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Determining Direction of Conditional Probabilistic
Dependencies between Clusters
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Abstract

We describe our method to predict the direction of conditional probabilistic dependencies between clusters of random
variables. Selected variables called ’'gateway variables’ are used to predict the conditional probabilistic dependency
relations between clusters. The direction of conditional probabilistic dependencies between clusters are predicted by
finding directed acyclic graph (DAG)-shaped dependency structure between the gateway variables. We show that our
method shows meaningful prediction results in determining directions of conditional probabilistic dependencies between
clusters.

Key Words : order prediction, Bayesian network, conditional probabilistic dependency
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