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Abstract

The development of complex disease can be divided as three states as follows: a normal state, a
pre-disease state, and a disease state. Furthermore, there are a lot of significant differences be-
tween the network of the normal state and the disease state. If we can obtain the features of the
network in normal and the disease state, we achieve the purpose of disease early warning. In this
study, we proposed an algorithm to learn the features of different states, and thus distinguish dif-
ferent states. We certificate the effectiveness of the method by applying this method to the data set
Lung squamous cell carcinoma.
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Figure 1. Data matrices for node features and edge features. (A) Gene expression data of k genes, where are m samples on
the normal state and n samples on the disease state. (B) The data matrix of edge features of gene-pair u and v, which aims to
find the RES of gene-pair « and v. Each column is one sample. One-half of the sum of the row vector on the left of gene-pair
u and v and the row vector on the left of gene-pair v and u on the normal state is the RES of gene-pair u and v on the normal
state, namely, RES N. Similarly, one-half of the sum of the row vector on the right of gene-pair « and v and the row vector
on the right of gene-pair v and u on the disease state is the RES of gene-pair # and v on the disease state, namely, RES D
(C) When a sample comes to diagnose, we can utilize his past and present RES values to judge physical condition
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Figure 2. Comparison of gene expression and RES on the LUSC data set, respectively. There are 7 stages and 178 samples
for LUSC. There are 6 divisions. Survival analysis under different partition modes are shown respectively in Figure 2. Ob-
viously, the third division is most accord with our expectations
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Figure 3. The classification of the third partition. And the mean-auc of the classification is 0.9768532, while the gene ex-
pression mean-auc is only 0.5658102
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Figure 4. The dynamical evolution of differential network of LUSC shows the difference of the network in the normal state
and the disease state, respectively
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