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Abstract

This study proposes a novel framework that combines a diffusion autoencoder with an independent encoding structure
for multi-parametric MR images (mp-FE), as a method for extracting imaging features for prostate cancer
aggressiveness prediction. The diffusion autoencoder replaces the decoder part of a conventional autoencoder with a
diffusion model, thereby guiding the encoder to produce latent vectors that are more informative and contain features
useful for aggressiveness prediction. Additionally, to obtain latent vectors that capture the unique characteristics of
each parametric MR image, the proposed mp-FE method constructs independent encoders for each parameter image
and integrates the separately extracted features. Experimental results showed that, when reconstructing DWI images
using the diffusion autoencoder with the mp-FE method, the model achieved the best performance, recording an
accuracy of 70.97%, specificity of 79.41%, and AUROC of 0.72.
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Figure 1. Overview of the prostate cancer aggressiveness prediction framework based on a Diffusion Autoencoder with the
multi-parametric Feature Extraction (mp-FE) method: (a) mp-FE with Diffusion Autoencoder, and (b) aggressiveness

prediction network.
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Figure 2. Training curves
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Table 1. Evaluation of prostate cancer aggressiveness prediction using the proposed methods and comparison methods. The
mean of prediction performance over 5 runs are presented. The highest values are denoted in bold.

R"‘Z‘:;‘"}f;'f““ Accuracy(%)  Sensitivity(%)  Specificity(%) PPV(%) NPV(%) AUROC
AE [15] 67.74 60.71 73.53 65.38 69.44 0.69
DIffAE [13] 65.49 52.14 76.47 64.62 66.01 0.68
mpFE-DiffAE (ADCmap) 62.90 58.57 66.47 59.63 66.02 0.67
mpFE-DIffAE (T2wMR) 68.38 62.86 72.94 65.68 70.47 0.68
mpFE-DiffAE (DWI) 70.97 60.71 79.41 70.83 71.05 0.72

AE : Autoencoder, DiffAE : Diffusion Autoencoder, mp-FE : multi-parametric Feature Extraction
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Figure 4. SHAP evaluation of high-grade PCa (hPCa) and low-grade PCa (IPCa) prediction based on target MR parameter
reconstructed by the decoder in the multi-parametric Feature Extraction (mp-FE) method.
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