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Abstract At present, the algorithm of learning bayesian structure with missing data is mainly based on the search and
scoring method combined with EM algorithm, The algorithm has low efficiency. In this paper , a new algorithm of
learning Bayesian network structure with missing data is presented. First, we adopt the Bernoulli distribution to ex-
press the relationship between the variables in database. Second, we use KL divergence to express the similarity be-
tween the cases. Third, we draw the value of the missing data according to the Gibbs sampling. Finally, we use heu-
ristical search to complete the learning of Bayesian network structure, This method can avoid the exponential complexi-

ty of standard Gibbs sampling and the main problems in the existing algorithm.
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