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Abstract

This paper clarifies the three important factors that affect the sales volume of commodities, con-
structs the gray correlation model and the gray forecast GM(1,1) model, and uses big data analysis
technology according to the historical sales data of a certain product to accurately predict the
sales volume of the product. It can effectively solve the current problems that most new retail
companies focus on.
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Figure 1. Flow chart of big data solving target skc
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Figure 2. Flow chart of solving target subcategories of big data
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Figure 3. Weekly sales flow chart for solving skc with big data
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