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ABSTRACT

Objective To compare the diagnostic performance of deep learning model and radiomics
model for clinically significant prostate cancer (csPCa) and to explore the value of mixed
model combined clinical features, radiomics model and deep learning model in improving the
diagnostic performance of csPCa. Methods A total of 885 patients with pathlogically confirmed
prostate diseases who underwent 3.0 T magnetic resonance imaging (MRI) examinations
from January 2016 to March 2022 at our institution were collected retrospectively. The data
set was randomly allocated into a training set (n=708) and a testing set (n=177) following an
8:2 proportion. The radiomics model was built using support vector machine, and the deep
learning model was constructed using DenseNet. The combined clinical-radiomics-deep learning
model (CRD model) was established by logistic regression. We employed the receiver operating
characteristic (ROC) curve to assess the diagnostic effectiveness of the models and clinical
variables. Results In the testing group, the AUCs of the radiomics model vs. the deep learning
model were not significantly different (0.88 vs. 0.86, P=0.6). The AUC of the CRD model was
0.92, which was higher than those of radiomics model, deep learning model and RD model
(all P<0.05). Moreover, the CRD model had higher AUC than PSA (AUC=0.75, P<0.001) and PI-
RADS score (AUC=0.87, P=0.03). Conclusion Diagnostic performance of radiomics model and
deep learning model was comparable for detection of csPCa. The mixed clinical-radiomics-
deep learning model demonstrated the best diagnostic capabilities for csPCa and surpassed
experienced radiologists, aiding in the reduction of unnecessary biopsies.
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A T2WIE T2h0ANR SR DWI: T BUnA M ; TR: EERYE; TE: EIKAEYE.

1.4 B8 98 FIABITK-snap(v3.8.0), HIHETRIEIMARIB(4EF
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% RES SR 9.837961289 RES SR 0.868775625
S (%) 69+8 69%9 -0.51 0.611

FBAFTE 1.726681972 FBAFTE 0.360712189
<60c 85(12.0) 21(11.9)
>60c 623(88.0) 156(88.1) PI-RADS 0.108864138
PSA(ng/ml)®  13.0(7.8, 29.5) 12.8(7.1, 26.2) 0.92 0.357 PSA 0.023576739
<10ng/mlc  262(37.0) 73(41.2) E 0.0
10~20 ng/mlc 196(27.7) 49(27.7) - 0.0
>20ng/mle  250(35.3) 55(31.1) ) ] -
S ORDIEE!: BEMAT-REY IRHAEE;
T B 0.08 0.784
n CRDIEE!: ISFRIFIE-BG A% - RE S IR AL,

s NEE 424(59.9) 108(61.0)
. 284(40.1) 69(30.0) PI-RADS: FIFURE/RIREMMIBRS; PSA: ATSIBISSIEHR.
PI-RADSE 2.36 0.670
1~2 163(23.0) 49(27.7)
3 94(13.3) 26(14.7)
4 127(17.9) 28(15.8)
5 324(45.8) 74(41.8)
R R 0.796 0.372
csPCa 430(60.7) 101(57.1)
3EcsPCa 278(39.3) 76(42.9)

12 X ts; "M(Qy, Qs); Bl (%); PI-RADS: BIBIBSEA&IREMEUERS;

PSA: RIFIBREFRMMR; csPCa: IRFREEMRITIRE.

R4 BRI R A RSB EISA+ R TNEEE
ARG AUC(95%CI)  HHBE RHE BRE BENE BERNE

IERA
PSA 0.76(0.73~0.80) 0.68 0.76 0.57 0.73 0.60
PI-RADS 0.87(0.85~0.90) 0.78 0.95 0.51 0.75 0.87

FHRAFER  0.86(0.83~0.89) 0.80 0.77 0.85 0.89 0.71

AREFIER 0.97(0.96~0.98) 0.90 0.91 0.88 0.92 0.86

RD#ER 0.97(0.96~0.98) 0.91 0.89 0.94 0.96 0.85
CRD&E 0.95(0.93~0.97) 0.90 0.89 0.91 0.94 0.84
it

PSA 0.75(0.68~0.82) 0.67 0.72 0.59 0.7 0.62
PI-RADS 0.87(0.81~0.92) 0.76  0.92 0.54 0.73 0.84

FGAEFER  0.88(0.83~0.93) 0.82 0.77 0.89 0.91 0.75
AEFIER 0.86(0.81~0.92) 0.81 0.84 0.78 0.83 0.79
RD#ZEY 0.88(0.83~0.93) 0.82 0.80 0.86 0.88 0.76

CRD#&2Y 0.92(0.89~0.96) 0.85 0.83 0.87 0.89 0.80

& Cli BfEKX(E); PI-RADS: BIFIRREGIREMBIERSE; PSA: mifllRBRMRNR;
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