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Abstract

Big data presents a transformative solution for addressing operational challenges and emerging risks in the food industry while unlocking new
opportunities. It enables the analysis and integration of complex, large-scale datasets that often suffer from poor quality and unstructured formats.
Although big data is a well-established technique in supply chain management, several areas remain unexplored, particularly in the global food
supply chain, which faces significant limitations such as environmental impact, resource wastage, and operational inefficiencies. Achieving
sustainability requires enhancing food supply chain operations through data-driven methods. The integration of big data with artificial intelligence
models, such as Random Forest, offers a more efficient and sustainable approach to optimizing resource utilization, minimizing waste, and
improving overall efficiency. This study develops and implements an artificial intelligence-based Random Forest model, demonstrating its
effectiveness in improving sustainability in the food supply chain. The model achieves an accuracy of 96%, outperforming traditional Linear
Regression, which records 91% accuracy. Additionally, the F1-score for Random Forest is 0.89, compared to 0.84 for Linear Regression,
highlighting its superior balance between precision and recall. The model also improves waste reduction by 17% and optimizes resource
utilization by 22%, contributing to more efficient food supply chain operations. These findings underscore the potential of integrating big data
analytics and Al-driven approaches to enhance sustainability and decision-making in global food supply chains.
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1. Introduction

Agriculture plays a fundamental role in sustaining human civilization by providing essential resources for food
production and economic stability. However, it faces mounting challenges due to rapid population growth, resource
depletion, climate change, and global food security risks [1]. To mitigate these challenges, innovations in smart farming
and precision agriculture have emerged as essential tools for optimizing food production systems. These advancements
enable more efficient land use, better resource allocation, and improved agricultural sustainability. Data analytics
serves as a key enabler in ensuring future food security, enhancing food safety, and promoting sustainable agricultural
practices [2].

Disruptive information and communication technologies, such as machine learning, big data analytics, cloud
computing, and blockchain, play a crucial role in enhancing productivity, increasing yield, conserving water,
maintaining soil and plant health, and fostering environmental stewardship [3]. These technologies facilitate real-time
data collection and analysis, enabling more informed decision-making across agricultural supply chains.

A systematic review on machine learning applications in agricultural supply chains analyzed 93 research papers,
emphasizing the effectiveness of various machine learning algorithms at different stages of agricultural production and
logistics [4]. The food and beverage processing industry, one of the largest global manufacturing sectors, encompasses
multiple interconnected processes, including land use, crop production, processing, storage, transportation, and
marketing [5]. Future food security, safety, and sustainability rely heavily on data-driven decision-making frameworks.
However, inefficiencies in the food supply chain, such as inadequate data-driven strategies, lead to significant food
waste, suboptimal production methods, and increased carbon footprints [6]. The integration of smart technologies, such
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as the Internet of Things (loT), machine learning, and cloud computing, has the potential to revolutionize food
production management by enabling predictive analytics, automation, and intelligent decision-making [7]. These
technologies can improve efficiency by monitoring environmental conditions, predicting potential disruptions, and
optimizing supply chain logistics.

Several studies have highlighted the transformative potential of artificial intelligence (Al) in food supply chain
management. Al-driven solutions, including deep learning models such as Long Short-Term Memory (LSTM)
networks, latent variable extraction, autoencoders, clustering, recurrent neural networks, and domain adaptation, have
been successfully employed to optimize food production, inventory control, and distribution processes [5]. For
example, Al models have been effectively used for forecasting plant growth and crop yields, improving energy
efficiency in food retail refrigeration systems, and automating food expiration verification processes to enhance food
safety and reduce waste [8].

Food safety remains a critical global concern, increasing in significance as the demand for quality and traceability in
the food industry grows. Emerging technologies, including blockchain, Al, and big data analytics, have been deployed
to regulate retailing, storage, transportation, and production processes, ensuring greater transparency and compliance
with safety standards [9]. Al-based predictive models, such as the Random Forest algorithm, offer promising solutions
for optimizing food supply chain operations by leveraging big data to improve economic efficiency and promote
environmental sustainability [10]. These advancements pave the way for a more resilient and data-driven food supply
chain, reducing inefficiencies while ensuring long-term food security.

2. Literature Review

2.1. Al-Based Random Forest Model for Optimizing Food Supply Chains (RO1)

The integration of artificial intelligence (Al) into food supply chain management has gained substantial traction due to
its capacity to optimize various processes, including production, distribution, and consumption. By leveraging Al,
supply chain stakeholders can achieve improved efficiency, reduce operational costs, and enhance food security. One
of the most effective Al techniques applied in this domain is the Random Forest model, which has demonstrated
significant advantages in predicting food demand, monitoring logistics, and streamlining overall operational efficiency

[1].

Kollia et al. [1] underscored the vital role of Al-driven models in ensuring a safe and efficient food supply chain. Their
study emphasized how machine learning techniques, particularly Random Forest, contribute to optimizing production
planning, improving energy efficiency, and reducing food spoilage. This is achieved through advanced data analytics
that predict fluctuations in supply and demand, allowing producers and suppliers to adjust their operations accordingly.
In line with this, Sharma et al. [2] conducted a systematic review of Al applications in agricultural supply chains,
concluding that machine learning models, including Random Forest, significantly enhance crop yield predictions,
optimize resource allocation, and improve inventory management.

Furthermore, Al-based models such as Random Forest have been effectively deployed to track food quality, automate
inspection processes, and improve traceability throughout the entire supply chain. The ability of Al-powered predictive
analytics to identify inefficiencies in production and suggest real-time corrective actions further strengthens the
resilience of food supply chains. For example, automated systems utilizing Random Forest can detect anomalies in
food quality parameters, enabling swift interventions that prevent large-scale spoilage. Additionally, by integrating
with loT-enabled monitoring devices, Al models can continuously assess environmental conditions such as temperature
and humidity to ensure optimal storage conditions [4].

These advancements align closely with RO1, which focuses on developing an Al-based Random Forest model for
optimizing and analyzing different aspects of the food supply chain. The use of this model facilitates real-time data-
driven decision-making, allowing stakeholders to mitigate risks, enhance operational efficiency, and improve overall
food security.
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2.2. The Role of Big Data in Forecasting and Waste Mitigation (RO2)

Big data analytics is a transformative tool in food supply chain management, particularly in addressing inefficiencies
through predictive forecasting and real-time decision-making. The extensive data generated across different stages of
the supply chain—ranging from production and storage to distribution and retail—can be systematically analyzed to
optimize operations and minimize food waste [5].

Rejeb et al. [3] explored how big data-driven models contribute to improved forecasting accuracy and enhanced supply
chain resilience. Their study demonstrated that leveraging big data analytics enables supply chain stakeholders to
anticipate demand fluctuations, thereby preventing overproduction and ensuring efficient resource allocation. This
ability to anticipate trends allows businesses to reduce food losses and maintain a more balanced supply-demand
relationship. Similarly, Hasan et al. [5] examined the impact of Al-integrated big data analytics on sustainability within
the food supply chain. Their findings highlighted that by combining Al and big data, logistics can be streamlined,
reducing transportation inefficiencies and ultimately minimizing the carbon footprint associated with food distribution.

Santoso et al. [4] further reinforced this perspective by illustrating how real-time big data analytics facilitate proactive
decision-making in supply chain management. Their research found that predictive analytics could be instrumental in
reducing transportation delays, preventing food spoilage, and enhancing stock management accuracy. This is
particularly relevant in perishable food supply chains, where timely data-driven interventions can significantly extend
product shelf life and ensure that food reaches consumers in optimal condition.

These insights align with RO2, which seeks to evaluate the capacity of big data in forecasting and mitigating
inefficiencies and waste in the food supply chain. By integrating big data analytics, supply chain managers can develop
more sustainable and resilient operations that not only enhance efficiency but also contribute to broader sustainability
goals.

2.3. Evaluating the Efficacy of the Random Forest Model in Achieving Sustainability (RO3)

Traditional supply chain management approaches often rely on heuristic methods and historical data, which may not
be sufficient to address the complexities of modern food supply chains. Al-driven models, particularly those based on
ensemble learning techniques like Random Forest, offer a more robust solution by improving predictive accuracy and
optimizing resource allocation. The ability of these models to process vast amounts of data in real-time enables
businesses to enhance supply chain efficiency, reduce operational costs, and minimize food waste [9].

Jin et al. [6] conducted a comparative analysis of Al-based models and conventional forecasting techniques, revealing
that Random Forest algorithms consistently outperformed traditional models in terms of accuracy, adaptability, and
efficiency. Their research showed that Al-driven approaches led to significant cost reductions, optimized resource
utilization, and minimized food waste. Additionally, these models facilitated a more agile supply chain response to
market fluctuations, ensuring that production levels remained aligned with real-time demand.

Zhou et al. [7] extended this analysis by investigating the integration of Al, big data, and blockchain technologies in
food safety management. Their study emphasized the role of Al in enhancing supply chain transparency, improving
traceability, and ensuring compliance with food safety standards. The integration of these technologies enables real-
time tracking of food products from farm to table, reducing the risk of contamination and foodborne illnesses while
enhancing consumer confidence in the food supply chain.

These studies align with RO3, which seeks to assess the effectiveness of the Random Forest model in achieving
sustainability goals within food supply chain management. By comparing Al-based approaches with conventional
methods, research indicates that Al-driven models offer a more scalable and efficient solution for addressing key
inefficiencies, including cost reduction, resource optimization, and waste minimization.

3. Methodology

This mixed-method study illustrates in figure 1 aims to examine food supply chain sustainability through the integration
of machine learning models and qualitative assessments. A structured, multi-phase approach will be implemented to
analyze the dynamics of food supply chains and assess the potential of machine learning to enhance sustainability.
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Figure 1. Research Flow

The first phase involves data collection, where large-scale, real-time data will be gathered from various food supply
chain stages, including production, transportation, storage, and consumption. This dataset will comprise both structured
data—such as production quantities, pricing, inventory levels, and supply-demand fluctuations—and unstructured
data—such as market trends, consumer behavior patterns, and external environmental factors like weather conditions
and energy consumption. This diverse dataset will enable a comprehensive understanding of inefficiencies and
sustainability challenges within the supply chain.

The second phase, model development, focuses on constructing a Random Forest model to predict inefficiencies and
propose optimization strategies. This model will analyze extensive historical and real-time data to identify key patterns
and relationships affecting food supply chain sustainability. The model’s predictive accuracy will be evaluated through
validation using real-time datasets, ensuring its reliability in forecasting inefficiencies and recommending corrective
measures.

To assess the impact of various strategies on the supply chain, sustainability metrics such as waste reduction, resource
optimization, energy efficiency, and carbon footprint minimization will be analyzed. These metrics will provide a
quantitative assessment of the model’s effectiveness in improving supply chain sustainability.

In the final phase, a comparative analysis will be conducted between the Random Forest model and traditional methods,
such as linear regression, to evaluate efficiency, predictive accuracy, and overall sustainability benefits. This
comparison will determine the added value of machine learning in optimizing food supply chains.

Additionally, case studies from different food industry sectors will be incorporated in the impact evaluation phase to
assess the model’s real-world applicability. These case studies will provide empirical evidence on how the model
performs across various contexts, validating its sustainability improvements and assessing its feasibility in reducing
waste and optimizing resources. By integrating Al-driven optimization techniques with sustainable practices, this study
aims to contribute to the advancement of food supply chain management, promoting efficiency, resilience, and long-
term sustainability.

3.1. Dataset

The Food and Agriculture Organization (FAO) website provides food group supply quantities, nutrition values, obesity,
and undernutrition rates. The FAO dataset, Food_Supply_Quantity kg_Data.csv, lists the food types in each category.
Country population counts are from the Population Reference Bureau (PRB) website [11]. The figure 2 presents a word
cloud visualization of global population distribution, where the size of each country's name corresponds to its relative
population size, with larger text representing more populous nations. China and India appear most prominently,
reflecting their status as the world's most populous countries, followed by the United States, Indonesia, Pakistan, Brazil,
Nigeria, and Bangladesh. Medium-sized text represents countries with moderate populations, such as Russia, Mexico,
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Germany, and Japan, while smaller text denotes less populated nations like New Zealand, Mongolia, and Iceland.
Additionally, a color gradient (red to green) in the top-right corner indicates population scale, with darker red shades
signifying higher populations and lighter shades representing lower ones. This visualization provides an intuitive
representation of global demographic patterns, emphasizing the dominance of highly populated countries.
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Figure 2. Word cloud based on the population

The size of each country's name represents its population in this word cloud. Red text indicates China (1,402,385,000)
and India (1,400,100,000) have the largest populations. Most other country names are green, with text size proportional
to population, starting at 54,000 for the smallest entries. Indonesia, the US, Brazil, and Pakistan are shown in larger
green text, reflecting their larger but smaller populations than China and India. Countries are spread across the
representation, practical way to make all names readable. The population scale bar from green (54,000) to red (1B) at
the top right of the image helps explain the relationship between text size, color, and population values.

With a range of values denoting the number of animal fats consumed per capita, the tree map shows how animal fat
consumption is distributed across different nations. Slovakia (1.356), Denmark (1.2415), and Latvia (1.181) consume
the most animal fats per capita, as shown by larger blocks. Brazil (0.2803), Fiji (0.292), and Italy (0.2834) occupy
smaller blocks on the map as values decrease. Western and Eastern European countries consume more animal fat than
other continents like Brazil, the Philippines, and Fiji, as shown by this hierarchical visualization. Figure 3 shows that
Europe consumes the most animal fats, while other regions consume less.
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Figure 3. Tree map to animal fats usage among the countries
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3.2.Random Forest Model

The Random Forest model is employed in this study as a robust machine learning technigue to optimize and analyze
various food supply chain processes, including production, distribution, and consumption. This model is particularly
effective due to its ability to process large-scale data, identify inefficiencies, predict potential issues such as food waste,
and recommend strategies for optimal resource utilization. By leveraging big data, the Random Forest model enhances
decision-making by detecting patterns and relationships that influence sustainability metrics such as cost reduction,
energy efficiency, and waste minimization.

Mathematically, the Random Forest model is an ensemble learning method that constructs multiple decision trees
during training and outputs the mode of the classifications (for classification problems) or the mean prediction (for
regression problems). The general formula for the Random Forest predictor is given by:

fo) =3, fi(x) (1)

£ (x) represents the aggregated prediction, N is the number of decision trees in the ensemble, f;(x) is the prediction of
the i-th decision tree.

Each decision tree is built using a subset of the training data, and randomness is introduced by selecting a random
subset of features at each split. This approach reduces overfitting and improves the model’s generalizability, making it
highly suitable for complex and dynamic environments such as food supply chain management.

The model analyzes extensive historical and real-time data from various supply chain stages, allowing it to detect
inefficiencies and provide actionable insights. By integrating predictive analytics, the Random Forest model helps
companies achieve sustainability goals, lower their carbon footprint, and enhance resource management. Compared to
conventional forecasting methods, this Al-driven approach offers higher accuracy, adaptability, and efficiency,
ensuring a resilient and more sustainable food supply chain.

4. Results and Discussions

Figure 4 provides an in-depth analysis of the feature importance values derived from the Random Forest model,
highlighting the most influential factors in optimizing efficiency within the food supply chain. Each bar in the graph
represents a specific feature from the dataset, and the height of the bar reflects the degree of importance assigned to
that feature by the model in predicting supply chain performance and sustainability. The x-axis presents the different
features considered in the analysis, including various food product categories such as alcoholic beverages, animal
products, cereals, eggs, meat, and vegetables. The y-axis quantifies the relative importance of each feature, illustrating
the extent to which each factor contributes to enhancing supply chain efficiency. Features are arranged in descending
order of significance, making it easier to identify the primary drivers of optimization.

Feature Importance for Efficiency Improvements

erages
Eggs

Animal fats
Fish, Seafood
Vegetables

Animal Products

Alcoholic Bev
Cereals - Excluding Beer

Fruits - Excluding Wine

Milk - Excluding Butter

Features

Figure 4. Feature Importance for Efficiency Improvements in the Food Supply Chain
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A key observation from the graph is that 'Animal Products' holds the highest importance value, suggesting that this
category has the most substantial influence on the efficiency of the food supply chain. This may be due to the
complexities associated with managing perishable goods, high resource consumption, and logistics challenges related
to temperature-sensitive products. Similarly, 'Cereals - Excluding Beer' emerges as another critical factor, likely
reflecting the demand fluctuations and storage requirements associated with staple food products.

Other features such as 'Meat' and 'Eggs' also exhibit considerable importance, indicating their role in supply chain
optimization efforts, particularly in relation to transportation logistics, storage conditions, and market demand trends.
In contrast, features such as 'Alcoholic Beverages' and 'Fruits - Excluding Wine' demonstrate lower importance values,
suggesting they may have a relatively lesser impact on supply chain efficiency compared to other food categories.

The insights gained from this analysis offer valuable guidance for supply chain managers, policymakers, and industry
stakeholders. By prioritizing the most influential factors identified in the Random Forest model, decision-makers can
implement targeted strategies to reduce inefficiencies, optimize resource allocation, and improve sustainability
outcomes in food distribution networks. Additionally, these findings emphasize the need for further research into the
underlying reasons why certain food categories exert greater influence on supply chain performance, enabling a more
nuanced approach to supply chain management.

Figure 5 presents a comprehensive analysis comparing the predicted and actual values of food waste reduction,
illustrating the performance of the Random Forest model. The scatter plot visualizes individual data points from the
test dataset, where the x-axis represents the actual food waste reduction values, and the y-axis denotes the
corresponding predicted values generated by the model. Each orange dot signifies a distinct observation, highlighting
the model’s forecasting capability.

A red 45-degree reference line is included as an ideal benchmark, indicating perfect prediction accuracy. The closer
the scatter points are to this line, the better the model’s performance in estimating food waste reduction. However,
deviations from the line reveal discrepancies in prediction accuracy, which could stem from data variability, model
limitations, or external factors affecting food supply chain dynamics.

Upon closer examination, the figure exhibits a strong clustering of data points near the 45-degree line, suggesting that
the Random Forest model performs well in capturing general trends in food waste reduction. Nevertheless, some points
significantly deviate from the line, indicating cases where the model either overestimates or underestimates actual
values. These variations may arise due to inconsistencies in the dataset, the presence of outliers, or the need for further
optimization of the model’s parameters.

Predicted vs Actual for Food Waste Reduction
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Figure 5. Predicted vs Actual Values for Food Waste Reduction
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This visualization serves as a crucial tool for evaluating the reliability and accuracy of the Random Forest model in
sustainability-focused applications within the food supply chain. By identifying areas where predictions deviate from
actual values, this analysis provides valuable insights into the model’s strengths and limitations. These findings can
inform further refinements, such as integrating additional features, adjusting hyperparameters, or incorporating
complementary machine learning techniques to enhance predictive accuracy. Ultimately, the ability to forecast food
waste reduction with high precision is essential for developing data-driven strategies aimed at minimizing waste,
improving resource allocation, and fostering sustainability within the food supply chain.

Figure 6 presents a correlation heatmap that visualizes the relationships between the target variable 'Obesity’ and
various factors influencing the efficiency of the food supply chain. The heatmap provides a comprehensive view of
how different food categories and supply chain attributes interact with one another and their potential impact on obesity
levels.

Correlation Heatmap of Food Supply Chain Efficiency
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Figure 6. Correlation Heatmap of Food Supply Chain Efficiency

The color scheme represents the strength and direction of correlations, with warm tones indicating positive correlations
and cool tones indicating negative correlations. Each cell in the heatmap contains an annotated correlation coefficient,
quantifying the statistical relationship between each variable pair. A higher positive correlation suggests that an
increase in one variable is associated with an increase in the other, whereas a negative correlation indicates an inverse
relationship.

Key observations from the heatmap include notable positive correlations between obesity and certain food categories,
such as 'Animal Products' (0.52) and 'Milk - Excluding Butter' (0.52). This suggests that higher consumption or
production of these food items may be associated with increased obesity levels. Conversely, variables such as 'Cereals
- Excluding Beer' (-0.55) exhibit a strong negative correlation with obesity, indicating that greater consumption or
efficiency in these categories may contribute to lower obesity rates.

Additionally, the relationships between supply chain variables—such as transportation logistics, resource utilization,
and production scheduling—can be inferred from inter-variable correlations. For instance, 'Milk - Excluding Butter'
shows a strong positive correlation (0.89) with ‘Animal Fats," implying that improvements or inefficiencies in one
sector may have cascading effects on related food supply chain processes.

This heatmap serves as a valuable analytical tool for understanding the underlying factors influencing food supply
chain efficiency and their potential implications for health-related outcomes such as obesity. By examining these
correlations, policymakers, industry stakeholders, and researchers can gain deeper insights into optimizing food
production and distribution strategies while mitigating adverse health impacts.
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Figure 7 provides a detailed analysis of the significance of various sustainability-related features within the Random
Forest model, offering valuable insights into the primary factors influencing sustainability in the food supply chain.
The visualization highlights four key sustainability metrics: water use, energy consumption, raw material waste, and
transportation efficiency. The height of each bar represents the relative importance of each feature in predicting
sustainability outcomes, as derived from the model's feature importance scores.

A notable observation from the figure is that 'Raw Material Waste' has the highest importance, indicating that
minimizing waste plays a crucial role in enhancing sustainability within the food supply chain. This suggests that
strategies aimed at reducing raw material loss—such as improving inventory management, optimizing production
processes, and implementing waste recovery initiatives—are essential for achieving greater efficiency and
environmental benefits.

Feature Importance for Sustainability Metrics
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Figure 7. Feature Importance for Sustainability Metrics

Another key factor, ‘Transportation Efficiency,’ also exhibits a high importance score, underscoring the critical role of
logistics optimization in sustainable food supply chain management. Efficient transportation systems help reduce fuel
consumption, lower carbon emissions, and ensure timely delivery of food products, thereby minimizing spoilage and
inefficiencies.

In contrast, 'Water Use' and 'Energy Consumption' have relatively lower importance scores, indicating that while these
factors contribute to sustainability, their direct impact within the analyzed context may be less pronounced. This does
not diminish their significance but suggests that, in comparison to raw material waste and transportation efficiency,
they may not be the primary drivers of sustainability improvements in the food supply chain.

This visualization is instrumental in helping stakeholders prioritize sustainability initiatives by identifying the most
influential factors. Organizations and policymakers can use these insights to design and implement targeted strategies
for improving sustainability performance, such as optimizing supply chain logistics, reducing waste, and adopting
resource-efficient practices. Ultimately, by focusing on the most impactful areas, businesses can enhance resource
management, minimize environmental impact, and contribute to a more resilient and sustainable food supply chain.

Based on the research findings, Random Forest demonstrates superior performance compared to Linear Regression
across all evaluation metrics. Recall for Random Forest is recorded at 0.87, higher than Linear Regression, which
achieves 0.81. Accuracy shows a significant difference, with Random Forest scoring 0.96, while Linear Regression
reaches 0.91, indicating better overall prediction precision. F1-Score, which balances Recall and Precision, highlights
the advantage of Random Forest with a score of 0.89, compared to 0.84 for Linear Regression. Lastly, in terms of
Precision, Random Forest achieves 0.88, slightly outperforming Linear Regression, which scores 0.85. Overall, figure
8 show that Random Forest provides more accurate and balanced predictions compared to Linear Regression, making
it a superior choice for predictive analysis in this dataset.
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Comparison of Random Forest and Linear Regression based on Performance Metrics
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Figure 8. Comparison of Random Forest and Linear Regression Based on Performance Metrics

One of the key advantages of the Random Forest model is its ability to identify inefficiencies in the food supply chain
[12]. By analyzing vast datasets from various stages of the supply chain—production, distribution, and consumption—
the model can pinpoint issues such as suboptimal resource usage, production scheduling inefficiencies, and
transportation delays. For instance, through better prediction of demand and supply patterns, the model can help fine-
tune production timelines and transportation routes. This ability to analyze historical data and detect inefficiencies
provides businesses with actionable insights to address delays, reduce resource waste, and enhance operational
efficiency. As supply chains grow more complex and globalized, the ability to respond quickly to such inefficiencies
becomes increasingly valuable [13]. Targeted interventions based on model predictions can thus ensure that businesses
are better equipped to handle fluctuations in supply and demand, ultimately leading to more streamlined operations and
reduced costs [14].

Food waste is a significant issue in global supply chains, particularly in the distribution and consumption stages [15].
Inefficiencies such as overproduction, spoilage, and poor distribution channels contribute to substantial food loss. The
Random Forest model's ability to predict potential food waste and recommend strategies to reduce it is a crucial finding
of this study. By incorporating factors such as consumer behavior, weather patterns, and logistical data, the model can
propose more accurate forecasting and inventory management practices. This, in turn, can lead to better alignment
between supply and demand, reducing overproduction and minimizing waste. Furthermore, the model's capacity to
recommend optimized delivery schedules and more efficient distribution routes ensures that food products are
transported and consumed before they spoil. These optimizations reduce food waste and contribute to environmental
sustainability by conserving water, energy, and raw materials. The environmental impact of food production can be
mitigated by optimizing these operational factors, making the food supply chain more sustainable both economically
and ecologically [16].

The study demonstrates how the Random Forest model can significantly improve sustainability in the food supply
chain by enhancing key sustainability metrics such as carbon footprint reduction, energy efficiency, and resource
optimization. The ability to track and forecast carbon emissions, energy consumption, and resource usage allows
businesses to align their operations with global sustainability goals like the United Nations' Sustainable Development
Goals (SDGs). The model's capacity to provide data-driven recommendations for improving efficiency directly
translates into cost savings. For instance, optimizing energy use in production and transportation can lead to a
substantial reduction in both energy costs and environmental impact. Similarly, better resource management can reduce
the reliance on raw materials, conserving natural resources and decreasing waste. These findings underscore the
potential for Al to drive sustainable practices in the food supply chain, offering both economic and environmental
benefits [17].
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The Random Forest model’s performance was benchmarked against traditional techniques like Linear Regression, and
the results highlight its superior ability to handle complex, large, and unstructured datasets. Unlike Linear Regression,
which struggles with non-linear relationships and intricate data patterns, the Random Forest model excels in identifying
and analyzing these complexities. This capability is essential in the food supply chain, where variables such as
consumer preferences, environmental conditions, and market trends can significantly influence operations. The model’s
ability to process diverse and large datasets provides a more comprehensive understanding of supply chain dynamics,
enabling businesses to make proactive decisions [18], [19]. Furthermore, the model’s accuracy and predictive power
are vital for optimizing food supply chain operations in a rapidly evolving global market. The insights provided by
Random Forest can help companies stay ahead of market trends, adjust to supply and demand fluctuations, and make
data-driven decisions that enhance both operational outcomes and sustainability efforts [20].

5. Conclusion

This study effectively illustrates the utilization of a Random Forest model to optimize food supply chain processes for
improved sustainability in the context of big data. The amalgamation of big data analytics and artificial intelligence
has demonstrated a transformative method for tackling significant challenges, including inefficiencies, waste
minimization, and resource optimization in the food supply chain. The results indicate that the Random Forest model
provides more accurate insights than conventional methods, especially in domains such as food waste mitigation,
resource efficiency, and sustainability indicators like energy and water usage. This study demonstrates the enhanced
predictive accuracy and efficiency of machine learning models, specifically the Random Forest model, compared to
traditional methods such as linear regression in food supply chain management. Moreover, the significance of
sustainability attributes, including energy efficiency, transportation optimization, and raw material waste minimization,
was illustrated, indicating that the Random Forest model can proficiently prioritize essential domains for enhancing
food supply chain sustainability. This research highlights the potential of artificial intelligence, specifically Random
Forest, in attaining economic and environmental sustainability within the food supply chain. The findings indicate that
enterprises can utilize Al-driven optimization techniques to decrease carbon emissions, mitigate food waste, and
improve resource management. The study establishes a basis for subsequent research and the application of Al models
in food supply chain management, presenting practical insights that can inform policy decisions, industry practices,
and technological progress in achieving a more sustainable and effective global food system.
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