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ABSTRACT

In the existing text sentiment analysis models, the entire text is usually directly modeled as a whole, and the hierarc
hical relationship between text contents is less considered. However, in the practice of sentiment analysis, many texts a
re mixed with multiple emotions. If the semantic modeling of the whole is directly performed, it may increase the diffi
culty of the sentiment analysis model to judge the sentiment, making the model difficult to apply to the classification
of mixed-sentiment sentences. Therefore, this paper proposes a sentiment analysis model BHGCN that considers the text
hierarchy. In this model, the output of hidden states of each layer of BERT is used as a node, and a directed connecti
on is made between the upper and lower layers to construct a graph network with a semantic hierarchy. The model no
t only pays attention to layer-by-layer semantics, but also pays attention to hierarchical relationships. Suitable for handli
ng mixed sentiment classification tasks. The comparative experimental results show that the BHGCN model exhibits ob
vious competitive advantages.
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