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Abstract: To solve the problem that some current sentiment analysis models unilaterally rely on textual semantic features and
neglect syntactic structural features, a sentiment classification method based on structural-semantic fusion was proposed. The
method fused syntactic structural information with semantic information to comprehensively extract text features. The BERT
(Bidirectional Encoder Representation from Transformers) model was introduced into the TreeLSTM ( Tree-structured
bidirectional LSTM) network structure. Then the data enhancement of the vector representation obtained by BERT was

performed by utilizing the SimCSE (Simple Contrastive Learning of Sentence Embeddings) model’s self-supervised training.
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Finally the structural semantic feature fusion was realized on the constructed TreeLSTM network by means of node encoding.,

and was analyzed in a multi-group comparison with the baseline model. The experimental results show that on the SST

(Stanford Sentiment Tree-bank) dataset released by Stanford University, the structural-semantic fusion-based sentiment

classification method obtains higher accuracy compared to the classical tree-structured sentiment classification model, with an

accuracy rate of 96.79% in the binary classification task. The proposed method can comprehensively and effectively extract the

features of the comment text and enhance the vector representation of the text, which is important for text processing in the

field of natural language processing.
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