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Fig. 1 Schematic diagram of OCMIPN method
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Table 1 Results of six methods on the four small scale datasets of Netl0. Net20. IRMA and SOS

Datasets Methods ACC Mcc F Runtime/s
Net10 globalMIT 0.940 0.730 0.750 17.482
LASSO 0.880 -0.191 0.145 13.214
ARACNE 0.889 0.619 0.643 11.052
ScanBMA 0.930 0.629 0.667 8.945
LBN 0.944 0.760 0.783 10.462
OCMIPN 0.950 0.763 0.783 7.049
Net20 globalMIT 0.950 0.695 0.722 312.250
LASSO 0.873 0.351 0414 159.430
ARACNE 0.910 0.542 0.581 120.436
ScanBMA 0.920 0.536 0.579 85.401
LBN 0.930 0.583 0.622 69.357
OCMIPN 0.948 0.676 0.704 46.594
IRMA globalMIT 0.800 0.369 0.444 0.232
LASSO 0.600 0.016 0.286 0.232
ARACNE 0.640 0.067 0.308 0.168
ScanBMA 0.760 0.266 0.400 0.081
LBN 0.800 0.369 0.444 0.033
OCMIPN 0.800 0.369 0.444 0.012
SOS globalMIT 0.778 0.495 0.653 15.470
LASSO 0.469 0.074 0.442 14.198
ARACNE 0.486 0.083 0.479 12.056
ScanBMA 0.704 0.361 0.571 11.824
LBN 0.736 0413 0.612 9.482
OCMIPN 0.778 0.467 0.625 8.9523
Table 2 Results of five methods on two large scale datasets of Net50 and Net100
Datasets Methods TPR FPR FDR PPV F ACC Mmcc Runtime/s
Net50 LASSO 0.351 0.062 0.846 0.154 0.214 0.919 0.195 45.528
ARACNE 0.584 0.040 0.676 0.324 0.417 0.949 0411 81.426
ScanBMA 0.364 0.051 0.811 0.183 0.249 0.931 0.229 42.527
LBN 0.403 0.011 0.456 0.544 0.463 0.971 0.453 50.892
OCMIPN 0.390 0.016 0.559 0.441 0.414 0.965 0.397 39.841
Net100 LASSO 0.181 0.051 0.943 0.057 0.087 0.936 0.074 154.621
ARACNE 0.506 0.033 0.793 0.207 0.293 0.959 0.306 218.197
ScanBMA 0.265 0.007 0.593 0.407 0.321 0.981 0.320 133.124
LBN 0.283 0.005 0.510 0.489 0.359 0.983 0.364 157.942
OCMIPN 0.350 0.006 0.504 0.496 0.410 0.983 0.408 126.453
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Table 3 Results of OCMIPN with order CMI and random CMI strategies on the Net10 dataset

Methods FDR PPV F ACC mcc
Random CMI_1 0.25 0.75 0.82 0.91 0.77
Random CMI_2 0.36 0.64 0.75 0.87 0.68
Random CMI_ 3 0.38 0.62 0.70 0.62 0.60
Random CMI_4 0.13 0.88 0.78 0.91 0.73

Order CMI 0.10 0.90 0.90 0.95 0.87
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Inferring Gene Regulatory Networks Based on Ordered Conditional Mutual
Information and Limited Parent Nodes
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Abstract Inferring the gene regulatory networks (GRNs) structure is the research basis of functional genomics.
GRNs can help to understand the regulatory mechanism among genes, exploring the essence of complex life
system. Traditional Bayesian network methods cannot handle large-scale networks due to their high computational
complexity, while information theory-based methods cannot identify the directions of regulatory interactions and
also suffer from false positive/negative problems. By using the ordered conditional mutual information (CMI) and
limited parent node genes, in this work, we present a novel algorithm (namely OCMIPN) to fast infer GRNs from
gene expression data. OCMIPN first uses ordered conditional mutual information to construct an initial GRN
relation network. Then, according to the priori knowledge of gene regulatory network topology structure, BN
method is employed to generate final GRNs by limiting the number of parent nodes for each gene, which
significantly reduces the computational complexity. Tested on the synthetic networks as well as real biological
molecular networks with different sizes and topologies, the results show that OCMIPN can infer RGNs with higher
accuracy and low computational times. The OCMIPN’s performance outperforms other state-of-the-art methods,
such as LASSO, ARACNE, ScanBMA and LBN.

Key words gene regulatory network, Bayes network model, ordered conditional mutual information, limited
parent nodes, causality orientation
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