (2022), the complexity of Supply Chain (SC)
networks affects contamination management and other risks. Rincon-Ballesteros et al.
(2024) highlight the potential health risks, financial implications, and regulatory
requirements to demonstrate the importance of supply chain management. In the wake
of these challenges, this research aims to provide a comprehensive conceptual
framework for analyzing how Food Safety Risks (FSR) affect SC efficiency. The
global reach of modern food networks has increased the focus on FS in SCs with
multiple phases, each presenting challenges (De Boeck et al., 2020). Adulteration,
contamination, spoiling, and fraud impact customer health, business reputation, and
regulatory compliance (Masengu, Al Habsi, et al., 2024). Reactive approaches are the
primary food safety management methods that address issues as they arise. The
deleterious impacts of food safety on public health and the economy required reactive
approaches to food safety management. Kudashkina et al. (2022) posit that Predictive
Analytics (PA) improves SC management by identifying trends to predict future
challenges. Kondaveeti et al. (2023) say that a proactive strategy lowers mishaps and
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improves SC effectiveness, and PA identifies and reduces threats before they become
problems. PA also provide insightful analysis and solutions to improve food safety
protocols.

This study creates a conceptual framework using PA to correlate (FSR) with
Supply Chain Performance (SCP). The framework provides an understanding of how
FSR impacts the competitive position, sustainability, and operational efficiency of
SCs’. Furthermore, it reflects how SCP is influenced by food safety rules and
processes, technology integration, and SC openness (Masengu et al., 2024). The
research emphasizes how PA acts as a mediator and improves the ability to control
hazards related to food safety. This study provides a framework for improving SC
performance through PA. The study aims to close a significant gap in the literature
and additionally, practitioners will benefit from PA and recommendations that lead to
safer food production and distribution.

Research objectives
e To create a conceptual framework that links food safety risks with supply chain

performance through predictive analysis in the Oman food industry.

e To analyze how food safety risks affect supply chain performance in the Oman
food industry.

e To analyze how supply chain transparency affects supply chain performance in
the Oman food industry.

e Toanalyze how technological integration affects supply chain performance in the

Oman food industry.

Hypothesis

H!: Food safety practices and procedures influence the adoption of predictive
analytics in the Oman food industry.

H?: Food safety practices and procedures influence the supply chain performance
in the Oman Food industry.

H3: Supply chain performance influences predictive adoption in the Oman food
industry.

H* Supply transparency influences the adoption of predictive analytics in the
Oman food industry.

H®: Technology Integration influences the adoption of predictive analytics in the
Oman food industry.

H®: Technology integration influences the supply chain performance of the Oman
food industry.

H’: Predictive analytics adoption influences supply chain performance in the
Oman food industry.

2. Literature review

With increasing research examining its potential in food safety risk management
across supply chains, predictive analytics has become a valuable tool for improving
industry decision-making. Modern food supply chains are complicated and globalized,
creating difficulties because of the large volume and variety of products, making them
more susceptible to contamination and other safety hazards. PA proactively identifies
and mitigates to ultimately protect customers and strengthen the supply networks’
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resilience. This literature review examines prior research on predictive analytics in
food safety risk management and highlights important elements, methodological
strategies, and weaknesses in the frameworks that could guide a more thorough, data-
driven approach to food safety.

2.1. Food safety practices and procedures

Ensuring FS requires implementing rigorous practices and procedures to mitigate
risks and maintain the integrity of the food production system. FS practices and
procedures protect the public’s health, maintain consumer trust, ensure regulatory
compliance, prevent financial loss, and improve SC effectiveness (Kamboj et al.,
2020). Raspor (2008) says implementing food safety practices and procedures creates
a competitive advantage, promotes international trade, reduces risk, promotes
sustainability and ensures the health and safety of employees. WHO (2022) estimates
that 600 million people are affected by foodborne illnesses annually, resulting in health
burdens and economic costs. Effective food safety management mitigates these risks
by preventing contamination and ensuring safety standards.

Food safety procedures should be HACCP compliant as they provide a
methodical way to identify, assess and manage hazards. Preventive methods reduce
the likelihood of food safety problems by focusing on critical control points (Anisatul
and Handoko, 2020). While HACCPs protect food from physical, chemical, and
biological risks, it is based on the understanding that hazards may occur at different
points or stages of production (lbrahim, 2020). HACCP guarantees the production of
high-quality and safe food and supports companies in preventing food safety
accidents. It provides hazard identification, assessment and control. HACCP
compliance improves food safety, regulatory compliance, customer trust, operational
efficiency, and increased trade opportunities.

Regular quality assurance audits confirm that food safety procedures are
implemented and maintained. Overbosch and Blanchard (2023) define quality
assurance audits as methodical reviews of safety management systems that ensure
compliance with best industry practices and regulatory requirements. Quality
assurance audits support compliance with safety regulations, identify the potential for
improvement and confirm the effectiveness of the solutions used (Rosak-Szyrocka and
Abbase, 2020). While quality assurance audits are critical to food safety, Purwanto et
al. (2020) note that they can be resource-intensive, disrupt operations, and lack
transparency. Recognizing and mitigating these limitations ensures that audits drive
continuous improvement and increase accountability for long-term success.

The goal of product recalls is to remove contaminated or unsafe products from
the market, and efficient recall procedures minimize the impact of food safety
incidents on public health and the organization’s reputation (Dai et al., 2021). Gotas
(2020) point out that traceability systems are the backbone of effective recalls as they
enable rapid identification and location of affected products. This is important in
complex SCs, where products may pass through multiple intermediaries before
reaching the consumer. According to Kravenkit and So-In (2022), companies can
reduce the impact of security incidents and maintain consumer trust by emphasizing
rapid identification, targeted searches, and efficient communication during recall
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scenarios. Product recalls and traceability systems are integral parts of effective food
safety management, serving to protect public health, protect consumer trust, and
protect the reputation of organizations in the food industry.

Insfran-Rivarola et al. (2020) indicate that employee training protects public
health, meets regulatory standards, and maintains competitiveness in the food industry.
According to Balwant (2020), training reduces risks, ensures compliance, improves
food quality, reduces waste, and encourages a safety culture. It improves their skills,
prepares them for emergencies, and promotes continuous development (Ma et al.,
2020). Food safety and hygiene training improve the knowledge, attitudes and
practices of food handlers. Mohammadi-Nasrabadi et al. (2021) agree that improving
food handlers’ knowledge, attitudes, and practices through training reduces the spread
of diseases and thereby improves community health.

Maintaining public health, ensuring compliance with regulations and maintaining
customer trust in the food sector all depend on the implementation of strict food safety
guidelines and protocols. Adhering to standards such as HACCP, conducting regular
guality assurance audits, implementing effective product recall procedures and
providing thorough employee training are part of the multi-dimensional approach to
food safety.

2.2. Supply chain performance

Maintaining competitive advantage, customer satisfaction and profitability
depends largely on effective SC performance (Sharma et al., 2020). Hashmi (2022)
argues that competitiveness and customer satisfaction depend on the efficient
functioning of the SC and companies can significantly improve their SC operations by
leveraging key performance measurements, implementing creative solutions, and
removing obstacles. The use of artificial intelligence (Al) and machine learning for
PA, blockchain for transparency, a growing focus on sustainability, and the use of
advanced robotics and automation are some of the future trends in SC performance.
These innovations will improve productivity, reduce human error, and increase
transparency, thereby strengthening the security and reliability of SCs.

Kula et al. (2021) point out that the on-time performance ratio (OTD) is an
organization’s primary performance metric and helps identify issues related to project
delivery and schedules, thereby facilitating system implementation. Additionally,
Abdolazimi et al. (2020) emphasize that by comparing suppliers’ performance to
company standards, there is an opportunity to assess potential suppliers’ quality and
scheduling issues, which may lead to future purchases or even termination. If a
company wants to maintain a high on-time delivery rate, it is crucial, it is critical to
keep your team motivated, prevent burnout, and provide the necessary equipment and
technology (Sheng Liu and Zuo-Jun, 2021).

Dias et al. (2022) informs that effective time management strategies and efficient
plant and equipment operations are necessary to maintain focus and ensure on-time
delivery, and this has a direct impact on customer satisfaction, performance
measurement, competitive advantage, and operational efficiency. A company can
increase SC efficiency, drive customer loyalty, and gain a competitive advantage in
highly competitive industries by reliably meeting delivery deadlines (Helo and
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Shamsuzzoha, 2020). Through the tracking of OTD rates, companies can identify and
address inefficiencies. Optimizing delivery punctuality is an ongoing process that
requires taking advantage of opportunities that arise and addressing obstacles head-
on. Companies can differentiate themselves in the market, achieve exceptional
operational performance, and increase consumer confidence by focusing on on-time
deliveries. This effort to increase on-time delivery demonstrates a company’s
commitment to excellence. Any advance in this area has a significant impact,
transforming tasks into extraordinary achievements.

High inventory turnover reflects efficient SC management that supports cost
management, liquidity, demand forecasting and promoting better communication
(Sheng Liu and Zuo-Jun, 2021). Increasing productivity, reducing costs, and
streamlining the SC depend on inventory turnover ratios. Ali et al. (2022) proclaim
that improving forecasts, optimizing inventory levels, strengthening supplier
relationships, streamlining SC, managing product portfolios, and improving sales
tactics are some of the strategies companies can implement to improve inventory turns.
Strategies for managing the inventory turnover ratio include monitoring and adjusting
inventory levels, improving product quality and relevance, inventory management
techniques, and training and development (Alkahtani et al., 2021). These improve SC
performance, reduce costs, and manage inventory more effectively. Demand
forecasting, supplier connections, product portfolio management, sales tactics, and
training are methods for success. Inventory turnover strategies face challenges such as
complexity, regulatory concerns, and inaccurate forecasts. Companies should leverage
just-in-time practices, analytics, supplier connections, optimized SCs, product
portfolio management, and cross-functional teams. The inventory turnover ratio is a
key figure for assessing and improving the efficiency of warehouse management in
SC management. Companies can increase their operational efficiency, reduce costs,
and better meet customer needs by continually evaluating and refining their ratio.

Customer satisfaction, loyalty, and overall operational efficiency are influenced
by customer complaint resolution time and are therefore important performance
metrics in SC management. Managing complaints leads to better customer
relationships and competitive advantage. Complaint resolution positively impacts
brand image by mitigating negative word of mouth (Assery et al., 2020). In modern
businesses, social media and online reviews drive the impact of complaint resolution.
Effective internal processes and technologies such as customer relationship
management (CRM), employee development and training, communication channels,
and efficient SC management influence conflict resolution. The use of technology,
clearly defined protocols, and efficient procedures avoid delays, and well-trained staff
can improve conflict resolution. A quick solution is also supported by unified
communication systems and collaborations with suppliers and transport companies.

Tirkolaee et al. (2021) posit that Al and machine learning integrate feedback.
Creating closed feedback systems shortens the time it takes to resolve complaints and
has long-term benefits. Improved resolution times in SC performance lead to
efficiency, customer retention, and revenue. Effective complaint handling promotes
Customer Lifetime Value (CLV), quality standards and reduces the number of future
complaints (Yilmaz et al., 2016). Efficiently managing customer complaint handling
is critical to ensuring high customer satisfaction and operational efficiency.
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Companies can reduce complaint resolution time by leveraging technology, improving
processes, and addressing underlying issues. The benefits of faster complaint
resolution include stronger customer loyalty, better business performance and
competitive advantage, underscoring its importance as a priority in SC management.

2.3. Supply chain transparency

Supply Chain Transparency (SPT) is essential for modern food safety
management and allows stakeholders to track and verify the journey of food from
production to consumption (Otitolaiye and Abd Aziz, 2024). Montecchi et al. (2021)
recognize that SC transparency improves traceability by providing detailed
information about the origin, handling and movement of products in the event of a
food safety incident. According to Karaosman and Barresi (2020), transparent SCs
support risk management by identifying potential threats early and implementing
preventive measures more effectively. Regulatory compliance and high food safety
are also promoted through SC transparency. In addition, consumer confidence is
strengthened and conscious food choices are made possible (Bratt and Sroufe, 2021).

Collaboration and accountability among all stakeholders are encouraged, leading
to innovation and efficiency. Additionally, SC transparency supports ethical and
sustainable practices in the food industry, ensuring food production meets ethical and
sustainable goals. Measuring SC transparency requires assessing multiple criteria that
indicate the level of information sharing and accessibility across the SC. These help
to assess the transparency, accountability, and traceability of processes. Variables used
to measure SC transparency include supplier transparency index, lead time variability,
product traceability visibility, and customer feedback loop effectiveness.

The Supplier Transparency Index (STI) is a metric used to assess and measure
the transparency that suppliers provide regarding their operations, sourcing practices
and compliance with food safety standards (Apeji and Sunmola, 2022). From a
different perspective, Moral-Pajares et al. (2020) value STI as a supplier transparency
assessment tool based on precise standards and the measurement of the Supplier
Transparency Index (STI). STIs are recorded through audits, third-party certifications
and self-assessments. Suppliers receive reviews and are compared to competitors in
the industry. Zheng et al. (2022) note that procurement. professionals use the STl as a
tool to evaluate and select suppliers based on their commitment to transparency and
the quality of the information they disclose. STI evaluates suppliers’ transparency on
source information, food safety standards, quality control, traceability systems,
environmental and ethical practices, communication transparency, and compliance
history and incidents. Through transparency, companies can ensure regulatory
compliance, build trusted relationships with their suppliers, and meet customer
demand for safe and responsibly sourced food. All parties involved in the SC benefit
from the implementation of the STI, which also promotes an environment of
transparency and accountability.

According to Dominguez et al. (2020), lead time variability is fluctuation in the
time required to complete a SC process or activity. Variability impacts SC
performance, inventory levels, and customer satisfaction in production, transportation,
and delivery. Delivery networks should be reliable and efficient in detecting and
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controlling fluctuations in lead times. Equipment failures, supplier unreliability,
weather, port congestion, customs clearance, customer demand, regulatory and
compliance issues, and warehouse efficiency all contribute to fluctuations in
turnaround times (Gupta et al., 2022). Lead time fluctuations result in higher inventory
levels, customer service issues, SC costs, and more difficult production planning,
potentially resulting in lost sales and revenue. Lund et al. (2020) highlight that the
efficiency and reliability of the SC are significantly affected by delivery time
fluctuations, and companies should reduce the impact of delivery time fluctuations. A
comprehensive plan that incorporates supplier collaboration, control, transportation
optimization, demand forecasting, process standardization, and the utilization of
cutting-edge technology is necessary to efficiently manage the variations in lead times.
SCs gain a competitive advantage in the market by reducing costs, increasing service
standards, and improving overall resilience and responsiveness by reducing lead time
variability.

The ability to track and trace an item’s history, application, or location using
documented identification is known as product traceability visibility (Schuitemaker
and Xu, 2020). This allows stakeholders to keep track of items as they move through
the SC, from raw materials to the final product delivered to customers. Patidar et al.
(2021) postulate that food safety, quality control, regulatory compliance, and
consumer trust are essential to product traceability. It also recognizes that product
traceability visibility is a critical aspect that ensures food safety, increases SC
efficiency, supports regulatory compliance, and builds consumer trust. Adopting
consistent SC traceability frameworks and procedures ensures consistency and
interoperability. Compliance and collaboration between SC participants are essential
for successful traceability. Ultimately, better traceability leads to safer goods, more
knowledgeable customers and a reliable SC.

Hazen et al. (2020) point out that customer feedback loops are crucial for
collecting, analyzing, and acting on customer insights to improve products, services,
and processes within the SC. Effective feedback loops enable companies to respond
quickly to customer needs, increase customer satisfaction, and drive continuous
improvement. Companies can achieve operational excellence, improve customer
satisfaction, promote innovation, and improve product quality by systematically
gathering, evaluating, and responding to consumer feedback (Shekarian, 2020).
Companies should leverage a variety of channels, advanced analytics, segmentation,
timely communication, proactive advertising, and CRM connectivity to improve the
effectiveness of their customer feedback loops. Efficient customer feedback loops lead
to more lasting competitive advantage in the market, increased customer loyalty, and
stronger customer retention.

SC transparency is critical to maintaining food safety, building consumer trust
and promoting ethical and sustainable business practices in the food sector.
Transparency creates a more resilient and reliable food SC by encouraging innovation,
strengthening traceability, strengthening risk management and ensuring regulatory
compliance. Transparency not only protects public health but also ensures the
sustainability and integrity of the global food system.
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2.4. Technological integration

Seamlessly integrating multiple technologies into SC processes improves
productivity, visibility, and responsiveness (Andarwati, 2018). While technology
integration is noble, Lai (2017) complains that high acquisition costs, data security,
interoperability issues, complexity, change management, reliability and maintenance
are barriers to technological integration. Schniederjans et al. (2020) inform that
Enterprise Resource Planning (ERP) systems, IoT, blockchain, Al, ML, advanced
analytics, automation, robotics, cloud computing, and SC management software are
examples of technologies that will be technologically integrated into SCs. These
technologies improve SC efficiency, decision-making, data integrity, and
coordination. When technology is integrated, the SC benefits from increased
transparency, efficiency, agility, cost savings, risk management, and sustainability. It
streamlines processes, reduces waste, and supports regulatory compliance through
advanced analytics and blockchain.

According to Yang et al. (2021), the loT market is expected to reach $ 1387.00
bn by 2024 and the market is expected to grow at a compound annual growth rate
(CAGR) of 12.57% through 2024-2028. This increase is due to the growing demand
for more efficient, automated, and real-time visible SC processes. The use of 10T
devices in SC management is increasing with applications such as cold chain
monitoring, warehouse management, transportation and logistics, and inventory
management (Bui et al., 2021). C&te-Real et al. (2020) also highlight that 10T devices
support real-time inventory monitoring, route optimization, driver behavior
monitoring, and tracking of items in transit. Drones and loT-enabled cars are
increasingly being used for inventory management, transportation, and packaging.
Acrtificial intelligence (Al) and machine learning (ML) coupled with the Internet of
Things (1oT) improve PA and decision-making capabilities, and promote innovation
and efficiency in SC management.

Blockchain technology enables trustworthy and transparent commercial
transactions without the need for an intermediatory governing body as it is built on a
distributed, immutable digital record (Durach et al., 2021). Lohmer et al. (2022)
pronounce that blockchain is a decentralized, immutable technology well suited to
recording and confirming transactions in complex delivery networks. Wamba and
Queiroz (2020) also argue that blockchain’s immutable records ensure transparency,
traceability, reduced fraud, efficiency, and cost savings. Blockchain technology is
increasing in SCs as companies become aware of its potential for efficiency,
transparency, and traceability. This technology will transform SC management by
increasing productivity, reducing fraud, and promoting transparency.

PA Technologies are becoming increasingly important as companies seek to
increase production, reduce costs and make better decisions. PA is a tool for
identifying potential problems, predicting future trends, and improving SC operations
by leveraging historical data, statistical algorithms, and machine-learning approaches
According to Del Giudice et al. (2020), demand forecasting, inventory control, risk
management in SC maintenance and reliability, freight optimization, and supplier
performance analysis are all supported by PA. PA optimizes inventory, transportation
routes, and maintenance schedules to ensure timely delivery and product availability,
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improving accuracy, efficiency, cost reduction, customer satisfaction, and competitive
advantage (Del Giudice et al., 2020). However, Lee et al. (2022b) suggest that PA is
associated with challenges, such as data quality, complexity, and high acquisition cost.
The future of PA in SC management will include Al integration, real-time analytics,
and increased 10T usage to improve accuracy and enable agile decision-making.
Adopting PA tools is revolutionizing business operations by providing valuable
insights, increasing productivity, and enabling proactive strategies. With technological
advancements, the importance of PA in SC management is expected to increase,
bringing significant benefits to companies that implement these innovative tools.

Investment in technology research and development (R&D) in SC management
have increased as companies recognize the need to innovate and remain competitive
(Parast, 2020). According to Liu et al. (2021), investments include new technologies
such as artificial intelligence (Al), Internet of Things (1oT), blockchain, PA, robotics,
and automation. These technologies increase efficiency, transparency, and resilience.
Investments in technological research and development can improve SC operations’
efficiency, reduce costs, increase agility, responsiveness, and sustainability, and
improve visibility (Anser et al., 2020). The focus is on developing robust SCs, which
has led to more money being invested in adaptive technologies. Investments in
technology research and development stimulates creativity, increase productivity, and
strengthen the overall robustness and flexibility of SCs, allowing companies to adapt
to changing consumer needs and handle disruptions.

2.5. Predictive analytics as a mediating factor supply chain performance

Predictive analytics is transformative in improving SC performance by using
data, statistical algorithms, and machine learning techniques to determine the
likelihood of future outcomes based on historical data (Seyedan and Mafakheri, 2020).
Moral-Pajares et al. (2020) point out that PA in SC management includes data
collection and quality, statistical and machine learning models, model training, system
integration, and user interface. This includes analyzing historical data, using statistical
techniques, and providing easy-to-use dashboards for stakeholders to access predictive
insights. According to Benzidia et al. (2021), improving demand forecasting,
identifying seasonal trends, anticipating potential disruptions, enabling proactive
mitigation, optimizing inventory management, reducing operational costs, and
increasing customer satisfaction through on-time delivery and personalized
experiences are benefits that of PA. The use of PA can impact SC performance in
several dimensions e.g. on the accuracy of predictive models, the timeliness of risk
warnings, cost savings through risk prevention, and stakeholder satisfaction.

Accuracy in predictive models refers to the precision and correctness of the
predictions made by the model. In the context of SC management, accuracy
determines the reliability of the predictions and insights derived from these models
(Adedoyin et al., 2024). Accurate predictive models can effectively predict demand,
optimize inventory, and predict potential disruptions. They assist with production
planning by coordinating production schedules with expected demand, ensuring the
effective use of production resources. Lee et al. (2022) highlight that predictive models
improve operational efficiency by predicting equipment failures and minimizing
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downtime. Accurate predictions also assist in allocating resources effectively and
ensure smooth production operations.

Predicting supplier performance and reliability contributes to intelligent
procurement strategies and risk reduction, ensuring economical and uninterrupted
operations (Lee et al., 2022). Accuracy and reliability of data, integration of diverse
data sets, complexity management, and result interpretation are challenges faced by
predictive models (McCarthy et al., 2022). Achieving precision requires careful data
collection, consolidating information from multiple sources, and striking a balance
between complexity and feasibility. Predictive model accuracy is a critical component
that impacts supplier management, operational efficiency, and demand forecasting.
Companies can use PA to optimize their SC operations, resulting in better decision-
making, cost reduction, and improved overall performance. As PA technology
advances, developing and maintaining accurate predictive models will be critical to
staying ahead in SC management.

The speed at which SC stakeholders can be identified and informed of potential
risks through predictive models is called timeliness. Essentially, it measures how
quickly the system can detect anomalies and alert relevant parties. Timely risk
warnings are essential in the fast-paced, dynamic world of SC management to
minimize disruption. Munir et al. (2020) further indicate that timely notifications in
SCs assist firms in reducing risks, ensuring uninterrupted operations, and executing
backup plans. Yang et al. (2020) also postulate that they improve agility and
responsiveness by enabling rapid responses to market fluctuations and disruptions.
McGreevey et al. (2020) suggest that alarm fatigue is a significant barrier to risk
management, as an overwhelming number of alarms can lead to desensitization and
the risk that important alerts are missed. (McGreevey et al., 2020) also note that
concerns about system compatibility and data integration can create challenges that
can hinder the smooth flow of information and lead to delays in the generation of
alerts.

An important component of SC management that can result in major cost savings
is risk prevention. Through early detection and effective risk management, companies
can avoid setbacks, maintain workflow effectiveness, and increase their overall
revenue (McMaster et al., 2020). Al-Mhasnah et al. (2018) highlight that guaranteeing
guality control and product recalls, ensuring sufficient insurance coverage, and
shifting risks to other parties are viable options for risk evasion. Process efficiency and
human error can be reduced by using technologies such as automation and artificial
intelligence (Al), investing in energy-efficient technologies, and implementing
sustainable principles. Implementing blockchain and 10T can also improve SC security
and transparency and reduce the financial and operational impact of recalls. Cost
savings through risk prevention avoid disruptions or inefficiencies in the SC through
PA. These include direct savings, indirect savings, and investment returns that
contribute to long-term financial health. It can be difficult to accurately quantify the
cost savings achieved through proactive risk prevention. The initial cost of
implementing PA can be high and requires clear proof of return on investment.

Stakeholder satisfaction with PA is critical to SC performance as it promotes
trust, collaboration, and better decision-making (Sghir et al., 2023). High satisfaction
levels encourage wider adoption and use, but barriers must be overcome, such as

10
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managing stakeholder expectations and effective communication (Freeman, 2023).
Further to their assertion, Kumar and Ramachandran (2021) add that alighing SC
strategies with overall business goals is critical for long-term planning. The accuracy
and efficiency of SC ios increased through predictive insights, which also improves
external and internal coordination and data sharing between manufacturing, logistics
and procurement departments (Gray et al., 2022). Predictive insights increase
operational efficiency through process optimization and correct resource allocation
based on demand estimates and risk assessments. Sghir et al. (2023) also indicate that
forecasting improves customer satisfaction and loyalty through timely fulfilment of
requests. Proactively dealing with potential delays or problems ensures openness and
trust with customers. Data openness and quality, acceptance resistance, education and
training, system integration, and user-friendly interfaces are some of the challenges
that PA must overcome

The challenges associated with implementing PA include maintaining
consistency, overcoming data silos, managing complicated algorithms, maintaining
models, ensuring compatibility with current systems, controlling implementation
costs, gathering stakeholders and communicating the insights and benefits of PA.
Future trends in PA for SC management include advanced machine learning and Al,
big data analytics, real-time analytics, 10T sensor data, blockchain technology,
collaborative platforms, and cross-industry data sharing. Deep learning algorithms
improve prediction accuracy, Al integration improves decision-making, data lakes
store and process massive amounts of data, 10T data improves predictive maintenance,
and blockchain technology improves transparency and traceability. PA is a powerful
tool that can significantly improve SC performance by improving demand forecasting,
managing risk, optimizing costs, and increasing customer satisfaction. Despite the
challenges related to data quality, model complexity, system integration, and
stakeholder engagement, the benefits far outweigh the difficulties. As technology
advances, the future of PA in SC management looks bright as continuous innovation
and integration of advanced machine learning, Al, 10T, and blockchain technologies
lead to even greater efficiency and effectiveness.

2.6. Study design and data analysis

The study model is based om (Attaran, 2020; Morgan et al., 2018; Maheshwari
et al., 2020; Raspor, 2008; Sharma et al., 2020) to illustrate how PA influences food
safety practice and procedure, SC transparency, technology integration and SC
performance. The study develops a path model based on the empirical studies
presented in Figure 1. Reflective constructs were created from reflective
measurements measured on a single construct. The measurements used in the study
were obtained using a five-point Likert scale questionnaire. As reported by Sarstedt et
al. (2020), data collection and analysis included a pilot test of the questionnaire
followed by online data collection among 426 Oman food industry. The sample size
is sufficient to represent a population of one million participants as recommended by
(Krejcie and Morgan, 1970). Participants included Oman food industry, Oman
Logistics Association and the Middle East Logistics Industry members with 2-5 years
of experience in the food industry. The participants were between 25 and 55 years old

11
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and had a minimum qualification of a university degree. Ethical approval was obtained
from the Middle East College Centre for Research. Informed consent was obtained
before data collection and the informed consent and confidentiality agreement were
included on the coversheet of the questionnaire.

The conceptual model represents the interconnection of the Independent,
mediating and dependent variables that provide the foundation for the study. The
hypothesis states that food safety practices, supply chain transparency, and
technological integration each have a direct impact on both predictive analytics and
supply chain performance, with predictive analytics further mediating the relationship
to improve supply chain performance. These variables are derived from the literature
discussion help address the research gaps identified in the study. The data analysis
process was systematic, as illustrated by (Hair et al., 2019; Joseph, 2024). The study
evaluated the model’s reliability, validity, and predictive accuracy, focusing on both
manifest and latent variables.
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Figure 1. Conceptual model.

2.7. Assessment of measurement model

As suggested by Sarstedt et al. (2020), Table 1 presents the evaluation of internal
consistency reliability and convergent validity using the factor loading reliability test
(Cronbach’s alpha). The results in Table 1 show that the model’s reflectively
measured construct is reliable and valid based on the rule of thumb. The factor loading
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is above the threshold of 0.7; the average variance is higher than 0.5, Cronbach’s alpha
shows excellent internal consistency above 0.8, and rho_a and rho_c show excellent
reliability exceeding the threshold of 0.7. The study tested the discriminant validity of
the model using the Heterotrait-monotrait ratio of correlation (HTMT). As described
by Hair et al. (2019), all HTMT values show significant loading supporting the
measures of discriminant validity. Table 1-Assessment of convergent validity and
internal consistency reliability) and Table 2-Heterotrait-monotrait ratio of correlation
(HTMT)) collectively confirm the construct used in the study has good convergent
validity, making the model robust, credible and suitable for further analysis. The
model shows that 59% of the variance of the dependent variable (SC performance)-R?
is explained by the dependent variable (Food Safety Practice and Procedure, SC
Transparency, and Technological Integration). Approximately 35.9% of the variance
in another dependent variable is explained by the independent variables in the model.
The higher and moderate R? values correlate with good predictive relevance of the
model and strong explanatory power, supporting the continuation with PLS Predic
(Franke and Sarstedt 2019).

Table 1. Assessment of convergent validity and internal consistency reliability.

Variables Loading Cronbach’s alpha (rho_a) (rho_c) (AVE) R?
0.857 0.880 0.902 0.698

0.840
0.891
0.864
0.739

FSPP-Food Safety Practice
and Procedure

0.912 0918 0939 0.794 0.59
0.945
PA-Predictive Analytics 0.835
0.832
0.945

0.854 0.858 0.903 0.700 0.36
0.908
0.908
0.773
0.744

SC Supply Chain
Transparency

0.813 0.816  0.890 0.730

SC Supply Chain 0.796
Performance 0.854

0.908

0.883 0.893 0918 0.738
0.829
TI-Technological Integration  0.890
0.890
0.823
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Table 2. Discriminant validity-Heterotrait-monotrait ratio (HTMT).

Food Safety Practice and Procedure PA SC Transparency SC Performance
FSPP-Food Safety Practice and Procedure
PA-Predictive Analytics 0.323
SC-Supply Chain Transparency 0.453 0.706
SC-Supply Chain Performance 0.697 0.276 0.245
TI-Technological Integration 0.233 0.806 0.673 0.140

3. Discussion of results

The study used statistical analysis tools such as convergent validity, Cronbach
Alpha and composite reliability to validate and analyze the results. The assessment of
whether multiple indicators of a construct use in a study converge or have a high
proportion of variance is done using convergent validity. Internal consistency assesses
the reliability of a construct by determining whether there is consistency in measuring
the same concept within items selected for a construct. The traditional approach to the
acceptable Cronbach Alpha value is that it should be greater than 0.70 for the results
to be considered reliable (Roemer et al., 2021). The composite reliability value should
be above 0.70 for the results to be considered good reliability, and values closer to
0.90 are considered much better.

H!: Food safety practices and procedures influence the adoption of PA in the
Oman food Industry.

The Values of factor loadings for items selected to measure how food safety
practices and procedures influence the adoption of PA in Oman’s food industry range
from 0.739 to 0.891, which is above the traditional threshold of 0.70, indicating a good
convergence. The AVE value of 0.698 is above 0.50 of the recommended threshold,
indicating that the construct captures significant variance. The path coefficient for FS
and Procedure to PA is (0.072), t statistic = 1.719, p-value = 0.086 and VIF = 1.173
which does not reflect multicollinearity he results indicate that there is a weak
relationship between the variables and a non-significant direct effect. The result
suggests that food safety practices and procedures may impact the use of PA in Oman’s
food industry, although this association may not have a positive impact.

H?: Food safety practices and procedures influence the SC performance in the
Oman Food Industry.

The Results of the data collected to measure the convergent validity of supply
chain performance showed factor loadings between 0.796 and 0.908, indicating good
convergent validity as these numbers are above the traditionally acceptable value of
0.70 From the results, an AVE value of 0.730 was obtained showing strong convergent
validity. The results reflect a path coefficient (0.606) and a highly significant t-statistic
=11.960, as well as a p-value = 0.000 and VIF = 1.186, indicating no multicollinearity.
The results indicate a strong and statistically significant effect, suggesting that food
safety practices and procedures have a positive and strong impact on supply chain
performance. These results shed light on the importance of understanding the
relationship between food safety practices and procedures and SC performance. These
results highlight the critical role of food safety in the overall efficiency and
effectiveness of SC.
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H3: PA adoption influences SC performance in the Oman Food Industry.

The data collected and calculated showed factor loading values between 0.832
and 0.945 indicating good convergence as they are above 0.70, the acceptable value.
An AVE value of 0.794 was obtained demonstrating strong convergent validity. The
results show a path coefficient of 0.189, t-statistic = 1.930, p-value = 0.054 and VIF =
2.469. These suggest a marginally significant positive relationship between predictive
analysis and SC performance. Results suggest that supplier performance is moderately
and positively influenced by predictive analytics. This implies that PA is important for
improving SC performance. Therefore, the use of predictive analytics could lead to
strategic decisions and performance improvements in the SC.

H*: SC transparency influences PA adoption in the Oman Food Industry.

The results show a path coefficient of 0.266, t-statistic = 4.144, p-value = 0.000
VIF =1.728. this suggests that supply chain transparency has a positive and significant
impact on predictive analysis. The results show that greater transparency and SC
visibility promote the adoption of PA in the Oman food industry. The existence of
transparent SC practices enables better collection and use of data, which provides a
benchmark for predictive capabilities.

HS: SC transparency influences the adoption of PA in the Oman Food Industry.

The finding reflects a path coefficient of —0.032, t-statistic = 0.451, p-value =
0.652 and VIF = 1.903. The results show an unexpected negative and non-significant
relationship. The results are not surprising, but highlight that online transparency may
not lead to improvements in SC performance. This suggests that SC transparency
needs to be supported by other factors to improve SC performance.

H®: Technological Integration influences the adoption of PA in the Oman food
Industry.

The results of the data show factor loading values between 0.823 and 0.890,
indicating good convergent validity as the values are above the prescribed value of
0.70. The AVE value of 0.738 is above the acceptable threshold of 0.50 threshold,
indicating strong convergent validity. The results show a path coefficient of 0.559, t-
statistics = 9.416, p-value = 0.000, VIF = 1.541. This reflects a strong and statistically
significant positive relationship between technological integration and PA, suggesting
that higher levels of technological integration have a positive impact on predictive
analytics. This highlights the critical role of technological integration in driving PA
adoption. The integration of technology in the SC is an important factor in the
enhanced data collection, analysis and prediction capabilities of Industry 4.0, thereby
improving the overall performance of the SC.

H”: Technology integration influences the SC performance of the Oman Food
Industry.

The study shows a path coefficient of 0.003, t-statistics = 0.049, p-value = 0.961
VIF = 2.312. The relationship between technological integration and supply chain
performance is negligible and statistically insignificant. The results suggest that
technological integration does not directly enhance SC performance. This implies that
technological integration is mediated by other variables, such as PA, rather than
having a direct effect.

Based on the path coefficients and acceptable VIF that prove that there is low
multicollinearity, robustness, and theoretical and practical relevance of the constructs
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the study will proceed to test the PLS prediction as recommended by (Shmueli et al.,
2019). The model has demonstrated enough predictive accuracy that warrants further
predictive analysis, which is critical in providing insightful, and practical conclusions
to the study.

Additionally, PA shows consistently lower RMSE values as compared to LM,
showing a better predictive accuracy while the SC performance indicators, LM show
lower RMSE values, suggesting that LM predicts SC Performance outcomes better
than PLS-SEM. Further to that, RMSE and MAE values are lower for PA indicators
under PLS-SEM compared to LM, indicating better predictive accuracy for PA with
PLS-SEM. For SCP indicators, LM shows lower MAE values, suggesting better
predictive performance for SC Performance. As illustrated in Table 3 Food Safety
Practice and Procedure — SC Performance has a strong relationship (0.606, p <
0.001). These results are confirmed by the predictive accuracy (Q?predict = 0.334) for
SCP. These results confirm the model’s predictive relevance for SCP to a moderate
extent. Table 3 reflects that Technological Integration — PA results of (0.559, p <
0.001) and SC Transparency — PA (0.266, p < 0.001). The results align with the high
Q?predict value (0.581) for PA, showing that these factors significantly contribute to
the model’s predictive power. In conclusion, the model PLS predict demonstrates high
predictive relevance for PA (Q?predict = 0.581) and moderate relevance for SC
Performance (Q?predict = 0.334).

The next section presents the PLS predict the assessment of the manifest variable
(Table 4) and the PLS predict of the assessment of the Latent variable (Table 5). As
suggested by Shmueli et al. (2019) the measurement model of constructs conforms to
the relevant standards, allowing the study to proceed with smart PLS prediction. The
measurement model has sufficient levels of reliability, convergent validity,
discriminant validity, collinearity significance and relevance of the measurements
(Hair et al., 2019; Shmueli et al., 2019). Using the rule of thumb, Table 4 reflects the
predictive performance of the model of. Partial Least Squares Structural equation
modelling (PLS-SEM) approach with a traditional Linear Model (LM) using
Q?%predict, RMSE (Root Mean Square Error), and MAE (Mean Absolute Error). The
results are based on two subset variables PA and SC Performance. As suggested by
Shmueli et al. (2019), Q?predict measures predictive relevance with values > 0
indicating predictive relevance, and higher values suggest predictive accuracy, RMSE
reflects the magnitude of prediction error, with values reflecting better predictive
accuracy, MAE reflects the average absolute error of prediction, with lower values
reflecting better predictive accuracy. Table 4 shows that all values are > 0, hence
illustrating that the model has good predictive relevance for all indicators. In this case,
the predictive relevance is higher for PA indicators compared to SCP indicators,
suggesting that the model predicts PA outcomes better than SC Performance
outcomes. The results in Table 5 indicate that Predictive Analytics has stronger
predictive relevance (Q?predict = 0.581) and better accuracy with lower errors (RMSE
= 0.655, MAE = 0.494) compared to Supply Chain Performance (Q?predict = 0.334,
RMSE = 0.821, MAE = 0.629). Overall, the model is more reliable for predicting
Predictive Analytics than Supply Chain Performance, which may require further
refinement
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Table 3. Assessment of structural model.

Original sample Sample mean Standard deviation T statistics

Constructs ©) M) (STDEV) (IO/STDEV)) P values VIF
Food Safety Pracice and 0.072 0.072 0.042 1.719 0.086 1173
Procedure — PA
Food Safety Practice and 0.606 0.607 0.051 11.960 0.000 1.186
Procedure — SC Performance
PA — SC Performance 0.189 0.192 0.098 1.930 0.054 2.469
SC Transparency — PA 0.266 0.270 0.064 4.144 0.000 1.728
SC Transparency — SC 0032 0,030 0.070 0.451 0.652 1.903
Performance
Technological Integration — PA  0.559 0.556 0.059 9.416 0.000 1.541
Technological Integration — SC 4 ;4 0.001 0.066 0.049 0.961 2.312
Performance
Table 4. PLS predict the assessment of manifest variable.
Q?predict PLS-SEM_RMSE PLS-SEM_MAE LM_RMSE LM_MAE
PAL 0.531 0.785 0.574 0.803 0.585
PA2 0.367 0.864 0.675 0.882 0.686
PA3 0.415 0.822 0.645 0.852 0.666
PA4 0.522 0.794 0.584 0.812 0.596
SCP1  0.217 1.316 1.109 1.177 0.905
SCP2  0.246 1.262 1.038 1.125 0.840
SCP3  0.269 1.273 1.027 1.134 0.852
Table 5. PLS predict LV summary.
Construct RMSE MAE
Predictive Analytics 0.655 0.494
Supply Chain Performance 0.821 0.629

4. Conclusion

Effective risk management is essential to maintain consumer trust, comply with
legal obligations, ensure sustainable operations and gain a competitive advantage in
the market. SC performance is the dependent variable examined, while PA is a
mediating factor affecting this relationship. The study shows how SC managers’
ability to anticipate and manage food safety threats can be significantly improved
through PA. The study provides stakeholders with a roadmap to improve their food
safety practices and maintain the integrity of their SCs. It provides actionable
suggestions for the application of PA in food safety risk management. This study
resulted in a comprehensive conceptual framework that can be used to improve risk
management in the food safety supply chain through the use of predictive analytics.
Furthermore, the conceptual framework emphasizes the importance for SC
participants to collaborate and share information. For PA’s success, manufacturers,
processors, retailers and regulators must communicate and share data seamlessly.
Openness and collaboration enable SCs to develop stronger and more coherent food
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safety risk management strategies. Overcoming obstacles such as data quality, data
protection, and the need for specialized infrastructure and expertise requires constant
study, technological investment and the creation of standardized protocols. The
conceptual approach provides a tactical guide for integrating predictive analytics into
food safety supply chain risk management. The framework can revolutionize
traditional food safety protocols and lead to safer and more efficient SCs by using
analytical tools and promoting collaborative efforts. The use of PA will be critical as
the food industry evolves to protect health and well-being. This will ensure the safety
of consumers and preserve the integrity of the global food supply.

The results highlight the transformative potential of predictive analytics to
increase efficiency and cost-effectiveness, particularly for SMEs in highly competitive
markets. Beyond the immediate operational benefits, predictive analytics aligns with
global trends such as sustainability and supply chain transparency. Companies can
reduce costs and promote environmental sustainability by minimizing waste and
allocating resources as efficiently as possible. Additionally, predictive tools improve
supply chain visibility, allowing companies to anticipate disruptions and improve
decision-making, promoting transparency and trust between stakeholders. As
companies increasingly adapt to these global demands, integrating predictive analytics
will equip them not only to grow but also to adapt to evolving industry standards and
customer expectations in a connected and sustainable economy. As concerns around
supply chain resilience and sustainability grow, integrating predictive analytics not
only addresses these challenges but also positions businesses to meet evolving industry
demands and consumer expectations in a rapidly changing global market.

4.1. Recommendations

Companies should prioritize integrating various data sources such as 10T devices,
sensor data, historical records, and external factors such as weather patterns and
market trends to create comprehensive predictive models that accurately identify risk
factors. The use of advanced machine learning and Al tools is essential for processing
large data sets in real-time, enabling timely anomaly detection and trend forecasting.
Through the development of scalable and affordable cloud-based solutions,
forecasting tools become accessible to small and medium-sized businesses (SMBs)
and extend the benefits across the entire supply chain. Collaborative data-sharing
initiatives supported by secure blockchain technology can increase transparency and
trust between stakeholders. Compliance with ethical and legal regulations must be a
priority. Companies must ensure that data collection and analysis adhere to data
protection standards and regulations in all jurisdictions. Training programs are critical
to equip supply chain professionals with the skills to effectively use predictive
analytics tools and interpret their results for proactive risk management. Pilot
programs and case studies should be conducted to validate and refine predictive
models so that practical adjustments can be made based on real-world feedback.
Finally, forecasting systems must incorporate continuous improvement processes and
regularly update data and algorithms to adapt to new risk factors and ensure ongoing
model accuracy and relevance. Implementing these recommendations can promote a
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robust, data-driven approach to food safety that benefits all levels of the supply chain
and protects consumer health.

4.2. Further research

Further research on using predictive analytics to improve food safety risk
management in supply chains should target several key areas to refine and validate the
conceptual framework. An important research direction is the development and testing
of integrative models that combine machine learning, artificial intelligence (Al) and
traditional statistical methods. This hybrid approach could improve the predictive
capacity and reliability of food safety management systems in different supply chain
segments. Future research should also address the scalability of these frameworks and
focus on solutions that are accessible to smaller companies with limited resources.
Longitudinal case studies and pilot projects are needed to validate predictive models
in real-world conditions. Such empirical research can help identify practical
challenges, validate conceptual assumptions, and refine the models based on field data.
These efforts would help create adaptive and comprehensive frameworks that support
proactive food safety risk management while maintaining supply chain efficiency and
integrity.
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