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Cell Type Identification of Single—cell RNA Sequencing Data in Lung Cancer
based on Graph Neural Network

Shen Yang, Wang Tong, Liu Gaiqin , et al(Division of Health Statistics, Shanxi Provincial Key Laboratory of Major Diseases
Risk Assessment, Shanxi Medical University, Taiyuan 030001 )

[Abstract] Objective This study explores the application of graph neural networks (GNNs) on lung cancer scRNA-
seq data to identify potential therapeutic targets and specific biomarkers, providing valuable insights for targeted therapy.
Methods The scGNN method is used to analyze the data and is compared with three other approaches. Further downstream
analyses, including cell annotation, differential gene screening, GO enrichment analysis, and cell-cell communication, are
also performed. Results The scGNN method divides the sample data into 10 clusters and identifies them as five major cell
types. A total of 841 differential expression genes are selected, with the top 15 visualized. GO enrichment analysis yielded 715
significant terms, with the top 15 most enriched terms presented graphically. Cell-cell communication analysis detects 118
important ligand-receptor pairs, which are further categorized into 14 signaling pathways. The MIF signaling pathway is
analyzed in detail. Conclusion The scGNN method effectively identifies cell subtypes and outperforms traditional
classification methods in terms of results. Subsequent analysis can help identify potential biomarkers and lung cancer-related

targets, which is of great significance for tumor-targeted drug treatment strategies.
[Key words] Single-cell transcriptomics ; Graph neural networks; Lung cancer; Cell type identification
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