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Hot Topics Detection of Web Public Opinion Based on Field-weighted Clustering Algorithm
Lu Wei, Liu Yi, Meng Rui, Chen Yingjie / The Center for the Studies of Information Resources of Wuhan University, Wuhan, 430072

Abstract: The rescarch of information organization shows great significance when dealing with large amount of unordered web public opinion information. In this
paper, we introduce a new organization method for web public opinion. We highlight the subject by weighting text fields which are more effective to express the theme,
and then deal with unsupervised clustering. By analyzing public opinion information, we realize the purpose of topic detection. In this method, the F-measure is more than

85%, which shows the effectiveness of letting clusters represent themes.
Keywords: Web public opinion, Field-weighted, Hot topics detection, Clustering algorithm
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