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Research on Emotional Analysis Model based on Association Rules

YANG Di, WEN Chengyu
(College of Communication Engineering, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; For varieties of non-standard format comments on the Internet, An emotional analysis model combined with as-
sociation rule is proposed to improve the emotional analysis accuracy of Internet commentsBased on the analysis of the e-
motional tendency of comments, it deeply explores all the related features of the comment objects, and fully considers
the effect of each word in the text on the overall emotional tendency. Firstly, a kind of dataset with clear comment object
is selected, and the candidate feature is obtained by traditional feature extraction method. Then, the association feature
of the comment object is mined by association rules, and finally uses SVM and NB algorithm to classify emotion. The ex-
perimental examination and comparative analysis of result suggest that this model can effectively improve the accuracy,
recall rate and F value of emotional classification of Internet comments.

Keywords : emotional analysis; data mining; association rules; SVM; NB



