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Infinite-horizon Optimal Control of Genetic Regulatory Networks Based on Probabilistic
Model Checking and Genetic Algorithm
LIU Shuang WEI Ou GUO Zong-hao

(College of Computer Science and Technology.Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract Genetic regulatory networks (GRNs) are the fundamental and significant biological networks,and the biologi-
cal system function can be regulated by controlling them. In the field of biological system.one of the significant research
topics is to construct the control theory of genetic regulatory networks by applying external intervention control. Cur-
rently,as an important network model, the context-sensitive probabilistic Boolean network with perturbation (CS-PB-
Np) has been widely used for the research of optimal control problem of GRNs. With respect to the infinite-horizon op-
timal control problem, this paper proposed an approach of approximate optimal control strategy based on probabilistic
model checking and genetic algorithm. Firstly,the total expected cost defined in infinite-horizon control is reduced to the
steady-state reward in a discrete-time Markov chain. Then, the model of CS-PBNp containing stationary control policy
should be constructed, the cost of the fixed control strategy is represented by the temporal logic with reward property,
and the automatic calculation is carried out by using probabilistic model checker PRISM. Next, stationary control policy
is encoded as an individual in the solution space of genetic algorithm. The fitness of the individual can be computed by
PRISM, and the optimal solution can be obtained by making use of the genetic algorithm to execute genetic operations
iteratively. The experimental results generated by utilizing the proposed approach into the WNT5A network illustrate
the correctness and effectiveness of this approach.

Keywords Genetic regulatory networks,Optimal control, Probabilistic model checking, Genetic algorithm
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. dtme
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. formula
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2. formula
3 fiz=x; * xz
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formula [ =x5

formula p;=(x; =08&x, =0&u=0)71:

5

6

7. formula  py;=(x; =08&x, =1&u=1)71:
8

9
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formula py=(x; =18 x, =0&u=0)71:
formula py=(x; =18&x,=1&u=1)71:
10. module  SWITCH

11.s:[0..1];

12.[PBN] true —>> 0.3:(s'=1D+ 0.7:(s'=0);

13. endmodule

14. module PER1

15. per; :[0..1];

16. [PBN] true —>> 0.1 :(per;'=1)+ 0.9 :(per; =0);

17. endmodule

1

19.x; :[0..1];

20.d, :[0..1];

21. [PBN]s=1&per; =0& ((p; =D [(p; =D [(p3 =1 [ (p, =1)) — >
0.3:(x; =fD&'=004+0.7:(x; =112)&.(dl'=1);

22. [PBN]s=08& per; =0&.d; =0& ((p; =D [ (p, =D [ (py =1 |
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23.
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26. [PBN]per; =18&x; =0—>(x;'=1);
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3

. endmodule

28. module input

29.u:[0..1];

30.v:[0..17;

31IPBN(p; =D &(py 1 =D& (py 1 =D &(py =1 —>(u'=1—

—

uw;
32.[PBN](p; =D/ (p,=DI (ps=D| (py=D—>'=w;
33. endmodule
34. module pre,
35.put[—1..1];
36. [csl’BN]true*>(p\,,*u);

>

37. endmodule
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