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Abstract; Social networking sites provide a convenient way for users to communicate with others and to present opin-
ions. Related researches on modeling and predicting user behaviors in social networking sites are of vital importance
for many applications in the domains of security and business. The aim of this paper is to predict user comment behav-
ior based on postings in social networking sites. A feature-based machine learning approach is employed, which in-
cludes features from the postings, content, user behaviors and social relations, and introduces a parameter to control
the imbalanceness of the dataset. Real-world datasets from Douban Group were used in the experiments. The experi-
mental results showed that the user behavior and social relation features and the imbalance processing technique effec-
tively improved the prediction performance of user comment behaviors. This further demonstrates that the user com-
ment behavior is largely affected by their behavior history and social network.
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