Supplementary material
Data Processing
All analyses were conducted using data extracted from the MIMIC-IV v3.1 database. Implausible physiologic or laboratory values were removed according to predefined clinical ranges. Continuous variables with <40% missingness were retained and imputed using the training-set median, whereas categorical variables were imputed using the mode. Variables with ≥40% missingness were excluded from further analysis.
All continuous predictors were standardized using z-score normalization (mean = 0, SD = 1), with parameters derived exclusively from the training cohort to avoid data leakage. Only variables available within the first 0–6 hours after ICU admission were included to ensure an early-stage prediction model without incorporation of future information (e.g., SOFA, SAPS II, treatments, or outcomes).
Implausible values were defined using broad physiologically plausible ranges (Supplementary Table S3) to exclude obvious recording or measurement errors while preserving extreme but clinically meaningful values in critically ill patients.
In cases of repeated measurements within the first 0–6 hours after ICU admission, aggregation was performed by selecting the first (earliest) recorded value. This approach was chosen to reflect initial physiological status at ICU admission and to avoid incorporating later clinical evolution into the early prediction model.
Model Development
An extreme gradient boosting (XGBoost) classifier was used to predict in-hospital mortality. The dataset was divided into training (80%) and test (20%) cohorts at the patient level (subject_id) using outcome-stratified sampling. All ICU admissions corresponding to the same patient were assigned exclusively to either the training or the test cohort to prevent information leakage, and no admission-level random split was performed. For patients with multiple ICU stays (either within the same hospitalization or across different hospital admissions), only the first (index) ICU stay was included in the analysis to ensure independence of observations. All dataset splitting procedures were completed prior to model training.

Hyperparameter tuning was performed exclusively within the training cohort using five-fold stratified cross-validation. Candidate hyperparameters were iteratively explored within predefined ranges, including: max_depth (3–8), learning_rate (0.01–0.2), n_estimators (200–800), subsample (0.6–1.0), colsample_bytree (0.6–1.0), min_child_weight (1–10), gamma (0–5), reg_alpha (0–2), and reg_lambda (0–10). The primary model selection criterion was the mean cross-validated area under the receiver operating characteristic curve (AUC). Class imbalance handling (positive class weighted fivefold via sample weights) was fixed a priori and was not treated as a tuning parameter. All models were implemented in Python (version 3.10) using the XGBoost library with a fixed random seed (random_state = 42) to ensure reproducibility. No information from the independent test cohort was used during model tuning or parameter selection.
Model Evaluation
Model performance was evaluated exclusively in the independent test cohort. Metrics included the area under the receiver operating characteristic curve (AUC), area under the precision–recall curve (average precision), accuracy, sensitivity, specificity, positive and negative predictive values, F1-score, and Brier score.
The optimal classification threshold was determined using Youden’s index. AUC 95% confidence intervals were estimated with 1,000-bootstrap resampling. Calibration was assessed using calibration curves constructed from 10 equal-width probability bins (0–1 range). The mean predicted probability and observed event rate were computed within each bin. Bootstrap resampling (500 iterations) was used to estimate 95% confidence intervals for observed event rates. Calibration intercept and slope were estimated by fitting a logistic regression model of the observed outcome on the logit-transformed predicted probabilities (i.e., logit(Y) = α + β × logit(p)) in the independent test cohort. To further explore potential miscalibration, logistic recalibration parameters were estimated in the training cohort and subsequently applied to the test cohort (train-fit, test-apply approach) for visualization purposes.
Model Interpretability
Model interpretability was assessed using SHapley Additive exPlanations (SHAP). SHAP values represent each feature’s contribution to the model output on the log-odds scale (i.e., before transformation to predicted probability). Global interpretability was evaluated through mean absolute SHAP values (feature importance) and SHAP beeswarm plots.
Non-linear effects and feature interactions were examined using SHAP dependence plots for the top predictors. All visualizations were generated using Python (version 3.10) with the SHAP and Matplotlib libraries.
	Supplement table S1. SHAP feature importance

	Variable
	Mean absolute SHAP
	Relative importance %

	FiO2
	0.34473088
	9.21

	Age
	0.25214884
	6.74

	Lactate
	0.23692383
	6.33

	Charlson index
	0.23402968
	6.26

	BUN
	0.21001093
	5.61

	Systolic BP
	0.20248131
	5.41

	PaO2
	0.18421899
	4.92

	Heart rate
	0.18402827
	4.92

	Magnesium
	0.17235802
	4.61

	Liver disease
	0.122955196
	3.29

	Weight
	0.116831936
	3.12

	WBC
	0.11162922
	2.98

	BMI
	0.109199114
	2.92

	Platelet count
	0.09764414
	2.61

	Height
	0.09326401
	2.49

	Hemoglobin
	0.088867135
	2.38

	Creatinine
	0.074880004
	2.0

	Surgical same-Day Admission
	0.07398747
	1.98

	Stroke
	0.06821633
	1.82

	Troponin T
	0.058331214
	1.56

	Features are ranked in descending order of mean absolute SHAP value, reflecting their overall contribution to the XGBoost model for predicting in-hospital all-cause mortality among ICU patients with heart failure. All continuous variables were standardized (z-scores) before model training; comorbidities and medication use were coded as binary variables (0 = no, 1 = yes). SHAP = SHapley Additive exPlanations; ICU = intensive care unit; XGBoost = extreme gradient boosting.







Supplementary Table S2. Hyperparameters used for the final XGBoost model
	Hyperparameter
	Value
	Description

	n_estimators
	300
	Number of boosting trees

	max_depth
	4
	Maximum tree depth

	learning_rate
	0.05
	Step size shrinkage

	subsample
	0.8
	Fraction of samples used per tree

	colsample_bytree
	0.8
	Fraction of features used per tree

	gamma
	2
	Minimum loss reduction required for split

	min_child_weight
	8
	Minimum sum of instance weight per leaf

	reg_lambda
	10
	L2 regularization term

	reg_alpha
	1
	L1 regularization term

	eval_metric
	“logloss”
	Evaluation metric during training

	random_state
	42
	Reproducibility seed

	class weight (death)
	5
	Address class imbalance


Hyperparameters were informed by prior literature and refined through iterative experimentation to balance discrimination and generalizability. Class imbalance was handled by assigning a fivefold higher weight to in-hospital mortality cases during model training. All analyses were conducted using Python (version 3.10) and the XGBoost library.

	Supplementary Table S3. Predefined plausibility ranges used for outlier removal

	Variable
	Lower bound
	Upper bound
	Unit
	Rationale

	Age
	18
	110
	years
	Adult ICU population

	BMI
	10
	80
	kg/m²
	Extreme entry errors excluded

	Weight
	20
	300
	kg
	Recording error removal

	Height
	100
	230
	cm
	Physiologic plausibility

	Heart rate
	20
	250
	bpm
	Extreme artifact removal

	Systolic BP
	40
	300
	mmHg
	Excludes impossible values

	Diastolic BP
	20
	200
	mmHg
	Recording artifact removal

	MAP
	30
	250
	mmHg
	Physiologic plausibility

	Respiratory rate
	5
	80
	breaths/min
	Extreme measurement error removal

	SpO₂
	30
	100
	%
	<30% typically artifact in EHR

	Temperature
	30
	43
	°C
	Outside range considered implausible

	FiO₂
	21
	100
	%
	Physiological limits

	Lactate
	0
	30
	mmol/L
	Excludes extreme lab error

	WBC
	0
	200
	×10⁹/L
	Recording artifact threshold

	Sodium
	100
	180
	mmol/L
	Extreme error removal

	Potassium
	1
	10
	mmol/L
	Life-compatible range

	Chloride
	60
	150
	mmol/L
	Analytical plausibility

	Magnesium
	0
	10
	mg/dL
	Lab artifact removal

	Creatinine
	0
	20
	mg/dL
	Extreme analytic error exclusion

	BUN
	0
	300
	mg/dL
	Recording artifact removal

	Hemoglobin
	0
	25
	g/dL
	Analytical plausibility

	CRP
	0
	500
	mg/L
	Extreme lab error exclusion

	Platelet count
	0
	2000
	×10⁹/L
	Recording artifact removal

	PaO₂
	20
	600
	mmHg
	Ventilated ICU range

	Charlson index
	0
	20
	score
	Theoretical scoring limits

	Values falling outside the predefined physiologically plausible ranges were considered implausible and set to missing prior to imputation. The ranges were intentionally broad to exclude obvious recording or measurement errors while retaining extreme but clinically meaningful values in critically ill patients. No data-driven trimming (e.g., percentile-based exclusion or winsorization) was performed.




