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Review of Comment-oriented Aspect-based Sentiment Analysis
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Abstract Comment-oriented aspect-level sentiment analysis is one of the key issues in text analysis. With the rapid development
of social media,the number of online comments has exploded. More and more people are willing to express their attitudes and
emotions on the Internet,but the style and quality of online comments are uneven. How to extract the user’s perspective accu-
rately has become a difficulty. At the same time, users also pay more attention to some fine-grained information when browsing
comments,and performing aspect-level sentiment analysis on comments can help users make decisions better. This paper first in-
troduces the related concepts and problem descriptions of aspect-level sentiment analysis,and then introduces the research status
of aspect-level sentiment analysis at home and abroad in recent years from aspects of aspect extraction and aspect-based sentiment
analysis. The corpus and sentiment dictionary resources related to the aspect-level sentiment analysis task are shared,and finally

the challenges faced by the aspect-level sentiment analysis and the possible future research directions are analyzed.
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