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Abstract

E-commerce sales forecasting is critical for inventory management and marketing decision-making.
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However, traditional machine learning models are often regarded as “black boxes” and lack quan-
tification of prediction uncertainty, which limits their practical application. This study investigates
the integration of explainable machine learning with uncertainty quantification for e-commerce
sales forecasting, using the number of transactions as the research subject. The research combines
time series analysis, machine learning, SHAP explainability methods, and Bootstrap uncertainty
quantification techniques. First, descriptive analysis and stationarity tests were conducted to clar-
ify the temporal characteristics of sales. Subsequently, a Lasso regression model was constructed
for forecasting, and the SHAP method was employed to interpret feature contributions and predic-
tion logic. Finally, confidence intervals for predictions were constructed via Bootstrap sampling,
and error distribution was analyzed to quantify uncertainty. Results show that the Lasso regression
achieved a significantly lower RMSE (4974) on the test set compared to benchmark models, demon-
strating both predictive accuracy and interpretability. SHAP analysis clearly revealed that “trans-
action amount” and “historical sales fluctuations” are the core driving features. The uncertainty
quantification based on confidence intervals effectively identified high-risk periods during major
promotions, providing e-commerce decision-making with predictive support that combines insight
with risk awareness.
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Figure 1. Research technology roadmap
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Figure 3. Rolling statistics analysis chart
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Figure 4. Items sold and sales volume trends
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Figure 5. Time series trends of core e-commerce metrics
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Figure 6. Heatmap of correlations among e-commerce metrics
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Figure 7. Bar chart of the correlation between various indicators and the number of items sold
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Figure 9. Lasso regression predictions
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Figure 11. RMSE comparison of machine learning models
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Figure 12. Feature importance analysis chart of Lasso regression model
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Figure 13. Sales forecast for the next 30 days with uncertainty estimation and detailed view of confidence intervals for future
predictions
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Figure 14. Distribution of prediction errors
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Figure 15. Forecasts of different prediction methods
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Figure 16. Comparison of forecasts between Lasso model and ensemble model
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