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Abstract: Different customers benefits to enterprise are not the same, in order to improve the level of the enterprise customer relationship
management, use the Naive Bayesian algorithm based on the K — means clustering to forecast the customer value , so that enterprises can
use different marketing strategies for different customers. And this will provide a basis for business decisions. Naive Bayesian Classifica-
tion Model is a simple but efficient solution, and it has solid theory foundation and high accuracy rate of classification, an effective feature
selection is very important for an NB — based classifier which uses the conditional independence assumption. Experimental results show

that the algorithm can guarantee a certain degree of accuracy and can predict more high— value potential customers.
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