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Survival prediction for lung cancer patients based on graph augmentation and
dual-branch graph neural networks

YUAN Haocheng, DING Derui, TANG Wenchao
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Science and Technology, Shanghai 200093, China)

Abstract: Survival prediction leverages high-resolution Whole Slide Images ( WSIs) to estimate patients’ survival risks. However,
the similar tissue structures and hierarchical organization in WSIs pose significant challenges for extracting both local and global
features. Based on research on graph feature augmentation and graph neural networks, this paper proposes an improved three-stage
survival prediction method. First, in the image preprocessing and feature extraction stages, a feature extractor called Dif-ResNet is
proposed, which combines residual convolution and standard convolution in a parallel fusion manner, enhancing the capability to
extract patch-level features and laying a solid foundation for constructing high-quality graph structures. Second, in the graph
construction and feature enhancement stage, a novel Feature Enhancement Method ( FEM) is designed based on the conditional
probability distribution between graph nodes. This method generates additional associated features for each graph node, effectively
strengthening the graph structure and optimizing the initial feature representation of graph nodes. Finally, in the graph embedding
learning and survival prediction stage, a dual-branch graph neural network model called DF-GNN, integrating GAT and GCN
branches, is designed. This model preserves contextual feature dependencies while improving the ability to capture local detail
features in WSIs. Experimental results demonstrate that the proposed survival prediction method achieves higher prediction accuracy.
Compared to state-of-the-art methods, it improves the C-Index by 1. 07% on the TCGA-LUAD lung adenocarcinoma dataset,
confirming the effectiveness of the proposed approach.
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Fig. 1 The overall workflow of the survival prediction method
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Fig.2 Structural diagram of the Dif-ResNet feature extractor based on differential convolution
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Fig.3 Structural diagram of the graph feature enhancement module( FEM)
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Fig.4 Structural diagram of graph embedding learning and survival prediction
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Table 2 Comparison of prediction results from different feature

extractors on the TCGA-LUAD

FHIE SIS C-Index Standard deviation
VGG 0. 659 0.042
ResNet50 0.706 0.032
EfficientNet-b4 0.701 0. 040
Dif-ResNet 0.715 0.039
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Fig.5 Prognostic risk grouping curves of different methods
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Table 3 Prediction results of the FEM module and different fusion

strategies
FEM  Add AF C-Index Standard deviation
0. 653 0. 049
v v 0.712 0.033
v v 0.715 0.039
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Table 4  Prediction results of different graph neural network
structures
GCN GAT  Residual DF C-Index  Standard deviation
Vv 0. 667 0. 049
vV 0. 675 0. 046
vV 0. 699 0. 044
Vv vV A VAR WA ] 0.039
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