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Supplementary Figure S1. Fidelity validation of the Ornstein-Uhlenbeck synthetic data generator. A. Heatmap of absolute errors between the theoretical and empirical cross-variable correlations for HR, systolic blood pressure (SBP), diastolic blood pressure (DBP), and peripheral oxygen saturation (SpO₂). All errors are below 0.05, confirming that the Euler-Maruyama discretisation preserves the inter-signal dependency structure. B. Individual HR trajectories for five randomly selected TIC-positive episodes (grey lines) overlaid with the mean programmed trajectory (dark line), illustrating realistic between-patient variability while maintaining the underlying deteriorating trend.
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Supplementary Figure S2. Sensitivity analysis of missing data mechanisms: standard masking versus binary missingness indicators. Comparison of model performance under standard zero-padding with masking (which assumes missing completely at random, MCAR) versus the augmentation of the input tensor with binary missingness indicators. Evaluated on the independent test set with a realistic 25% TIC prevalence and 30% MCAR data loss. A. Area under the receiver operating characteristic curve (AUROC) remains stable (0.931 vs. 0.926). B. Positive predictive value (PPV) shows only a marginal improvement from 0.48 to 0.50. This modest gain confirms that, within this MCAR simulation, the prognostic information carried by the pattern of signal absence is limited and does not substitute for modelling missing not at random (MNAR) scenarios.
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Supplementary Figure S3. Bayesian hyperparameter optimisation results for the Trauma-Former model. Validation AUROC across 50 Optuna search trials, showing the effect of key hyperparameters on 5-fold cross-validated performance. The best-performing configuration is indicated by the red dashed line. A. Embedding dimension (d_model): 256 yields the highest AUROC (0.939). B. Number of encoder layers (n_layers): 2 layers are optimal; deeper models (4 layers) show marginal performance degradation. C. Dropout rate: a rate of 0.2 provides the best regularisation-performance trade-off. D. Learning rate: 1.0×10-4 achieves the highest and most stable validation AUROC.
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Supplementary Figure S4. Sensitivity analysis of the alert persistence requirement on early warning time and false-positive rate. Trade-off between median early warning time (EWT, red line, left axis) and false-positive rate (FPR, blue dashed line, right axis) as a function of the alert persistence requirement (1–5 minutes). An alert is triggered when the model’s risk probability remains above 0.80 for the specified number of consecutive minutes. The vertical dashed line indicates the chosen operating point (3-minute persistence), which provides a pragmatic compromise: a median EWT of 18.1 minutes with an FPR of 8.3% on the balanced development cohort. Shorter persistence increases lead time but at the cost of more false alarms, while longer persistence reduces FPR but delays detection.
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Supplementary Figure S5. Representative error analysis: false-positive and false-negative cases from the synthetic test set. A. A representative false-positive case triggered by a transient motion artefact. A sharp spike in the HR signal (orange) around minute 14 causes the model’s risk probability (red) to briefly cross the 0.8 threshold (red dashed line) before returning to baseline. B. A false-negative case in a simulated patient with exceptionally robust physiological compensation. The SBP (blue) and HR (orange) trajectories drift only weakly, and the risk probability remains persistently below the alert threshold. C. Bar chart showing the mean false-positive (orange) and false-negative (blue) counts per cross-validation fold (n=124 patients per fold). The error profile is stable across folds. D. Error rate by transport phase, demonstrating that most false positives occur early (0-15 min) and most false negatives are concentrated in the early-to-mid phase (5-15 min), after which the programmed linear drift makes TIC-positive trajectories more distinguishable.
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Supplementary Figure S6. Non-linear sensitivity analysis: model performance degradation under covert non-linear decompensation and increased physiological noise.

A. Comparison of model performance (AUROC) on the primary linear OU dataset (blue) versus the post-hoc, exploratory non-linear stress-test dataset (orange). The non-linear dataset incorporates power-law decompensation with randomised onset and amplified physiological noise. All three evaluated models show substantial degradation, with Trauma-Former’s AUROC falling from 0.939 to 0.815. B. Absolute AUROC degradation from the linear to the non-linear condition. This post-hoc experiment was conducted to address a reviewer concern regarding the simplicity of the linear generative model. Due to methodological confounding (simultaneous changes to dynamics, imputation, and validation protocol), these results should be interpreted as indicative lower-bound estimates of expected real-world performance reductions, not as a definitive comparative evaluation.

