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An Aspect-level Sentiment Classification Method Based on
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Abstract; Aspect-level sentiment classification is a fine—grained sentiment analysis task, which aims to identify aspect terms, opinion
items and their corresponding sentiment polarity in a sentence. Existing aspect—level sentiment classification methods are inadequate for
model construction, and it is difficult to effectively utilize the information of dependency relations in sentences, which leads to low classi-
fication accuracy. Based on this, we propose a relational interaction graph attention network ( RIGAT). Firstly, the model builds a
syntactic dependency tree based on the dependencies between words,and uses bi—directional gated recurrent unit ( Bi-GRU) to extract
sentence context features. Secondly, we integrate the two into the graph attention network and the relational—aware network for relational
interaction to learn the syntactic and semantic information between sentence. Finally, we combine the representation results of the
relationship and output the sentiment polarity ( positive, negative, or neutral) of the aspect word. Experimental results on four public
datasets show that the model fully excavates and utilizes the syntactic relationship information of the text in aspect-level sentiment classi-
fication tasks,and further improves the accuracy of sentiment classification.
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