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The Spam Detection Model for Web Forums using Text Mining Techniques

Jiyoung Woo
ABSTRACT

The spam in the discussion web forum causes user inconvenience and lowers the value of the web forum as the open source of user
opinion. The importance of postings is evaluated in terms of the number of involved authors, so the spam distorts the analysis result by
adding the unnecessary data in the opinion analysis. We propose the automatic detection model of spam postings in the web forum. We
extract text features of posting contents using text mining techniques from the perspective of linguistics and then perform supervised
learning to recognize spam from normal postings. Significant features are derived through the learning process and the automatic
detection model is built based on those features. To build the automatic detection model of normal postings and spam, four evaluators
are asked to recognize the spam posting in prior. We adopted the Naive Bayesian, Support Vector Machine (SVM), decision tree,
which are known to perform well in data and text mining tasks. We can extract the text features to recognize the spam and detect
automatically the newly posted spam. We apply the proposed model to the YahooFinace-Walmart forum, which is the world largest
Walmart-related web forum.

Key Words : Web forum, Social media, Spam, Posting quality, Text mining
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Table 3. The detection performance after feature selection
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