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Fig. 1 Gene Regulatory Network
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Table 1 Time Series Gene Expression Profile
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Fig. 2 Gene Regulatory Network by

Dynamic Bayesian Network

Bayesian Information Criteria: BIC
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Fig. 4 All the Possible Networks of A and D
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Algorithm 1

Require: V = {1, 2, . . . , n}: n , GEP: V

Ensure: Z:

V 3 U V

for U in V do

U 24 DAG Du

for D ∈ Du do

GEP SD

end for

Sempty

for D ∈ Du do

SD ← SD − Sempty

(D,SD) L

end for

L D SD

(L, U) Z

end for

Algorithm 2

Require: Z:
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V 2 E

for {i, j} ∈ E do
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k then
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Table 2 Definition of TP, FP, TN, and FN
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3 GHC Restart

Table 3 The Number of Times of GHC Restart

10 20 30 40 50 60 70

Restart 1283 815 1027 1620 1800 2197 2977
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Fig. 5 Execution Time
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Fig. 6 Precision
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Fig. 7 Recall
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