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In the area of network/computer security, novel data mining techniques such as anomaly detection have recently

been recognized to be very important for cyber thereat analysis, network monitoring, open mission critical system

realization, etc. They are complementary to conventional signature/policy-based approaches to the security issues,

and are expected to lead a significant step toward realization of security intelligence. This paper surveys the latest

trend of data mining techniques for security applications, specifically, focusing on anomaly detection, change-point

detection, and anomolous behavior detection.
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