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Cancer Subtype Prediction Based on Similar Network Fusion Algorithm
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2 College of Big Data, Taiyuan University of Technology, Taiyuan,Shanxi 030060, China

Abstract Mining the interaction relationship between genes from gene expression data and construct gene regulatory network is
one of the important research topics in bioinformatics. However, the current popular neural network only considers the interaction
and association between genes in its architecture,and does not consider the interaction and association between patients. There-
fore,a cancer subtype prediction model based on the fusion algorithm of weighted gene similarity network and sample similarity
network, namely WGCSS, is proposed in this paper. In this method, the fusion of feature space and sample space information is
realized . and the interaction between genes and samples is considered,and the graph convolutional network is used for prediction.
Aggregating information in two spaces will lead to a serious oversmoothing problem. Therefore,a residual layer is introduced in
the model to alleviate the oversmoothing problem. This method can make the prediction of cancer subtypes more accurate by ag-
gregating the data information in the two spaces. To verify the generalization performance of the method, datasets of invasive
breast carcinoma(BRCA) , glioblastoma multiforme(GBM) ,and LUNG(LUNG) are used for analysis.and the resulting high clas-
sification accuracy demonstrates the superiority of the method. Survival analysis is also performed on three types of data sets,and
it is proved that the method has significant differences in the survival curves of cancer subtypes in three cancer datasets.

Keywords Weighted gene similarity network, Sample similarity network, Residual graph convolutional network, LL1 regular,

Cancer subtype prediction
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Flowchart of WGCSS model
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*1 BRG]
Table 1 Dataset descriptions
Number of Sample Number of

Dataset .

features size classes
BRCA 17814 102 4
GBM 12042 213 4
LUNG 12042 85 4
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Table 2 Classification results of WGCSS model
B E 15 4 AE B Precision Recall F1 Score Acc DBI AUC
BRCA 235 1.0 1.0 1.0 1.0 0.03991 1.0
GBM 332 0.97264 0.97715 0.97148 0.97731 0.12057 0.99154
LUNG 211 1.0 1.0 1.0 1.0 0.06650 1.0
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Table3 Classification comparison between ERGCN and WGCSS models
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B & I 4 Vi3 Precision Recall F1 Score Acc DBI AUC
BRCA 235 ERGCN 1. 00000 1. 00000 1. 00000 1.00000 0.10752 1. 00000
WGCSS 1.00000 1.00000 1.00000 1.00000 0.03991 1.00000
GBM 332 ERGCN 0.95051 0.95274 0.95318 0.95591 0.25188 0.98728
WGCSS 0.97264 0.97715 0.97748 0.97731 0.12057 0.99154
LUNG 211 ERGCN 0.98271 0.98418 0.98523 0. 98764 0.15572 0.98699
WGCSS 1. 00000 1. 00000 1.00000 1.00000 0.06650 1.00000
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Table 4 Accuracy comparison of different two-stage classification

models
Dataset Experiments Method Ace/ %
Xul18] DFN Forest 80. 86
BRCA HuoEZO]i SGL-SVM 85. 65
Zhongt21] CFN Forest 94. 36
This paper WGCSS 100
Xul18] DFN Forest 86. 52
GBM Huo[ZO]i SGL-SVM 82.61
Zhongl21] CFN Forest 91.25
This paper WGCSS 97.26
Chandral22] RNBC 88. 50
Lvl23] MOEDA 96. 00
LUNG Huol 20 SGL-SVM 95.73
Zhong[?1] CFN Forest 90. 89
This paper WGCSS 100
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Fig.5 Precision comparison of different two-stage models
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