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Abstract : A new customer behavior prediction approach based on Bayesian belief network is presented. The customer
behavior Bayesan network (CBN) is constructed through knowledge study , and joint probabilities are calculated with
this network to precdict the customer behavior. The CBN learning algorithm is composed of connecting and directing
parts, and complexity is O( N*) conditional dependence test. The empirical applicationsin retail one-to-one marketing
show that CBN is constructed more quickly by using this approach than other existing BN learning algorithm, and the

accuracy is better than that of naive Bayesan classficiation.
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