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Comment Text Sentiment Analysis Based on Multi—feature Fusion

GONG An, FEI Fan
(School of Computer & Communication Engineering, China University of Petroleum, Qingdao 266580 ,China)

Abstract; The analysis on text emotional inclination has received much attention from natural language processing filed in recent years. In
order to solve the problem of grammatical irregularity and feature sparsity , we design an emotional classification approach based on multi
—feature fusion for text sentiment. At first,an improved method based on emotional rules is proposed. Then the effective information ex-
tracted from the ruled—based method is extended to a multidimensional vector and an effective integration feature set is obtained by adding
various rule—based features to the basic feature set after expanding and converting them. Finally , the information gain theory is used to se-
lect features as the input of SVM. Thus,a method via a combination of rule—based and machine learning method is realized. We use the

Chinese hotel reviews data set as the corpus for the experiment which shows that this method can make machine learning algorithm more
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full use of the rule features and it works better than simply using rule—based method or machine learning method.
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