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User profile method based on ensemble learning framework
CHEN Qiaohong , LING Mingjie, SUN Qi, JIA Yubo
(School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Aiming at the problem of poor feature construction effect and insufficient generalization
ability of existing algorithms, a user profile method based on ensemble learning is proposed. This method
divides the whole architecture into ensemble learning module and semantic coding module, and adds the
voting mechanism to decision-making. In ensemble learning module, two-layer stacking is employed to
construct features and integrate models. Semantic encoding module applies BERT model to encode texts
and extract deep semantic information. Then, the output results of the two modules are voted to get the
final result. The experimental results show that compared with the method based on the single mode, the
classification accuracy of this method in the user gender, age and education increases by 1. 27%, 3. 52%
and 3. 42% respectively on average on user query word dataset. The classification accuracy of user gender,
age and education increases by 5 61%, 6. 49% and 5 96% respectively on average on microblog user
dataset. This shows that the proposed method has a good effect on user profile and has a good adaptability
to different forms of texts.
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