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Investigation of the association between endometrial cancer immune microenvironment and

gene expression based on machine learning and its predictive value for prognosis
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Hospital of Guangdong Pharmaceutical University, Guangzhou 510699, China

Abstract: Objective To investigate the association between the immune microenvironment and gene expression in
endometrial cancer (EC) and discuss its predictive value for prognosis, and to identify critical immune-related genes through
bioinformatics analysis and machine learning techniques and construct a prognostic model for providing new directions for
personalized treatment of EC. Methods Based on data from the Cancer Genome Atlas (TCGA) program, tools such as
DESeq2, edgeR, and limma were utilized to screen for differentially expressed genes. Immune-related genes were selected by
integrating data from the Immunology Database and Analysis Portal (ImmPort). Machine learning algorithms including
Lasso regression, univariate feature selection, Boruta and random forest were employed to refine the selection of feature
genes. Univariate and multivariate Cox regression analyses were conducted to assess the prognostic value of the genes,
followed by construction of a risk score model. Additionally, tumor immune infiltration was analyzed using CIBERSORT
algorithm, and key gene expressions were validated through immunohistochemistry. Results The intersection of 3 difference
analysis results and immune-related genes identified 62 differentially expressed immune genes, and 25 potential biomarkers
which were selected by a variety of machine learning models were considered as prognosis related genes. Univariate and

multivariate Cox regression analyses confirmed that INHBE, SLURP1 and TNFSF11 genes were significantly associated
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with survival in EC patients. The constructed risk score model effectively distinguished the survival rate of different

prognostic groups, and was related to the degree of immune cell infiltration. Immunohistochemical analysis further verified

the differences in the expression of these genes between tumor and normal tissues. Conclusion INHBE, SLURPI and

TNFSF11 are key prognostic biomarkers in EC immune microenvironment, and their expression levels are closely associated

with immune cell infiltration and patient survival rate, providing theoretical basis for EC precision medicine.
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Figure 1 Screening of differentially expressed immune genes in EC
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Figure 6 Survival analysis, construction of risk score model, and validation
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Figure 7 Tumor immune infiltration analysis and prognostic model correlation analysis
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Figure 8 Inmunohistochemistry of prognostic model genes
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