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Abstract: Currently, studies to predict the risk of rectal cancer surgery select MRI image slices based on the clinical
experience of surgeons. The purpose of this study is to semi-automatically select and classify 2D MRI image slides
to predict the risk of rectal cancer surgery using biomarkers. The data used were retrospectively collected MRI imag-
ing data of 50 patients who underwent laparoscopic surgery for rectal cancer at Gachon University Gil Medical Center.
Expert-selected MRI image slices and non-selected slices were screened and radiomics was used to extract a total
of 102 features. A total of 16 approaches were used, combining 4 classifiers and 4 feature selection methods. The
combination of Random Forest and Ridge performed with a sensitivity of 0.83, a specificity of 0.88, an accuracy of
0.85, and an AUC of 0.89+0.09. Differences between expert-selected MRI image slices and non-selected slices were
analyzed by extracting the top five significant features. Selected quantitative features help expedite decision making
and improve efficiency in studies to predict risk of rectal cancer surgery.
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Table 1. Recall, specificity, precision, and AUC analysis results for RF and Ridge, LASSO, SFS, and RFE combinations

Recall Specificity Precision AUC
RF + Ridge 0.83 0.88 0.85 0.89+0.09
RF + LASSO 0.82 0.66 0.83 0.86+0.12
RF + SFS 0.85 0.73 0.86 0.88+0.11
RF + RFE 0.84 0.75 0.87 0.88+0.08
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