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Supplementary Figure S1. 
Study Flow Chart.

Flow diagram illustrating the patient selection, cohort formation, and machine learning model development process for predicting Extracorporeal
Shock Wave Lithotripsy (ESWL) outcomes.
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Supplementary Table S1. 
Complete Feature List and Descriptive Statistics.

* Ureter segment missingness applies only to ureteral stones (n = 374). For renal stones, this variable was not applicable.
SD: Standard Deviation; HU: Hounsfield Units; NCCT: Non-Contrast Computed Tomography; CKD-EPI: Chronic Kidney Disease Epidemiology
Collaboration.
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Supplementary Table S2. 
Hyperparameter Search Spaces for Machine Learning Algorithms.

* All algorithms: Hyperparameter optimization was conducted exclusively on the training set (n = 1.125) to prevent data leakage. The test set
(n = 376) was used only for final model evaluation.
† Randomized Search: 100 random hyperparameter combinations were evaluated per algorithm. The best combination was selected based on the
highest mean AUC-ROC score across 5-fold stratified cross-validation.
‡ Solver/kernel-specific parameters: Parameters are listed for specific penalty types or kernels only, as indicated in parentheses.
¶ scale_pos_weight (XGBoost): The value 6.92 corresponds to the inverse class ratio in the training set (success:failure ≈ 13:1), specifically
addressing the class imbalance for the minority failure class.
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Supplementary Figure S4. 
Feature Correlation Matrix. A heatmap displaying Pearson correlation coefficients between the continuous variables used 
in the model. The absence of strong correlations (all |r| < 0.7) confirms that multicollinearity was not a significant concern,
supporting the stability of the feature importance rankings.
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Supplementary Figure S5. 
Decision Curve Analysis. Plots the net clinical benefit of using the XGBoost model across a range of probability thresholds 
(0.01 to 0.99). The model (red line) provides a higher net benefit than the default strategies of treating all patients 
or no patients within a clinically relevant threshold range, supporting its potential utility for guiding treatment decisions.
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Supplementary Figure S6. 
Learning Curves. Plots model performance (ROC-AUC) for the training and cross-validation sets as a function of training set size.
The convergence of the two curves indicates that the model was adequately trained without substantial overfitting.


