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An ensemble classification algorithm based on diversity and accuracy
weighting for data streams

ZHANG Bencai', WANG Zhihai', SUN Yan’ge'"’

(1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China; 2. School of Computer and
Information Technology, Xinyang Normal University, Xinyang 464000, China)

Abstract: To overcome the effect of concept drift on data stream classification, we propose an ensemble classification
algorithm based on diversity and accuracy weighting named DAWE. The difference between DAWE and other existing
ensemble methods is that DAWE considers both diversity and accuracy. The classifier’s accuracy on the new data chunk
and its diversity in the ensemble were linearly weighted to measure the value of the current ensemble classifier and the
measured value was applied to the substitute strategy of the base classifier. The DAWE algorithm proposed in this pa-
per was experimentally compared with the latest algorithms in massive online analysis (MOA), using both synthetic and
real-world datasets. Experiments showed that the method proposed in this paper was effective and the average overall
accuracy of the data sets was superior to that of other algorithms. Overall, this method can effectively manage concept
drift in data stream mining.
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