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Abstract

Aiming at the prediction of user online shopping behavior, this paper studies the filling of user on-
line shopping behavior data by using random forest method. Firstly, through data analysis, the
missing distribution, missing quantity and the dependence of missing data in the data set are ana-

SCEG|H: EE, BB T RN ROWAT B R TR ). N DR RE S AL AR, 2022, 11(1):
19-26. DOI: 10.12677/airr.2022.111003


http://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2022.111003
https://doi.org/10.12677/airr.2022.111003
http://www.hanspub.org

I,

L

B3

lyzed. Combined with the methods of paired deletion and object deletion, the simple missing data
are processed, and then the data set is reconstructed to fill the missing data based on the random
forest method. Finally, different algorithms are used to build user online shopping behavior pre-
diction models, and the prediction effects of the data sets before and after filling are compared
under these models, which proves the effectiveness and universality of the random forest method
in filling the missing data of user online shopping behavior.
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Figure 1. Diagram of missing distribution about data set
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Figure 2. Diagram of missing feature quantity statistics
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Figure 3. Existence correlation of missing features
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Figure 4. Comparison of prediction effects of various algorithms before and after filling
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