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An Approach to Sentiment Analysis of Chinese Microblogs Based on

Gaussian Mixture Distribution Pseudo-sample Generation
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Abstract ; Since informal words and expressions are widely used in miscroblogs, sentiment analysis of the
microblogs is a difficult scientific problem, especially with the data in imbalanced sentiment distribution.
GWCRF ( Gaussian Mixture Distribution Word2vee CRF) , a method based on pseudo-sample generation
technique and Conditional Random Field ( CRF) for sentiment analysis of microblogs in imbalance distri-
bution is presented. In the proposed method, firstly, the Gaussian Mixture Distribution is leveraged to
generate pseudo-samples, which can increase the samples of minor classes for balancing the train data
sets. Secondly, Word2vec technology is leveraged to enrich the microblog message and overcome the
problem that sentiment lexicon is not large enough. Moveover, the CRF model is proposed to apply in the
above balanced and extended train data sets. Experimental results on the microblog data demonstrate that
this method outperforms the state-of-art methods in sentiment analysis of the microblog data sets with im-
balanced sentiment distribution.
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Fig.1 Graphical representation of Linear-Chain CRF
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Fig. 2 Workflow of Chinese microblog sentiment analysis
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Tab.1 The details of the best feature combination
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Tab.3 The experimental results of CRF approach
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Tab.6 The experimental results of GWCRF approach
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