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PEATHIEE, 53R B S HFm AL (support vector machine, SVM) 7EIMIREHFAUCH0.891, YIZEFHAUCH0.905, HFitdh
KAEEERTIHL (light gradient boosting machine, LightGBM ) TEYIZAE P AUCK &, #0.931; {HHLEMERAE D EMR4E, AUC
90.808, ZZEHIL (multilayer perceptron, MLP ) 7EMIXAEFYIZREE T AUCT] 43l 35510.883 . 0.855, k55 T"SVM;
A] B Light GBMFIMLPA BUES 5 PEAHEL T-SVMACUERE 22 . 53 MK R4 (k-nearest neighbor, KNN) | HEREHLR (extra
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The application value of multimodal radiomics models in Gleason score of prostate cancer YANG Xin"’ YANG Hongkai’,
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[ Abstract ] Objective: To explore the application value of radiomics model based on multi-parameter magnetic resonance imaging
(mpMRI) in Gleason grading of prostate cancer. Methods: The data of patients who underwent prostate mpMRI examination
with surgical or pathological puncture results confirming prostate cancer at Ma’anshan People’s Hospital from November 2020
to August 2023 were retrospectively analyzed. MpMRI data were extracted, including T2- weighted imaging (T2WI), zoomed
imaging technique with parallel transmission diffusion-weighted imaging (ZOOMit DWI) and apparent diffusion coefficients
(ADC). Spearman’s correlation coefficient was used to preliminarily screen the histological features, the least absolute shrinkage

and selection operator (LASSO) algorithm and ten-fold cross-validation were used to further screen, logistic regression was used
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to construct the model, and the receiver operating characteristic (ROC) curve was used to judge the results. And the area under the
ROC curve (AUC) was compared between models using the DeLong test. Results: A total of 176 patients were included, including
72 patients in the low-grade group (Gleason score<<3+4) and 104 patients in the high-grade group (Gleason score=4+3), who were
randomly divided into training group (n=141) and test group (n=35) according to 7 : 3. A variety of classifiers were used to construct
the multi-parameter model, and the results showed that the AUC of support vector machine (SVM) in the test set was 0.891, and the
AUC in the training set was 0.905. Light gradient boosting machine (LightGBM) had the highest AUC of 0.931 in the training set,
but it performed poorly in the test set with an AUC of 0.808. The AUCs of multilayer perceptron (MLP) in the test set and the training
set were 0.883 and 0.855, respectively, which were weaker than that of SVM, which showed that the stability of LightGBM and MLP
models were slightly worse than that of SVM. In addition, the overall performance of the four methods [ k-nearest neighbor (KNN),
extra trees (ET), random forest (RF), extreme gradient boosting (XGBoost) ] were not as good as SVM, and some of them are
overfitted. In general, in terms of Gleason grading of prostate cancer, the SVM model had a higher AUC in both the test set and the
training set, and its stability and model classification ability were better. Conclusion: Constructing a multimodal imaging histology
model based on mpMRI has significant clinical application value in Gleason grading of prostate cancer, of which the SVM model is
the best.

[ Key words | Prostate cancer; Radiomics; Multiparametric magnetic resonance imaging; Gleason score; Small-field diffusion-
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F2 EERISHIBAEIEM
R B MR OREE  AUC 95% CI REJE  FRSE PPV NPV ERIE AR Fl e
LR LA 0801 0845 0.7770~09136  0.889  0.647 0816 0767 0816 0889 0851 0535
MK 0829 0833  0.6703~09964 0913  0.667 0.840 0.800 0840 0913 0875  0.430
SVM Y24 0887 0905 0.8401~09690 0978 0725 0863 0949 0863 0978 0917  0.547
ML 0800  0.891  0.7746~1.0000  0.870  0.667 0.833 0727  0.833  0.870 0851 0425
KNN LA 0787 0838 0.7755~09014 0878  0.627 0.806 0744 0806 0878  0.840  0.600
MK 0.800  0.868 0.7418~0.9937  0.826  0.750 0.864 0.692  0.864 0826  0.844  0.600
RF YLEE 0986  1.000 0.9986~1.0000 0989  0.980  0.989 0980 0989 0989 0989  0.500
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