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* Used only prior-admission ICD codes to avoid data leakage
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Datasets
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Class imbalance: 6.3%+ (3d) >
14.4%+ (30d)

Shared Modeling Framework

We trained separate XGBoost binary classifiers for each task:

1. Used StratifiedGroupKFold train/test splits to preserve class

balance

2. Optimized the classification threshold using 5-fold CV, selecting
the threshold that maximized validation F1 score in each fold
3. Re-trained the final model on the full training set using the mean

optimal threshold across folds
4. Performed final evaluation on the held-out test set
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Table 4: Undersampling Results (Multi-label ICU Readmission)

1. Al/ML should support, not replace, clinical decision-making
2. Clinically useful and realistic ML models must balance FP and FN to

support patient care and hospital resource allocation:
a. Feature engineering influences the utility of clinical ML models

b. Threshold tuning adapts operating points to varying hospital needs
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Label Threshold Precision Recall F1 ROC-AUC PR-AUC
3d 0.5 0.101 0.588 0.173 0.640 0.155
7d 0.5 0.147 0.579 0.234 0.655 0.200
14d 0.5 0.185 0.600 0.282 0.655 0.231
21d 0.5 0.207 0.601 0.307 0.655 0.250
28d 0.5 0.221 0.618 0.326 0.660 0.267
30d 0.5 0.224 0.626 0.330 0.665 0.274
CONCLUSIONS
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