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Identifying the credibility of information — A case study of
Facebook

Abstract

With the rapid development of virtual community which has become one of the main
pipeline that users receive information. In recent years, the content farm community has
appeared in the virtual community, and released many true and false messages, therefore
make users unable to identify the messages.

This study proposes a model titled "ldentifying the credibility of information”. And
collecting data from the content farm of Facebook fan page as the experimental data.
According to the literature, the features which be proposed by previous study and the new
features are the features of this study, and using the method of information gain selected out
important features, then put them into three kinds of classifiers in modeling. The results
showed that the F-measure classification of decision tree is more than 80%, and added the
new features which be proposed by this study also have significant effect.

Keywords: Content Farm, Information Gain, Decision tree, Support Vector Machines,
Na'ive-Bayes classifier
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