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Classification Algorithm for Data Stream Based on Mixture Models of C4.5 and NB

LI Yan ZHANG Yuhong HU Xue-gang
(School of Computer and Information, Hefei University of Technology, Hefei 230009, China)

Abstract Classification on the noisy data stream with concept drifts has recently become one of the most popular topics
in streaming data mining, Classification algorithm for mining Data Streams based on Mixture Models of C4. 5 and NB
was proposed, called CDSMM, in which decision trees based on C4. 5 are selected as the basic classifiers and the classifi-
er of Naive Bayes is adopted to filter noise data. Meanwhile, it introduces the p-hypothesis testing method to detect con-
cept drifts, Extensive studies demonstrate that CDSMM is superior to several existing algorithms in the predictive accu-
racy when handling noisy data streams with concept drifts.
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