TR R R 2021 43 A5 42 553 1) http: //www.ajsmmu.cn
Academic Journal of Second Military Medical University, Mar. 2021, Vol. 42, No. 3 e 233

DOI: 10.16781/}.0258-879x.2021.03.0233 -

E T RS Y LIRAGHEAFVRF IR 5 REXRE S =

M, Rk, Tékh, BRES, L B, MER, HE2E
WEEERY: (B FERY) RIGERMGESR, [ 200433

[(HE] a6 HTETHSE MR Z G ﬁE@HL%%%@*%?*%E‘WHH%EW%}FEPEWEJ% Fik U
128 {91128 95 B IIE SE A9 1T 271 B BB A PRE R, IR XU 41 ( Gleason #F43<<3-+4 43) 60 i 2 ( Gleason
Wor=4+3 4) 68 Bil. ifs BE¥HZ 3.0 T MRIKitx, SRESHUHN . fﬁﬁ%ﬁuﬁﬂ%%*ﬁ)@ﬁ@llﬁﬁ?ﬁ SR, g
AEIE L RKEARER L RAEOLE . RS IR SR TS BRSSO R S8 (PI-RADS) 11434, 7 : 3R
H DL AV GREFIRUEEE, 733 TR A 2R B HLAS 27 > FSRUE . SR 2R G 16 B 1 B EIRRAE
TEASHFE . RIS (GLCM ) | KEETFREAERE (GLRLM) | JKEER/NXI4ERE (GLSZM ) Al Haralick $#4E .
I FHZ2 2 logistic A 43Hr ST 3 /A5 g KU 432 O TIOIIASAED « I PRATEHY | SR A A A RN PR — 2454 2= 1K
AR, 3T ROC e RIS th 2 207 LB B IS WS BE S I TR AR 2 . 48 = SIS AH AR AN IR — 3215
ZH 2RI B R B IE AR O TR AL BEAH 24 (AUC=0.78, 95% CI 0.63~0.93) , I B T lm R (AUC=0.75,
95% CI 0.60~0.91) o HIREHNE TR, FARH FAIHRIANIG IR — 5210 A6 A A A L RS B B w3 I PR
tho Z#  SOUEMRETIIRIEASLAIG RS H Z A, TS MRI R AR - AR A LA 2 ) B
AT LA = 6] B4 Bt XU 402 TR0 e i

[REIR]  AIgIEE,; LIRS seRd; PLERseT s faptiral

[FE42ES] R737.25 [XEFRERD] A [XEHS] 0258-879X(2021)03-0233-10

Risk stratification of prostate cancer based on biparametric magnetic resonance imaging radiomics machine learning
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Department of Radiology, Changhai Hospital, Naval Medical University (Second Military Medical University), Shanghai 200433,
China

[ Abstract ] Objective To explore the role of radiomics machine learning model based on biparametric magnetic
resonance imaging (MRI) in the risk stratification of prostate cancer. Methods The clinical data of 128 patients with
histologically proven prostate cancer were collected, including 60 cases in low-risk group (Gleason score<<3-+4) and 68 cases
in high-risk group (Gleason score=4+3). All the patients were examined by 3.0 T MRI with the same parameters, and the
clinical risk factors related to prostate cancer (age, volume of prostate lesions, location of lesions, prostate-specific antigen
and prostate imaging reporting and data system [ PI-RADS | score) were analyzed. The patients were randomly assigned
(7 : 3) to training set or validation set for radiomics machine learning and verification. The radiomics features included
gradient-based histogram features, morphological features, gray-level co-occurrence matrix (GLCM), gray-level run-length
matrix (GLRLM), gray-level size zone matrix (GLSZM) and Haralick features. Multivariate logistic regression analysis was
used to establish 3 prediction models to stratify the risks of prostate cancer: clinical model, radiomics model and clinical-
radiomics combined model. The diagnostic performance and clinical benefits of each model were compared by receiver
operating characteristic (ROC) curve and decision curve. Results The predictive efficacy of the radiomics model and the
clinical-radiomics combined model in validation set were similar (area under curve [AUC] =0.78, 95% confidence interval

[ CI] 0.63-0.93) and were better than that of the clinical model (AUC=0.75, 95% CI 0.60-0.91). Decision curve analysis

showed that the radiomics model and the clinical-radiomics model had higher clinical net benefits than the clinical model.
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Conclusion Compared with only evaluating the clinical risk factors related to prostate cancer, the clinical-radiomics machine learning

model based on biparametric MRI radiomics can improve the predictive accuracy of risk stratification of prostate cancer.

[ Key words | prostatic neoplasms; magnetic resonance imaging; radiomics; machine learning; risk assessment
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Tab 1

Predictive efficacy of 3 models in risk stratification of prostate cancer

Clinical model

Radiomics model

Clinical-radiomics combined model

Item Training set Validation set Training set Validation set Training set Validation set
n=90 n=38 n=90 n=38 n=90 n=38
Cut-off value —0.31 —0.31 0.43 0.43 —0.30 —0.30
AUC (95% CI) 0.67 (0.56,0.79)  0.75(0.60,0.91)  0.87 (0.80,0.95)" 0.78 (0.63,0.93)"  0.87 (0.80, 0.94)" 0.78 (0.63, 0.93)"
Accuracy 0.69 0.61 0.79 0.63 0.79 0.76
Sensitivity 0.81 0.95 0.67 0.50 0.71 0.76
Specificity 0.55 0.22 0.93 0.78 0.67 0.63
PPV 0.67 0.58 0.91 0.71 0.87 0.80
NPV 0.72 0.80 0.71 0.58 0.73 0.72

"P<0.01 vs clinical model. AUC: Area under curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative

predictive value.
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Fig1l MRI radiomics feature extraction of prostate cancer
A: Curve of binomial deviation of MRI radiomics model varying with parameter 4; B: Curve of radiomics characteristic coefficient of
MRI radiomics model varying with parameter A; C: Radiomics features screened by MRI radiomics model; D: Comparison of radiomics
score (Radscore) between low-risk (Gleason score<<3+4) and high-risk (Gleason score=4-3) prostate cancer patients of MRI radiomics
model training set (left) and validation set (right). The vertical dotted lines in Fig 1A and 1B represent the optimal value of the super parameter 4.
In this case, the model and data show the best fit. The numbers above Fig 1A and 1B represent the number of features. As shown in the
figure, when the best 4 value is obtained, the nearest feature number is 10. The logarithmic function in Fig 1A, 1B and 1C is natural

logarithm. The horizontal lines in Fig 1D represent the cut-off value of Radscore (0.43). MRI: Magnetic resonance imaging.
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Fig2 Nomograph of risk stratification of prostate cancer by clinical-radiomics combined model

PI-RADS: Prostate imaging reporting and data system; PSA: Prostate-specific antigen; Radscore: Radiomics score.
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Comparison of ROC curves between clinical-radiomics combined model and clinical model

A: Training set; B: Validation set. ROC: Receiver operating characteristic; AUC: Area under curve; CI: Confidence interval.
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Fig 4 Calibration curves of clinical-radiomics combined model for predicting the consistency of

risk stratification and pathological results of prostate cancer

A: Training set; B: Validation set.
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Fig5 Clinical-radiomics combined model and clinical model decision curves
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