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Syntactic enhanced multi—channel aspect-based emotion analysis model
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[ Abstract] As a fine—grained task in emotion analysis, aspect level sentiment analysis ( ABSA) aims to analyze the emotional
polarity of a given aspect in a specific context. Most of the currently widely used methods are based on deep neural networks
(DNNs) to extract semantic or syntactic information, however there are shortcomings in modeling the relation between the aspects
and its opinion words accurately. In order to solve the above problems, a multi—channel aspect-Ilevel sentiment analysis model
combined with syntactic enhancement is proposed. The model uses the dependency syntax tree to model specific aspects of the
sentence and its opinion words. At the same time, the word co—occurrence method is used to construct the word co—occurrence
graph, and the graph convolutional neural networks( GCN) is used to extract the graph features. At the same time, Bi—-GRU, which
is good at capturing the full-text features of the text context, is used to extract the semantic features of the sentence. Finally, the
features are fused for sentiment classification. Experimental results on three classical data sets show the effectiveness of the proposed
model.
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Fig. 1 Syntactic enhanced multi—channel aspect—based emotion analysis model
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Tab. 2 Sentiment classification results
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