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SENTIMENT CLASSIFICATION RESEARCH IN PRODUCT REVIEWS
BASED ON LDA AND SEMANTIC SIMILARITY
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2. School of Continuing Education, Jinggangshan University, Ji’an, Jiangxi 343009, China)

Abstract: A product reviews classification method based on LDA and semantic similarity is proposed, The

method firstly uses LDA to model the reviews corpus and get the review-topic matrix. Artificially, it selects k

positive and negative words and use “HowNet” semantic similarity to calculate the similarity of opinion content

words with each positive and negative words to get the polarity of opinion word. The weighted polarity sum of

words will be the polarity of the review. The experiment result shows, compared with SVM classification method

based on vector space text representation, the proposed method works better in classification index.
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Fig.1 Flow chart of product reviews classification method based on LDA and semantic similarity
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