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[bookmark: _Toc241499037]Executive Summary 

Demand forecasting is a critical component of logistics and supply chain management, enabling organizations to make informed decisions regarding inventory, capacity, resource allocation, and customer service. This report evaluates the effectiveness of two forecasting approaches, the Holt-Winters Exponential Smoothing model and an Artificial Neural Network (ANN), using MATLAB and a common historical demand dataset containing over 1,000 weekly demand observations. The models were assessed using Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE) to determine their suitability for logistics and supply chain applications. 
Initial analysis of the dataset identified a long-term upward demand trend, annual seasonality, and a recurring six-week promotional cycle. These demand characteristics presented challenges for forecasting models that rely on fixed assumptions about seasonal behavior. Both models were developed using the same 80/20 training and testing split to ensure a fair comparison. The Holt-Winters model utilized a multiplicative seasonal structure, while the ANN model used lagged demand observations and seasonal inputs to learn demand patterns directly from historical data. 
The results demonstrated a substantial difference in forecasting accuracy. The ANN significantly outperformed the Holt-Winters model across all evaluation measures, achieving a MAPE of 1.96% and an RMSE of 474.7, compared with 124.93% and 25,492.8 respectively for Holt-Winters. The superior performance of the ANN can be attributed to its ability to capture trend, seasonality, and shorter cyclical demand fluctuations simultaneously, whereas Holt-Winters struggled to represent the six-week promotional cycle identified within the dataset. 
Based on these findings, the ANN model is recommended as the preferred forecasting approach. Although it requires greater technical expertise, its significantly higher forecasting accuracy provides considerable benefits for capacity planning, inventory management, resource utilization, and customer service performance. Furthermore, the ANN can be retrained using current business data, enabling organizations to adapt forecasts as demand patterns evolve and business conditions change.  
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[bookmark: _Toc241499038]1. Introduction

Demand forecasting plays a critical role in logistics and supply chain management. It helps to provide organizations and businesses with the information necessary to make informed operational and strategic decisions. Accurate forecasting can enable businesses to optimize their inventory levels, allocate resources efficiently, plan ahead and help to maintain high customer service satisfaction levels. Whereas, businesses that operate with inaccurate forecasting can see results in shortages, increased operating costs and reduced customer satisfaction levels (Chopra & Meindl, 2019).
Traditional forecasting methods such as Holt-Winters Exponential Smoothing have been widely used due to their simplicity and ability to model trend and seasonality (Hyndman and Athanasopoulos,2021). However, recent advances in Artificial Intelligence (AI) have introduced more sophisticated forecasting methods such as Artificial Neural Networks (ANNs), which are capable of learning more complex relationships and patterns within historical data (Zhang et al.,1998).
For the purpose of this assignment, we compared the two models using MATLAB. Both models are applied to the same historical demand dataset to evaluate forecasting performance using measures that include Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). The findings are then used to assess the suitability of each forecasting approach for logistic and supply chain operations (Hyndman and Koehler, 2006).
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The dataset consisted of over 1000 weekly demand observations collected across a twenty-year period. An initial review of the data showed several patterns that are important for forecasting, such as demand increasing overtime showing an overall upward trend. Seasonal changes were also visible, with demand regularly rising and falling at similar times each year. In addition, promotional activities took place every six weeks, creating short-term fluctuations in demand (Hyndman and Athanasopoulos,2021).
These findings suggest that an effective forecasting model needs to be capable of representing trend, seasonality and demand variations brough on by any promotional activities. In a logistics environment, understanding patterns and demand is essential to operational efficiency. Poor forecasting can result in excess costs, inefficient transport scheduling, inventory shortages, warehouse congestion and reduced service levels (Christopher, 2022).
[bookmark: _Toc241499040]3. Model Development
[bookmark: _Toc241499041]3.1 Holt-Winters Exponential Smoothing Model

The Holt-Winters model was implemented and tested in MATLAB to evaluate its effectiveness. The dataset was split with 80% of the observations used for training and remaining 20% reserved for testing. This approach ensured that future demand data was not used during model training, providing a realistic assessment of forecast performance. 
Using the first two years of historical data, a period of 52 weeks were used to represent annual demand patterns. The smoothing parameters were set at a = 0.5 B = 0.10 and y = 0.8, controlling how quickly the model responded to changes in demand level, trend and seasonality. The model then generated forecasts to the test phase by projecting the trend forward and applying the appropriate factors (Hyndman and Athanasopoulos,2021).
One of the main advantages that can be seen of the Holt-Winters method is it’s simplicity and transparency, making it easy to understand how trends influence the forecast. However, the model assumes that seasonal patterns remain relatively consistent over time and the model may be less effective when demand pattern changes significantly (Hyndman and Athanasopoulos,2021).
Forecasting models should be regularly updated as businesses evolve. Historical data may not fully reflect changes such as new customers, internation expansion or new product lines. By incorporating current data and reviewing forecast performance on an ongoing basis, organizations can improve their forecast accuracy and make informed decisions regarding inventory, capacity planning and resource allocation (Chopra & Meindl, 2019).

[bookmark: _Toc241499042]3.2 Artificial Neural Network Model (ANNs)

The Artificial Neural Network Model (ANNs) was also implemented and tested in MATLAB using the fitrnet regression function. The same 80/20 data set split was also used to ensure a fair comparison with Holt-Winters.
The ANN model used the previous 12 weeks of demand data to help predict future demand. It also included two additional variables to represent the time of year, creating a total of 14 variables for each forecast. The neural network was set up in MATLAB using one hidden layer with 20 neurons, and the input data was standardized to improve model performance. Training the model took approximately 0.96 seconds, showing that it required little processing time despite being more advanced than Holt-Winters method.
Unlike the Holt-Winters model, which relies on predefined trends and seasonal patterns, the ANN learned patterns directly from the historical demand data which allowed the model to identify more complex relationships within the data and adapt more easily to changes in demand patterns (Zhang et al.,1998).
Although the ANN model requires greater technical expertise, it’s ability to learn new data makes it particularly suitable for dynamic business environments. As organizations grow, enter new markets or experience changes in customer behaviors, historical forecasting models may become less representative of future demands, whereas ANNs have the ability to learn, adapt and change if regularly trained (Bishop,2006).

[bookmark: _Toc241499043]4. Model Evaluation

Forecast performance were assessed using four widely recognized forecasting accuracy measures: Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE) (Hyndman and Koehler, 2006). The results shown below are taken from MATLAB:
	Measure
	Holt-Winters
	ANN

	MAE
	22,670.00
	354.3

	MSE
	649,882,352.40
	225,341.80

	RMSE
	25,492.80
	474.7

	MAPE
	124.93%
	1.96%




The ANN significantly outperformed the Holt-Winters model across every accuracy metric. The most notable difference can be seen in MAPE, where ANN achieved an error rate of 1.96% compared to 124.93% for Holt-Winters. Similarly, RMSE was reduced from 25,492.8 to 474.7. These results indicate that ANN forecasts closely followed actual demand patterns, whereas Holt-Winters struggled to accurately represent demand behavior throughout the testing period.
The results showed that a larger neural network does not automatically produce better forecasts. The network with twenty neurons performed best and achieved the lowest RMSE. When the number of neurons increased, forecasting errors became larger, which indicates overfitting. Overfitting occurs when a model learns the training data too closely, including random fluctuations in demand. When a model becomes too focused on past data and is less able to accurately predict new demand patterns (Bishop,2006).

[bookmark: _Toc241499044]5. Comparative Analysis

The substantial difference in forecast accuracy can largely be explained by the characteristics of the demand data. Holt-Winters operates under the assumption that demand can be represented using a fixed annual seasonal pattern and linear tread. While this model is suitable for stable and predictable demand environments, this modelling structure cannot effectively capture multiple overlapping cycles (Hyndman and Athanasopoulos,2021).
The case study specifically identifies promotional activity operating on a six-week cycle, as Holt-Winters only accounts for a single 52-week seasonal pattern, it is unable to model this shorter recurring cycle effectively. This limitation in the model contributed to significantly higher forecasting errors which were observed during testing (Hyndman and Athanasopoulos,2021).
The ANN model achieved better forecasting performance because it learned directly from historical demand data rather than relying on predefined assumptions about trend and seasonality. By using data from the previous 12 weeks as inputs, the model was able to identify multiple demand patterns at the same time, including annual seasonal trends, short-term fluctuations and recurring cyclical variations. This flexibility allowed the ANN to adapt more effectively to the underlying characteristics of the dataset, resulting in more accurate forecasts than the Holt-Winters model.
Although the Holt-Winters model is easier to understand and implement, as it requires less technical knowledge, the ANN model offers greater forecasting capability. While the ANN requires additional model design and parameter tuning, the training time was less than one second, demonstrating that computational demands are relatively low. As a result, the ANN could be implemented in a business environment without significant resource constraints. Furthermore, the model can be regularly retrained using the latest business data, enabling forecasts to adapt to changes such as new customers, new products or expansion into export markets. This ability to continuously learn from current data makes the ANN a valuable tool in any dynamic business environment (Carbonneau et al.,2008).
[bookmark: _Toc241499045]6. Logistics and Supply Chain Implications

Forecast accuracy has significant implications for logistics and supply chain performance, as many operational and strategic decisions are based on anticipated future demand. Accurate forecasts enable organizations to align resources more effectively with customer requirements, reducing uncertainty and improving decision-making across the supply chain. When forecasts closely reflect actual demand, businesses are better positioned to manage costs, improve efficiency, and maintain high levels of customer service. 
One area that benefits greatly from accurate forecasting is capacity planning. Reliable forecasts provide organizations with greater confidence when determining future warehouse capacity, resource allocations, equipment needs, and transport resources. This allows managers to prepare for expected increases or decreases in demand and avoid making decisions based on inaccurate assumptions. The superior forecasting performance achieved by the ANN model suggests that it could help reduce the risk of both overcapacity and operational bottlenecks. As a result, organizations can make more informed long-term investment decisions while ensuring that sufficient operational capacity is in place to meet customer demand.
Inventory management is also heavily dependent on forecast quality. Poor forecasts can result in stock shortages, leading to lost sales and dissatisfied customers, or excessive inventory levels, which increase storage, handling, and holding costs. By providing more accurate demand predictions, the ANN model can support better inventory replenishment decisions and improve stock control throughout the supply chain. This enables organizations to maintain appropriate inventory levels, reduce unnecessary working capital tied up in stock, and improve product availability for customers. 
Improved forecast accuracy can also enhance resource allocation across the business. When future demand is predicted more accurately, managers are better able to schedule, allocate vehicles, plan warehouse activities, and coordinate production output. Effective resource planning helps organizations avoid unnecessary overtime costs, reduce idle time and improve the overall efficiency of operations. This not only contributes to cost savings but also ensures that resources are available when and where they are needed most.
Furthermore, accurate forecasting supports higher service levels and greater supply chain responsiveness. Enhanced visibility of future demand allows organizations to take proactive action before changes occur rather than reacting once problems arise. This can improve order fulfilment performance, minimize delays, and ensure that customers receive products when required. In increasingly competitive markets, the ability to respond quickly to changes in demand can provide a significant operational advantage and strengthen customer relationships. 
The results of this study also suggest that the ANN model may be particularly valuable in dynamic business environments where demand patterns change over time. As organizations gain new customers, introduce new products, or expand into new domestic or export markets, historical demand patterns may become less representative of future requirements. Because ANN models can be retrained using the latest operational data, they can continuously adapt to changing business conditions and evolving customer behavior. This ability to incorporate current information further enhances forecasting accuracy and supports more effective logistics and supply chain decision-making.   
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This study evaluated and compared two demand forecasting techniques, the Holt-Winters Exponential Smoothing model and an Artificial Neural Network (ANN), using the same historical demand dataset and a consistent testing methodology. Applying both models to the same data enabled a fair comparison of forecasting performance and highlighted the strengths and limitations of each approach. The results demonstrated clear differences in accuracy, complexity, and suitability for logistics and supply chain applications. 
The Holt-Winters model provided a straightforward and transparent forecasting approach. Its relatively simple structure made it easy to implement, interpret, and explain, while also requiring minimal computational resources. However, the model was less effective at capturing the range of demand patterns present within the dataset. Although it was able to account for long-term trend and annual seasonality, its reliance on a fixed seasonal structure limited its ability to respond to shorter cyclical fluctuations and more complex variations in demand. As a result, forecast errors remained significantly higher than those achieved by the ANN model. 
In comparison, the ANN model delivered substantially stronger forecasting performance. The model achieved a MAPE of 1.96% and an RMSE of 474.7, indicating a much higher level of forecasting accuracy. By learning directly from historical demand data rather than relying on predefined assumptions, the ANN was able to identify relationships between trend, seasonal influences, and shorter-term cyclical demand patterns. This flexibility enabled the model to generate forecasts that more closely reflected actual demand behavior and demonstrated its ability to handle the complexity of real-world logistics data. 
Based on the quantitative results obtained and the operational requirements of logistics and supply chain planning, the Artificial Neural Network is recommended as the preferred forecasting approach. While the ANN requires greater technical knowledge and model configuration than Holt-Winters, these additional requirements are outweighed by the significant improvement in forecast accuracy. More accurate demand forecasts can support better decision-making across a range of business functions, including capacity planning, inventory management, workforce scheduling, transport planning, and customer service operations. 
Furthermore, the ANN approach is particularly well suited to modern business environments where demand patterns are continually evolving. As organizations gain new customers, introduce additional product lines, or expand into new domestic and international markets, historical demand patterns may become less representative of future requirements. Unlike traditional forecasting methods that rely on fixed assumptions, ANN models can be retrained using current operational data, allowing forecasts to evolve alongside the business. This ability to adapt to changing conditions helps ensure that planning decisions remain based on the most relevant and up-to-date information available. 
Overall, the findings suggest that the ANN model provides the most effective solution for supporting demand forecasting within logistics and supply chain operations. Its superior accuracy, flexibility, and ability to incorporate new data make it a valuable tool for organizations seeking to improve planning performance, utilize resources more efficiently, and maintain high levels of customer service in an increasingly dynamic and competitive marketplace.   
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