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Sentiment Analysis of Commodity News Based on the BERT-BIiLSTM—-ATT Model

LIU Biaoliang, GU Xiaoyan
(School of Computer Science , Beijing Information Science and Technology University , Beijing 102200, China )

Abstract: To achieve sentiment analysis of commodity news, this article proposes an sentiment analysis method based on the complete sen-
tence segmentation BERT-BiLSTM~ATT model to address the issues of traditional methods that lack contextual semantic relationships and ig-
nore important information in text, as well as the difficulty of BERT in handling long texts. Firstly, the news text is divided into multiple parts
according to the segmentation mode of the complete sentence, and then the BERT model is used to obtain the feature representation of the com-
modity news text, and then the obtained text features are pooled and input to BiLSTM to extract the emotional features of the news, add the at-
tention layer before the output of BiLSTM to improve the classification accuracy, and finally use the Softmax classifier to classify the extracted
features.The experimental results show that the F1 index is increased by 5.4%, 3.4% and 2.2% compared with BERT-LSTM, BERT-BILSTM
and BERT-BIiLSTM-ATT, respectively, which proves the effectiveness of the proposed method in sentiment analysis.
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Fig.1 The sentiment analysis process of BERT-BILSTM—-ATT based
on complete sentence segmentation
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Fig. 2 Structure of the BERT model based on complete sentence segmentation
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Fig. 3 Structure of the BILSTM model
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Table 3 Comparison experimental results of pre—trained models

R3 FUIGER LR ER (%)
Model Acc Recall F1
Word2vec 73.3 70.3 73.0
GloVe 75.6 72.1 75.3
BERT 77.1 74.8 77.2
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Table 4 Experimental results of the comparison model

F4 WHEBLBER

Model Acc/%  Recall/%  ¥1/% Time/min
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