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A Method for Classifying Data Stream Based on Reverse Classifier

WANG Yong LI Zhan-Huai ZHANG Yang JIANG Yun
(Department of Computer Science & Software, Northwestern Polytechnical University, Xi’an 710072)

Abstract Recently, mining data streams with concept drifts for actionable insights has become an important and chal-
lenging task for a wide range of applications including credit card fraud protection, network intrusion detection, etc. In
this paper, we define the reverse classifier, which can help an algorithm to learn from error, and propose a IBW (im-
proved weighted bagging) algorithm for classifying concept drift data streams using weighted ensemble classifiers. We
evaluate IBW algorithm and Weighted Bagging algorithm on the STAGGER Concepts and synthetic data, The experi-
ment results show that the proposed method have substantial advantage over Weighted Bagging approach in prediction

accuracy, and it can converge to target concepts with high accuracy and speed.
Keywords Epsemble classifier, Reverse classifier, Concept drifting
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