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Online Behavior Log Data User Portrait Method Based on Model Stacking
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Physics, Shandong University of Science and Technology, Qingdao, Shandong 266590, China)

Abstract: It is significant to know how to fully tap and analyze users’ personal information contained in their online
behavior log data. After the investigation into the importance of online behavior log data, this paper proposed a on-
line behavior log data user portrait method based on model stacking. In this method, user feature set was firstly con-
structed through feature selection and feature extraction. and then multiple single classifiers were combined by using
stacking technology to construct user portrait model. This paper conducted user portrait based on campus network
log behavior data in dimensions of gender, grade, and age. The experiment results has proved the effectiveness of
the proposed method.
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