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Text Topic Mining Based on Sentiment Classification

CHEN Guoliang, TANG Wanmei
(College of Computer and Information Science, Chongqing Normal University, Chongqing 401331, China)

Abstract: There exist a great number of comments about E-commerce on the Internet that contains personal emotions, which not on-

ly reflect product customer satisfaction, but also the market trends. With the thematic terms contained in these comments, this pa-

per proposes an approach of combining text classification and thematic terms mining, which first classify the sentiment words by u-

sing support vector machines, then extract thematic terms from the comments dealed by LDA model. The test results with real-

world datasets indicate the proposed approach of this paper is with great effectiveness that can better classify the text and dig out the

thematic terms more accuralely.

Key words: thematic terms; sentiment classification; LDA model
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