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A Hybrid Splog Detection Method Based on the Collaboration
Architecture
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'Department of Information Management, Southern Taiwan University
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Abstract

With the technology advances and the popularity of Internet, people began to use the
Internet to create their own Web site, which started a blog rise, but also produce the "Splog",
use blog with feature of the easy to application and rapid release, a large number of copy
other articles Blog, misleading users to click, hope that through these "Splog" to earn
advertising fees. Splog not only affect the user in the search for the inconvenience, and even
led to some of the problems of information security. Currently there have been many in
foreign Splog detection methods, but because of the relationship between language features,
and these detection methods can't effectively prevent the increase and diffusion Splog. In this
paper proposes a new method and architecture, through the collaborative approach,
combining the power of user and network, thereby reducing computer the probability of false
positives, and effectively improve the detection accuracy and detection speed, this paper
hoping that can reduce the chances of users clicking by the Splog, thus reducing the
production of Splog .
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