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Abstract A Subjectivity extraction and polarity classification method is presented based on the fusion of maximum entropy
classifier and support vector machine classifier in this paper. A sentiment lexicon containing basic sentiment words and network
catchwords is constructed, and k-means and undirected graph are employed to optimize the training and testing set. Feature vector
are extracted considering the specification of micro blog text. Opinion sentences are split up into short sentences in which sentiment
features were extracted by rules, then the polarity of short sentences was predicted by maximum entropy model in combination with
support vector machine classifier, finally polarities of opinion sentences are predicted according to polarities of short sentences. The
micro F-score of this method is 0.741, ranking at the 4th among 34 participants in the polarity detection task of sentiment anaysis
evaluation of Chinese micro blog, 2012 CCF, which shows that classifier fusion is effective for polarity classification and adapt to
text noise.
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Fig.1 The flow chart of building sentiment lexicon
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Table 1 The main process of preprocessing step for micro blog text
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Table 2 Feature set for opinion sentences
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Table 3 Additional feature set for polarity classification of opinion sentences
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Fig.2 The flow chart of polarity classification for opinion sentences
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Fig.3 Subjectivity classifier assists with polarity detection
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Table 4 Results of subjectivity extraction
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Table 5 Results of polarity classification for subjectivity
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