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Abstract— The rapid growth and advancements in AI and Machine Learning have greatly influenced sustainable development 

across multiple domains. This research explores the transformative impact of AI and Machine Learning and their ability to 

provide solutions for optimizing supply chain operations, enhancing cybersecurity, improving climate forecasting, and 

assessing economic risks. The datasets used for this research were obtained from various sources such as databases, public 

datasets, and IoT data. In this Research different machine learning models were used, notably, Random Forest, Neural 

Networks, Logistic Regression, Support Vector Machine, XGBoost, and Linear Regression. Other metrics are employed to 

evaluate the performance of these models. Precision, recall, f1-score, accuracy AUC score, Mean Squared error, and R-squared 

are the major evaluation metrics used for this research. The different machine learning models employed in this research perform 

differently for different domains due to the disparity in dataset properties. ` 
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I. INTRODUCTION 

I.I. BACKGROUND 

Artificial Intelligence and machine learning have in recent times emerged as the most transformative technologies, reshaping 

different industries and promoting creativity and innovation across many sectors. The applications of these technologies have 

expanded beyond traditional domains into driving sustainability in areas such as supply chain management, cybersecurity, 

climate change, and economic risk assessment. These AI-powered solutions benefit organizations as they optimize resources, 

enhance decision-making, and mitigate risks, contributing to long-term environmental and economic sustainability. According 

to Hasan et al.(2024), AI-driven supply chain optimization minimizes carbon emissions by improving route planning and 

forecasting demand for proper planning [9]. Similarly, Shawon et al. (2024) emphasize that AI-based analytics play a crucial 

role in assessing geopolitical risks and their economic impact, helping businesses make data-driven decisions [14]. In 

cybersecurity, Machine Learning Models detect and prevent cyber threats and address vulnerabilities using IoT data (Buiya et 

al., 2024) [5], . Climate forecasting has significantly improved with AI-based predictive models, enabling early disaster warnings 

and informed policy-making (Al Mukaddim et al., 2024) [1]. In economic impact analysis AI-based analytics, aid governments 

and businesses in identifying financial risks and investment opportunities. Furthermore, AI-based predictive modeling has been 

applied in global waste management strategies, analyzing trends and the economic implications of plastic waste disposal (Reza 

et al., 2024) [13]. Similarly, Sumon et al. (2024) highlight that AI-driven predictive modeling can be used to assess water quality 

and sewage systems, contributing to sustainable environmental management [15]. 

I.II. IMPORTANCE OF THE RESEARCH 

An exponential increase in demand for sustainability in various industries has prompted the urgent need for machine learning 

and AI-based solutions that promote efficiency. Traditional decision-making processes such as Rule-Based Systems, often 

struggle with handling large-scale, complex datasets, leading to inefficiencies and resource wastage (LeCun et al., 2015) [11]. 

Machine learning and AI architectures have the capabilities to address these challenges by reducing human errors, improving 

automation, and generating real-time insights enabling organizations to plan strategically. Policymakers in the economics sector 

can also design data-driven strategies for financial stability and growth using AI and Machine learning. Additionally, Sumon et 
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al. (2024) highlight that AI-driven predictive modeling can be used to assess water quality and sewage systems, contributing to 

sustainable environmental management [15].  

I.III. OBJECTIVES 

This research aims to explore and evaluate the impact of AI and ML in four critical areas of sustainable development: supply 

chains, cybersecurity, climate forecasting, and economic impact analysis. This study focuses on analyzing AI-driven 

optimization techniques and their role in supply chain management operations to enhance resource efficiency and reduce carbon 

footprints, thereby contributing to sustainability in this sector. Additionally, it investigates the role of machine learning models 

in cybersecurity, particularly their effectiveness in detecting and preventing IoT-based cyber threats, which have become 

increasingly prevalent in the digital landscape. Furthermore, the research assesses AI-based predictive analytics for climate 

forecasting, aiming to improve the accuracy of disaster preparedness and mitigation strategies. Lastly, it evaluates AI applications 

in economic impact analysis, emphasizing their role in financial risk assessment and sustainable policy formulation. By 

addressing these key areas, the study seeks to highlight how AI and machine learning can drive efficiency, security, and 

sustainability in critical sectors, ultimately contributing to long-term development goals. 

II. LITERATURE REVIEW 

II.I. RELATED WORKS 

Artificial Intelligence (AI) and Machine Learning (ML) have been extensively explored in the context of sustainable 

development, with applications spanning multiple industries. In supply chain management, AI-driven optimization techniques 

have been employed to enhance logistics, inventory management, and carbon footprint reduction. Recent sstudies have 

demonstrated the effectiveness of predictive analytics in demand forecasting and route optimization, reducing fuel consumption 

and emissions (Ivanov & Dolgui, 2020) [10]. Hasan et al. (2024) further reinforce this by demonstrating how AI enhances 

decision-making in supply chain sustainability through carbon footprint reduction and resource allocation optimization [9]. Choi 

et al.(2021), explore the role of Machine learning in risk management and articulates that machine learning-based risk 

management models have greatly improved decision-making in supply chain operations, mitigating disruptions and enhancing 

resilience [7]. 

In cybersecurity, the growing reliance on IoT devices has increased vulnerabilities, increasing the need for AI-driven threat 

detection systems. According to Buiya et al. (2024), advanced Machine Learning models enhance security in IoT networks by 

detecting cyberattacks and preventing data breaches [5]. Deep learning models, such as convolutional neural networks (CNNs) 

and recurrent neural networks (RNNs), have proven effective in identifying malicious network traffic and preventing 

cyberattacks. Research has highlighted the role of machine learning in anomaly detection, intrusion prevention, and real-time 

security monitoring, ensuring robust digital infrastructures (Vinayakumar et al., 2019)  [17]. Additionally, Sumsuzoha et al. 

(2024) emphasize the role of AI in resource optimization within data centres, addressing issues of incomplete data and improving 

business operations [16]. 

Climate forecasting has also benefited from AI advancements, particularly in enhancing prediction accuracy for extreme weather 

events. AI-powered models, such as long short-term memory (LSTM) networks and hybrid deep learning frameworks, have 

significantly improved climate and meteorological forecasting. Al Mukaddim et al.(2024) further support this claim, emphasizing 

that advanced machine learning techniques significantly improve rainfall prediction accuracy, thus aiding disaster preparedness 

efforts [1]. These techniques enable proactive disaster preparedness, diminishing the impact of hurricanes, floods, and droughts. 

Moreover, Anonna et al. (2023) discuss AI-driven forecasting models for CO2 emissions, supporting sustainability policy 

formulation through accurate environmental impact assessments [2]. 

AI has also played a crucial role in economic impact analysis by facilitating data-driven financial risk assessment and sustainable 

policy development. AI-based models have been used to predict economic fluctuations, assess market risks, and optimize 

financial strategies, leading to informed policy decisions. Shawon et al. (2024) highlight that AI-driven data analytics are 

instrumental in assessing geopolitical risks and their economic implications, providing organizations with insights to navigate 

financial uncertainty [14]. Machine learning algorithms have also been integrated into macroeconomic analysis, improving 

forecasting accuracy and economic planning (Chakraborty et al. 2017) [6]. AI has also been used in predictive economic 

modeling to assess the financial impact of water quality and waste management strategies, demonstrating its role in sustainability-

driven decision-making (Sumon et al., 2024) [15]. 
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II.II. CHALLENGES 

One of the key issues in supply chain management is data quality and integration. AI models require vast amounts of real-time 

and structured data, but inconsistencies, data silos, and lack of interoperability often limit their effectiveness. Furthermore, Hasan 

et al. (2024) note that while AI enhances decision-making in supply chains, challenges related to carbon footprint reduction 

efficiency remain due to inaccurate or incomplete data [9]. Additionally, ethical concerns regarding algorithmic bias and 

transparency in AI-drive. 

In cybersecurity, AI-based models face adversarial attacks, where cybercriminals manipulate data inputs to evade detection. The 

evolving nature of cyber threats demands continuous model updates and adaptive security mechanisms, increasing computational 

costs and complexity (Biggio et al., 2018) [3]. According to Buiya et al. (2024), while machine learning models are effective in 

detecting IoT cyberattacks, challenges such as high false positive rates and computational constraints affect their efficiency [5]. 

Moreover, the ‘black-box’ nature of deep learning models raises concerns about interpretability, making it difficult for security 

experts to understand and trust AI-driven decisions. Churcher et al. (2021) highlight that despite advancements in IoT, 

cybersecurity challenges remain a significant barrier to its scalability and effectiveness [8]. A key issue is that IoT devices are 

often resource-limited, with minimal computational power, memory, and energy, making it difficult to implement traditional 

security measures like advanced encryption or complex machine learning models. As a result, security responsibilities are largely 

shifted to network-level protection, where centralized systems manage and safeguard device communications. However, this 

reliance on centralized security creates vulnerabilities, as attackers can exploit bottlenecks and single points of failure within the 

system. 

Climate forecasting also encounters limitations, primarily due to the unpredictable nature of climate systems and data variability. 

While AI has improved forecasting accuracy, reliance on historical data can lead to errors in extreme event predictions, affecting 

disaster response strategies. Al Mukaddim et al. (2024) emphasize that improving rainfall prediction accuracy using advanced 

ML techniques is challenging due to inconsistencies in meteorological data [1]. Furthermore, computational constraints 

associated with large-scale climate models present scalability challenges, requiring high-performance computing resources. In 

economic impact analysis, AI adoption is hindered by data availability and regulatory challenges. Many financial datasets are 

proprietary or restricted, limiting access to comprehensive training data for AI models (Bholat et al., 2019) [4]. Additionally, 

Shawon et al. (2024) highlight that while AI-driven economic impact analysis provides valuable insights, regulatory barriers and 

ethical concerns regarding data privacy pose significant challenges to its implementation [14]. Finally, the ethical implications 

of AI-driven financial decision-making, such as algorithmic bias in credit scoring and investment recommendations, raise 

concerns about fairness and inclusivity. 

III. METHODOLOGY 

III.I. DATA PREPROCESSING 

For supply chain optimization, carbon emission reports, logistics data, and inventory records were incorporated. Missing Values 

were handled using imputation techniques, and categorical variables were encoded for model compatibility. In cybersecurity, 

network traffic logs and intrusion detection datasets from IoT devices were used to predict cyberattacks. Noise removal, 

normalization, and feature selection techniques were employed to reduce redundancy and enhance pattern recognition. For 

climate forecasting meteorological data was used and interpolation techniques to handle missing values were employed. Outlier 

detection was also employed to improve accuracy. For Economic Impact Analysis, economic and geopolitical data was used. 

Normalization of financial indicators and time-series decomposition methods were employed in economic impact analysis to 

extract meaningful trends 

III.II. MODEL DEVELOPMENT 

For supply chain Optimization, advanced machine learning techniques, specifically Random Forest and Neural Networks were 

used to optimize resource allocation and reduce environmental impact, and Regression Models were employed for Demand 

Prediction for future planning. Logistic Regression and Random Forest Classifier were used to detect cyberattacks using IoT 

data. In Climate forecasting, Logistic regression and Support Vector Machines are the main machine learning architectures used. 

In economic impact analysis, Random Forest,  XGBoost, and Linear Regression Models were used to predict geopolitical threat 

levels. 

III.IV. MODEL TRAINING AND VALIDATION 
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The model training and validation processes utilized rigorous methods to ensure robustness and generalization across various 

domains. In supply chain optimization, the dataset was divided into an 80:20 ratio for training and testing. Cross-validation was 

employed to fine-tune hyperparameters and improve model performance. For cybersecurity applications, the dataset was 

separated into three subsets: 70% for training, 15% for validation, and 15% for testing. Additionally, oversampling techniques, 

such as SMOTE, were applied to address class imbalances and enhance the model's reliability in detecting cyber threats. In 

climate forecasting, time-series models were validated using rolling windows and walk-forward validation techniques to 

effectively manage non-stationary patterns and ensure accurate predictions. Furthermore, economic impact analysis models 

incorporated a combination of 10-fold cross-validation and Monte Carlo simulations to strengthen robustness and reduce 

predictive uncertainties. 

 

Figure 1. Visualization of all training and validation procedures. 

III.V. PERFORMANCE AND EVALUATION METRICS 

The evaluation of model performance was conducted using specific standard metrics designed for each application. In supply 

chain optimization, we utilized Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared to accurately 

assess model accuracy. Furthermore, we measured the efficiency of carbon footprint reduction to evaluate the environmental 

impact of AI-driven optimizations. For cybersecurity, we rigorously assessed the effectiveness of anomaly detection models 

using precision, recall, and F1-score, combined with Receiver Operating Characteristic (ROC) curve analysis to gauge 

classification performance. In climate forecasting, we employed R-squared (R²), RMSE, and Mean Squared Error (MSE) to 

ensure precise predictions of climate patterns and enhance disaster preparedness. In economic impact analysis, we applied Mean 

Absolute Error (MAE) and R² to measure prediction accuracy and conducted statistical significance tests to assess the robustness 

of the economic forecasting models.  

By implementing these rigorous evaluation methodologies across diverse domains, this research demonstrates the transformative 

power of artificial intelligence (AI) and machine learning (ML) in optimizing decision-making processes, bolstering 

cybersecurity, enhancing forecasting capabilities, and driving sustainable economic policies. 

IV. RESULTS AND DISCUSSION 

Figure 2 represents the performance of models used in supply chain optimization. Neural Networks exhibit the lowest values for 

both RMSE and MAE as compared to Linear Regression and Random Forest. This suggests that, on average, the Neural Network 

model's predictions are closest to the actual values compared to the other models. This is likely due to the ability of Neural 

Networks to learn complex non-linear relationships in the data. The R² value for Neural Networks is likely moderate. This 

suggests that while the model captures a significant portion of the variance in the data, there's still room for improvement. Supply 

chain data is often complex and non-linear. Factors like demand fluctuations, seasonality, external disruptions, and intricate 
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relationships between suppliers, warehouses, and transportation make it difficult for simple linear models to capture the 

underlying patterns thus Neural Networks perform better in such cases. 

.  

Figure 2.  Performance of different models for supply chain optimization. 

Figure 3 represents the performance of machine learning models used in cyberattack classification using IoT datasets. Only two 

models were used in this case, that is, Logistic regression and Random Forest Classifier. Random Forest Regressor is a better 

choice for cyberattack classification as compared to Logistic Regression as it demonstrates superior performance across all three 

metrics, indicating a better ability to accurately identify cyberattacks while minimizing false alarms. In cybersecurity, the costs 

associated with false positives (false alarms) and false negatives (missed attacks) are crucial. The choice between models might 

depend on which type of error is more tolerable. While Random Forest offers higher performance, Logistic Regression is often 

more interpretable, and thus depending on the specific needs, a balance might be struck between performance and explainability. 

Random Forest is a more complex model capable of learning non-linear relationships within the data. Cybersecurity data is often 

complex and non-linear, making Random Forest better suited to capture intricate patterns. Cybersecurity datasets are often 

imbalanced, with far more normal instances than cyberattacks. Random Forest is generally more robust in handling imbalanced 

data compared to Logistic Regression. 

 

Figure 3. Performance of different models for Cyberattack classification. 

Figure 4 depicts the performance of two climate forecasting models: Logistic Regression and Support Vector Machine (SVM), 

across three evaluation metrics. SVM performs better for this task with higher predictive accuracy, meaning it has low RMSE 

and MSE values and a higher R-squared value compared to the Logistic Regression model. Despite SVM being the best-

performing model, it can be computationally more expensive to train than Logistic Regression, especially for large datasets. This 

is an important factor to consider before making a choice to use SVM for climate forecasting tasks. The choice between the two 

models might also depend on the importance of interpretability in the specific application, this is because Logistic Regression 

offers higher interpretability compared to Support Vector Machine. The specific characteristics of climate data such as non-
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linearity, noise, and outliers may favor SVM thus the impressive performance. SVM is also a more complex model than Logistic 

Regression, capable of learning non-linear relationships in the data. Climate data often exhibits such non-linearities, making 

SVM better suited for capturing the underlying patterns. SVM is more effective in high-dimensional spaces, which might be 

relevant if the climate dataset includes numerous features such as temperature, humidity, and wind speed at various locations 

and times. 

 

Figure 4.  performance of two climate forecasting models: Logistic Regression and Support Vector Machine 

Figure 5 compares the performance of three economic impact analysis models: Random Forest, XGBoost, and Linear 

Regression, using two metrics(MAE and R-squared). It is observed that Random Forest is the best choice for this economic 

impact analysis task, followed closely by XGBoost. Both XGBoost and Random Forest outperform Linear Regression 

significantly. Both Random Forest and XGBoost are more complex models than Linear Regression, capable of learning non-

linear relationships in a dataset. This performance may also be because Random Forest and XGBoost are ensemble methods that 

combine predictions from multiple decision trees. This approach reduces overfitting and improves generalization, leading to 

better performance on unseen data. The XGBoost model, in particular, also uses a boosting technique where trees are built 

sequentially, with each tree correcting the errors of the previous ones. This can lead to higher accuracy compared to Random 

Forest in some cases. However, it is important to consider the computational costs that come with the use of Random Forest and 

XGBoost models before opting to use them. 

 

Figure 5.  Performance of three economic impact analysis models: Random Forest, XGBoost, and Linear Regression 

 

Table 1. Best-performing models for all tasks 

Domain Model  RMSE MSE R² Precision Recall F1-Score 
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Supply Chain  Neural Networks 16 10 0.1 _ _ _ 

Cybersecurity Random Forest Classifier _ _ _ 0.91 0.90 0.905 

Climate 

Forecasting 

SVM 6.1 4.9 0.9 _ _ _ 

Economic 

Impact 

XGBoost _ 3.6 0.9 _ _ _ 

 

V. CONCLUSION 

The primary objective of this research was to explore, evaluate, and deploy advanced machine learning models to enhance 

decision-making in supply chain optimization, cybersecurity, climate forecasting, and economic impact analysis. This study 

utilizes diverse datasets, including supply chain logistics records, IoT network traffic logs, meteorological data, and geopolitical 

financial indicators, to assess the impact of AI in sustainability-driven applications. The data underwent rigorous preprocessing 

techniques, including normalization, feature selection, and imputation, to ensure consistency and improve model learning 

efficiency.  Neural Networks and Random Forests were employed for supply chain optimization, demonstrating their 

effectiveness in demand forecasting and resource allocation. Random Forest Classifier and Logistic Regression were tested for 

cybersecurity applications, where Random Forest outperformed Logistic Regression in detecting cyber threats with higher 

precision and recall. For climate forecasting, Support Vector Machines (SVM) and Logistic Regression were used, with SVM 

proving superior in capturing complex climate patterns and improving predictive accuracy. In economic impact analysis, 

XGBoost emerged as the best-performing model, surpassing both Random Forest and Linear Regression in forecasting financial 

risks and geopolitical trends with the highest R² score. Future research could explore the integration of deep learning 

architectures, such as transformer models and reinforcement learning, to further enhance prediction accuracy. Additionally, 

explainability and interpretability remain critical areas of improvement, particularly in high-stakes domains like cybersecurity 

and economic policy-making. 
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