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Application of Random Survival Forest in Prognosis Analysis of Genetic Data

in Patients with Colorectal Cancer
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[ Abstract)

forest model. Method The differentially expressed genes were screened using the gene expression data of colorectal cancer in

Objective To explore the prognostic factors of colorectal cancer patients in gene data using random survival

TCGA database, and combined with clinical and survival information. The RSF model is constructed and compared with the
traditional Lasso—Cox regression model. Results The RSF model obtained 13 important factors affecting the prognosis of colorectal
cancer patients, including HAND1( VIMP =0.090) and PCOLCE2( VIMP =0.075) genes, and analyzed the interaction between
pathological N, PCOLCE2 gene and IGSF9 gene variables. Compared with Lasso—Cox model, the RSF model has better model
calibration (IBS: training set: 0.205 vs. 0.214; test set: 0.210 vs. 0.221) although its prediction error rate is slightly higher (1-
C—index; training set; 0.296 vs. 0.213; test set; 0.369 vs. 0.332). Conclusion RSF model has a good performance in processing

the analysis of right censored survival data, can find important influencing factors and the interaction between variables, and

EX S

provide scientific basis for the improvement of prognosis and quality of life of colorectal cancer patients.
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