Table S1. Candidate predictors considered for model development
	Domain
	No. of predictors
	Candidate predictors

	Demographics
	2
	Age; sex

	Perinatal and clinical history
	6
	Allergy; history of respiratory disease; developmental delay; maternal miscarriage history; vaccination status; preterm birth

	Inflammatory markers
	2
	Procalcitonin; high-sensitivity C-reactive protein (hs-CRP)

	Myocardial and muscle injury markers
	4
	Creatine kinase-MB (CK-MB); creatine kinase (CK); lactate dehydrogenase (LDH); alpha-hydroxybutyrate dehydrogenase (α-HBDH)

	Hepatic and hepatobiliary indices
	13
	Alanine aminotransferase (ALT); aspartate aminotransferase (AST); total protein; albumin; globulin; albumin/globulin ratio (A/G ratio); total bilirubin; direct bilirubin; indirect bilirubin; alkaline phosphatase (ALP); gamma-glutamyl transferase (GGT); total bile acid (TBA); cholinesterase

	Renal, metabolic, and pancreatic indices
	8
	Creatinine; uric acid; ionized calcium; alpha-amylase; lipase; cystatin C; lactate; glucose

	Leukocyte-related hematologic indices
	11
	White blood cell count (WBC); absolute neutrophil count (ANC); absolute eosinophil count (AEC); absolute basophil count (ABC); absolute monocyte count (AMC); absolute lymphocyte count (ALC); neutrophil percentage; eosinophil percentage; basophil percentage; monocyte percentage; lymphocyte percentage

	Erythrocyte-related hematologic indices
	8
	Red blood cell count (RBC); mean corpuscular hemoglobin concentration (MCHC); mean corpuscular hemoglobin (MCH); mean corpuscular volume (MCV); hematocrit (HCT); hemoglobin (Hb); red cell distribution width-coefficient of variation (RDW-CV); red cell distribution width-standard deviation (RDW-SD)

	Platelet-related hematologic indices
	5
	Platelet count (PLT); mean platelet volume (MPV); plateletcrit; platelet distribution width (PDW); platelet-large cell ratio (P-LCR)

	Coagulation indices
	4
	Prothrombin time (PT); activated partial thromboplastin time (APTT); thrombin time (TT); fibrinogen

	Blood gas, electrolyte, and acid-base indices
	7
	Sodium; potassium; bicarbonate; pH; partial pressure of oxygen (PaO₂); partial pressure of carbon dioxide (PaCO₂); total carbon dioxide (TCO₂)

	Immunoglobulins and complement
	6
	Immunoglobulin A (IgA); immunoglobulin G (IgG); immunoglobulin M (IgM); immunoglobulin E (IgE); complement C3; complement C4

	Total
	76
	


Candidate predictors were prespecified before model development and included demographics, perinatal and clinical history, and early admission laboratory indices. Laboratory variables are grouped by domain for presentation only; each predictor was entered as an individual candidate variable during model development. Continuous predictors were standardized using training-set parameters only, and categorical predictors were encoded as binary dummy variables.



Table S2 Out-of-fold performance of ten base learners, voting ensemble (VOTE10) and stacking model (STACK) for the secondary task (mild pneumonia, Group 1, versus CNS involvement, Group 3).
	Model
	AUC
	Brier
	ACC
	SEN
	SPE
	AUC 95% CI

	BART
	0.97 ± 0.01
	0.08 ± 0.01
	0.91 ± 0.03
	0.81 ± 0.06
	0.97 ± 0.02
	0.94 ~ 0.99

	CAT
	0.94 ± 0.02
	0.12 ± 0.01
	0.87 ± 0.03
	0.68 ± 0.07
	0.99 ± 0.01
	0.89 ~ 0.98

	GAM
	0.97 ± 0.01
	0.07 ± 0.01
	0.90 ± 0.03
	0.81 ± 0.06
	0.96 ± 0.02
	0.95 ~ 0.99

	LASSO
	0.98 ± 0.01
	0.07 ± 0.01
	0.92 ± 0.02
	0.83 ± 0.05
	0.97 ± 0.02
	0.96 ~ 1.00

	LGB
	0.88 ± 0.04
	0.15 ± 0.01
	0.81 ± 0.03
	0.53 ± 0.07
	0.99 ± 0.01
	0.80 ~ 0.95

	MARS
	0.92 ± 0.03
	0.15 ± 0.01
	0.76 ± 0.04
	0.36 ± 0.07
	1.00 ± 0.00
	0.86 ~ 0.97

	RF
	0.89 ± 0.03
	0.10 ± 0.03
	0.89 ± 0.03
	0.83 ± 0.05
	0.93 ± 0.03
	0.83 ~ 0.95

	SVM-Lin
	0.93 ± 0.03
	0.08 ± 0.02
	0.89 ± 0.03
	0.83 ± 0.05
	0.93 ± 0.03
	0.88 ~ 0.98

	SVM-Rbf
	0.87 ± 0.03
	0.17 ± 0.02
	0.72 ± 0.04
	0.98 ± 0.02
	0.57 ± 0.06
	0.80 ~ 0.92

	XGB
	0.98 ± 0.01
	0.07 ± 0.01
	0.93 ± 0.02
	0.85 ± 0.05
	0.97 ± 0.02
	0.95 ~ 1.00

	VOTE10
	0.98 ± 0.01
	0.23 ± 0.01
	0.62 ± 0.04
	0.00 ± 0.00
	1.00 ± 0.00
	0.95 ~ 1.00

	STACK
	0.97 ± 0.01
	0.08 ± 0.01
	0.91 ± 0.03
	0.81 ± 0.06
	0.97 ± 0.02
	0.94 ~ 0.99







Table S3 Hyperparameters and configuration summary for model development
	Model
	Key Hyperparameters
	Value
	Description

	Penalized Logistic Regression (LASSO)
	(\alpha) (elastic net penalty)
	1
	LASSO regularisation used in logistic regression. (\alpha = 1) corresponds to LASSO (L1 penalty).

	Random Forest (RF)
	Number of Trees ((ntree))
	1000
	Number of trees in the random forest model.

	
	Minimum Node Size ((nodesize))
	5
	Minimum number of observations per node.

	Extreme Gradient Boosting (XGBoost)
	Learning Rate ((eta))
	0.05
	Learning rate for gradient boosting.

	
	Maximum Depth ((max_depth))
	4
	Maximum depth of trees.

	
	Subsample ((subsample))
	0.8
	Fraction of samples used for each boosting round.

	
	Column Subsampling ((colsample_bytree))
	0.8
	Fraction of features used for each boosting round.

	
	Minimum Child Weight ((min_child_weight))
	1
	Minimum weight for a child node.

	
	Number of Rounds ((nrounds))
	500
	Number of boosting rounds (iterations).

	
	Early Stopping ((early_stop))
	30
	Number of rounds without improvement after which training stops.

	Light Gradient Boosting Machine (LGB)
	Learning Rate ((learning_rate))
	0.05
	Learning rate for gradient boosting.

	
	Number of Leaves ((num_leaves))
	31
	Maximum number of leaves in one tree.

	
	Maximum Depth ((max_depth))
	-1
	Maximum depth of trees; (-1) indicates no limit.

	
	Feature Fraction ((feature_fraction))
	0.8
	Fraction of features used in each boosting round.

	
	Bagging Fraction ((bagging_fraction))
	0.8
	Fraction of samples used for bagging.

	
	Bagging Frequency ((bagging_freq))
	1
	Frequency of bagging during boosting.

	
	Minimum Data in Leaf ((min_data_in_leaf))
	10
	Minimum data points required in each leaf node.

	
	Number of Boost Rounds ((num_boost_round))
	600
	Number of boosting rounds (iterations).

	CatBoost
	Depth of Trees ((depth))
	4
	Maximum depth of trees in the CatBoost model.

	
	Learning Rate ((learning_rate))
	0.05
	Learning rate for the CatBoost model.

	
	L2 Regularization ((l2_leaf_reg))
	3
	Regularization parameter for L2 penalty.

	
	Number of Iterations ((iterations))
	800
	Number of iterations in CatBoost.

	
	Early Stopping ((early_stop))
	30
	Number of rounds without improvement after which training stops.

	Bayesian Additive Regression Trees (BART)
	Number of Trees ((ntree))
	150
	Number of trees in the BART model.

	
	Number of Posterior Samples ((ndpost))
	1500
	Number of posterior samples to draw from the BART model.

	
	Burn-in Period ((nskip))
	300
	Number of burn-in iterations before collecting posterior samples.

	Generalised Additive Model (GAM)
	Number of Threads ((threads))
	10
	Number of threads used for parallel computing in GAM.

	
	Number of Basis Functions ((k))
	5
	Number of basis functions used for smoothing.

	
	Regularization Parameter ((gamma))
	1.2
	Regularization parameter for the GAM model.

	Multivariate Adaptive Regression Splines (MARS)
	Degree of Polynomial ((degree))
	2
	Degree of the polynomial features for MARS.

	
	Number of Knots ((nk))
	20
	Number of knots for spline fitting in MARS.

	Support Vector Machine (SVM)
	Regularization Parameter ((C))
	1
	Regularization parameter that trades off misclassification penalty against the margin.

	
	Kernel Function (linear / RBF)
	RBF
	Type of SVM kernel used (linear or radial basis function).

	Bootstrap
	Number of Bootstrap Resamples ((B))
	50
	Number of bootstrap resamples for stability selection.

	Elastic Net (ENet)
	Elastic Net Penalty ((\alpha))
	0.5
	(\alpha = 0.5) is the default for elastic net (a mix of L1 and L2 regularization).

	
	Penalty Parameter Selection ((\lambda))
	Cross-validation
	(\lambda) is selected using inner 5-fold cross-validation.

	Calibration (Platt Scaling)
	Calibration Method
	Firth-corrected Platt scaling
	Firth-corrected Platt scaling applied to model predictions to calibrate probabilities.

	Decision Curve Analysis (DCA)
	Probability Thresholds
	0.15, 0.25, 0.35
	Pre-specified thresholds for decision curve analysis (DCA).







Table S4 Global configuration settings for reproducibility
	Setting
	Description
	Value

	Random Seed
	Ensures reproducibility across different runs
	2025

	Cross-Validation
	Number of inner and outer folds used for cross-validation
	5 (inner folds for hyperparameter tuning), 10 (outer folds for model performance estimation)

	Hyperparameter Grid
	Grid of hyperparameters for base learners (e.g., Random Forest, XGBoost, etc.)
	Defined in config.yml for each model

	Feature Selection
	Stability selection based on 50 bootstrap resamples
	Stability threshold: ≥60% (i.e., model stable in ≥30 of 50 bootstrap replicates)

	Calibration
	Calibration of model probabilities using Firth-corrected Platt scaling
	Applied to both training and validation sets

	Bootstrap
	Number of bootstrap iterations for performance estimates (ΔAUC and ΔNB)
	1000

	Thresholds for Confusion Matrices
	Thresholds for calculating confusion matrices (for both training and test datasets)
	(pt = {0.15, 0.25, 0.35})






Table S5 The proportion of missing data for the variables.
	Variable
	Proportion of missing（%）

	PCT（ng/mL）  
	18.1

	hs-CRP（mg/L）  
	2.6

	CK-MB（ng/mL）  
	1.3

	CK（U/L）  
	0.8

	ALT（U/L）  
	0.8

	AST（U/L）  
	0.8

	Total protein（g/L）  
	1.3

	Albumin（g/L）  
	0.8

	Globulin（g/L）  
	1.3

	A/G  
	1.3

	TBIL（μmol/L）  
	0.8

	DBIL（μmol/L）  
	1.3

	IBIL（μmol/L）  
	1.3

	ALP（U/L）  
	1.3

	γ-GT（U/L）  
	1.3

	Total bile acids（μmol/L）  
	1.3

	Creatinine（μmol/L）  
	0.8

	Uric acid（μmol/L）  
	0.8

	Ca2⁺（mmol/L）  
	1.8

	LDH（U/L）  
	0.8

	Alpha‑amylase（U/L）  
	2.2

	Cholinesterase（U/L）  
	2.2

	Lipase（U/L）  
	2.2

	Cystatin C（mg/L）  
	2.2

	α-HBDH（U/L）  
	1.8

	WBC（×10⁹/L）  
	0

	Neutrophils（×10⁹/L）  
	0.4

	Eosinophils（×10⁹/L）  
	0.4

	Basophils（×10⁹/L）  
	0.4

	Monocytes（×10⁹/L）  
	0.4

	Lymphocytes（×10⁹/L）  
	0

	Neutrophils%（%）  
	0.4

	Eosinophils%（%）  
	0.4

	Basophils%（%）  
	0.4

	Monocytes%（%）  
	0.4

	Lymphocytes%（%）  
	0

	RBC（×10¹²/L）  
	0.8

	MCHC（g/dL）  
	1.3

	MCH（pg）  
	1.3

	MCV（fL）  
	1.3

	Hct（%）  
	1.3

	Hb（g/dL）  
	0

	RDW‑CV（%）  
	1.3

	RDW‑SD（fL）  
	1.3

	PLT（×10⁹/L）  
	0

	MPV（fL）  
	3.1

	Plateletcrit（%）  
	3.5

	PDW
	3.1

	P‑LCR（%）  
	3.1

	PT（s）  
	0

	APTT（s）  
	0

	TT（s）  
	0

	Fibrinogen（g/L）  
	0

	Lactate（mmol/L）  
	0.4

	Na⁺（mmol/L）  
	0.4

	K⁺（mmol/L）  
	0.4

	Glucose（mmol/L）  
	0.4

	HCO₃⁻（mmol/L）  
	0.8

	pH  
	0.8

	pO₂（kPa）  
	0.8

	pCO₂（kPa）  
	0.8

	TCO₂（mmol/L）  
	0.8

	IgA（g/L）  
	3.1

	IgG（g/L）  
	3.1

	IgM（g/L）  
	3.1

	IgE（IU/ml）  
	3.1

	C3（g/L）  
	3.1

	C4（g/L）  
	3.1





Supplementary Methods
S1. Overview of the machine-learning workflow
We developed a multi-model, stability-aware machine-learning pipeline that aggregated signal across heterogeneous learners, used bootstrap-based stability selection to derive a reproducible predictor pool, and subsequently fitted elastic-net logistic regression models to generate clinically interpretable predicted probabilities.

S2. Study design and prediction tasks
We prespecified two pairwise binary classification tasks with CNS involvement (Group 3) as the target outcome: (i) the primary task contrasted severe pneumonia without neurological involvement (Group 2) versus Group 3, and (ii) a secondary exploratory task contrasted mild pneumonia (Group 1) versus Group 3. We did not fit a single three-class model because the intended use case was early triage-oriented identification of CNS involvement, which represents a binary clinical decision. Multicategory modelling would also have increased methodological complexity and reduced the effective per-class sample size for internal evaluation.
For the primary task, we additionally examined threshold-specific model behavior at three prespecified probability cutoffs (pt = 0.15, 0.25, and 0.35) in both the training and held-out validation sets. These thresholds were selected to represent lower, intermediate, and higher decision thresholds for escalation, thereby illustrating performance under different clinical risk–benefit preferences. The secondary task was included to contextualize the primary triage problem and to illustrate the effect of spectrum variation on apparent model performance; it was not intended as a clinically deployable decision rule.

S3. Outcomes, candidate predictors, and preprocessing
For each two-group comparison, the outcome variable (“Severity”) was encoded as a binary indicator (0/1). Candidate predictors included demographics (age, sex), perinatal and clinical history, and early admission laboratory indices spanning hematology, biochemistry, coagulation, immunoglobulins/complement, and arterial blood gases.
Categorical predictors were encoded as binary dummy variables. Continuous predictors were standardized as z-scores using the mean and standard deviation derived from the training set only. One-hot encoding was used to generate fully numeric design matrices for all algorithms. Detailed candidate predictors are listed in Table S1.

S4. Data partitioning and nested cross-validation
The full dataset was randomly split into a training set (80%) and a held-out validation set (20%), stratified by outcome. All model development procedures were restricted to the training set. We used nested cross-validation, with an outer 10-fold cross-validation loop to estimate performance and an inner 5-fold cross-validation loop for hyperparameter tuning. A fixed random seed was used to ensure reproducibility. Out-of-fold predictions from the outer loop were retained for calibration and model comparison.

S5. Base learners
Ten heterogeneous machine-learning algorithms were fitted as candidate base learners: penalized generalized linear model (LASSO; α = 1), Random Forest, Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), CatBoost, Bayesian Additive Regression Trees (BART), Generalized Additive Model (GAM), Multivariate Adaptive Regression Splines (MARS), and Support Vector Machines with linear and radial basis function kernels. Hyperparameter ranges for each learner were prespecified in a configuration file. For learners without native importance measures, permutation-based feature importance was computed on an internal validation split within each bootstrap replicate. Detailed learner specifications and tuning grids are provided in Table S2.

S6. Bootstrap-based stability selection
To derive a stable and interpretable predictor set, we performed 50 bootstrap resamples of the training data. In each resample, all ten base learners were fitted and variable importance was quantified, preferentially by AUC drop and otherwise by Brier-score change when AUC-based importance was not applicable. For each learner, the top 20 predictors were recorded. A predictor was considered model-stable for a given learner if it appeared in the top 20 in at least 60% of resamples. Across learners, predictors receiving at least six such votes were retained in the final stability pool.

S7. Final model fitting
Elastic-net penalized logistic regression was selected as the final modeling framework because many laboratory predictors were potentially correlated, and the combination of L1 and L2 penalties improves stability under collinearity while preserving parsimony and interpretability. Using α = 0.5, we fitted two elastic-net logistic regression models: (i) a parsimonious model restricted to the stability pool and (ii) a full model including the complete candidate predictor set. For both models, the penalty parameter λ was selected by inner 5-fold cross-validation on the training data using lambda.min.

S8. Calibration
Predicted probabilities were subsequently calibrated using Firth-corrected Platt scaling fitted on the training predictions and applied once to the held-out validation set to avoid information leakage.

S9. Performance evaluation
On the validation set, discrimination was assessed by the area under the receiver operating characteristic curve (AUC) with 95% confidence intervals calculated using DeLong’s method. Calibration was summarized using the Brier score, Hosmer–Lemeshow chi-square test, and calibration intercept and slope. Clinical utility was assessed by decision-curve analysis across threshold probabilities from 0.15 to 0.50 in increments of 0.01.
To support clinically interpretable threshold-based assessment, confusion matrices and derived metrics, including sensitivity, specificity, positive predictive value, negative predictive value, accuracy, and F1-score, were calculated at prespecified thresholds of pt = 0.15, 0.25, and 0.35 for both training and validation sets. Comparative performance between parsimonious and full elastic-net models was quantified by the difference in AUC (ΔAUC) and net benefit (ΔNB) using 1000 bootstrap resamples at pt = 0.25. Out-of-fold predictions from the ten base learners were also used to summarize descriptive ensemble performance, including simple mean-probability voting and ridge stacking.

S10. Missing-data handling and reproducibility
After patient-level exclusions, residual missing data were confined to continuous laboratory variables and were imputed using training-data medians, with fold-specific estimation applied within cross-validation to avoid data leakage. Detailed missing-data patterns are summarized in Table S4.
All analyses were performed in R version 4.4.1. A YAML configuration file controlled file paths, random seeds, cross-validation folds, hyperparameter grids, and stability-selection thresholds. Scaling parameters and encoding were derived solely from the training data, and all validation-set evaluations were strictly out-of-sample. Out-of-fold predictions, validation predictions, calibration objects, bootstrap summaries, and threshold-specific performance tables were saved to support reproducibility and audit.

