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Abstract: A customer-churn prediction model for the telecom enterprises is firstly
established by random forest method.It is obviously superior in prediction
accuracy with respect to the models actively used by the telecom enterprises.In
order to get better,a feature extraction method based on random forest and
transduction is proposed to heavily reduce the high-dimension of the data;
furthermore,a one-class support vector Machine(OC-SVM)algorithm is introduced
to perform the prediction under the new attribute-space.Experiment results
show that the improved model gets a much better accuracy as well as some
reasonable explanation for the resuls.This new method is likely to be a powerful

candidate in the customer-churn prediction for telecom enterprises.
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