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Aspect term extraction for restaurant reviews
LEI Ye
(School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] Aspect term extraction is a key task in aspect—based sentiment analysis, whose purpose is to extract key aspect terms
from online user reviews. This paper uses a new framework to address the aspect term extraction task by using it on real data. The
framework digs through two useful threads, namely the opinion summary and the aspect forecast history. The opinion summary is a
keyword extracted from the entire input statement, and the aspect prediction is based on each current tag, so the determined
summary can help the aspect prediction of the tag. Another clue is the history of aspect prediction, which is the extraction of key
words from previous aspect prediction in order to make better aspect prediction with coordinate structure and annotation pattern
constraints. This model is used to analyze the restaurant user reviews, and the final experimental results show that the research

achieves a good extraction result.
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Tab. 1 Sample of aspect terms
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Tab. 2 Data sets and training sets
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Tab. 4 Experimental result
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