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Abstract A multi-schema Bayesian classification algorithm was proposed to solve the problem of discretization assump-

tion and graph representation, By reasoning the conditional independence and dependence between attribute values, a

submodel was constructed for each complete random instance rather that the whole instance space. The boundary of

continuous attribute was decided automatically based on post-discretization strategy, the joint probability density and

conditional probability were estimated based on marginal computation. The experimental study on the UCI data set

shows that, this algorithm overcomes the restrictiveness of traditional TAN and can describe the marginal dependency of

mixed-mode data more intuitively and accurately.
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