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Abstract: A Bayesian network is a graphical model that encodes probabilistic relationships among variables of interest. In
many cases, the authors hoped to leam Bayesian networks from data. Using the Markov chain Monte Carlo (MCMC) ap-
proach, this paper proposed a Bayesian statistical method for leaming Bayesian networks from data, in terms of network struc-
tures and parameters. Prior specification and stochastic search were two important components of this approach. The combina-
tion of prior probability and data samples induced a posterior distribution that would guide the stochastic search towards the net-

work structures having the maximal posterior probability. The performance of this approach is illustrated by the leaming of the

Alarm network from data.
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2.1 Bayes MR (Bayesian networks)
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2.2 Bayes M 4 % 3] ) Bayes 75 i% ( Bayesian

method for leaming Bayesian networks)
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