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learning model of prostate imaging reporting and
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[Abstract] Objective To establish the support vector machine (SVM), decision tree (DT) and Logistic regression
models with prostate imaging reporting and data system version 2 (PI-RADS v2), and to evaluate their diagnostic efficiency
in high-grade prostate cancer. Methods Clinical and MRI data of histopathologically proved prostate cancer in 194 patients
were retrospectively analyzed, including 63 patients of high-grade cancer group and 131 patients of non high-grade cancer
group. The evaluation factors, including PI-RADS v2 score, age, free prostate specific antigen, prostate specific antigen
ratio and adjusted-prostate-specific antigen density were analyzed with SVM, DT and Logistic models, and the values of PI-
RADS v2 and three models in diagnosis of high-grade prostate cancer were evaluated with ROC. Results The sensitivity of
PI-RADS v2, SVM, DT and Logistic models in diagnosis of high-grade prostate cancer was 72.73% ., 69.09%, 87.27%
and 70. 91%, while the specificity was 87.29%, 93.22%, 93.22% and 95.76% ., respectively. AUC of DT model in
diagnosis of high-grade prostate cancer was the largest (AUC=0.90, P<C0.01). There were statistically significant
differences of AUC of DT and the PI-RADS v2 score, SVM, and Logistic models (all P<Z0.05). Conclusion PI-RADS
v2, SVM, DT and Logistic models has good value in diagnosis of high-grade prostate cancer.
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