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ABSTRACT

Objective To investigate the risk factors and predictive value of MRI imaging parameters for the
pathological stage progression and the microvascular invasion (MVI) in rectal cancer patients. Results
A retrospective cohort enrolled the clinical data of the rectal cancer surgery patients admitted to
Chengdu Wenjiang District People's Hospital from January 2020 to January 2023. They were divided
into progressive group (T3, T4) and control group (T1, T2) by the pathological TNM staging and were
randomly divided into 7:3, including modeling group and internal validation group, machine learning
(machine learning, ML) algorithm was used to identify and analyze: LASSO regression algorithm from
conventional MRI omics data, random forest (random forest, RF) regression analysis was used to
determine the risk factors and establish a prediction model. Prediction performance was evaluated by
collecting subject operating characteristics (receiver operating characteristic curve, ROC) curves and
clinical calibration, clinical decision making and impact curves, using an internal random validation
model. Resufts A total of 400 patients were enrolled, and they were divided into 265 patients in the
TNM progressive group and 135 patients in the non-progressive group according to the pathological
diagnostic TNM stage. The baseline characteristics showed that age, family history and smoking
history had a higher incidence of cancer,the prediction model identified 6potential predictors including
the largest sagittal diameter of tumor, pelvic wall involvement sign, T,WI marginal nodule sign, T,WI
marginal spicule sign, distribution degree of s high gray area and apparent diffusion coefficient (ADC)
for pathological staging and progression of rectal cancer. The area under the ROC curve (AUC) is 0.874
(95%Cl, 0.837-0.905). The calibration curve, clinical decision making curve and clinical influence curve
show that the model has good prediction accuracy. External group validation with AUC was 0.904
(95%Cl, 0.857-0.955). Subgroup analysis showed that the AUC for predicting MVI progression was 0.876
(95%Cl 0.831-0.916). Conclusion MRI imagomics and machine learning algorithm can preliminarily
predict the pathological T stage of rectal cancer and tumor tissue.
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