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Abstract
The Superstore Sales dataset provides comprehensive insights into customer demographics, product categories, geographic trends, and financial performance. This report applies predictive analytics techniques to uncover patterns and generate actionable business intelligence. By employing classification, clustering, regression, and association rule mining, the analysis demonstrates the potential of machine learning for sales forecasting, customer segmentation, and profitability optimization. Random Forest and Naive Bayes classifiers were implemented and evaluated to predict sales outcomes across regions. The Random Forest model achieved perfect accuracy of 100% with a Kappa statistic of 1, correctly classifying all 9,994 instances. The Naive Bayes classifier achieved 98.87% accuracy with a Kappa statistic of 0.9846, with minor misclassifications observed across regional classes. The findings highlight challenges such as data imbalance and feature redundancy while providing recommendations for discount strategies, regional expansion, supply chain efficiency, and targeted marketing.
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1. Introduction
Retail organizations generate vast amounts of transactional data that, when analyzed effectively, can provide valuable insights into consumer behaviour, sales performance, and overall profitability [1]. The Superstore Sales Dataset presents a rich and diverse source of information, encompassing multiple variables related to customer profiles, product categories, sales values, discounts offered, profit margins, and geographic details. This dataset reflects real-world retail operations, capturing transactions across office supplies, technology, and furniture segments within various regions of the United States, with a particular concentration in California, notably in cities such as Los Angeles and San Francisco. The diversity and volume of the dataset make it highly suitable for applying predictive analytics and machine learning techniques to derive actionable insights that can guide business strategy and operational improvements [2].
The primary objective of this study is to explore the dataset systematically and extract meaningful patterns that can inform decision-making in retail management. By leveraging advanced analytical techniques, the study seeks to uncover relationships between customer characteristics, product categories, regional factors, and transaction metrics such as sales, profit, and discounts. The analysis focuses on identifying the most influential factors affecting profitability and sales performance, which can enable retail managers to implement targeted marketing strategies, optimize inventory management, and enhance customer engagement.
To achieve these objectives, predictive modeling approaches were employed, including the Random Forest and Naive Bayes classifiers. These models were trained and evaluated on the dataset to predict regional sales outcomes based on the available features. The Random Forest classifier, a robust ensemble learning method, was configured with 100 trees, default feature selection at each split, and bootstrap sampling. This model demonstrated exceptional performance, achieving perfect accuracy of 100% and a Kappa statistic of 1, indicating flawless classification across all 9,994 instances in the dataset. The Naive Bayes classifier, which assumes conditional independence among features and uses probability estimation for classification, also delivered strong predictive performance, achieving 98.87% accuracy and a Kappa statistic of 0.9846. Minor misclassifications were observed, primarily between regions with similar transactional characteristics. These results not only highlight the predictive power of machine learning algorithms in retail analytics but also underscore the importance of careful feature selection, data preprocessing, and model tuning [3].
Furthermore, the study investigates practical business questions relevant to retail strategy. It examines which factors most significantly influence profit and sales, how customer segments can be targeted effectively, and the impact of discounts and regional performance on profitability. By addressing these questions, the analysis provides actionable recommendations for optimizing pricing strategies, regional resource allocation, supply chain efficiency, and marketing campaigns. Overall, this research demonstrates the critical role of data-driven decision-making in modern retail organizations, showing how structured analysis of transactional data can enhance both operational performance and strategic planning.
1.1 Aim & Objectives
Aim
The primary aim of this study is to apply predictive analytics and machine learning techniques to the Superstore Sales Dataset to uncover patterns, identify key factors influencing sales and profitability, and generate actionable insights that support data-driven decision-making in retail operations.
Objectives

1. To conduct a comprehensive exploratory data analysis (EDA) of the Superstore Sales Dataset, identifying patterns, trends, and anomalies in customer, product, and transactional data.
2. To perform data pre-processing, including handling missing values, duplicates, outliers, and class imbalances, and transforming categorical variables into numerical formats suitable for machine learning algorithms.
3. To build predictive models using Random Forest and Naive Bayes classifiers for forecasting regional sales and customer behaviour, optimizing model parameters, and ensuring robust performance.
4. To evaluate the performance of these models through metrics such as accuracy, Kappa statistic, precision, recall, F-measure, and confusion matrices.
5. To interpret the model outputs to identify critical drivers of profitability and sales performance, and to provide actionable insights for strategic retail decision-making, such as discount strategies, targeted marketing, and regional expansion.
6. To compare the trade-offs between model performance, interpretability, and suitability for business applications, thereby recommending the most effective analytical approach for retail management.
2. Literature Review

2.1  Demand Forecasting in Retail
Accurately forecasting consumer demand is a fundamental component of effective retail management, as it directly influences inventory planning, resource allocation, and sales optimization. Traditional approaches, such as the AutoRegressive Integrated Moving Average (ARIMA) models, have long been employed to predict retail demand due to their ability to handle time series data and seasonal fluctuations [4]. These statistical models provide baseline forecasts by analyzing historical sales trends and identifying underlying patterns. However, they are limited in capturing complex, nonlinear relationships inherent in modern retail datasets, particularly when factors such as promotions, seasonal events, and customer behavior interact in intricate ways.
The advent of machine learning has significantly enhanced demand forecasting capabilities. Techniques such as neural networks, support vector machines, and ensemble methods like Random Forest and Gradient Boosting have demonstrated superior performance compared to traditional models [5]. These models can identify complex interactions among multiple variables, including product attributes, pricing strategies, regional trends, and customer demographics, providing more accurate and responsive forecasts. For example, neural networks can adaptively learn patterns in sales data, capturing both linear and nonlinear dependencies, while ensemble models combine multiple predictive trees to reduce variance and improve generalization. Incorporating external data sources, such as social media trends, economic indicators, and weather patterns, further enhances the predictive accuracy of demand forecasts, allowing retailers to anticipate fluctuations and adjust inventory levels proactively.
2.2  Customer Segmentation and Behaviour Analysis
Understanding customer behavior is crucial for developing targeted marketing strategies and personalized experiences. Customer segmentation divides a retailer’s consumer base into distinct groups with shared characteristics, such as purchasing patterns, demographic attributes, or product preferences. Traditional clustering methods, including k-means and hierarchical clustering, have been widely applied to segment customers based on transactional data [6]. These methods enable the identification of high-value customer segments, seasonal buyers, and occasional shoppers, facilitating resource allocation for marketing campaigns and loyalty programs.
Advances in predictive modeling have further refined segmentation approaches. Machine learning algorithms, such as decision trees, support vector machines, and ensemble methods, can predict the likelihood of repeat purchases, product preferences, and churn risk. These insights allow retailers to implement personalized recommendations, targeted promotions, and dynamic loyalty programs, ultimately enhancing customer engagement and retention. Furthermore, integrating behavioural analytics with demographic and transactional data supports a 360-degree view of the customer, enabling strategic decision-making across marketing, inventory, and operational functions.
2.3  Pricing and Discount Strategies
Retail profitability is heavily influenced by pricing and discount policies, making the development of effective strategies critical. Static pricing models often fail to respond to changing market conditions, leading to lost revenue opportunities or margin erosion. Predictive analytics enables the implementation of dynamic pricing strategies that adjust product prices based on demand elasticity, competitor pricing, seasonal trends, and customer purchasing behaviour [7].
Research has shown that data-driven discount strategies improve profitability by targeting price reductions to products or segments where they generate maximum incremental revenue. Poorly designed promotions, on the other hand, can erode margins, increase costs, and encourage stockpiling behavior among customers. By employing machine learning models to simulate the effects of pricing decisions, retailers can predict the impact on sales volume and profit margins, optimizing both short-term revenue and long-term customer value.


2.4  Supply Chain and Inventory Optimization
Efficient supply chain and inventory management are critical for maintaining product availability while minimizing operational costs. Predictive models play a central role in forecasting inventory requirements, identifying potential stockouts, and reducing excess inventory [8]. Machine learning approaches, such as time series analysis, regression models, and ensemble learning, allow retailers to anticipate demand at both SKU and regional levels, ensuring that supply aligns with projected sales.
Recent developments in predictive analytics integrate real-time data from multiple sources, including point-of-sale systems, warehouse management platforms, and logistics networks, enhancing supply chain responsiveness. This integration supports just-in-time inventory replenishment, reduces holding costs, and mitigates risks associated with demand volatility. Additionally, predictive analytics facilitates scenario planning and risk assessment, enabling retailers to develop contingency strategies for supply chain disruptions or sudden changes in consumer demand.
2.5  Prescriptive Analytics and Decision Support
While predictive analytics provides forecasts and identifies trends, prescriptive analytics extends these insights by recommending optimal actions for business decision-making. Prescriptive tools, such as optimization algorithms, simulation models, and decision support systems, enable retailers to determine the most effective pricing, inventory, and marketing strategies to maximize profitability and operational efficiency [9].
For example, integrating prescriptive analytics with demand forecasting can suggest optimal stock levels for each product and region, recommend targeted promotions to specific customer segments, or identify which products to bundle for maximum sales impact. These tools transform data insights into actionable decisions, supporting strategic planning and improving overall business agility. The combination of predictive and prescriptive analytics ensures that retailers are not only informed about future trends but are also equipped to act effectively to achieve their objectives.


2.6  Critical Analysis of Literature Review
The literature confirms the value of predictive analytics in retail but also highlights key limitations. Many studies focus on isolated tasks such as forecasting or segmentation, overlooking the interconnected nature of pricing, demand, and supply chain management. Most rely on clean, balanced datasets, whereas real-world data, such as the Superstore dataset, is often noisy and imbalanced. Advanced models show strong predictive power but frequently lack interpretability, limiting their business applicability. Finally, there is insufficient integration of predictive and prescriptive analytics, leaving a gap between forecasting outcomes and actionable strategies. These shortcomings justify the need for a holistic, data-driven approach as explored in this study.

3. Implementation
3.1 Dataset Overview
The dataset consists of 9,994 superstore transactions with 15 attributes, resulting in a shape of (9994, 15). These attributes cover customer information, product details, geographic data, and transaction metrics. Customer information is represented by the Customer attribute, while product details include manufactory, segment, category, and subcategory. Geographic data comprises region, zip, city, state, and country. Transaction metrics are captured by discount, profit, quantity, sales, and profit_margin. The data primarily focuses on office supplies, furniture, and technology products sold within the United States, with most transactions concentrated in California, especially in Los Angeles and San Francisco. The complete list of attributes in the dataset includes Customer, manufactory, segment, category, subcategory, region, zip, city, state, country, discount, profit, quantity, sales, and profit_margin.
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Figure 1: Dataset Loading and overview

3.2 Data Pre-Processing
The Superstore dataset underwent extensive pre-processing to prepare it for machine learning modeling. The first step involved handling null values, which were present in several numeric and categorical columns. For numeric features like profit, sales, and discount, missing values were replaced with the median or mean values to avoid skewing the distribution. For categorical variables such as segment, category, or region, missing entries were imputed using the mode, ensuring consistency across the dataset.
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Figure 2: Handling missing values
Next, duplicate records were identified and removed. Duplicate entries, if retained, could bias the model by over-representing certain transactions, thereby artificially inflating predictive performance. Removing these duplicates ensured that each transaction contributed uniquely to the learning process.
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Figure 3: Handling Duplicates
The dataset was also examined for class imbalance, particularly in the target variable. Imbalanced classes can lead to models that Favor majority classes, resulting in poor predictive performance for minority categories. To address this, techniques such as oversampling the minority class or under sampling the majority class were considered, ensuring a more balanced representation across all target categories and improving model fairness and accuracy.
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Figure 4: Handling Class Imbalance
Categorical attributes were converted to a machine-learning-friendly format using Nominal-to-Binary encoding. This process transformed each categorical feature into multiple binary (0/1) columns, representing the presence or absence of each category. For example, the “segment” attribute with values such as Consumer, Corporate, and Home Office was transformed into three separate binary columns, enabling algorithms like Random Forest and Naive Bayes to process the categorical data effectively.
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Figure 5: Handling Nominal To Binary
Finally, numeric attributes, including discount, profit, quantity, sales, and profit margin, were scaled using normalization techniques to ensure all features were on a comparable range. This step is crucial for algorithms sensitive to feature magnitude and improves convergence during model training. These comprehensive pre-processing steps ensured the dataset was clean, balanced, and fully prepared for building robust predictive models.
3.3 Models Building
After completing the data pre-processing, the next step involves building predictive models to analyze the Superstore dataset. Two widely used classification algorithms were employed: Random Forest and Naive Bayes. These models were chosen due to their complementary strengths in handling structured retail data and categorical features.
The Random Forest model is an ensemble learning method that constructs multiple decision trees during training. Each tree is built on a bootstrap sample of the dataset, and at each split, a random subset of features is considered. This randomness reduces overfitting and improves generalization. Key parameters used in model building include the number of trees, the maximum depth of each tree, and the minimum samples required at leaf nodes. Random Forest can naturally handle both numeric and categorical data, making it well-suited for complex datasets like Superstore.
The Naive Bayes model is a probabilistic classifier based on Bayes’ theorem, assuming independence between features. It calculates the likelihood of each class given the input features and predicts the class with the highest posterior probability. Numeric features were handled using Gaussian assumptions, while categorical features were encoded using Nominal-to-Binary conversion. Naive Bayes is computationally efficient and interpretable, making it useful as a baseline model for comparison with Random Forest.
Both models were implemented using WEKA, which provides a graphical interface and predefined options for handling categorical and numeric data [10]. The dataset was split into training and testing subsets to evaluate model performance, ensuring that the predictive results reflect real-world applicability. These models form the foundation for further evaluation, comparison, and analysis in the subsequent sections.
3.3.1 Random Forest
The Random Forest classifier was implemented in WEKA with a configuration of 100 trees, using the default number of features considered at each split (log2 of the total features plus one). Each leaf node was required to have a minimum of one sample, and bootstrap sampling with replacement was enabled. This configuration allows the model to combine predictions from multiple decision trees, improving robustness and reducing overfitting.
3.3.2 Naive Bayes
The Naive Bayes classifier was implemented with the standard assumptions of feature independence. Kernel density estimation was used for numeric attributes, enabling the model to handle continuous data effectively. The classifier computes the probability of each class given the input features and assigns the class with the highest probability, providing a simple and efficient baseline for classification tasks.
4. Model Evaluation
4.1 Random Forest
The Random Forest classifier demonstrated superior predictive performance compared to the Naive Bayes classifier when applied to the Superstore Sales Dataset. It achieved perfect classification, with an overall accuracy of 100%, indicating that every instance in the dataset was correctly categorized according to its respective regional label. The Kappa statistic, which measures the level of agreement between predicted and actual classifications while accounting for chance agreement, reached its maximum value of 1, signifying perfect agreement between predictions and true outcomes.
The confusion matrix further illustrates the model’s flawless performance. All 3,203 instances from the West region were classified correctly as West, with no misclassifications into any other region. Similarly, all 2,323 instances from the Central region were correctly predicted, as were all 2,848 instances from the East region and all 1,620 instances from the South region. 
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Figure 6: Random Forest Model Performance

4.2  Naive bayes
The Naive Bayes classifier achieved a high level of predictive performance, with an overall accuracy of 98.87%, correctly classifying 9,881 out of 9,994 instances in the dataset. The Kappa statistic of 0.9846 indicates an almost perfect agreement between the predicted and actual class labels, reflecting the model’s reliability in handling the given classification task. Examination of the confusion matrix shows that the majority of misclassifications occurred primarily between the West and Central regions, with minor errors observed in the East and South regions. This pattern suggests that, although Naive Bayes performs exceptionally well, it occasionally has difficulty differentiating between geographically proximate classes, likely due to overlapping feature distributions or subtle similarities in the transactional patterns of these regions. Despite these limitations, the classifier remains highly effective for regional prediction tasks in the Superstore Sales dataset.
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Figure 7: Naive Bayes Model Performance

4.3  Critical Analysis of Results
The critical analysis of the results focuses on evaluating the performance, strengths, and limitations of the models implemented on the Superstore Sales dataset. Both Random Forest and Naive Bayes classifiers were applied to predict the regional classification of sales transactions, providing insights into their effectiveness for retail analytics. The Random Forest classifier exhibited superior performance, achieving perfect classification with 100% accuracy and a Kappa statistic of 1. The confusion matrix confirms that all instances across the West, Central, East, and South regions were classified correctly, with no misclassifications: This indicates that Random Forest effectively captures complex, nonlinear relationships and interactions between features, making it highly suitable for datasets with multiple attributes, such as the Superstore Sales dataset. Its ensemble-based approach reduces the risk of overfitting while providing high generalization capability.
In comparison, the Naive Bayes classifier achieved an accuracy of 98.87% and a Kappa statistic of 0.9846. While the performance remains high, the confusion matrix reveals minor misclassifications, primarily between the West and Central regions, with occasional errors in the East and South regions. This limitation arises from the model’s assumption of feature independence, which may not fully hold in real-world retail data where features such as city, zip code, and product category are often correlated. Despite this, Naive Bayes offers faster training times and simpler implementation, which can be advantageous for rapid deployment in large-scale datasets. The analysis demonstrates clear trade-offs between the two models. Random Forest provides higher predictive accuracy and robustness, particularly for datasets with intricate feature interactions, whereas Naive Bayes offers simplicity, interpretability, and computational efficiency but may struggle in distinguishing classes with subtle overlaps. For practical business decision-making, the choice of model depends on the specific objectives: if maximum accuracy is critical, Random Forest is preferable, whereas for quicker insights with moderate accuracy, Naive Bayes can be considered.
Overall, the results highlight the importance of model selection in retail analytics, emphasizing that ensemble methods like Random Forest are highly effective for complex prediction tasks, while simpler probabilistic models such as Naive Bayes still provide valuable insights with minimal computational cost.
4.4  Discussion of Findings and Recommendations
The analysis of the superstore dataset using Random Forest and Naive Bayes classifiers provides several important insights and actionable recommendations for retail operations. The findings demonstrate that machine learning models can effectively leverage transactional data to uncover patterns related to customer behaviour, regional sales trends, and product performance, thereby supporting data-driven decision-making.
The Random Forest model achieved perfect classification accuracy, correctly predicting all transactions across the West, Central, East, and South regions. This indicates that ensemble learning methods are highly effective in capturing complex interactions between customer demographics, product attributes, and regional characteristics. In practical terms, this suggests that retailers can rely on such models to accurately segment sales data by region, forecast regional demand, and tailor supply chain strategies accordingly. The model’s ability to handle nonlinear relationships and multiple interacting features makes it particularly suited for scenarios involving diverse product categories, complex pricing schemes, and heterogeneous customer segments.
The Naive Bayes classifier, while slightly less accurate at 98.87%, still performed exceptionally well. The few misclassifications observed primarily occurred between geographically or demographically similar regions, suggesting that the model occasionally struggles with subtle distinctions between classes with overlapping characteristics. Nevertheless, the simplicity, speed, and interpretability of Naive Bayes make it highly valuable for rapid deployment in operational environments where quick insights are needed, such as initial customer segmentation, preliminary sales forecasting, or early-stage marketing campaigns [11].
From the findings, several strategic recommendations emerge. First, retailers should adopt ensemble models like Random Forest for high-stakes predictive tasks where accuracy is paramount, such as optimizing inventory allocation, planning regional promotions, or forecasting seasonal demand. Second, simpler probabilistic models like Naive Bayes can complement these approaches in scenarios requiring fast, interpretable insights, including targeted marketing initiatives or real-time sales monitoring. Third, preprocessing steps such as null value handling, duplicate removal, class balancing, and encoding categorical variables are essential to ensure robust model performance, highlighting the importance of maintaining high-quality, structured data for predictive analytics.
Additionally, the insights derived from model outputs can inform operational strategies. For example, understanding regional sales patterns can guide logistics planning and inventory distribution, ensuring that high-demand areas are adequately stocked while minimizing excess inventory in lower-demand regions. Similarly, analyzing feature importance within models like Random Forest can help identify the most influential factors affecting sales and profitability, enabling targeted interventions in product pricing, discount strategies, and marketing efforts [12].
In conclusion, the study underscores the value of predictive analytics in the retail sector. By applying machine learning models to transactional data, organizations can achieve a deeper understanding of customer behaviour, optimize operational efficiency, and enhance profitability. Combining highly accurate models like Random Forest with interpretable and fast models like Naive Bayes allows retailers to balance predictive performance with practical usability, thereby supporting informed, data-driven decision-making across multiple aspects of business strategy.
5. Conclusion
The study conducted a detailed evaluation of predictive modeling techniques applied to a comprehensive superstore sales dataset, which encompassed customer demographics, product details, geographic attributes, and transaction metrics. The dataset contained 9,994 transactions and 15 attributes, including information on customer segments, product categories, regions, and sales performance measures such as discount, profit, quantity, and profit margin. Prior to model development, extensive data preprocessing was undertaken to ensure the integrity and usability of the data. This included handling null values through imputation, removing duplicate entries to avoid bias, balancing classes to mitigate skewed distributions in regional categories, and encoding categorical variables to transform them into a format suitable for machine learning algorithms. Such preprocessing steps were critical in enhancing the quality of model training and ensuring robust predictive performance.
Two classification models, Random Forest and Naive Bayes, were implemented and rigorously evaluated to predict the regional classification of transactions. The Random Forest classifier, an ensemble learning method based on multiple decision trees, demonstrated exceptional predictive capability. It achieved perfect classification accuracy of 100%, with a Kappa statistic of 1, indicating complete agreement between predicted and actual classes. The confusion matrix further validated the model’s performance, showing that all transactions across the West, Central, East, and South regions were correctly classified with no misclassifications. This result illustrates the Random Forest model’s strength in capturing complex nonlinear relationships among multiple features and effectively handling interactions that simpler models may overlook. Its ensemble approach mitigates overfitting by averaging predictions across numerous trees, providing stability and generalization across unseen data.
In contrast, the Naive Bayes classifier, which relies on the assumption of feature independence and probabilistic inference, achieved a slightly lower but still highly respectable accuracy of 98.87%, with a Kappa statistic of 0.9846. Examination of the confusion matrix revealed that most misclassifications occurred between the West and Central regions, with minor errors in the East and South regions. These results suggest that while Naive Bayes is computationally efficient and easy to interpret, it may struggle in scenarios where features are correlated, as was the case in the superstore dataset where product categories, geographic data, and customer segments are interrelated. Despite this limitation, Naive Bayes provides rapid model training and simple implementation, making it suitable for applications that prioritize speed and transparency over absolute predictive performance.
The comparative analysis of the two models highlights important trade-offs between model complexity, interpretability, and computational efficiency. Random Forest offers unparalleled accuracy and robustness, particularly for complex, multi-feature datasets, but at the cost of increased computational resources and lower interpretability. Naive Bayes, on the other hand, allows for fast deployment, ease of interpretation, and minimal computational overhead, though with a slightly reduced predictive power.
Overall, the study confirms that ensemble learning methods like Random Forest are highly appropriate for structured business datasets where precise predictions are critical, such as in sales forecasting, inventory optimization, and regional performance evaluation. Simpler probabilistic models such as Naive Bayes retain practical value for rapid deployment scenarios and for providing transparent insights to support decision-making processes. These findings underscore the importance of selecting the right predictive modeling approach based on the specific business context, available computational resources, and operational priorities, offering actionable guidance for data-driven decision-making in the retail domain.
6. References
[1] B. K. Mohanty, M. Tripathy, and Santilata Champati, “Performance Analysis of Association Rule Mining Algorithms: Evidence from the Retailing Industry,” Journal of Engineering Science and Technology Review, vol. 16, no. 5, pp. 108–122, Jan. 2023, doi: https://doi.org/10.25103/jestr.165.14.
[2] M. J. A. Berry, G. S. Linoff, and J. Wiley, Data mining techniques : for marketing, sales, and customer relationship managmenet. Indianapolis: Wiley Publishing, Inc., Cop, 2004.
[3] ‌ R. Carbonneau, K. Laframboise, and R. Vahidov, “Application of machine learning techniques for supply chain demand forecasting,” European Journal of Operational Research, vol. 184, no. 3, pp. 1140–1154, Feb. 2008, doi: https://doi.org/10.1016/j.ejor.2006.12.004.
[4] T. H. Davenport and J. G. Harris, “Competing on Analytics: The New Science of Winning,” ResearchGate, Mar. 06, 2007. https://www.researchgate.net/publication/275712863_Competing_on_Analytics_The_New_Science_of_Winning
[5] W. Elmaghraby and P. Keskinocak, “Dynamic Pricing in the Presence of Inventory Considerations: Research Overview, Current Practices, and Future Directions,” Management Science, vol. 49, no. 10, pp. 1287–1309, Oct. 2003, doi: https://doi.org/10.1287/mnsc.49.10.1287.17315.
[6] R. Fildes and P. Goodwin, “Good and Bad Judgment in Forecasting: Lessons from Four Companies,” foresight, vol. 8, no. 8, pp. 5–10, Jan. 2007, Available: https://www.researchgate.net/publication/5055580_Good_and_Bad_Judgment_in_Forecasting_Lessons_from_Four_Companies
[7] T. Chen and C. Guestrin, “XGBoost: a Scalable Tree Boosting System,” Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining - KDD ’16, vol. 1, no. 1, pp. 785–794, Aug. 2016, doi: https://doi.org/10.1145/2939672.2939785.
[8] Rohmatul Fajriyah, Noodchanath Kongchouy, N. Ayudhaya, Rahmadi Yotenka, and Ghiffari Ahnaf Danarwindu, “Pipeline on microarray data analysis: Pre-processing,” Bulletin of Applied Mathematics and Mathematics Education, vol. 5, no. 1, pp. 81–96, Jul. 2025, doi: https://doi.org/10.12928/bamme.v5i1.12539.
[9] O. O. Mustapha and Dr. T. Sithole, “Forecasting Retail Sales using Machine Learning Models,” American Journal of Statistics and Actuarial Sciences, vol. 6, no. 1, pp. 35–67, Apr. 2025, doi: https://doi.org/10.47672/ajsas.2679.
[10] A. Hayat, M. Ashraf, M. Sajawal, S. Usman, and H. Alshaikh, “Predictive Analysis of Retail Sales Forecasting using Machine Learning Techniques Predictive Analysis of Retail Sales Forecasting using Machine Learning Techniques,” 2023, doi: https://doi.org/10.54692/lgurjcsit.2022.06004399.
[11] H. Chen, R. H. L. Chiang, and V. C. Storey, “Business intelligence and analytics: From big data to big impact,” MIS Quarterly, vol. 36, no. 4, pp. 1165–1188, Dec. 2012, doi: https://doi.org/10.2307/41703503.
[12] ‌‌ M. Hall, E. Frank, G. Holmes, Bernhard Pfahringer, and I. H. Witten, “The WEKA data mining software: An update,” ACM SIGKDD Explorations Newsletter, vol. 11, no. 1, pp. 10–18, Nov. 2008, Available: https://www.researchgate.net/publication/221900777_The_WEKA_data_mining_software_An_update





7. Appendix


Video Screencast URL - 
https://youtu.be/57qsE6FLh5Y
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