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Abstract

This study proposes a Class-conditional Test-Time Augmentation(ClassTTA) framework for prostate cancer
aggressiveness  prediction, which aggregates augmented predictions using class-specific weighting strategies.
Conventional test-time augmentation methods rely on simple averaging and do not adequately account for
class-dependent effects of different augmentations. The proposed ClassTTA addresses this limitation by learning
independent aggregation weights for each class, enabling different augmentation utilization strategies for high-grade and
low-grade prostate cancer. Experimental results on multiparametric prostate Magnetic Resonance Imaging (MRI)
datasets demonstrate that ClassTTA consistently improves overall classification performance over conventional TTA by
increasing balanced accuracy from 0.81 to 0.85 and sensitivity from 0.74 to 0.83. In addition, SHAP-based analysis
confirms that the proposed method learns an aggregation strategy that selectively utilizes meaningful data

augmentations for each class.
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Figure 1. Overview of the proposed Class-conditional Test-Time Augmentation (ClassTTA) framework. Given an input test

image X, multiple augmented samples X () are generated using a test-time augmentation operator 7. Each augmented
input is processed by a fixed, pre-trained base prediction model f, to produce class-wise prediction scores p, .. The final

prediction 136. is obtained by aggregating the augmented predictions through a class-conditional aggregation function g,.
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Table 1. Performance comparison of prostate cancer aggressiveness prediction on Dataset 1 using different test-time augmentatio
n strategies. Results are reported as mean + standard deviation over 5-fold cross-validation. ClassTTA achieved the best overall
performance and significantly outperformed both the baseline (p < 0.001) and AugTTA (p = 0.038). The highest values are deno

ted in bold.
Balanced ) e ey
Method Accuracy Sensitivity Specificity AUC
Accuracy
Baseline 0.76 + 0.01 0.77 + 0.01 0.70 + 0.07 0.82 £+ 0.06 0.75 £ 0.01
Baseline + traditional TTA 0.81 £ 0.03" 0.80 + 0.03 0.74 + 0.06 0.87 + 0.03 0.76 + 0.05
Baseline + augTTA 0.83 + 0.02" 0.82 + 0.03 0.79 + 0.05 0.87 + 0.03 0.76 + 0.04
Baseline + classTTA 0.85 + 0.01™ 0.85 £ 0.01 0.83 + 0.04 0.87 1 0.03 0.80 + 0.03

% p < 0.05 vs Baseline
T: p = 0.038 vs Baseline + augTTA
¥ p = 0.001 vs Baseline

Table 2. Performance comparison of prostate cancer aggressiveness prediction on Dataset 2 using different test-time augmentatio

n strategies. Results are reported as mean + standard deviation over 5-fold cross-validation. ClassTTA achieved the best overall
performance and showed statistically significant improvements over the baseline and traditional TTA. The highest values are den

oted in bold.
Method i:::z;ii Accuracy Sensitivity Specificity AUC
Baseline 0.70 £ 0.01 0.69 + 0.01 0.66 + 0.02 0.75 £ 0.04 0.76 £ 0.02
Baseline + traditional TTA 0.77 + 0.01° 0.76 + 0.01 0.82 1+ 0.10 0.71 + 0.09 0.73 + 0.04
Baseline + augTTA 0.79 + 0.017 0.79 £ 0.02 0.83 £ 0.07 0.75 + 0.07 0.75 + 0.02
Baseline + elassTTA 0.80 + 0.03" 0.79 £ 0.01 0.834 £ 0.11 0.75 £ 0.06 0.76 + 0.04

* p < 0.01 vs Baseline
T: p < 0.001 vs Baseline
¥ p < 0.05 vs Baseline + traditional TTA
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Table 3. Performance comparison under different levels of test-time perturbations. “Mild” denotes augmentations used during
training, while “Mild + Severe” includes additional strong perturbations uncommon in prostate MR images. ClassTTA
maintains stable performance even under severe perturbations, whereas traditional TTA and AugTTA show noticeable
performance degradation. The highest values are denoted in bold.

Type of Balanced i PO Pt
Method peviurhations| Accargey Accuracy Sensitivity Specificity AUC

Mild 0.71 0.74 0.42 1.00 0.68
Baseline + Traditional TTA

Mild + Severe 0.68 0.70 0.42 0.93 0.68

Mild 0.76 0.78 0.58 0.93 0.80
Baseline + AugTTA

Mild + Severe 0.82 0.81 0.83 0.80 0.79

Mild 0.88 0.88 0.93 0.83 0.86
Baseline + ClassTTA

Mild + Severe 0.88 0.88 0.93 0.83 0.86
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Figure 2. Class-conditional SHAP summary plots for ClassTTA. The left and right panels correspond to high-risk (hPCa)

and low-risk (IPCa) prostate cancer,

respectively. The plots

show that

ClassTTA

selectively emphasizes

different

augmentation types depending on the class, highlighting meaningful augmentations for hPCa while suppressing unnecessary

contributions for 1PCa.
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