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Semi-Supervised Sentiment Classification Based on Sentiment Feature Clustering
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Abstract  Sentiment classification for text is an important aspect of opinion mining. This paper
proposes a semi-supervised sentiment classification method based on sentiment feature clustering. The
method only requires a small number of labeled training data instances. Firstly, the method extracts
common text features and sentiment features. Common text features can be used to train the first
sentiment classifier. Then the spectral clustering-based algorithm is employed to map sentiment
features into extended features. The extended features and common text features are combined
together to form the second sentiment classifier. The two classifiers select instances from the
unlabeled dataset into the training dataset to train the final sentiment classifier. Experimental results
show that the proposed method can reach higher sentiment classification accuracy than both the self-

learning SVM-based method and the co-training SVM-based method.

Key words semi-supervised learning; sentiment feature clustering; sentiment classification; opinion

mining; Web mining; data mining
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Fig. 1 A framework of semi-supervised sentiment

classification based on sentiment feature clustering.
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T NERIF IR B R S TP RE AT AL

Table 1 Dataset

*1 BEE
Positive Negative
Data ) Sentence # Source
Review # Review #
phone 1000 1000 28811 Amazon
laptop 1000 1000 14814 Amazon
hotel 1000 1000 18694 Tripadvisor
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co-training SVM J5 i B9 4y X HEBH I8 L 2 T sell-
learning SVM 77 & 15 21 i) A 8 5 5 08 4 . (B 2R
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Fig. 2 Experimental results on the phone dataset.
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Fig. 3 Experimental results on the laptop dataset.
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training SVM JiE A8 B 6 e B 0 #E0E . AR TH &
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learning SVM 5 B B4,

bR A SCHR g2 e O SR IO 20
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85y K7 L EL L

85

. 81

7

Accuracy /g,

737

69

65

100 200 300 400
Training Instance Number

-4 - self-Learning Method
—&— Proposed Method

-2} co-Training Method

Fig. 4 Experimental results on the hotel dataset,
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