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'Doyle, J., Kohane, 1., Long W., Shrobe, H., and Peter, S., “Event Recognition Beyond Signature and Anomaly,”
Proceedings of the 2001 IEEE, Workshop on Information Assurance and Security, United States Military Academy,
West Point, NY, 2001, pp.17-23.

ezl pp.17-23 o

*Tan, P. N, Steinbach, M., and Kumar, V., Introduction to Data Mining, (U.S.A:MORGAN KAUFMANN PUBLISHERS,
2006, U.S.A, pp.4-9.
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2N.V. Chawla, K.W. Bowyer, L.O. Hall, and W.P. Kegelmeyer, “SMOTE:Synthetic Minority Over-Sampling
Technique,” Artificial Intelligence Research, Vol.16, 2002, pp.321-357.

PNaeem Seliya, Zhiwei Xu, and Taghi M. Khoshgoftaar, “Addressing Class Imbalance in Non-Binary Classification
Problems,” 20th IEEE International Conference on Tools with Artificial Intelligence, 2008, pp.460-465.
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