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Abstract Traditional classification algorithms need to obtain the whole training dataset before training the model.
However, for big data,data are streaming into the system sequentially, so it is impossible to obtain the whole training
dataset beforehand. This paper studied the online classification problem in data streaming for big data, It first described
the online classification problem as an optimization problem, then proposed a Weighted Naive Bayes classifier and an Er-
ror Adaptive classifier, and at last, validated the efficiency of the proposed algorithm according to two real datasets, The
experiments show that the prediction accuracy of our proposed algorithm is higher than related researches in non-noisy

data streaming,and moreover, while data streaming is noisy,our algorithm still has better prediction accuracy,so it can

be used in real online classification application in data streaming.
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