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Abstract

Accurately predicting sales volume and supply chain throughput in e-commerce scenarios is of
great practical significance for optimizing cold-chain allocation, improving distribution efficiency,
and reducing inventory and turnover costs. Based on an open-source Taobao e-commerce dataset,
this study breaks through the limitations of traditional sales forecasting by incorporating users’
online behaviors (clicks, add-to-cart, favorites) into the forecasting framework. It is found that the
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VAR model effectively reveals the dynamic transmission mechanism across all levels in the traffic
conversion process, while the Transformer model accurately captures nonlinear demand shocks
caused by livestreaming e-commerce or major promotion campaigns. Their combination improves
the accuracy of short-term order volume prediction, providing a data-driven decision paradigm for
omni-channel inventory allocation and front warehouse operations of e-commerce commodities.
Verification shows that the VAR model effectively captures the dynamic linkage between variables,
whereas the Transformer model performs better in nonlinear fitting, and the two models are com-
plementary. The results indicate that shopping carnivals such as Double 12 effectively promote the
positive development of the e-commerce market. Relevant enterprises and authorities should make
advance arrangements to cope with logistics peaks during promotions. This study provides a light-
weight and implementable solution for demand and sales forecasting for e-commerce platforms and
logistics enterprises, and also offers data support for collaborative decision-making in the e-com-
merce supply chain.
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Figure 2. Trend chart of total daily and hourly user behaviors
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Figure 3. Sales estimation results of time series model (VAR)
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Figure 4. Sales forecast result graph of the transformer model
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