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Feature Handling. Correlated variables were pruned using a two-stage approach combining Spearman screening (|p| > 0.85) with plateau. CNN2D AUC improved monotonically while XGBoost remained flat across the
physiologic domain knowledge. same windows, suggesting convolutional architectures extract temporal structure that

4-hour summary statistics cannot capture.

References

Traditional ML. XGBoost classifiers were trained on waveform features alone (SickBay) and combined with static registry features

(SickBay+ELSQ) across thrge post-cannulation observatio.n. windows §24h, 48h, 72h),.using nested 5—f.old stratified cross—valida.tio.n with griql— « Early prediction is achievable within the first 12h post-cannulation per sub-window

search hyperparameter tuning. A separate CatBoost classifier was trained on sequential 6-hour sub-windows for the early-prediction analysis analvsis

(Figure 3)- y ' [1] Whitman GJR. Extracorporeal membrane oxygenation for the treatment of
. ) i ) ) ) ) . . . . ostcardiotomy shock. J Thorac Cardiovasc Surg. 2017;153(1):95-101.

Deep Learning. A 2D convolutional neural network (CNN2D) was trained on 15-minute binned waveform sequences. A hybrid variant « Continuous waveforms refine rather t.ha?n rgplace static registry features. Waveform- '[02] ELSO Regisﬁry Report. Extracorporeal Life Su%port Orgar(ﬂ;ation. 2023.
concatenated CNN2D waveform embeddings with a dense branch on static ELSO features. Input-gradient attribution identified influential only CNN2D achieved moderate discrimination (AUC 0.734-0.785 across 24-72h), [3] Schmidt M, Burrell A, Roberts L, et al. Predicting survival after ECMO for refractory
i i i « . . . . . . . . cardiogenic shock: the survival after veno-arterial-ECMO (SAVE)-score. Eur Heart J.

signals and time periods. conﬂrmlr.\g that bedS|d.e monitoring data carngs independent prognostic signal, while 2015:36(33)-2246-2256.
Evaluation. AUC-ROC with bootstrap 95% Cls; sensitivity, specificity, and F1 reported. Survival to hospital discharge was the positive class. the hybrid model consistently outperformed either source alone. [4] Du CH, Glick D, Tung A. Error-checking intraoperative arterial line blood pressures. J Clin

Monit Comput. 2019 Jun;33(3):407-412. doi: 10.1007/s10877-018-0167-7. PMID: 29869762.



