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Sentiment analysis of commodity reviews based on deep learning
ZHANG Yu, WU Jing

( School of Computer Science & Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: In the research of sentiment analysis of commodity reviews, it is usually used to classify commodity reviews into
sentiment to dig out users’ interests and hobbies. The traditional sentiment analysis model is not comprehensive enough when
extracting semantic features, and can not accurately and comprehensively obtain the information contained in commodity reviews,
which makes the accuracy of sentiment classification low. This paper proposes a deep learning based product comment sentiment
analysis (BERT-CNN-BiLSTM-Attention ). Firstly, BERT model is used to express the word vectors to obtain the feature word
vectors of commodity reviews. Secondly, the local feature information in commodity reviews is obtained through CNN and the
contextual semantic feature information in commodity reviews is obtained through BiLSTM, and the two features obtained are
integrated. Finally, the fused feature information is input into the attention mechanism, and more weight is given to the important
feature information to complete the emotion classification task. Compared with other traditional emotion analysis models, the
experimental results show that the BCBA model proposed in this paper can effectively improve the accuracy of emotion classification.
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Fig. 1 BCBA emotion analysis flow chart
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Table 2 Experimental results of each model
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