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Abstract Baed on the social connection between the comments in the social network, the authors propose a new

approach of semi-supervised sentiment classification, and provide a document-word and social connection bipartite

graph structure and apply to label propagation algorithm. Evaluation across three different domains shows that the

proposed approach performs better than that which only considers comment textual information.
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Fig. 3 Bipartite graph based on document-word and social network structure
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Table 2 Performance comparison of different approaches
on sentiment classification
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