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High-order Dynamic Bayesian Network Model and It's Structure Learning
Algorithm for Constructing Gene Regulatory Networks with Asynchronous
Multi-time Delays*
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ABSTRACT Objective: To precisely construct gene regulatory networks with synchronous multi-time delays from microarray gene
expression data. Methods: A high-order dynamic Bayesian network model and its structure learning algorithm were presented, the
network model assumed that the gene regulating process was high order Markov process, so it could model the synchronous multi-time
delays in gene regulation. Results: Artificial gene expression data with 10% noise were made from a sub-network of a yeast gene
regulatory network. With 75% posterior probability, the high-order Dynamic Bayesian Network model had correctly learned all the
regulatory synchronous multi-time delayed connections, while normal Dynamic Bayesian Network model had just learned 1/3 of all
correct regulatory connections. The receiver operator characteristics curves showed that with any posterior probability our model was
obviously much better than the normal Dynamic Bayesian Network model. Conclusion: The high-order Dynamic Bayesian Network can
precisely model tasynchronous multi-time delays in gene regulation, and more precise gene regulation networks can be learned from
microarray gene expression data by the high-order Dynamic Bayesian Network.
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Fig.1 A sub- network of Yeast cell cycle gene regulatory network: A: Original drawing; B New drawing of A
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Fig.2 A Dynamic Bayesian Network with two nodes
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Fig.4 The learned network structure of 1-DBN and 5-DBN with 75% with 75% posterior probability: A: 1-DBN; B: 5-DBN
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