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Abstract This paper focuses on Task 1 (opinionated sentence identification) and Task 2 (polarity determination)
in NLP&CC 2012. By using microblogs concerning social news from sina as training data, based on Support
Vector Machine and Nawe Bayes, a classifier ensemble approach is proposed to classify microblogs into
subjective class and objective class and determine the polarity of opinionated sentence. Experimental results show
that ensemble classifier outperforms single classifier. The F scores of Task 1 and Task 2 are 0.767 and 0.759 when
test on evaluation data.
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Table 1 Feature set for opinionated sentence identification
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Table 2 Task 1 evaluation results
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Table 3 Task 2 evaluation results
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