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Study on Applications of Machine Learning' in P2P
Traffic Identification

WU Min, WANG Ru-chuan,CAIl Tao-tao
(College of Computer, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract; P2P traffic has taken great portions in the network traffic. While having a significant impact on the Internet, it brings serious
problems such as network congestion and traffic hindrance caus;ad by the excessive occupation in the bandwidth. Proposes a P2P traffic i-
dentification based on machine learning. Firstly the FCBF(Fast Correlation — Based Filter) feature selection algorithm is used to select the
attribute features subset, then P2P flows identification model is built and several machine learning algorithms are compared. The result
showed that in P2P traffic identification based on machine learning algorithms ,C4. 5 and Bayesian network was feasible and the identifica-
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tion accuracy of some models can reach above 90 percent.
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