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Abstract

Web spams use many kind of techniques to achieve more traffic from search engines. A web specialist can
identify a webspam from websites but it's a distant idea to identify all webspams from a huge number of
websites. We propose a method which can semi-automatically detect webspams by applying machine learn-
ing techniques. Our method uses similarity of websites to detect webspams. Similarities are determined by
KNN, SVM and SVM-KNN. Experimental results on WEBSPAM-UK2007 datasets [1] show that we can
efficiently identify webspams.
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