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Abstract The rational clustering analysis of user reviews in social business is beneficial to providing accurate service or
recommendation information. This paper proposed a user reviews clustering method based on topic analysis. According
to the mutual information intensity of topic words in user reviews and the similarity between topic words.the weight of
topic words is calculated,and the topic vector of user reviews is constructed. On this basis.an adaptive canopy—+kmeans
clustering algorithm based on user comment similarity to automatically select the initial threshold of canopy clustering
algorithm is proposed,which is used to cluster and analyze the subject vector. On Amazon’s review data, the results
show that the proposed method makes full use of the weight of different topic words in the user’s reviews and improves

the disadvantage of the K-means clustering algorithm easily falling into the local optimal. Compared with the traditional

LDA -+ K-means algorithm,the proposed method can achieve better results.
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