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Abstract

Because of the anonymity, loose constraints,
and low entry costs associated with Internet
auctions, fraudsters can easily set up Internet
auction scams. In Taiwan, the auction fraud also
caused high losses. This paper uses experimental
data gathered from Yahoo! Auction Web site in
Taiwan, and designs four similarity indicators to
evaluate the transaction behavior similarity
between whole accounts based on social network
analysis concepts. Also, this study uses
Classification approach to construct abnormal
accounts predict models that focus on the type of
failure to ship. The testing results based on 5-fold
average show the best recall rate of abnormal
reached 75.01%. So this methodology can
achieve superior classification performance.

Keywords: Social Network Analysis,
Mining, Internet Auction Fraud Detection.
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