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Abstract A lexical sentiment membership based feature representation was presented for Chinese polarity
classification under the framework of fuzzy set theory. To this end, the TF-IDF weighted words are first used to
construct the corresponding positive and negative polarity membership for each feature word. Then, the log-ratio of
each membership is computed. Finally, a support vector machines based polarity classifier is built with the
membership log-ratios as its features. Furthermore, the classifier is evaluated over different datasets, including a
corpus of reviews on automobile products, the NLPCC2014 data for sentiment classification evaluation and the
IMDB film comments. The experimental results show that the proposed sentiment membership feature
representation outperforms the state of the art feature representations such as the Boolean features, the frequent-
based features and the word embeddings based features.
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Table 2 Results of polarity classification over car reviews %
Ik Acc Ppos R, F, Preg Ruce Frce
RNNLM + Naive Bayes 73.52 77.55 68.84 72.94 70.10 78.56 74.09
Bool + SVM (unicgram) 030 g0 73 7948 7698 si3s o
Bool + SVM (bigram) 79.30 82.38 76.38 79.27 76.44 82.43 79.32
Bool + SVM (trigram) 78.99 82.16 75.96 78.94 76.08 82.25 79.05
Paragraph Vector+SVM(100) w20 $3 18 w8 7563 ST A 95
Paragraph Vector+SVM (200) 79.34 83.12 75.46 79.10 75.98 83.51 79.57
Paragraph Vector+SVM (300) 79.81 82.99 76.80 79.77 76.90 83.06 79.86
NBSVM (unigram) 077 s 75 s mm 8423 085
NB-SVM (bigram) 81.51 85.56 77.38 81.27 77.94 85.95 81.75
NB-SVM (trigram) 81.29 86.23 76.05 80.82 77.14 86.94 81.75
CPumy b SVM@ED) 8125 $13 o807 gls7 7938 w5 092
Fuzzy + SVM (unigram) 81.12 83.97 78.56 81.18 78.43 83.87 81.06
Fuzzy + SVM (bigram) 81.46 85.35 77.55 81.26 78.01 85.68 81.67
Fuzzy + SVM (trigram) 81.68 86.62 76.47 81.23 77.52 87.30 82.12
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