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An Aspect-level Sentiment Analysis Method with Location Features
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Abstract ; Aspect-level sentiment analysis is one of the important research tasks in the field of sentiment analysis,aiming at calculating the
sentiment polarity of various aspect words in the text. The existing aspect—level sentiment analysis methods usually input the whole
sentence directly into complex neural networks. Although this kind of method can effectively capture the dependency between words, it
ignores the implicit location features between aspect words and its contexts. Therefore, we propose an aspect-level sentiment analysis
method with location features. The aspect words and their contexts are divided into context based on aspect word interval and context
based on word distance , respectively,and the expression of word vectors is completed by two fine—tuned BERT models. Two kinds of
word vectors are sent into the multi—head attention mechanism, and their text features are calculated. Average pooling is used to fuse
semantic information, and the emotional polarity classification of aspect words is completed at the output level. Experiments on
SemEval2014 Task4 data set and Twitter data set show that the proposed aspect—level sentiment analysis method with location features
can make full use of the location features between the contexts of aspect words,and effectively improve the accuracy and FI-Measure.
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