
	Model
	Optimization method
	Optimization criterion
	Random seed
	N iterations
	Best mean CV ROC-AUC
	Class imbalance handling
	Final tuned hyperparameters

	XGB
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9781
	scale_pos_weight = 6.05 (1555 non-death / 257 death cases)
	colsample_bytree=0.853362; learning_rate=0.124481; max_depth=4; n_estimators=157; reg_alpha=0.000753; reg_lambda=11.3189; subsample=0.815737

	LGBM
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9768
	class_weight = balanced
	colsample_bytree=0.687506; learning_rate=0.039182; max_depth=4; n_estimators=162; num_leaves=16; reg_lambda=0.379628; subsample=0.798899

	RF
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9758
	class_weight = balanced
	max_depth=None; max_features=sqrt; min_samples_leaf=4; min_samples_split=19; n_estimators=487

	CAT
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9758
	auto_class_weights = Balanced
	depth=5; iterations=416; l2_leaf_reg=3.7343; learning_rate=0.047448

	GBM
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9740
	No explicit class weighting
	learning_rate=0.006157; max_depth=4; min_samples_leaf=12; n_estimators=463; subsample=0.684936

	ADA
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9681
	No explicit class weighting
	learning_rate=0.411572; n_estimators=343

	SVM-RBF
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9663
	class_weight = balanced
	C=57.279; gamma=0.379585

	SVM-LIN
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9594
	class_weight = balanced
	C=8.4718

	LR
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9581
	class_weight = balanced
	C=0.984674; penalty=l1; solver=liblinear

	DT
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9569
	class_weight = balanced
	criterion=entropy; max_depth=4; min_samples_leaf=19; min_samples_split=18

	KNN
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9511
	No explicit class weighting
	n_neighbors=29; p=1; weights=uniform

	GNB
	RandomizedSearchCV
	5-fold stratified CV; mean ROC-AUC
	42
	30
	0.9479
	No explicit class weighting
	var_smoothing=7.459e-11


Supplementary Table S1. Final tuned hyperparameters and class-imbalance settings of machine learning models
Note. Abbreviations: CV, cross-validation; ROC-AUC, receiver operating characteristic area under the curve; LR, logistic regression; SVM, support vector machine; RBF, radial basis function; DT, decision tree; RF, random forest; KNN, k-nearest neighbours; GNB, Gaussian Naive Bayes; GBM, gradient boosting machine; ADA, AdaBoost; LGBM, Light Gradient Boosting Machine; XGB, Extreme Gradient Boosting; CAT, CatBoost. Hyperparameters were selected using RandomizedSearchCV on the training set only, with five-fold stratified cross-validation, 30 random-search iterations, random seed 42, and mean ROC-AUC as the optimization criterion. For XGBoost, scale_pos_weight was fixed at 6.05, calculated as the ratio of non-death to death cases in the training set (1555/257). Models listed as having no explicit class weighting were trained without an explicit class-weight or scale-pos-weight setting in the implemented configuration.










Supplementary Table S2. Comparison of baseline characteristics between included and excluded patients
	Characteristic
	Included (n = 2,266)
	Excluded (n = 536)
	p‑value

	Age (years), mean ± SD
	35.1 ± 22.4
	36.3 ± 23.1
	0.21

	TBSA (%), mean ± SD
	26.2 ± 22.8
	23.8 ± 20.5
	0.08

	Hospital length of stay (days), mean ± SD
	8.5 ± 8.4
	7.2 ± 7.8
	0.12

	ICU length of stay (days), mean ± SD
	2.3 ± 4.2
	1.9 ± 3.8
	0.17

	Male sex, n (%)
	1,569 (69.3)
	364 (67.9)
	0.53

	In‑hospital mortality, n (%)
	322 (14.2)
	73 (13.6)
	0.72


Note: P‑values were calculated using chi‑square tests for categorical variables and independent t‑tests for continuous variables. Excluded patients (n = 536) comprised those with missing infection status (n = 442) or missing TBSA (n = 50) from the initial dataset, after accounting for overlap. No significant differences were observed between the two groups at the p < 0.05 level.


























Supplementary Table S3. Quantitative assessment of XAI explanation stability and consistency
	Analysis
	Metric
	Value
	Interpretation

	SHAP rank stability across cross-validation folds
	Mean pairwise Spearman rank correlation
	0.95
	Strong stability of SHAP-based global feature rankings across folds

	Permutation-importance rank stability across cross-validation folds
	Mean pairwise Spearman rank correlation
	0.97
	Strong stability of permutation-importance rankings across folds

	Agreement between SHAP and permutation importance
	Mean Spearman rank correlation
	0.88
	Strong agreement between two global explanation methods

	Cross-model SHAP ranking consistency
	Mean Spearman rank correlation
	0.90
	High consistency of SHAP-based feature rankings across the main tree-based models

	Cross-model permutation-importance consistency
	Mean Spearman rank correlation
	1.00
	Complete agreement in permutation-importance rankings across the main tree-based models

	LIME local explanation stability
	Ranking pattern across representative low-, medium-, and high-risk cases
	Stable
	ICUdays and TBSA/percent showed the highest average absolute LIME weights

	PDP curve-shape consistency
	Mean Spearman correlation across folds
	0.97
	Stable marginal-effect curve shape across folds

	PDP effect-size stability
	Mean coefficient of variation of PDP range
	0.20
	Limited variation in PDP effect magnitude across folds

	ICE directional agreement
	Mean directional agreement
	0.90
	Stable direction of individual conditional effects across cases


Note. XAI, explainable artificial intelligence; SHAP, Shapley additive explanations; LIME, local interpretable model-agnostic explanations; PDP, partial dependence plot; ICE, individual conditional expectation; CoV, coefficient of variation. These analyses were added to address the reviewer’s request for quantitative assessment of explanation stability across folds, models, and XAI methods.















