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Methods
S1.1 Omics-informed synthetic datasets and LSTM surrogate training
To train and rigorously test the electroporation surrogate model, we generated omics-informed synthetic datasets that link electroporation pulse parameters to ROS dynamics, ion-channel remodeling, and arrhythmia surrogates. Rather than sampling channel conductances from arbitrary distributions, we constrained the synthetic cells using expression regimes motivated by GEO transcriptomic datasets and our previous systems-biology work. Specifically, we defined four omics-based electrophysiological states: (i) normal ventricular myocardium (e.g., GSE5406 control), (ii) stressed/heart failure myocardium (e.g., GSE5406 HF, GSE109816 electrophysiological stress), (iii) pacemaker-like reprogrammed cells (e.g., GSE97352 TBX18/SHOX2 induction), and (iv) malignant/high-ROS cells consistent with our malignant-transformation framework. For each synthetic sample, an omic state was first drawn from this set, and the baseline conductances of Na⁺, Ca²⁺, and K⁺ channels (gNa, gCaL, gKr, gKs, gK1) were sampled from state-specific Gaussian distributions whose means reflected the characteristic up- or downregulation observed experimentally (e.g., CaL and Na⁺ upregulation with reduced K⁺ currents in heart failure, K1 suppression and CaL enhancement in pacemaker-like cells, and Na⁺/CaL elevation with partial K1 loss in malignant cells). These sampled baseline conductances constitute the model's initial conditions gi(0) for each synthetic protocol; mRNA and protein states begin at m(0) = P(0) = 0 prior to electroporation onset (t0), and ROS(0) = ROSbase (Eq. 21, main text).
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Figure S9. LSTM workflow for safety prediction. Time-series inputs (Vm, ROS, ion channel conductances, APD90, electroporation dose, and transcriptomic features) are processed by an LSTM classifier, which outputs a safety probability (Pred_safe_prob) indicating whether a protocol is predicted to be arrhythmia-prone (unsafe) or low-risk (safe).
Figure S9 illustrates the workflow of the LSTM classifier for safety prediction. Sequential features derived from synthetic simulations and GEO-informed datasets, including transmembrane potential (Vm), reactive oxygen species (ROS), potassium conductances (IK1, IKr, IKs), APD90, electroporation dose parameters, and transcriptomic remodeling signatures, are fed into the LSTM network. By capturing temporal dependencies across these biophysical variables, the model generates a probabilistic output that reflects the likelihood of a protocol remaining safe versus becoming arrhythmia-prone. This framework enables rapid screening of electroporation protocols and channel remodeling strategies, providing an in silico surrogate to guide optimization before experimental validation.
Within each omic state, electroporation protocols were parameterized by field amplitude E, pulse width τ, pulse number N, and repetition frequency f (Table S1). The normalized electroporation dose EPdose was computed from the field amplitude via the logistic function given in the main text (Eqs. 1–2), and this dose drove the transient ROS response described by the main text's fast overshoot and slow intracellular production terms (Eqs. 21–22). The time-dependent ROS level, together with the omic-informed baseline conductances, governed the first-order ion-channel remodeling ODE given in the main text as Eq. 9: dgi/dt = ki(+)·ROS(t)·(gi,max − gi) − ki·gi. At each time step, the updated gNa(t), gCaL(t), gKr(t), gKs(t), gK1(t) were fed into the main text's surrogate expressions for action potential duration at 90% repolarization (APD90, Eq. 13) and early-afterdepolarization probability (pEAD, Eq. 14). A binary arrhythmia-safety label was then assigned to each protocol: simulations were marked “unsafe” if APD90 deviated outside a physiological range (240–320 ms) or if maxt pEAD exceeded a fixed threshold θEAD, and “safe” otherwise.
For each simulated protocol, we assembled a multivariate time series x(t) of length T = 100 time steps, with 13 features per time point: normalized electroporation parameters (E, τ, N, f), normalized electroporation dose EPdose, ROS(t), ion-channel conductances (Na, CaL, Kr+Ks, K1), APD90(t), pEAD(t), and a scalar encoding of the omic state — consistent with the feature vector xk defined in the main text (Eq. 23). Three non-overlapping datasets were generated using distinct parameter ranges and random seeds (Table 2, main text): Dataset A (train/validation), Dataset B (held-out test), and Dataset C (stress-test in extreme electroporation regimes). Dataset A was split into training and validation subsets (70%/30%) on a per-protocol basis, ensuring that all time steps from a given electroporation protocol remained in the same subset. Dataset B was reserved for final performance evaluation, while Dataset C was used to probe robustness under high-dose and high-frequency protocols.
To approximate the full mechanistic model in real time, we trained a stacked LSTM classifier to predict the probability that a given electroporation protocol is arrhythmia-safe, consistent with the loss function given in the main text (Eq. 24). The network received the full sequence x(t) and consisted of two LSTM layers (64 and 32 hidden units, respectively), followed by a fully connected layer (16 units, ReLU activation, dropout 0.3) and a final sigmoid output neuron. The model was trained with a binary cross-entropy loss and L2 regularization, using the Adam optimizer and mini-batches of size 64. Training proceeded for 10–20 epochs with early stopping based on validation loss. After training, the classifier was evaluated on Dataset B and Dataset C using area under the ROC curve (AUC), accuracy, F1 score, precision, and recall. This architecture allowed us to learn state-dependent safety boundaries across omic regimes and electroporation protocols, while preserving the mechanistic interpretability of the underlying EP–ROS–VGIC–APD model described in the main text.
S1.2 Autophagy Profiling Across Cardiac, Endothelial, Platelet, and Baseline Tissues
Autophagy emerges as a third regulatory axis that complements electroporation-driven ion-channel modulation and coagulation-dependent microenvironmental stress. The integration of real transcriptomic autophagy signatures from cardiac, endothelial, platelet, and baseline tissues allowed us to simulate physiologically grounded autophagy dynamics under electroporation and oxidative load, consistent with the autophagy module given in the main text (Eqs. 35–37). Autophagy profoundly shaped electrophysiological stability through two main mechanisms: (i) preserving repolarizing K⁺ channel density (IK1, IKr, IKs) by accelerating degradation of damaged proteins, and (ii) mitigating ROS-induced destabilization of APD90 and thereby suppressing early afterdepolarizations. High-stress tissues such as ischemic myocardium and platelets displayed elevated autophagy/mitophagy baselines, which expanded the “safe operating region” of electroporation by dampening APD dispersion and reducing arrhythmogenic risk.
Concurrently, autophagy modulated the coagulation landscape. By lowering mitochondrial depolarization and reducing pro-thrombotic ROS bursts, autophagy attenuated thrombin amplification loops and fibrin accumulation in the microchannel model (see the coagulation module below, Eqs. 27–30). Simulations demonstrated that tissues with higher autophagy capacity exhibited reduced occlusion probability and shorter clot propagation times. This introduces an unexpected coupling: electrophysiological safety and coagulation safety become co-regulated through autophagy, acting as a stabilizer of both cellular excitability and vascular integrity.
In the LSTM-based classifier, autophagy features (A(t), dA/dt, baseline A0) ranked among the strongest predictors for both arrhythmia and thrombosis suppression, reinforcing the centrality of autophagy as a control node. These findings suggest that future electroporation therapies may deliberately manipulate autophagy — pharmacologically or genetically — to broaden therapeutic windows, particularly in high-risk cardiac or vascular environments. Moreover, autophagy-coupled EP systems may help reduce stroke risk when modulating excitable cardiac tissue, providing a mechanistically grounded foundation for next-generation electroporation strategies.
To characterize tissue-specific autophagy states relevant to electroporation-induced remodeling, we quantified autophagy pathway activity across four distinct GEO transcriptomic datasets using a curated panel of canonical autophagy and mitophagy markers (ATG3/5/7/12/16L1, BECN1, MAP1LC3A/B/C, SQSTM1, ULK1/2, BNIP3/3L, PINK1, PARK2). Probe-to-gene mapping was obtained through platform-specific annotation files (GPL96, GPL6480, GPL11532), and autophagy scores were computed as the mean expression of pathway-specific genes per sample.
Cardiac ischemia–reperfusion (GSE6381)
Autophagy activity was significantly elevated in I/R samples compared with sham controls, consistent with acute mitochondrial stress and compensatory removal of damaged organelles: increased BECN1, ATG5, and LC3B; decreased p62/SQSTM1 (degradative flux); and a 2-fold increase in aggregated autophagy scores compared to baseline. This defines a high-stress autophagy phenotype typical of cardiomyocytes undergoing energetic compromise and ROS burden.
Endothelial cells (GSE20668) – miR-100 modulation
Endothelial samples exhibited an intermediate autophagy state, reflecting vascular homeostasis. miR-100 overexpression shifted the signature toward a pro-survival autophagy phenotype, including mild upregulation of ULK1 and ATG7, reduced SQSTM1 accumulation, and stabilization of mitophagy markers (PINK1, PARK2). This dataset provides vascular-context autophagy baselines, crucial for coupling coagulation, thrombosis, and electroporation.
Platelet / mitophagy signatures (GSE151101)
Platelet samples demonstrated high mitophagy dependency with strong expression of BNIP3, BNIP3L, and the PINK1–PARK2 axis, alongside minimal canonical ATG gene expression due to limited cytosolic machinery. Platelets therefore provide a unique high-mitophagy/low-canonical-autophagy signature relevant for thrombus stability and immunothrombosis.
Baseline aging muscle tissue (GSE362)
Serving as a low-stress baseline, GSE362 displayed minimal ATG activation, stable low BECN1 and ATG7 expression, and higher p62/SQSTM1 (lower autophagic flux). This dataset defines the A0 physiological baseline autophagy state used for simulation initialization.
Coagulation Module: Thrombin–Fibrin Kinetics and Pillar Displacement (Equations 27–30)
To couple electroporation-induced electrophysiological changes to hemostasis, we implemented a reduced-order coagulation model describing thrombin generation, fibrin polymerization, and clot-induced drag on microfluidic pillars. We track normalized thrombin activity Th(t) and fibrin fraction Fib(t) (both in [0,1]) over a coagulation timescale (minutes):
dTh/dt = kgen_eff · (1 − Th/Thmax) − kclear · Th(t)    (27)
dFib/dt = kpoly_eff · Th(t) · (1 − Fib/Fibmax) − kfib,clear · Fib(t)    (28)
where Thmax and Fibmax denote saturation levels for thrombin and fibrin (set to 1 for normalized dynamics), kgen_eff is the effective thrombin generation rate (modulated by coagulation “state” — e.g., omics-informed hypercoagulability — and, optionally, autophagy A(t) as in Eq. 36/37), kpoly_eff is the effective fibrin polymerization rate (which may likewise be attenuated by autophagy), and kclear and kfib,clear represent thrombin and fibrin clearance/consumption, respectively. In the simulations, hypercoagulable phenotypes are encoded by scaling kgen_eff and kpoly_eff upward according to a discrete coagulation state (normal / moderate / high risk), inferred from transcriptomic signatures (e.g., FGA/FGB/FGG, SERPINE1, PF4 expression).
Fibrin accumulation constricts the lumen and amplifies local shear. We approximate the effective shear field γ̇(t) as:
γ̇(t) = γ̇base / (1 − Fib(t) + ε)    (29)
where γ̇base is the baseline shear rate in the unobstructed channel and ε ≪ 1 prevents division by zero as Fib → 1. This shear, together with clot fraction, is mapped onto a surrogate pillar displacement Disp(t) that reflects drag-force-induced bending of micro-pillars:
Disp(t) = Dispmax · Fib(t)^α · [(γ̇(t)/γ̇base) / (1 + γ̇(t)/γ̇base)]    (30)
where Dispmax sets the maximal displacement scale, and α ≥ 1 controls the nonlinearity with respect to clot fraction (e.g., α = 2 emphasizes rapid displacement growth as fibrin approaches occlusion). Initial conditions: Th(0) = 0, Fib(0) = 0 (no coagulation activity prior to vascular injury/electroporation onset).
In the multitask learning framework, time series of {Th(t), Fib(t), γ̇(t), Disp(t)} are concatenated with electrophysiological variables (EP parameters, ROS, gi(t), APD90(t), pEAD(t), and A(t)) to form the full input feature vector for the LSTM surrogate that jointly predicts arrhythmia and coagulation risk.
This unified mathematical model generates Datasets A/B/C through systematic sampling of EP parameters, electrophysiological baselines, and ROS noise profiles. These datasets define the training–validation–testing backbone for the LSTM surrogate. Independent molecular (GSE151341, GSE242293, GSE97352, GSE109816) and electrophysiological (ORd, long-term MEA) datasets are cited as related literature used to motivate parameter ranges and are not directly accessed in this study, consistent with the main text's Methods section.


Table S1. Literature parameters used in simulations
	Parameter
	Symbol
	Typical value(s)
	Source / Notes

	Field strength
	E
	200–1000 V/cm
	Tekle et al. 1994; Escoffré et al. 2015 (cardiomyocytes)

	Field strength, lower bound (Eq. 1 normalization)
	Emin
	200 V/cm
	Set to the lower bound of the sampled field range above

	Field strength, upper bound (Eq. 1 normalization)
	Emax
	1000 V/cm
	Set to the upper bound of the sampled field range above

	Pulse width
	τ
	0.1–5 ms
	Kotnik & Miklavčič, Bioelectrochemistry 2000

	Pulse number
	N
	1–10
	Same as above

	mRNA dose
	C
	1–10 µg / 10⁶ cells
	Clinical electroporation transfection protocols

	Maximal transfection efficiency (Eq. 4)
	Et,max
	0.6–0.9 (dimensionless)
	Upper plateau of Et as EPdose, FROS → 1; literature-plausible default

	Optimal ROS
	ROS*
	~20–50 µM
	Demaurex & Scorrano, Nat Rev Mol Cell Biol 2009

	ROS toxicity threshold
	ΘROS
	>100 µM
	Circu & Aw, Free Rad Biol Med 2010

	Toxicity Hill exponent (Eq. 5)
	ntox
	2–4 (dimensionless)
	Literature-plausible default; governs sharpness of viability decline above ΘROS

	mRNA degradation rate (Eq. 6)
	dm
	0.1–0.5 h⁻¹
	Consistent with hours-scale mRNA turnover after electroporation

	mRNA influx rate (Eq. 6)
	kin
	literature-plausible default
	Scales with EPdose; see Supplementary Table S3-style defaults used in simulation

	Translation rate (Eq. 7)
	ktr
	literature-plausible default
	Converts mRNA to protein

	Protein degradation rate (Eq. 7)
	dP
	0.05–0.2 h⁻¹
	Consistent with days-scale protein turnover

	Conductance gain per unit protein (Eq. 8)
	βi
	literature-plausible default
	Channel-specific; converts protein abundance into conductance

	Resting potential
	Vrest
	–85 mV
	Noble 1962; Luo–Rudy 1991

	Capacitance
	C0
	1 µF/cm²
	Luo–Rudy 1991

	Leak potential
	Eleak
	–60 mV
	Luo–Rudy 1991

	Reversal potential, K⁺
	EK
	–90 mV
	Standard HH

	Reversal potential, Na⁺
	ENa
	+60 mV
	Standard HH

	Reversal potential, Ca²⁺
	ECa
	+120 mV
	Luo–Rudy 1991

	Max conductance, Na⁺
	gNa,max
	120 mS/cm²
	Luo–Rudy 1991

	Max conductance, K⁺
	gK,max
	36 mS/cm²
	Luo–Rudy 1991

	Max leak conductance
	gleak
	0.3 mS/cm²
	Luo–Rudy 1991

	Max active tension
	Tmax
	120 kPa
	Hunter et al. 1998; Niederer et al. 2006

	Calcium sensitivity
	KCai
	0.5 µM
	Rice et al. 2008

	Hill coefficient (tension)
	n
	3–4
	Rice et al. 2008

	Passive stiffness
	kp
	10–20 kPa
	Holzapfel & Ogden 2009

	Viscosity
	ηp
	0.05–0.2 kPa·s
	Niederer et al. 2006

	Baseline APD
	APD0
	300 ms
	Human ventricular myocytes

	Reference gK1
	gK1,ref
	5 mS/cm²
	Luo–Rudy 1991

	Shear rate
	γ̇
	100–2000 s⁻¹
	Microfluidics clotting assays

	Thrombin half-time
	—
	~5–10 min
	Mann et al. 2003

	Fibrin clot elastic modulus
	—
	1–10 kPa
	Weisel & Litvinov, Blood 2013




Table S3. Representative parameter set for coupled coagulation–arrhythmia simulations
	Parameter
	Default
	Notes

	Channel radius R
	150 µm
	vessel-on-chip

	Flow Q
	3 mL·h⁻¹
	venous-like shear

	Viscosity μ
	3.5 mPa·s
	shear-thinning HB model optional

	Shear γ̇
	300–600 s⁻¹
	from Q, R

	Platelet kinetics kon
	0.02–0.2 s⁻¹
	↑ with τw

	Platelet kinetics koff
	0.01–0.1 s⁻¹
	↑ with τw

	Thrombin kgen
	10⁻³–10⁻² s⁻¹
	coarse

	Fibrin kpoly
	10⁻³–10⁻² s⁻¹
	coarse

	ROS
	10–120 µM
	H₂O₂ equivalents

	pH
	7.4 ± 0.3
	acidemia down to 6.9

	[K⁺]o
	3–6 mM
	hyperkalemia test

	EP gain γ
	0.25
	from main-text model (Eq. 2)

	IK1, IKr, IKs
	1.0–1.6
	optimizer range

	APD90 target
	280–360 ms
	constraint

	EAD-risk cap
	<0.2
	constraint
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