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Aspect-level Sentiment Analysis Models Based on Syntax and Semantics

HUANG Zhiyong, LI Bicheng and WEI Wei

College of Computer Science and Technology, Huaqiao University, Xiamen, Fujian 361000, China
Abstract As more and more people express their opinions online, the prevalence of emotionally charged posts is gradually in-
creasing. The accumulation of negative emotions may lead to the loss of control over public opinion. Accurately identifying the
emotional polarity of posts can effectively analyze the current state of public opinion. Current aspect-level sentiment analysis has
not effectively integrated syntactic and semantic information, failing to simultaneously consider the complementarity of grammati-
cal structures and semantic relevance. Therefore.a model for aspect-level sentiment analysis that integrates syntax and semantics
(SS-GCN) is proposed,comprising syntax analysis module, semantics analysis module,and fusion module. Firstly, the text is in-
put to a pre-trained BERT model to obtain feature representations of syntactic relationships through the syntax analysis module.
Simultaneously, the semantics analysis module,enhanced by a neighborhood enhancement mechanism, captures feature representa-
tions of semantic relevance. Finally,both representations are input to the fusion module,where under the action of affine transfor-
mation, syntactic and semantic information are effectively interacted and integrated,achieving aspect-level sentiment analysis.
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Table 3 Ablation experimental results
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