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Abstract

This study proposes a method to improve cancer aggressiveness prediction performance by fusing multi-parametric MR images in
various ways and additionally training a self-supervised learning model with data used for prostate cancer aggressiveness prediction.
Experimental results showed that the prediction performance of prostate cancer aggressiveness improved when using multi-parametric
MR images compared to using single-parametric MR image. The prediction fusion method of majority voting method with multi-
parametric MR images showed the highest performance. Furthermore, the model with additional self-supervised learning on the
dataset used for prostate cancer aggressiveness prediction showed an average performance improvement of 0.8% in accuracy, 4.49%
in sensitivity, 1.77% in negative predictive value, and 0.02 in AUROC score across all single and multi-parametric MR image
experiments.
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Table 1. Evaluation of prostate cancer aggressiveness prediction using the proposed methods and comparison methods.
Means and standard deviations are presented. The highest values are denoted in bold.

Image Self-supervised o sl o P o 7o T
configurations | learning set Accuracy(%e) | Sensitivity(%) | Specificity(%o) PPV(%) NPV(%) AUC
T2wMR 65.00£8.47 | 58.93+12.40 | 70.00+1592 | 64291489 | 67.63=6.78 | 0.68=0.11
DWI 60.64 957 | 52.86+13.66 | 67.06+19.55 | 61.74 1875 | 63.00=7.67 | 0.60=0.10
ADCmap 62264998 | 446422516 | 76761751 | 6163 £18.04 | 64531027 | 0552011
Image lmageNet + | o) 424757 | 46434229 | 755941532 | 62524126 | 647641030 | 0.590.08
fusion ProstateX
Feature
o 63394424 | 5607892 | 6941879 | 6084=709 | 6592397 | 063005
Prediction 6726521 | 49644974 | 81771017 | 7096 £1099 | 6647397 | 0.66=0.05
fusion (AV)
Prediction 69.686.17 | 54641066 | 82.06+8.93 | 72.45+10.42 | 68.93527 | 0.68:+0.06
fusion (MV)
T2wMR 65324646 | 64.64+18.86 | 65881346 | 6153767 | 71.51+10.58 | 067010
DWI 6194+570 | 546422130 | 67941541 | 59264966 | 6617746 | 062008
ADCmap 63554306 | 5107843 | 7382802 | 6234618 | 6481366 | 061004
Im ImageNet +
ase ProstateX+ | 62.586.84 | 52.14=18.07 | 7118 =18.75 | 62.85=11.34 | 65.1526.97 | 0.63=0.06
fusion
— SNUBPCa
;;.me 63712470 | 571421525 | 69121353 | 61242670 | 67.06=550 | 064006
Prediction 6790=566 | 5607772 | 77651030 | 68512078 | 6822385 | 067005
fusion (AV)
Prediction 7129563 | 58032739 | 81.478.88 | 73.29:9.09 | 7070=436 | 0.70=0.05
fusion (MV)
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