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Abstract

The regulatory relationship between genes is implicit in the gene expression data, which needs to
be analyzed to reveal the topology of the gene regulatory network. Since the small sample size of
static gene expression data, this paper proposes a method to expand the sample data size based on
distance correlation. Then, this paper proposes a method to restore the topology of gene regula-
tory network. Based on the distance sample data, a linear regression model of gene regulatory net-
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work is established according to the regression theory. The least square estimation and hypothe-
sis testing are applied to the model to determine whether there is a regulatory relationship be-
tween genes. In addition, a method to control false positives is proposed. Statistical test is used to
control the false discovery rate to improve the accuracy of model prediction. Finally, the feasibility
of the method is verified on the DREAM3 dataset.
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SR A 42 M 2% (Gene Regulatory Network, GRN) & FH 41 g P 2[Rl 2 18] AH ELAE R A I 9 2% o 15 AR
B, AR PREDARRIERE Z MR R. BRI IMES, (H0] DAR B R IA AR
DRI 42 R I R, AT 35 B NAT ) B AR 200 B PR R R 2 T () G 3R o R R R A 4 D 286 8 308 1) A 1) R, T
AU 2 R T AR 22 F T 9 DR 4 0 8% PR R S AR [0 o 451 B e T BRL ) L B HRCFR) AT 2K % 4% (Boolean
Networks) & 4[2]; —Fiiik Ak (1) DL -3 99 2% (Bayesian Networks)## %1 [3] DL K 14 5> 5 F& (Differential Eq-
uation) 54 [4]45 .
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Figure 1. Topology of gene regulatory network
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Table 1. F-value of the overall model test
=1 RAEKRINHNFE

Gl G2 G3 G4 G5 G6 G7 G8 G9 G10

M =15 49.01 228.71 106.3 3.84 6.19 36.16 7.29 3.11 5.16 2.86
M =25 93.96 116.11 107.96 3.46 3.49 22.01 3.14 1.40 2.14 1.76
M=45 11240 128.70 152.82 3.72 3.02 31.03 4.28 1.39 1.86 2.16
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Figure 2. For the gene regulatory network linear regression model
(2), the unrecognized rate E with its standard deviation under differ-
ent sample data size M
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Figure 3. For the gene regulatory network linear regression model (2), the res-
tored gene regulatory relationship when M = 40. The solid line represents the
true gene regulatory relationship, and the dashed line indicates the edges where
there is no regulatory relationship between genes but the model identifies as hav-
ing a regulatory relationship
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Figure 4. For the gene regulatory network linear regression model (2), the res-
tored gene regulatory relationship when M = 40 after FDR correction. The solid
line represents the true gene regulatory relationship, and the dashed line indi-
cates the edges where there is no regulatory relationship between genes but the
model identifies as having a regulatory relationship
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Figure 5. For the gene regulatory network linear regression model
(2), the probability and standard deviation of false positive error un-
der different sample data size M. The red line and blue line respec-
tively represent FPR values before and after FDR correction
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Figure 6. For the gene regulatory network linear regression model
(2), the unrecognized rate E with its standard deviation under differ-
ent sample data size M. The red and black lines represent the unre-
cognized rate E before and after correction, respectively
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