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A Forecasting Framework for Category-Specific Demand Optimization
based on Exogenous Variable Integration and Time Series Summarization:
An Explainable Tree-based Methods Case Study on G525
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Abstract

Although Artificial Intelligence (AI) technologies have advanced considerably, demand forecasting in the retail
sector remains subject to substantial uncertainty due to the heterogeneity of product-level demand patterns and the
complexity of exogenous factors. This study proposes an optimized, cluster-specific forecasting framework by
quantifying demand variability using the Walmart M5 and real-world GS25 sales datasets. Time-series data are
summarized using the ADI and CV? metrics for clustering, after which, tree-based forecasting models are applied to
each cluster. The framework further incorporates time-series learning with a windowing structure, smoothing
techniques to reduce volatility, and feature selection via SHAP to simultaneously enhance predictive accuracy and
model interpretability. Experimental results demonstrate that the proposed method yields performance improvements for
certain clusters while maintaining stable performance for highly volatile clusters. These findings indicate that the
proposed framework is a practically deployable and explainable demand forecasting solution for retail operations.
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Flowchart of Research Logic Walmart M5 Process Flow

GS25 Process Flow
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Fig. 1. Research procedure and data analysis flow
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