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Abstract: With the increasing competition of telecom market customer churn became one of the focused
problems. Because the telecommunication data is huge and has the characteristic of time series this pa—
per proposes an improved Bayesian classification to study the customer churn problem. The improved
Bayesian classification model is designed to make up for the shortcomings of the former Bayes which as—
sumed that each attribute has the same effect on the classification results. Furthermore by coping with
the increasing data this paper explores the incremental learning method to improve the accuracy of the
classifier. The experimental results show that the proposed method has higher accuracy.
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