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[ Abstract] There are a lot of junk texts in the massive information of online social platforms, which hinder the normal
social intercourse of people when they are widely spread. To addtess the problem, this paper proposes a junk text filtering
model. The model uses the BERT model to extract sentence/coding of the text. Then the feature of sentence coding is
constructed by using the B-Feature method,and the obtained feature is further constructed as a feature matrix based on the
relationship between the feature and the text. The feature matrix is processed by using a BP neural network classifier,and
junk texts are detected and filtered. Experimentaluresults show that the accuracy rate of the proposed model on text
datasets of long, medium,and short length is“respectively 7.8% ,3.8% and 11.7% higher than that of the TFIDF-BP
model, and the accuracy of the proposed model on text datasets of medium and short length is respectively 2. 1% and
13.7% higher than that of the naive Bayesamodel, which can effectively classify and filter junk texts.

[ Key words] BERT model; featufe ¢omstruction; BP neural network; junk text filtering; text classification; sentence
coding
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Fig.1 Framework of common used junk text
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Fig.2 Framework of the proposed junk’text filtering model
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Fig.3 Structure of BP neural network
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Fig.4 Framework of B-Feature-BP model
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Table 1 Partial text sentence coding obtained by BERT model
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