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Detailed Description of the Ornstein–Uhlenbeck Physiological Simulator: Parameter Tables, Equations, and Fidelity Validation
Manuscript: Real-time prediction of trauma-induced coagulopathy using an inverted transformer (Trauma-Former): a methodological feasibility and simulation study based on the ADEMP framework
S1.1 Overview and Rationale
This supplementary document provides the complete technical specification of the synthetic physiological data generator used to produce all training, validation, and test data in the present study. The generator is based on the Ornstein–Uhlenbeck (OU) stochastic process, a mean-reverting stochastic differential equation widely applied to model bounded physiological dynamics. Because the study uses exclusively synthetic data, full transparency regarding the generative model is essential both for reproducibility and for interpreting the reported performance metrics in the appropriate context.
It is critical to acknowledge at the outset that this generator is a deliberate and substantial simplification of real trauma physiology. Compensated hemorrhagic shock in clinical practice is characterised by non-linear, heterogeneous, and often abrupt hemodynamic deterioration, influenced by injury severity, age, comorbidities, prehospital interventions, and individual compensatory reserve. The linear drift model employed here approximates only the broad directional trends of early compensated shock and is explicitly designed to yield an upper-bound estimate of model discrimination under controlled, idealised conditions. The performance metrics reported in the main manuscript should therefore not be extrapolated to real-world clinical performance.
S1.2 Mathematical Formulation
S1.2.1 Baseline OU Process
For each vital sign i ∈ {HR, SBP, DBP, SpO₂}, the underlying continuous-time stochastic process is governed by the OU stochastic differential equation:
 (Eq. 1)
where:
 is the value of vital sign i at time t (seconds);
 > 0 is the mean-reversion (drift) coefficient controlling the speed of return to the mean;
 is the time-varying mean (defined below);
 > 0 is the volatility (noise) coefficient;
 is an independent standard Wiener process.
The stationary distribution of the OU process is Gaussian with mean μᵢ and standard deviation . For the control (non-TIC) group,  (constant), and the process fluctuates stochastically around the baseline mean.
S1.2.2 Euler–Maruyama Discretisation
For numerical simulation at a sampling rate of 1 Hz ( = 1 s), the Euler–Maruyama discretisation scheme is employed:
 (Eq. 2)
where  is an independent standard normal random variable at each time step. The Euler–Maruyama scheme introduces a discretisation error of order  relative to the continuous solution. Given s and the parameter ranges used (Table S1.1), this error is negligible for the purposes of generating physiologically plausible trends.
S1.2.3 TIC Drift Superimposition
For TIC-positive trajectories, a deterministic linear drift is added to the mean function  after a fixed onset time  min (300 s):
 (Eq. 3)
where  is the drift rate coefficient (positive for HR; negative for SBP). For DBP, the mean is modelled as a fixed linear function of the SBP mean plus additive noise:
 (Eq. 4)
where  is a time-decreasing pulse pressure target ( = 45 mmHg;  = 0.5 mmHg/min), and  = 2 mmHg is an additional noise term for DBP. This formulation ensures that pulse pressure (PP = SBP − DBP) narrows progressively at 0.5 mmHg/min after  in TIC-positive trajectories, falling from 45 mmHg at onset to approximately 32.5 mmHg at simulated hospital arrival, consistent with the haemodynamic signature of compensated haemorrhagic shock. For control (non-TIC) trajectories,  is held constant at  = 45 mmHg.
For SpO₂, the drift is minimal (αSpO₂ ≈ 0) and the signal fluctuates around its baseline. This design choice reflects the clinical observation that oxygen saturation is relatively preserved during early compensated shock and is therefore a weak discriminator for TIC at early stages.
S1.2.4 Sensor Noise and Motion Artefacts
To increase realism, two additional perturbations are applied after the OU simulation:
(1) Gaussian sensor noise: Independent zero-mean Gaussian noise with standard deviation σ_sensor (Table S1.1) is added to each simulated sample, representing typical sensor measurement uncertainty.
(2) Motion artefacts: Brief (2–10 s) transient spikes are randomly inserted into the HR signal with probability p_artifact per episode. Spike amplitude is drawn from a uniform distribution U(5, 20) bpm, and spike duration follows a uniform distribution U(2, 10) s. These artefacts simulate movement-related signal corruption during ambulance transport.
S1.3 Simulator Parameter Tables
All parameter values were set a priori based on published physiological reference ranges and trauma literature. No empirical optimisation was performed to maximise model discrimination. Tables S1.1 and S1.2 provide the complete parameterisation for baseline and TIC trajectories, respectively.
Table S1.1. Ornstein–Uhlenbeck process parameters for all vital signs (control/baseline trajectories).
	Vital sign
	Baseline mean

	Reversion
rate  (s⁻¹)
	Volatility

	Stationary SD

	Sensor noise

	Units

	Heart rate (HR)
	80.0
	0.15
	3.5
	6.4
	1.5
	bpm

	Systolic BP (SBP)
	120.0
	0.10
	4.5
	10.1
	2.0
	mmHg

	Diastolic BP (DBP)
	75.0
	0.10
	3.5
	7.8
	1.5
	mmHg

	SpO₂
	98.0
	0.20
	0.8
	1.3
	0.3
	%


*DBP baseline mean is modelled as  − 45 mmHg (target pulse pressure offset  = 45 mmHg) with additional independent noise  = 2 mmHg. All parameters are fixed across episodes; between-episode variability arises solely from the stochastic OU trajectories. The stationary SD for HR reflects the theoretical formula 
Table S1.2. Additional drift parameters for TIC-positive trajectories (: linear drift rate applied after  = 300 s).
	Vital sign
	Drift rate 
	Direction
	Physiological rationale

	HR
	+0.50 bpm/min
	Increase
	Compensatory tachycardia during haemorrhagic shock

	SBP
	−0.50 mmHg/min
	Decrease
	Progressive fall in systolic pressure with volume loss

	DBP
	Derived from SBP
via  
	Decreases less than SBP;
PP narrows at 0.5 mmHg/min
	Progressive PP narrowing (45→32.5 mmHg over 25 min post-onset) via time-varying 

	SpO₂
	≈0 (%/min)
	Minimal
	Preserved oxygenation during early compensated shock


The linear drift rates were chosen to be physiologically plausible for early compensated shock. while remaining modest relative to baseline noise, ensuring that the generative model does not produce trivially detectable step changes. All TIC-positive episodes use the same drift rates; between-episode variability arises from the stochastic OU component.
Table S1.3. Artefact and missingness simulation parameters.
	Parameter
	Value
	Rationale

	Motion artefact probability
	0.15 per episode
	Ambulance motion simulation

	Artefact amplitude
	(5, 20) bpm
	Movement artefact range

	Artefact duration
	(2, 10) s
	Transient artefact model

	Signal loss onset (drift)
	 = 300 s
	Fixed for reproducibility

	Simulated missingness (robustness tests)
	10–50% random (MCAR)
	Robustness stress tests


S1.4 Cohort Generation Procedure
Two distinct cohorts were generated. For the development cohort, 1,240 independent 30-minute transport episodes were generated (620 TIC-positive, 620 control; balanced 50% prevalence). All TIC-positive episodes use the drift parameters in Table S1.2, activated at  = 300 s. For the independent test cohort (prevalence evaluation), 1,000 additional episodes were generated with 25% TIC prevalence (n = 250 TIC-positive, 750 control), using identical OU parameters. The identical generative parameters (other than prevalence) ensure that any performance differences between cohorts are attributable solely to the change in class imbalance, not to distributional shift.
Each episode is initialised with  drawn from the stationary distribution . All random seeds are fixed in the public repository (numpy.random.seed(42) at the global level; episode-level seeds are set sequentially) to ensure exact reproducibility. The full simulation runs in approximately 2 minutes on a standard workstation.
Physiological bounds are applied at each time step to prevent biologically implausible values: HR ∈ [35, 200] bpm; SBP ∈ [60, 220] mmHg; DBP ∈ [30, 130] mmHg; SpO₂ ∈ [70, 100]%.
S1.5 Fidelity Validation
S1.5.1 Multivariate Hellinger Distance
Quantitative validation of the discretised simulation against the theoretical OU stationary distribution was performed using the multivariate Hellinger distance :
   (Eq. 5)
where  denotes the empirical joint density of the simulated baseline (first 60-second window) episodes estimated via a Gaussian kernel density estimator, and  denotes the theoretical Gaussian density derived from the OU stationary distribution parameters. The obtained multivariate Hellinger distance was 0.042 (threshold for acceptable fidelity: < 0.05), confirming that the Euler–Maruyama discretisation accurately preserves the distributional properties of the continuous OU process.
S1.5.2 Cross-variable Correlation Validation
The theoretical cross-variable correlation between HR and SBP under the TIC drift model was computed analytically from the OU parameters and the programmed drift rates. The empirical correlation matrix of the simulated 60-second baseline windows was then compared with the theoretical values. As shown in Supplementary Figure S1 (Additional file 4), all absolute errors between theoretical and empirical correlations were below 0.05, demonstrating that the Euler–Maruyama discretisation preserves the inter-signal dependency structure.
S1.5.3 Visual Validation
Two visual validation plots are provided in Supplementary Figure S1:
Panel A: Heatmap of absolute errors between theoretical and empirical cross-variable correlations for all four vital signs. All values are below 0.05.
[bookmark: _GoBack]Panel B: Individual HR trajectories for five randomly selected TIC-positive episodes (red bold lines) with the mean trajectory (dark line) overlaid, illustrating realistic between-patient variability while maintaining the programmed deteriorating trend.
S1.6 Limitations of the Generative Model
The following limitations of the synthetic data generator should be considered when interpreting all results reported in the main manuscript:
Linear drift assumption: Real TIC progression is non-linear, often characterised by abrupt cascading decompensation following a period of apparent stability. The linear drift model does not capture this complexity.
No inter-variable mechanistic coupling: The OU process for each vital sign is driven by independent Wiener processes. True physiological coupling (e.g., the baroreflex) is not mechanistically modelled; only the programmed mean-level correlation between SBP and DBP is present.
No interventions: The simulator does not model prehospital interventions (fluid boluses, airway management, vasopressors) that would alter the physiological trajectory and are ubiquitous in real transport scenarios.
Fixed onset time: All TIC-positive episodes have the same drift onset time ( = 300 s). Real patients exhibit highly variable time courses of deterioration.
No demographic heterogeneity: Age, sex, body habitus, and comorbidities are not modelled.
MCAR missingness only: The artificial missingness introduced for robustness testing is completely at random (MCAR). Real prehospital signal loss is typically missing not at random (MNAR), carrying independent prognostic information.
S1.7 Reproducibility and Code Availability
The complete OU simulator source code, including all parameter definitions, the Euler–Maruyama solver, artefact injection, and fidelity validation routines, is available at: https://github.com/DoctorLin1990/trauma-former. The relevant file is simulator/ou_generator.py. All random seeds are fixed using numpy.random.seed(42) at the global level, with episode-level seeds set as the global seed plus the episode index to ensure independence. The simulation can be run with a single command:
python simulator/ou_generator.py --n_episodes 1240 --prevalence 0.5 --seed 42 --output data/dev_cohort.pkl
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