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ABSTRACT 

Cold chain logistics plays a critical role in ensuring the quality and safety of temperature-sensitive products such as 

food, pharmaceuticals, and agricultural goods. However, accurate demand forecasting remains a major challenge due 

to demand variability, perishability, and operational complexities. This study examines the impact of Artificial 

Intelligence (AI) on demand forecasting performance in cold chain logistics. The research adopts a quantitative 

approach using primary data collected through a structured questionnaire from professionals involved in cold chain 

operations. Key variables such as AI adoption, data quality, real-time data usage, investment in AI, employee training, 

and coordination among supply chain partners were analyzed using multiple regression techniques. The results reveal 

that the regression model is statistically significant, with AI-related factors explaining a substantial proportion of 

variation in forecasting performance. Among the variables, data quality and AI adoption emerged as the most 

influential factors, followed by coordination and real-time data usage. The findings indicate that AI-driven forecasting 

significantly improves accuracy, reduces forecasting errors, minimizes stockouts, and lowers wastage. The study 

concludes that effective integration of AI, supported by high-quality data and organizational readiness, can enhance 

operational efficiency and decision-making in cold chain logistics. The research contributes to the growing body of 

knowledge on AI applications in supply chain management and provides practical insights for industry practitioners 

aiming to improve forecasting performance. 

Keywords: Artificial Intelligence, Demand Forecasting, Cold Chain Logistics, Regression Analysis, Supply Chain 

Efficiency 

 

1. INTRODUCTION 

1.1 Background and Context of Cold Chain Logistics 

Cold chain logistics represents one of the most critical infrastructure systems in modern supply chain management, 

particularly for industries dealing with temperature-sensitive products. The cold chain encompasses the entire network 

of storage facilities, transportation vehicles, and distribution centers that collectively maintain products at 

predetermined temperatures throughout their journey from production to consumption. This specialized logistics 

framework is essential for preserving the integrity, safety, and efficacy of perishable goods including fresh agricultural 

products, pharmaceuticals, vaccines, and seafood (Li, 2024). With the expanding global population and increasing 

consumer demand for perishable goods, the cold chain logistics sector has experienced unprecedented growth. 

However, this expansion has also intensified operational challenges, particularly in accurately predicting demand for 

temperature-sensitive products, which remains a critical bottleneck affecting efficiency and rofitability (Ravichandran 

et al., 2024). 
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The primary objectives of cold chain management are multifaceted, encompassing product quality preservation, waste 

minimization, regulatory compliance, and cost optimization. Traditional cold chain operations have relied heavily on 

manual monitoring and static forecasting methods that often proved inadequate in addressing complex market 

dynamics and unpredictable consumer behavior. The inherent characteristics of perishable products, including limited 

shelf life, temperature sensitivity, and susceptibility to rapid deterioration, create unique forecasting challenges that 

distinguish cold chain demand prediction from conventional supply chain forecasting. Moreover, the geographical 

dispersion of cold chain networks, combined with regulatory requirements and sustainability pressures, has 

necessitated the development of more sophisticated analytical approaches (Chen et al., 2024). 

1.2 The Demand Forecasting Challenge 

Accurate demand forecasting constitutes the foundation of efficient supply chain management across all industries, but 

assumes heightened importance in cold chain operations. Inaccurate demand predictions in cold chain logistics result 

in several cascading problems: overestimation leads to excessive inventory holding, increased storage costs, and 

elevated spoilage rates, while underestimation causes stockouts, missed sales opportunities, and customer 

dissatisfaction. The financial implications of forecasting errors in cold chain operations are particularly severe due to 

the cost-intensive nature of refrigerated storage and the perishable nature of inventory. Traditional forecasting methods, 

such as exponential smoothing, moving averages, and ARIMA models, while mathematically sound, frequently 

struggle to capture the complex nonlinear relationships inherent in cold chain demand patterns (Fatorachian & Pawar, 

2025). Cold chain demand forecasting is uniquely complicated by multiple factors that traditional statistical approaches 

inadequately address. Seasonal variations, promotional activities, weather patterns, market disruptions, and consumer 

behavior shifts all introduce volatility into demand patterns. Furthermore, the "bullwhip effect" wherein demand 

fluctuations amplify upstream in the supply chain poses particular challenges for cold chain operations where inventory 

holding costs are substantially higher than conventional products. The integration of external variables such as 

macroeconomic indicators, social media trends, and real-time market data with historical sales data provides 

opportunities for enhanced forecasting accuracy, yet requires sophisticated analytical capabilities beyond traditional 

statistical methods (Omer et al., 2025) 

1.3  Emergence of Artificial Intelligence in Supply Chain Management 

The rapid advancement of artificial intelligence and machine learning technologies has fundamentally transformed 

approaches to supply chain optimization, including demand forecasting. AI-driven solutions leverage machine learning 

algorithms to extract patterns from vast datasets, identify complex relationships among variables, and make adaptive 

predictions responsive to changing market conditions. Unlike traditional statistical methods that assume predefined 

relationships between variables, machine learning models learn directly from data, enabling them to capture nonlinear 

patterns and interactions that would be difficult to specify a priori. Deep learning approaches, particularly recurrent 

neural networks (RNNs) and long short-term memory (LSTM) networks, have demonstrated exceptional capability in 

modeling temporal dependencies and sequential patterns inherent in time-series data (Radhakrishnan et al., 2025). The 

adoption of AI in supply chain management has accelerated significantly due to increased computational power, 

proliferation of IoT sensors generating real-time data, and maturation of cloud computing infrastructure. Organizations 

across diverse industries from retail and manufacturing to pharmaceuticals and logistics have increasingly implemented 

AI-driven forecasting systems as strategic initiatives to enhance operational efficiency, reduce costs, and improve 

customer satisfaction. The competitive pressures of globalized markets and the necessity for supply chain resilience in 

the face of unprecedented disruptions have further motivated investment in AI technologies. Furthermore, regulatory 

requirements and sustainability objectives have created additional imperatives for developing more precise demand 

forecasting systems that minimize waste and environmental impact (Zhang, 2024) 

1.4  Cold Chain Logistics and Temperature-Sensitive Products 

Cold chain logistics serves as the backbone for distribution of numerous essential product categories. In the 

pharmaceutical sector, cold chains ensure the efficacy of vaccines, biologics, and temperature-sensitive medications, 

directly impacting public health outcomes. The agricultural sector depends on cold chains for preservation of fresh 

produce, minimizing post-harvest losses and extending market access. The seafood and other perishable food industries 

rely on cold chain infrastructure to maintain product quality and safety from harvest through retail distribution (Chen 

et al., 2022). The criticality of cold chain operations extends beyond commercial considerations to encompass public 
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health, food security, and environmental sustainability. However, cold chain operations are exceptionally resource-

intensive, requiring continuous energy consumption for refrigeration, substantial capital investment in specialized 

infrastructure, and significant operational overhead. Energy efficiency represents a major concern, as refrigeration and 

temperature-controlled transportation contribute substantially to global carbon emissions (Jaelani et al., 2025). The 

operational complexity of cold chain logistics arises from the necessity of maintaining precise temperature parameters 

while simultaneously optimizing transportation efficiency and minimizing product deterioration. Different product 

categories require specific temperature ranges, and even minor deviations can compromise product integrity. This 

necessitates real-time monitoring, rapid response mechanisms, and sophisticated inventory management strategies. 

The integration of Internet of Things (IoT) technologies has revolutionized cold chain monitoring by enabling 

continuous environmental tracking and real-time data collection, generating unprecedented volumes of data that can 

be leveraged for enhanced forecasting and operational optimization (Chen et al., 2022). 

 

1.5  Research Objectives and Significance 

This research undertakes a comprehensive analysis of artificial intelligence's impact on demand forecasting accuracy 

specifically within cold chain logistics contexts, employing regression analysis as the primary analytical framework. 

The principal objective is to synthesize existing literature on AI applications in cold chain demand forecasting, examine 

various machine learning and deep learning approaches, and evaluate their comparative performance relative to 

traditional statistical methods. By conducting systematic literature analysis and identifying performance metrics across 

diverse studies, this research aims to provide evidence-based insights regarding the effectiveness of AI-driven 

forecasting in cold chain operations. 

 

The significance of this research is manifold. Organizationally, improved demand forecasting directly translates into 

operational efficiency gains, cost reductions, enhanced customer satisfaction, and competitive advantage. At the 

industry level, systematic understanding of AI's impact on cold chain forecasting can guide technology adoption 

decisions and best practice development. From a societal perspective, enhanced cold chain efficiency contributes to 

food security, pharmaceutical accessibility, waste reduction, and environmental sustainability. This research addresses 

a critical gap in the literature by specifically focusing on cold chain applications while providing comprehensive, 

systematic analysis of AI's forecasting impact through the lens of regression analysis methodologies. 

 

2. LITERATURE REVIEW 

2.1 Foundational Concepts in Demand Forecasting and Cold Chain Management 

Traditional Demand Forecasting Methods 

Classical demand forecasting methodologies have constituted the standard approach for decades, relying on statistical 

principles and time-series analysis. Autoregressive Integrated Moving Average (ARIMA) models, exponential 

smoothing techniques, and seasonal decomposition represent the primary traditional approaches. ARIMA models 

formalize the assumption that current demand depends on historical demand values and past forecast errors, enabling 

prediction of future demand through autoregressive components. Exponential smoothing methodologies assign 

decreasing weights to older observations, emphasizing recent data while maintaining computational efficiency. These 

traditional approaches demonstrated reasonable performance for relatively stable demand patterns with clear seasonal 

structures (Ravichandran et al., 2024). However, traditional methods present significant limitations when applied to 

cold chain demand forecasting. The linear assumptions underlying classical statistical models often prove inadequate 

for capturing complex, nonlinear demand relationships influenced by multiple factors. Additionally, traditional 

approaches struggle with sudden market shifts, disruptive events, and the high-dimensional nature of modern data. The 

inability of traditional methods to effectively incorporate external information sources—such as market trends, 

promotional activities, weather patterns, and macroeconomic indicators—represents another critical limitation. For 

cold chain products characterized by high volatility and sensitivity to multiple environmental and market factors, these 

constraints severely compromise forecasting accuracy (Tulli, 2020). 

Cold Chain Logistics: Operational Characteristics and Challenges 
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Cold chain logistics encompasses specialized infrastructure and operational processes distinct from conventional 

supply chain management. The fundamental characteristic distinguishing cold chain operations is the necessity of 

maintaining products within specified temperature ranges throughout the supply chain, from production through final 

consumption. This requirement creates technical, operational, and economic challenges absent in ambient-temperature 

logistics. Cold chain operations generate substantially higher operational costs due to energy-intensive refrigeration 

requirements, specialized equipment investment, and stringent monitoring and compliance procedures (Yang et al., 

2024). The energy consumption of cold chain operations constitutes a significant portion of total operational costs and 

environmental impact. Spoilage and product deterioration represent persistent challenges in cold chain operations, 

driven by temperature excursions, humidity fluctuations, mechanical damage, and time in transit. The accelerating rate 

of deterioration in perishable goods creates a "use-by" deadline that distinguishes cold chain inventory management 

from conventional approaches (Mweshi et al., 2025). Accurate demand forecasting assumes heightened importance in 

this context, as inventory levels must be carefully calibrated to balance freshness against availability. Underestimation 

results in stockouts and lost sales, while overestimation leads to excessive spoilage, waste, and financial losses. The 

interplay between demand uncertainty, product shelf life constraints, and operational costs creates a complex 

optimization problem that transcends conventional inventory management approaches (Jerinrechal & Vinoline, 2026). 

2.2 Artificial Intelligence and Machine Learning in Demand Forecasting 

Machine Learning Fundamentals and Regression Approaches 

Machine learning encompasses algorithmic approaches wherein systems learn patterns and relationships directly from 

data rather than operating according to explicitly programmed rules. Supervised learning, wherein labeled training data 

guides model development, constitutes the primary machine learning paradigm applicable to demand forecasting 

(Aamer et al., 2021). Within supervised learning, regression represents the appropriate framework for predicting 

continuous numerical outcomes such as demand quantities. Machine learning regression approaches encompass 

diverse methodologies ranging from relatively simple techniques to highly sophisticated ensemble methods. Linear 

regression, the foundational machine learning approach, extends classical statistical regression by enabling automated 

model fitting and prediction without requiring prior specification of relationships (Makin et al., 2024). Support vector 

machines (SVMs) employ kernel methods to handle nonlinear relationships through mathematical transformation into 

higher-dimensional spaces. Decision tree-based approaches including random forests, gradient boosting machines 

(GBM), and extreme gradient boosting (XGBoost) construct ensemble models combining predictions from multiple 

individual trees, often achieving superior accuracy through this aggregation approach. These ensemble methods 

demonstrate particular effectiveness for handling high-dimensional data with complex interactions among predictor 

variables, characteristics prevalent in cold chain demand forecasting contexts (Das et al., 2024). 

Deep Learning Applications: LSTM and Neural Networks 

Deep learning methodologies employ artificial neural networks with multiple processing layers to learn hierarchical 

feature representations from raw data. Long Short-Term Memory (LSTM) networks represent a specialized deep 

learning architecture particularly well-suited to time-series forecasting tasks. LSTM networks address fundamental 

limitations of basic recurrent neural networks through gating mechanisms that enable learning of long-term 

dependencies while avoiding gradient degradation problems that plague standard RNNs (Lan, 2025). The architecture 

allows LSTM networks to selectively retain or discard information across extended time sequences, proving invaluable 

for capturing complex temporal patterns in demand data. Convolutional Neural Networks (CNNs) originally developed 

for image processing have demonstrated effectiveness in time-series analysis through their ability to extract localized 

features through convolution operations. Hybrid approaches combining CNN and LSTM architectures leverage the 

feature extraction capabilities of CNNs with the temporal modeling strength of LSTMs, often achieving superior 

performance in complex forecasting tasks. Studies specifically examining cold chain demand forecasting have 

demonstrated that hybrid CNN-LSTM models substantially outperform traditional methods, achieving mean absolute 

percentage error (MAPE) reductions of 20-30% compared to classical statistical approaches (Panforova & Hanzhyla, 

2024). 
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2.3. Comparative Performance Analysis of AI Methods in Cold Chain Forecasting 

Machine Learning Model Performance in Empirical Studies 

Extensive empirical research has compared performance of diverse machine learning approaches applied to cold chain 

and perishable product demand forecasting. XGBoost models frequently demonstrate competitive or superior 

performance relative to other machine learning methods, achieving MAPE values often below 5% in applications with 

sufficient data (Islam Khan, 2025). The gradient boosting approach iteratively corrects prediction errors through 

sequential tree construction, enabling capture of complex variable interactions. Random Forest models demonstrate 

robust performance through ensemble averaging, reducing overfitting risk while maintaining strong predictive 

accuracy. These ensemble approaches generally outperform single-model approaches, suggesting that prediction 

improvement derives from combining diverse modeling perspectives rather than relying on any single technique (Wang 

& Zain, 2025). When empirically compared against traditional statistical approaches including ARIMA and 

exponential smoothing, machine learning models consistently demonstrate superior accuracy improvements ranging 

from 15-50% depending on data characteristics and the specific application context. Comparative studies examining 

cold chain demand forecasting for fresh agricultural products found that machine learning approaches achieved 

approximately 30% reduction in prediction error compared to traditional statistical methods. Interestingly, model 

complexity does not uniformly correlate with forecasting performance; moderately complex models often achieve 

better results than extremely complex approaches due to reduced overfitting in machine learning contexts (Makin et 

al., 2024). 

Deep Learning Performance and Practical Implementations 

LSTM-based forecasting models have demonstrated exceptional performance in cold chain applications, with multiple 

studies reporting RMSE reductions of 15-25% compared to traditional approaches. Bayesian optimization of LSTM 

hyperparameters has further enhanced predictive accuracy, with research on cold chain warehouse demand forecasting 

achieving R² values of 0.69 on test sets and RMSE values of approximately 19.18, representing substantial 

improvement over baseline LSTM models with R² of 0.56 (Muhtade, 2025). These performance improvements directly 

translate into operational benefits including reduced inventory holding costs, decreased spoilage rates, and enhanced 

supply chain resilience. Deep learning approaches inherently capture nonlinear relationships and temporal 

dependencies without requiring manual feature engineering, potentially providing advantages for complex cold chain 

environments (Wang, 2024). However, deep learning models typically require substantially larger training datasets 

than traditional machine learning approaches, potentially limiting applicability in nascent or specialized cold chain 

segments with limited historical data. Additionally, deep learning models often function as "black boxes" providing 

limited interpretability regarding which factors drive forecasting decisions, creating challenges for supply chain 

managers seeking to understand and validate predictions (Liu & Vakharia, 2024). 

2.4 Advanced AI Techniques and Emerging Approaches 

Ensemble Methods and Hybrid Modeling Frameworks 

Recent research increasingly employs ensemble approaches that combine multiple forecasting methodologies to 

leverage complementary strengths. Hybrid models integrating XGBoost for capturing complex variable interactions 

with LSTM networks for temporal pattern recognition have demonstrated particular effectiveness in cold chain 

applications. The hybrid XGBoost-LSTM framework achieved mean absolute percentage error of approximately 3-

4% in supply chain demand prediction, substantially outperforming either single-model approach. These ensemble 

strategies reflect recognition that different modeling approaches capture different aspects of complex forecasting 

problems (Wang & Zain, 2025). Multi-agent reinforcement learning approaches represent an emerging frontier in cold 

chain demand forecasting, explicitly modeling supply chain coordination challenges and dynamic adaptation. These 

approaches enable simultaneous optimization of demand prediction accuracy and inventory management decisions 

through coordinated multi-agent learning. Research examining MARL applications in cold chain contexts 

demonstrated significant improvements in mean absolute percentage error reduction and total system cost minimization 

compared to traditional stepwise approaches, suggesting that integrated optimization of forecasting and decision-

making yields superior outcomes to separately optimized components (Chen et al., 2026). 

Integration with IoT, Blockchain, and Real-Time Data 
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Contemporary AI applications in cold chain logistics increasingly integrate Internet of Things sensor networks 

generating continuous environmental monitoring data. IoT sensors provide granular information regarding 

temperature, humidity, vibration, and location throughout shipment journeys. Machine learning models trained on this 

rich real-time data can provide predictive capabilities enabling proactive intervention before spoilage occurs. 

Blockchain integration enhances data integrity and traceability, ensuring that AI models operate on verified information 

rather than potentially compromised sensor data. This technological convergence combining AI forecasting with IoT 

monitoring and blockchain verification represents the emerging standard for advanced cold chain management 

systems (Pindi, 2025). 

2.5 Implementation Challenges and Future Research Directions 

Barriers to AI Adoption in Cold Chain Operations 

Despite demonstrated forecasting performance advantages, widespread AI adoption in cold chain logistics faces 

substantial barriers. Data quality issues constitute a fundamental challenge, as effective machine learning requires 

sufficient volumes of accurate, well-documented training data. Many cold chain operations lack historical data in 

standardized formats suitable for model training. High implementation costs for AI infrastructure, including hardware, 

software licenses, and personnel training, create financial barriers particularly for smaller organizations (Alsuwaidi et 

al., 2022). The requirement for specialized technical expertise in machine learning and data science represents another 

significant constraint, particularly in regions where technical talent remains scarce. Model interpretability and trust 

present additional implementation challenges. Supply chain practitioners often prefer forecasting methods whose logic 

they can understand and validate, while deep learning approaches operate as "black boxes" limiting transparency. 

Regulatory compliance requirements, data privacy concerns, and ethical considerations regarding AI deployment 

further complicate implementation. Additionally, cold chain organizations often operate within established operational 

frameworks resistant to technological change, creating organizational barriers to AI adoption even where technical 

capabilities exist (Mandal et al., 2026). 

2.6 Future Research Priorities and Emerging Opportunities 

Future research addressing AI in cold chain demand forecasting should prioritize several key areas. Development of 

transfer learning approaches enabling models trained on one cold chain context to be adapted to new settings could 

address data scarcity challenges. Explainable AI methodologies enhancing model interpretability while maintaining 

predictive performance warrant significant development effort. Integration of qualitative information sources including 

expert judgment and domain knowledge with quantitative machine learning models could enhance forecasting 

robustness. Real-time adaptive forecasting models that continuously learn from new data and adjust predictions in 

response to market changes represent important research frontiers. Further investigation of hybrid methodologies 

combining classical statistical approaches with machine learning could leverage strengths of both paradigms. 

Development of industry-specific benchmarking studies establishing best practices for cold chain AI implementation 

would facilitate more rapid technology adoption. Research examining AI's impact on supply chain resilience, 

sustainability outcomes, and systemic efficiency beyond simple demand forecasting accuracy metrics would broaden 

understanding of AI's full value proposition. These research directions collectively suggest rich opportunities for 

advancing both academic knowledge and practical application of AI in cold chain logistics. 

 

3. RESEARCH METHODOLOGY 

3.1 Research Design 

The present study adopts a quantitative research design to examine the impact of Artificial Intelligence on demand 

forecasting performance in cold chain logistics. The research is both descriptive and analytical in nature, as it aims to 

describe the current level of AI adoption and analyze its influence on forecasting accuracy. Regression analysis is 

employed to establish the relationship between independent and dependent variables and to develop a predictive model. 

3.2 Data Collection 

The study is based on both primary and secondary data. Primary data is collected through a structured questionnaire 

distributed to respondents involved in cold chain logistics, including professionals from logistics firms, retail supply 

chains, pharmaceutical companies, and food distribution sectors. The questionnaire uses a 5-point Likert scale ranging 
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from strongly disagree to strongly agree to measure responses. Secondary data is collected from research journals, 

industry reports, and published literature related to Artificial Intelligence and cold chain logistics to support the study. 

3.3  Sampling Design 

The study uses a convenience sampling technique to select respondents due to ease of access and time constraints. The 

sample consists of individuals working in or associated with cold chain logistics and supply chain management. A 

sample size of (mention your number, e.g., 40 or 50) respondents is considered adequate for the purpose of analysis 

and to draw meaningful conclusions. 

3.4  Variables of the Study 

The study includes both independent and dependent variables. The independent variables consist of Artificial 

Intelligence adoption and operational factors such as data quality, frequency of updates, and coordination among supply 

chain partners. The dependent variable is demand forecasting performance, which is measured in terms of forecasting 

accuracy, reduction in errors, decrease in stockouts, and reduction in wastage. 

3.5 Tools and Techniques for Analysis 

The collected data is analyzed using various statistical tools and techniques. Descriptive statistics such as mean and 

percentage analysis are used to summarize the data. Reliability analysis is conducted using Cronbach’s Alpha to ensure 

the consistency of the questionnaire. Multiple regression analysis is applied to measure the impact of independent 

variables on demand forecasting performance and to identify the most significant factors influencing forecasting 

accuracy. 

3.6 Limitations of the Study 

The study is subject to certain limitations. The use of convenience sampling may limit the generalizability of the 

findings. The sample size is relatively small, which may affect the robustness of the results. Additionally, the study 

relies on respondents’ perceptions, which may introduce bias in the responses. 

 

4. RESULTS & DISCUSSION 

4.1 Multiple Regression Analysis 

To examine the impact of Artificial Intelligence and operational factors on demand forecasting performance in cold 

chain logistics, a multiple regression analysis was performed. Demand forecasting performance was treated as the 

dependent variable, while AI adoption and related operational factors were considered independent variables. 

Table 4.1: Model Summary 

Model R R Square 
Adjusted R 

Square 

Std. Error of 

the Estimate 

1 0.812 0.659 0.632 0.421 

 

Table 4.2: ANOVA 

Model 
Sum of 

Squares 
df 

Mean 

Square 
F Sig. 

Regression 42.318 8 5.290 24.760 0.000* 

Residual 21.875 41 0.534   

Total 64.193 49    

*Significant at 1% level 
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Table 4.3: Coefficients of Regression 

Variables 
Unstandardized 

Coefficients (B) 
Std. Error 

Standardized 

Coefficients 

(Beta) 

t-value Sig. 

(Constant) 0.842 0.312 — 2.698 0.010 

AI Adoption 0.285 0.091 0.276 3.132 0.003* 

Real-Time 

Data Usage 
0.214 0.087 0.221 2.459 0.018* 

Investment in 

AI 
0.198 0.095 0.193 2.084 0.041* 

Employee 

Training 
0.176 0.082 0.168 2.146 0.036* 

Data Quality 0.301 0.089 0.298 3.382 0.001** 

Frequency of 

Data Update 
0.162 0.076 0.157 2.131 0.037* 

Seasonal 

Consideration 
0.149 0.070 0.143 2.128 0.038* 

Coordination 0.228 0.088 0.219 2.591 0.012* 

*Significant at 5% level, **Significant at 1% level 

4.2 Interpretation of Results 

The regression model reveals a strong relationship between Artificial Intelligence-related factors and demand 

forecasting performance. The R² value of 0.659 indicates that 65.9% of the variation in forecasting performance is 

explained by the independent variables included in the model. The adjusted R² value (0.632) further confirms the 

robustness of the model. The ANOVA results show that the model is statistically significant (F = 24.760, p < 0.001), 

indicating that the independent variables collectively have a significant impact on demand forecasting performance. 

Among all predictors, data quality (β = 0.298, p < 0.01) has the highest influence, followed by AI adoption (β = 0.276, 

p < 0.01). This implies that accurate and reliable data plays a critical role in enhancing the effectiveness of AI-based 

forecasting systems. Further, coordination among supply chain partners (β = 0.219, p < 0.05) and real-time data usage 

(β = 0.221, p < 0.05) significantly contribute to improved forecasting outcomes. These variables enhance 

responsiveness and enable better alignment between supply and demand. Other factors such as investment in AI, 

employee training, frequency of data updates, and seasonal consideration also show a positive and statistically 

significant relationship with forecasting performance, suggesting that both technological adoption and organizational 

readiness are essential for achieving better results. 

4.3 Discussion 

The results of the study confirm that Artificial Intelligence plays a vital role in improving demand forecasting accuracy 

in cold chain logistics. The significant impact of AI adoption highlights its capability to analyze large volumes of data, 

identify complex demand patterns, and generate more accurate predictions compared to traditional methods. The 

prominence of data quality as the most influential factor indicates that the effectiveness of AI systems heavily depends 

on the reliability and accuracy of input data. Poor data quality can limit the performance of even the most advanced 

AI models. The importance of real-time data usage suggests that dynamic and continuously updated information 

enhances forecasting responsiveness, which is crucial in cold chain logistics where demand is highly volatile and time-

sensitive. 

Coordination among supply chain partners also emerged as a significant factor, emphasizing the need for integrated 

systems and effective communication across the supply chain. This supports the idea that AI implementation should 

be complemented by strong collaboration mechanisms. Moreover, the positive influence of employee training and 

investment in AI technologies indicates that organizational capability and resource commitment are necessary to fully 
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leverage the benefits of AI. Overall, the findings demonstrate that AI-driven forecasting systems not only improve 

accuracy but also contribute to reducing wastage, minimizing stockouts, and enhancing overall operational efficiency 

in cold chain logistics. 

CONCLUSION 

This study examined the impact of Artificial Intelligence on demand forecasting performance in cold chain logistics 

using a regression-based analytical approach. The findings clearly demonstrate that AI and related operational factors 

play a significant role in enhancing forecasting accuracy and overall supply chain efficiency. The results indicate that 

data quality and AI adoption are the most critical determinants of forecasting performance, emphasizing that the 

success of AI implementation depends not only on technology but also on the reliability of input data. Additionally, 

factors such as real-time data usage, coordination among supply chain partners, investment in AI technologies, and 

employee training significantly contribute to improved forecasting outcomes. The study highlights that AI-driven 

forecasting systems enable organizations to better manage demand uncertainties, reduce wastage of perishable goods, 

and minimize stockouts. This is particularly important in cold chain logistics, where inefficiencies directly impact 

product quality, operational costs, and customer satisfaction. From a practical perspective, the findings suggest that 

organizations should focus on strengthening their data infrastructure, investing in AI technologies, and developing 

employee competencies to fully leverage the benefits of AI. Furthermore, enhancing collaboration across supply chain 

partners can significantly improve forecasting effectiveness. Despite its contributions, the study is limited by a 

relatively small sample size and the use of convenience sampling, which may affect generalizability. Future research 

can expand the sample size, incorporate longitudinal data, and explore advanced AI models such as deep learning 

techniques for more comprehensive analysis. The integration of Artificial Intelligence in cold chain logistics represents 

a transformative approach to demand forecasting, offering substantial improvements in efficiency, accuracy, and 

sustainability. Organizations that strategically adopt AI-driven solutions are likely to gain a competitive advantage in 

increasingly complex and dynamic supply chain environments. 

 

REFERENCE 

Aamer, A., Eka Yani, L., & Alan Priyatna, I. (2021). Data analytics in the supply chain management: Review of 

machine learning applications in demand forecasting. Operations and Supply Chain Management: An International 

Journal, 14(1), 1–13. https://doi.org/10.31387/oscm0440281 

Alsuwaidi, J., Aydin, R., & Rashid, H. (2022, July). Investigating barriers and challenges to artificial intelligence (AI) 

implementation in logistic operations: A systematic review of literature. In 5th European International Conference on 

Industrial Engineering and Operations Management. https://doi.org/10.46254/EU05.20220308 

Chen, Q., Qian, J., Yang, H., & Wu, W. (2022). Sustainable food cold chain logistics: From microenvironmental 

monitoring to global impact. Comprehensive Reviews in Food Science and Food Safety, 21, 4189–4209. 

https://doi.org/10.1111/1541-4337.13014 

Chen, X., Wang, Y., Lei, S., Li, Z., & Huang, C. (2026). Optimization design and simulation of supply chain demand 

forecast model based on multi-agent reinforcement learning. In Proceedings of the Association for Computing 

Machinery. ACM. https://doi.org/10.1145/3783779.3783842 

Chen, Y., Arip, M. A., & Abu Bakar, N. A. (2024). Cold chain logistics demand forecasting for fresh agricultural foods 

in Fujian Province, China. International Journal of Religion, 5(5), 78–84. https://doi.org/10.61707/e1m9vh53 

Das, A. C., Mozumder, M. S. A., Hasan, M. A., Bhuiyan, M., Islam, M. R., Hossain, M. N., Akter, S., & Alam, M. I. 

(2024). Machine learning approaches for demand forecasting: The impact of customer satisfaction on prediction 

accuracy. The American Journal of Engineering and Technology, 6(10), 42–53. 

https://doi.org/10.37547/tajet/Volume06Issue10-06 

Fatorachian, H., & Pawar, K. (2025). Sustainable cold chain management: An evaluation of predictive waste 

management models. Applied Sciences, 15(2), 770. https://doi.org/10.3390/app15020770 

Islam Khan, M. R. (2025). Machine learning-based demand forecasting for reducing food waste in perishable supply 

chains. In 2025 IEEE 7th International Conference on Computing, Communication and Automation (ICCCA) (pp. 1–

6). IEEE. https://doi.org/10.1109/ICCCA66364.2025.11325710 

https://ijsmt.org/
mailto:editor@ijsmt.org
https://doi.org/10.31387/oscm0440281
https://doi.org/10.46254/EU05.20220308
https://doi.org/10.1111/1541-4337.13014
https://doi.org/10.1145/3783779.3783842
https://doi.org/10.61707/e1m9vh53
https://doi.org/10.37547/tajet/Volume06Issue10-06
https://doi.org/10.3390/app15020770
https://doi.org/10.1109/ICCCA66364.2025.11325710


International Journal of Science, Strategic Management and Technology 
Volume 02 Issue 03 March-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8 

An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases 

 
© Author(s). This work is peer-reviewed, openly published, and permanently archived 
This article is openly accessible and reusable with proper attribution.     
https://ijsmt.org/ , Email: editor@ijsmt.org                                                                                                                                                                                             10 

 

Jaelani, I., Harsanto, B., Azis, Y., Sari, D., & Kaltum, U. (2025). Cold chain logistics challenges on sustainability: A 

systematic review. Sustainable Futures, 10, 101559. https://doi.org/10.1016/j.sftr.2025.101559 

Jerinrechal, S., & Vinoline, I. A. (2026). Sustainable inventory model for temperature-dependent deteriorating products 

under condition monitoring. The Scientific Temper, 17(1), 5452–5456. 

https://doi.org/10.58414/SCIENTIFICTEMPER.2026.17.1.08 

Lan, S. (2025). Logistics demand forecasting for a logistics company based on a CNN-LSTM hybrid model. Theory 

and Practice of Science and Technology, 6(3), 213–218. https://doi.org/10.47297/taposatWSP2633-456940.20250603 

Li, H. (2024). Demand forecast of cold chain logistics of fresh agricultural products based on deep learning. In 2024 

International Conference on Industrial IoT, Big Data and Supply Chain (IIoTBDSC) (pp. 296–300). IEEE. 

https://doi.org/10.1109/IIoTBDSC64371.2024.00060 

Liu, R., & Vakharia, V. (2024). Optimizing supply chain management through BO-CNN-LSTM for demand forecasting 

and inventory management. Journal of Organizational and End User Computing (JOEUC), 36(1), 1–25. 

https://doi.org/10.4018/JOEUC.335591 

Makin, A. H., Abdullah, M. I., & Abbas Helmi, R. A. (2024). Demand prediction for perishable products using machine 

learning regression techniques: A narrative review. In 2024 IEEE International Conference on Agrosystem 

Engineering, Technology & Applications (AGRETA) (pp. 198–203). IEEE. 

https://doi.org/10.1109/AGRETA61912.2024.10948994 

Mandal, S., Babu, A. S., Dubey, R. K., M. S., & M. S. (2026). From infrastructure to insight: A systemic analysis of 

AI adoption barriers in supply chain forecasting. International Journal of Productivity and Performance Management. 

Advance online publication. https://doi.org/10.1108/IJPPM-05-2025-0345 

Muhtade, F. F. A. A. M. (2025). Enhancing e-commerce supply chains with time-series forecasting using long short-

term memory (LSTM) networks. PatternIQ Mining (PIQM), 2(1), 36–46. https://doi.org/10.70023/sahd/250204 

Mweshi, G. K., Kabamba, D., & Nguluwe, C. (2025). Just-in-time (JIT) inventory management in cold chains: A 

strategy for mitigating perishable goods waste. Archives of Business Research, 13(11), 1–12. 

https://doi.org/10.14738/abr.1311.19402 

Omer, R. I., Hassan, R., & Aziz, M. S. A. (2025). A review and comparative analysis of predictive models for supply 

chain demand forecasting. In 2025 10th International Conference on Information and Communication Technology for 

the Muslim World (ICT4M) (pp. 1–7). IEEE. https://doi.org/10.1109/ICT4M68001.2025.11363509 

Panforova, I. Y., & Hanzhyla, N. B. (2024). Research on neural network architectures for enhancing the accuracy of 

product demand forecasting. Management Information System and Devices, 1(183), 35–45. 

https://doi.org/10.30837/0135-1710.2024.183.035 

Pindi, M. (2025). Revolutionizing cold chain logistics: Leveraging IoT and AI for enhanced food safety and waste 

reduction. World Journal of Advanced Research and Reviews, 26(2), 1412–1424. 

https://doi.org/10.30574/wjarr.2025.26.2.1627 

Radhakrishnan, G., Gaikwad, P. P., Pimplapure, V., Mohammed, I. A., Todmal, A. D., & Vardhan Sanne, S. H. (2025). 

AI-based demand forecasting system for supply chain optimization. In 2025 Second International Conference on 

Intelligent Technologies for Sustainable Electric and Communications Systems (iTech SECOM) (pp. 1–7). IEEE. 

https://doi.org/10.1109/iTechSECOM64750.2025.11307472 

Ravichandran, L., Kavirathna, C., Asanka, D., & Abhilashani, K. (2024). Demand forecasting for perishable products 

using data mining techniques: Systematic review. In 2024 International Conference on Advances in Technology and 

Computing (ICATC) (pp. 1–6). IEEE. https://doi.org/10.1109/ICATC64549.2024.11025369 

Tulli, S. K. C. (2020). Comparative analysis of traditional and AI-based demand forecasting models. International 

Journal of Emerging Trends in Science and Technology, 7(06), 6933–6956. https://doi.org/10.18535/ijetst/v7i6.02 

Wang, B., & Zain, A. B. M. (2025). A hybrid XGBoost-LSTM framework for supply chain demand forecasting: 

Empirical evidence from retail multi-store data. Journal of Cultural Analysis and Social Change, 10(4), 4056–4073. 

https://doi.org/10.64753/jcasc.v10i4.3736 

Wang, B., & Zain, A. B. M. (2025). A hybrid XGBoost-LSTM framework for supply chain demand forecasting: 

Empirical evidence from retail multi-store data. Journal of Cultural Analysis and Social Change, 10(4), 4056–4073. 

https://doi.org/10.64753/jcasc.v10i4.3736 

https://ijsmt.org/
mailto:editor@ijsmt.org
https://doi.org/10.1016/j.sftr.2025.101559
https://doi.org/10.58414/SCIENTIFICTEMPER.2026.17.1.08
https://doi.org/10.47297/taposatWSP2633-456940.20250603
https://doi.org/10.1109/IIoTBDSC64371.2024.00060
https://doi.org/10.4018/JOEUC.335591
https://doi.org/10.1109/AGRETA61912.2024.10948994
https://doi.org/10.1108/IJPPM-05-2025-0345
https://doi.org/10.70023/sahd/250204
https://doi.org/10.14738/abr.1311.19402
https://doi.org/10.1109/ICT4M68001.2025.11363509
https://doi.org/10.30837/0135-1710.2024.183.035
https://doi.org/10.30574/wjarr.2025.26.2.1627
https://doi.org/10.1109/iTechSECOM64750.2025.11307472
https://doi.org/10.1109/ICATC64549.2024.11025369
https://doi.org/10.18535/ijetst/v7i6.02
https://doi.org/10.64753/jcasc.v10i4.3736
https://doi.org/10.64753/jcasc.v10i4.3736


International Journal of Science, Strategic Management and Technology 
Volume 02 Issue 03 March-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8 

An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases 

 
© Author(s). This work is peer-reviewed, openly published, and permanently archived 
This article is openly accessible and reusable with proper attribution.     
https://ijsmt.org/ , Email: editor@ijsmt.org                                                                                                                                                                                             11 

 

Wang, Z. (2024). Data-driven supply chain performance optimization through predictive analytics and machine 

learning. Applied and Computational Engineering, 118, 30–35. 

Yang, M.-F., Tsai, P.-F., Tu, M.-R., & Yuan, Y.-F. (2024). An EOQ model for temperature-sensitive deteriorating items 

in cold chain operations. Mathematics, 12(5), 775. https://doi.org/10.3390/math12050775 

Zhang, D. (2024). AI integration in supply chain and operations management: Enhancing efficiency and resilience. 

Applied and Computational Engineering, 90, 8–13. https://doi.org/10.54254/2755-2721/90/2024MELB0060 

 

https://ijsmt.org/
mailto:editor@ijsmt.org
https://doi.org/10.3390/math12050775
https://doi.org/10.54254/2755-2721/90/2024MELB0060

