Supplementary Figure Legends
Supplemental Figure 1  Comprehensive analysis of data completeness, distribution characteristics, and outliers in the training cohort (n = 1,118). a, Missing data pattern matrix for the raw dataset. Black horizontal bars identify missing data points (10.9% overall missingness), while grey indicates present observations. b, Evaluation of multiple imputation by chained equations (MICE). Density curves compare the distributional smoothness and morphological retention of continuous variables before (grey dashed lines) and after (blue-grey solid lines) imputation. c, Point plot of mean differences induced by imputation, with the deep red point specifically highlighting variables with substantial shifts post-imputation (e.g., CEA). d, Ranking of outlier rates for each variable based on the interquartile range (IQR) detection method. e, Boxplots for outlier detection in core continuous variables. Isolated points represent potential clinical outliers falling outside the 1.5 × IQR boundaries.
Supplemental Figure 2  Data preprocessing engineering, scale heterogeneity, and statistical correlation matrix. a, Logic demonstration for processing multi-category variables. Using tumor location as an example, the panel shows how original category counts (left) are one-hot encoded into binary dummy variables (right) via baselining (with LLL as the implicit reference) for machine learning algorithms requiring continuous inputs. b, Spearman rank correlation coefficient (ρ) matrix for the core included features (n = 20). The heatmap verifies generally low inter-feature correlations, supporting the model assumption of independence. c, Comparison of four scaling methods (Original, Z-score, MinMax, Robust) and their reshaping effects on the probability density distributions of nine high-variance continuous variables. d, Assessment of scale heterogeneity prior to feature scaling. The horizontal bar plot, based on log-scaled standard deviations (log10 SD), highlights the massive scale disparities across original raw variables spanning up to four orders of magnitude, underscoring the critical need for rigorous feature scaling prior to model training.
Supplementary Figure 3  Point-of-care web-based risk calculator interface for predicting pneumothorax requiring intervention after lung tumor ablation. The interactive Shiny application accepts eight routinely collected clinical inputs, including patient demographics (age, sex, BMI, smoking history) and tumor- and procedure-related characteristics (tumor size, tumor–pleura distance, fissure involvement, tumor morphology). Upon submission, the interface displays: the individualized predicted probability of intervention-requiring pneumothorax with a four-tier risk stratification (<15% low, 15–30% moderate, 30–50% high, >50% very high); a patient-specific SHAP waterfall plot illustrating the directional contribution of each feature to the individual risk estimate (baseline expected risk E[*f*(*x*)] = 0.151); and c, a summary of model performance metrics (AUROC = 0.865, 95% CI: 0.835–0.895; Hosmer–Lemeshow P = 0.235; Brier score = 0.083). The calculator incorporates an out-of-distribution applicability safeguard (not shown), which triggers a warning when any input value falls outside the 1st–99th percentile range of the training cohort distribution, alerting clinicians that the prediction may rely on extrapolation and should be interpreted with caution. This digital tool is designed for seamless point-of-care integration to facilitate proactive, risk-stratified perioperative decision-making in interventional oncology.
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a. Missing Value Pattern (after excluding > 80% missing rows) b. Distribution Before vs After MICE Imputation
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a. One-Hot Encoding Demonstration
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b. Feature Correlation Matrix (spearman)
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Pneumothorax Risk Calculator

Post-lung-tumor-ablation — Risk of Pneumothorax Requinng Intervention
Based on Random Forest model | AUC = 0.665 (99% CI: 0.832-0.902)

Predicted Risk Feature Contribution

Patient Characteristics
Demographics & History
Age (years) Risk Interpretation

60
Sex

Female w
BMI (kg/m?)

23
Smoking History

MNO hd
Tumor Charactensiics
Tumor Size (mm)

15 Model Performance Clinical Guidance
s + AUC: 0.865 (95% CI- 0.835-0.895) + Risk < 15%: Low risk — routine post-ablation monitoring

Near (< 10 mm) - « Calibration: Hosmer-Lemeshow P = 0.235 (well-calibrated) « Risk 15-30%: Moderate risk — consider extended observation
f « Brier Score: 0.083 « Risk 30-50%: High risk — prepare for possible chest tube
R T « |Intermnal Validation: 5x5 nested cross-validation « Risk > 50%: Very high risk — consider prophylactic measures

« Training Cohort: 1118 patients (167 events)

MO hd

Tumor Morphology
Disclaimer: This calculator is for research purposes and clinical decision support only. It should not replace clinical judgment. The model was developed using data from a single center and reguires external validation before broad

. Non-solid v clinical application.
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