Deep learning-based super-resolution US radiomics to
differentiate testicular seminoma and non-seminoma: an

international multicenter study

ELECTRONIC SUPPLEMENTARY MATERIAL

The datasets utilized for training the SR reconstruction technique comprised an
extensive of images. These images were separated into low- and high-resolution
image sets, with low-resolution images created via downsampling from their original
high- resolution counterparts.The loss function used in the GAN model encompassed
three aspects: gradient loss, L1 loss(21), and perceptual loss(22). Gradient loss
encouraged the generated images to have similar gradient values to the high-
resolution images. L1 loss measured the pixel-by-pixel discrepancy between the high-
resolution and generated images while the perceptual loss evaluated the dissimilarity
in the feature representations between them. The combination of these loss functions
helped to ensure that the generated images were visually similar to the high-resolution
images. The matched pair datasets were used to train the GAN model, which was

conducted on the Onekey Al platform.
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Figure S1. Complete workflow (a) and results (b, c) of feature selection. Feature weight
distribution plot for NR (b) and SR (c) images presents the extracted features with

corresponding coefficient values.

0.90

T, %ﬁi*iT’!

0.60

g 0.60
LR SVM KNN RandomForest ExtraTrees XGBoost LightGBM 9 LR SV KNN RandomForest ExtraTrees XGBoost LightGBM b
Model Name Model Name

Figure S2. Comparison of area under the receiver operating characteristic curves
across different machine learning algorithms-based models and super-resolution

levels including native-resolution (a) and super-resolution (b).
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Figure S3. Decision curve analysis in the training (a), domestic (b), and international
(c) validation cohort. Calibration curves of the training (d), domestic (e) and
international (f) validation cohort, respectively.
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