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Nonparametric Bayesian T-Process Algorithm for Heterogeneous Gene
Regulatory Network

HIROKI MIYASHITA® TAKUMA NAKAMURA!? YASUTOSHI IDA©
TOMOHIKO SUZUKI! TAKASHI MATSUMOTOYY TAKASHI KABURAGI?®

Abstract: A nonparametric Bayesian model is employed to estimate gene regulatory networks of Drosophila
melanogasterd A T-process-based algorithm is expected to capture nonlinear dynamics in the life phe-
nomenon and reconstruct the gene regulatory interactions with consideration of the actual timing of mor-
phogenic transitions[] The whole algorithm is implemented by a reversible jump Markov Chain Monte Carlo[]
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Fig. 1 Synthetic data.Blue lines indicate the actual positions

of change points.
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Fig. 2 Interactions between five synthetic data through 80

time points. Black arrows indicate linear interactions,
whereas red arrows correspond to nonlinear interac-

tions.
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TVDBN (blue line). Dashed lines indicate the actual

positions of change points.
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Table 1 AUC values of each dynamic Bayesian network.

NET1 NET2 NET3 allINT
TP-TVDBN | 0.952 0.868 0.919 0.909
GP-TVDBN | 0.889 0.886 0.882 0.900
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Table 2 BER values of each dynamic Bayesian network.

NET1 NET2 NET3 allINT
TP-TVDBN | 0.099 0.083 0.092 0.108
GP-TVDBN | 0.183 0.083 0.063 0.132
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Fig. 4 Drosophila melanogaster gene expression data. Blue

lines indicate the morphogenesis transitions.
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Fig. 5 Change points during morphogenesis in Drosophila

melanogaster. Top panel : posterior probability in-
ferred by TP-TVDBN. Bottom panel: the result by
HetDBN. Dashed lines indicate the morphogenesis tran-

sitions.
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Table 3 Average and median value of the posterior probability

among 67 time points.

0ooo ooo
TP-TVDBN | 0.0713 0.0211
HetDBN 0.285 0.215

04 0D00O0O0O0OO0OOFOUOOO (OO=0 30000).
Table 4 Precision Recall and F-measure. Their thresholds

were determined according to their averages.

ooo ooo FO
TP-TVDBN | 0.231 1.0 0.375
HetDBN 0.136 1.0 0.240

06 U00DDO0ODODOODDODOODDLDOODODODOODODOOODDOO
000000 (00=0.25)
Fig. 6 Reconstructed network for the morphological phase of
an embryo using TP-TVDBN method (thr = 0.25).
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