wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

SH2FHBANEBRAREMEERHR
SEF, IR, BER

5IAEX

OEF, IRE BER. SHERRSNERRENEEERR]. HENERE 2023, 50(11A):
221100088-7.

MA Mengyu, SUN Jiaxiang, HU Chunling. Modeling Gene Regulatory Networks with Global Coupling
Parameters [J]. Computer Science, 2023, 50(11A): 221100088-7.

HBXEHEE (BEAKME IE JEREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)

ERSABAIAHEINIRR BT TR
Display-oriented Data Visualization Technique for Large-scale Geographic Vector Data

HEHNRIE, 2020, 47(9): 117-122. https://doi.org/10.11896/jsjkx.190800121

MHETR SRR I B S B [ sS4 it
Dynamic Estimation of Flight Departure Time Based on Bayesian Network

HENRIE, 2019, 46(10): 329-335. https://doi.org/10.11896/jsjkx.181102039

BTSRRI BIER AR ERE R KT S
Artificial Gene Regulatory Networks Construction Based on Complex Network

ITEMEEE, 2010, 37(1): 211-213.

EFDBNIIHERRNETZ 2D ITIRE
Novel Dynamic Security Analysis Model for Computing System Based on DBN
HEHRIE, 2010, 37(2): 61-64.

ETFOCCHERIKIE-learning REIEREE
Emotional Modeling in an E-learning System Based on OCC Theory
ITEMEEE, 2010, 37(5): 214-218.


https://www.jsjkx.com/CN/10.11896/jsjkx.221100088
https://www.jsjkx.com/EN/10.11896/jsjkx.221100088
https://www.jsjkx.com/CN/10.11896/jsjkx.190800121
https://doi.org/10.11896/jsjkx.190800121
https://www.jsjkx.com/CN/10.11896/jsjkx.181102039
https://doi.org/10.11896/jsjkx.181102039
https://www.jsjkx.com/CN/Y2010/V37/I1/211
https://www.jsjkx.com/CN/Y2010/V37/I2/61
https://www.jsjkx.com/CN/Y2010/V37/I5/214

http: /www. jsjkx. com

T
O (ﬁ: (+( DOI: 10. 11896/jsjkx. 221100088

SHERAENERFENEEZEHRR

S¥F IRE HER’

1 ZHBARFETFTERGEIEFK 4 JE 230601

2 EMFRATER G AHEFKR & M 230601
(1227554288@qq. com)

W E ZA4ADF T ATRERTXAERGIEF RS N eH i W% (HMM-DBND 8% 4% & 22 3 7 ik B 890 K B & ik 298
iR XAR. A EMARAERNLEH EL T2 —, 2@ "‘ﬂ’mxw}ﬂ#lﬁ#(ﬂﬁﬁ/\ﬁlri(a&/\ﬂﬂﬂaéﬁ HE TS
Br) AR BR(ZERINF TERT ARARAD R IRGELNE . XA Y MEEMMHE., AT LR P, 446 % % 5
LT AR A A4S % HMM-DBN(GCHMM-DBN), GCHMM-DBN # & i# it £ HMM-DBN #3 & &k 3% hn 7 4 B 485 4
A ENMASRAERPEFZTLEAAMGH A GREFTEREAXUFRERABARK. . FATORAHKG L AB/E . RARST
KR AERE EMHE, ERBASF (B HEEFSR RAF XHBEEHTER . 2R E2%. 52868 F £% HMM-DBN
A ARk, GCHMM-DBN # 2 48 A £ 3 69 & B B 42 W % & M B

KEEE AN rH AWK E % 4 B84 3E 7k MCMC

hEESES TP311

Modeling Gene Regulatory Networks with Global Coupling Parameters

MA Mengyu' , SUN Jiaxiang' and HU Chunling®
1 Department of Electronic Information Engineering, Anhui Jianzhu University, Hefei 230601, China

2 Department of Artificial Intelligence and Big Data, Hefei University, Hefei 230601, China

Abstract In systems biology,the hidden Markov model non-homogeneous dynamic Bayesian network(HMM-DBN) can reasona-
bly infer the regulatory relationships in periodic gene expression data and is one of the important methods to reconstruct gene reg-
ulatory networks. But it usually assumes complete independence of its regulatory parameters(the parameters of each time periods
need to be inferred independently) ,and the parameter assumption(complete independence) is equivalent to ignore the continuity
of biological evolutionary processes in nature, which affects the accuracy of network reconstruction. Aiming at the above problems
and combining multiple changepoint processes,a hidden Markov model non-homogeneous dynamic Bayesian network with global
coupling of parameters(GCHMM-DBN) is proposed. The GCHMM-DBN model achieves the global coupling of regression param-
eters by adding the global coupling hyperparameters,sharing the noise variance hyperparameters and signal-to-noise ratio hyper-
parameters of all time periods in the similarity Gaussian distribution based on the HMM-DBN, and finally improving the recon-
struction accuracy of the gene regulation network. Experimental results on Saccharomyces cerevisiae(yeast) and synthetic RAF
datasets show that the GCHMM-DBN model has higher accuracy of gene regulatory network reconstruction compared with the
classical HMM-DBN model.

Keywords Dynamic Bayesian networks. Gene regulatory networks, Global coupling, Non-homogeneous, Markov chain Monte
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Fig.3 Comparison of experimental results of coupling method of

noise variance parameters
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Fig. 4 Comparison of network reconstruction accuracy with different

MCMC iterations on yeast dataset
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Fig.5 F1 scores obtained on the yeast dataset
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Fig. 6 Speculation results of some gene regulatory networks of

arabidopsis thaliana
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MCMC iterations on RAF dataset
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