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len“lat the network reconstruction accuracy of Hidden Markov Model Non-
MM-DBN) is reduced due to the excessive flexibility of gene regulation, this
rameters to improve HMM-DBN. First, time segmentation is carried out for gene
upling algorithm is used to judge whether the current segment should interact with

r the regression parameters of each segment are coupled is judged according to whether

information interaction is conducted. The gene regulatory relationship is inferred by combining the regression parameters
and time segments. Finally, the above process is repeated until MCMC (Markov Chain Monte Carlo) algorithm iteration is
completed and the network structure is output. Experimental results on yeast datasets and the synthetic RAF (Raf-1 proto-

oncogene, serine/threonine kinase) datasets show that the network reconstruction accuracy reaches more than 0.76, which

proves the effectiveness of the proposed method.
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Fig.4 Comparison of network reconstruction accuracy with
different MCMC iterations on yeast datasets
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