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Abstract

Based on the shipment data of a large domestic manufacturing enterprise to distributors from Sep-
tember 1, 2015 to December 20, 2018, this article explores the context of intensified global supply
chain uncertainties and accelerated digital transformation. Enterprise demand forecasting faces
challenges such as the integration of multi-source heterogeneous data, nonlinear fluctuations (such
as the “bullwhip effect” triggered by the epidemic), and cross-granularity decision-making collabo-
ration. This paper compares the prediction performance of XGBoost, LightGBM and Random Forest
(RF) models at three time granularities: month, week and day. The research finds that the model
accuracy systematically decays with the increase of the prediction frequency. Based on this, the ne-
cessity of constructing a multi-granularity joint optimization framework is proposed to achieve the
balance of accuracy and resource allocation at different decision-making levels.
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Figure 1. Outlier handling flowchart
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Figure 2. Analysis of price and demand elasticity
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Figure 3. Product category Pareto chart
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Figure 4. Product subcategory Pareto chart
4. FEaRAEIAREE

3.23. FRAEESRANTIF X R
1 PR RIS H YRR N S BRI, B0 KR b T SRR IR BN . K3 306 HIHE 407

DOI: 10.12677/sa.2025.145139 217 gt 58N H


https://doi.org/10.12677/sa.2025.145139

HERNE, BR—Ig

402 Rk, FiRmbm: Mok 303 BEEZAMIE(410. 401, 406, 411), (HEATFREBK, B
NEA] T R A AT AL
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Figure S. Graph of demand changes during holidays and weekends
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