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LI Ke-yue' ,CHEN Yi* and NIU Shao-zhang'
1 School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China

2 Mobile Big Data Center,Southeast Digital Economic Development Institute, Quzhou,Zhejiang 324000, China

Abstract With the rapid development of online shopping,a large amount of transaction data has been generated in online transac-
tion activities between online merchants and shoppers,which contain great analytical value. Aiming at the text classification pro-
blem of social e-commerce product texts,in order to more efficiently and accurately determine the category of products described
in the text,this paper proposes a social e-commerce text classification algorithm based on BERT model. The algorithm adopts the
BERT pre-trained language model to complete the feature vector representation of social eccommerce text on sentence-level, and
then inputs the obtained feature vectors into the targeted classifier for classification. In this paper,we use the social e-commerce
text data set for algorithm verification,and the results show that the F1 value of the trained model on the test set can reach up to
94. 61% ,which is 6% higher than the MRPC classification task based on the BERT model. Therefore, the social e-commerce text
classification algorithm proposed in this paper can more efficiently and accurately determine the type of goods described in the

text, which is helpful for further analysis of online transaction data and extraction of valuable information from massive data.
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Fig.4 Comparison of three groups of experimental results
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Fig.5 Comparison of three groups of experimental results
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