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Abstract

Purpose: To investigate the feasibility and efficacy of a contrast-enhanced CT-based radiomics model
in the preoperative multi-class T-staging diagnosis of rectal cancer. Methods: This study enrolled 500
eligible rectal cancer patients (48 T1, 127 T2, 259 T3, and 66 T4 cases) and randomly divided them
into a training cohort (n = 400) and a validation cohort (n = 100). Regions of interest (ROIs) for rectal
cancer lesions were manually segmented by senior radiologists. Using Pyradiomics, we extracted fea-
tures from the annotated ROIs and constructed multi-class radiomics models with 10 machine learn-
ing algorithms. Additionally, clinical baseline models were developed using the same algorithms.
Model performance was evaluated using ROC curves, micro-average AUC, macro-average AUC, and ac-
curacy. Results: Among the 10 radiomics models, the Model SVM demonstrated the highest predictive
performance (micro-average AUC = 0.845, macro-average AUC = 0.777, accuracy = 0.600). In compar-
ison, the Model SVM from clinical baseline models achieved micro-average AUC = 0.841, macro-aver-
age AUC = 0.760, and accuracy = 0.610. The radiomics-based model exhibited superior diagnostic ca-
pability for distinguishing T1, T2, T3, and T4 stages. Conclusion: CT-based radiomics multi-class mod-
els outperform clinical baseline models in preoperative T-staging of rectal cancer, providing enhanced
diagnostic accuracy and clinical utility.
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Figure 1. The results of pixel-level annotation for tumors with different stages (A)~(D). Red indicates the normal structure of
the rectal wall, green represents the extent of involvement of T1 stage tumors, purple indicates the extent of involvement of
T2 stage tumors, yellow represents the extent of involvement of T3 stage tumors, and blue indicates the extent of involvement
of T4 stage tumors
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Figure 2. Preprocessing of CT slices (A)~(E). (A) shows the original image, (B) is the standardized version, (C) is the cropped
and resized image, (D) is the contrast adjusted image, and (E) is the rotated image
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Figure 3. Workflow for constructing the radiomics model
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Figure 5. ROC of the clinical baseline data multi-classification model
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Table 1. Accuracy of radiomics model and clinical baseline data model
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