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S1 Data processing

The clinical body surface potentials (BSPs) recorded by the ECGi-vest were processed

to comply with the simulated signals. A time shift was applied to the BSP computed at

each electrode location, so that the Q-wave began at approximately time zero. Hence,

a linear ramp between endpoints was subtracted from each signal to make first and

last voltage values equal to 0 (Fig. S1).

S2 Anatomical model generation

Each mesh of the KCL cohort [1] includes tags for different organs, heart regions, and

implantable cardioverter-defibrillator (ICD) leads and cans. We accounted for eleven

regions − namely ventricles, atria, inner body (including muscles and fat), blood,

bones, kidneys, liver, lungs, spleen, stomach, and skin. Each ICD lead or can was

assigned to the medium within which they lied. Specifically, we assigned coronary

sinus coil, subcutaneous ICD lead, left can, right can and subcutaneous ICD can to
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Fig. S1 Pre-processing of clinical body surface potential recordings. Pre-processing of clin-
ical body surface potential recordings. Clinical body surface potentials (BSPs) from the 252-electrode
ECGi-vest were pre-processed to align with simulated signals. Three representative electrodes for
subject HC1 demonstrate the processing steps. Original recordings (black traces) were time-shifted
to align the Q-wave onset to time zero, and a linear ramp was subtracted to ensure initial and final
voltage values equal zero (red traces).

the inner body region. Major arteries and veins, cardiac valves, and all blood pools

were assigned to the blood region. With respect to the original meshes, we refined the

right ventricular (RV) myocardium using the command line tool meshtool [2].

We initially segmented anonymised whole torso computed tomography (CT) scans

from three healthy volunteers [3] using the open-source tool TotalSegmentator [4]

(v1.5.4 for the heart and v2.7.0 for major organs, skin, bones, and vessels) based

on nnUNet [5]. We then merged and manually corrected the resulting segmentation

classes using Simpleware™ software (Version vX-2025.06; Synopsys, Inc., Sunnyvale,

USA). Labels corresponding to the same anatomical group, such as individual bones,

were combined. To be consistent with the KCL cohort, we assigned skeletal muscles

to the inner body. The cardiac anatomical structures that were automatically seg-

mented include the left ventricular (LV) myocardium and blood pool, the RV, and

the left (LA) and right (RA) atria. We generated semi-automatically separate labels

for the myocardium and blood pools of LA, RA and RV using Simpleware hollow and

logical operator tools. We assigned the septal wall to the LV, justified by the fact

that septal depolarisation is mainly driven by the left bundle branch. In addition, we

defined four cardiac valves at the junctions of the atria and ventricles, or between

the cardiac chambers and major vessels. Each region was refined using the resample
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Fig. S2 Mapping of the ECGi-vest onto the anatomical model. The ECGi-vest with 252
electrodes was mapped onto the CT-based mesh using a reference point. The ten electrodes that best
correspond to the standard configuration of a 12-lead ECG were manually selected. Different colours
refer to different point IDs. The positions of the ten electrodes used to reconstruct the 12-lead ECG
is labelled and highlighted in pink. RA = right arm; LA = left arm; RL = right leg; LL = left leg.

algorithm from meshtool [2], keeping a conforming interface between the heart and

torso. For the HC cohort, we mapped the coordinates of the 252-electrode vest onto

the computational mesh as follows. Using ParaView [6], we aligned the torso shell to

the CT-based geometry with respect to a selected electrode. Hence, the translated

ECGi-vest coordinates were projected on the torso skin (Fig. S2) using a closest point

algorithm implemented in Python.

S3 Ion channel densities and variability ranges

In cardiomyocytes, ion channel densities depend on the number of functional channels

and are linked to the membrane expression levels of the corresponding channel, pump,

or transporter proteins. Information on ion channel expression heterogeneity and vari-

ability can be obtained from both protein and mRNA expression data. However, the

relationships among mRNA levels, protein abundance, and functional channel conduc-

tance are complex and not necessarily linear [7, 8]. Patch-clamp techniques are capable

of recording membrane currents, but the number of studies focusing on healthy human
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ventricular cardiomyocytes − especially regarding regional differences − is limited

[9, 10]. Protein measurement is usually done via Western blotting, which provides only

semi-quantitative results. On the other hand, mRNA quantification techniques such as

qPCR, microarrays, and RNA sequencing (including single-nucleus RNA sequencing,

snRNAseq) are well-established and provide accurate quantification of gene expression.

To estimate variability ranges for the corresponding conductances and model

parameters, we used mRNA/gene expression levels of the major ion channel subunits

responsible for key membrane currents (Table S1). Relative comparisons (i.e., fold

changes) between regions − right and left ventricle, epicardium and endocardium −

are used to derived such variability ranges. More specifically,

i We selected three publicly available datasets of gene expression data in healthy

human ventricles reported in the literature [11–13]. Each dataset reports quanti-

tative measurements for the selected genes of interest and include samples from

distinct ventricular regions.

Observation 1. In [11], high-throughput real-time RT-qPCR (reverse transcrip-

tion quantitative polymerase chain reaction) was performed on tissue samples from

N = 20 non-diseased donors (10 female, 10 male) across multiple ventricular regions,

namely, right and left ventricle, epi- and endocardium, and for both female and male

donors. Data were analysed using the threshold-cycle (CT ) relative-quantification

method, with expression levels reported as ratios versus the reference gene HPRT

(hypoxanthine-guanine phosphoribosyl transferase) (2−∆Ct) and summarized as

mean ± standard deviation. In [12], analysis of gene expression differences was per-

formed using low-density TaqMan arrays from total RNA extracted from tissue

samples of N = 18 non-failing hearts (9 female, 9 male). The threshold cycle relative

quantification method was applied using GAPDH as an endogenous control. Samples

included LV free walls as well as epicardial and endocardial layers. Finally, single-

nucleus RNA sequencing (snRNA-seq) data reported in [13] were filtered to retain
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only samples from control donors (N = 15 for RV, N = 17 for septum, N = 18 for

LV, N = 12 for apex). Mean expression values were computed as mean(log1p(counts

normalized to 10,000/nucleus)) across all nuclei per donor per region.

ii For each dataset d, the mean µX and the standard deviation σX of each gene X

across samples were computed in each region r. When available, sex was taken into

account as an additional category. To keep the notation simple, we denote as X both

the gene and the model input associated with it. Hence, the coefficient of variation

σX/µX was used to compute the following scaling factor

Cr,d
X = e1.96

√
ln (1+(σX/µX)2) (1)

used to translate mRNA data into model parameter ranges.

Observation 2. We assumed that each single-cell model input is a log-normally

distributed random variable X with parameters µX and σX . Hence, Y := ln(X) ∼

N (µY , σY ), with µY = ln(µ2
X/

√
µ2
X + σ2

X) and σ2
Y = ln(1 + (σX/µX)2). The 95%

confidence interval for the Gaussian variable Y is determined as

IY = [µY − 1.96σY , µY + 1.96σY ],

that is, P(y ∈ IY ) ≈ 0.95. Since applying a strictly increasing function to a Gaussian

random variable results in a new random variable whose distribution is a monotonic

transformation of the original normal distribution, it holds

P(ey ∈ [eµY −1.96σY , eµY +1.96σY ])

= P
(
ey ∈

[
eµY

e1.96σY
, eµY · e1.96σY

])
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= P
(
x ∈

[
µ̂X

e1.96
√

ln(1+(σX/µX)2)
, µ̂X · e1.96

√
ln(1+(σX/µX)2)

])
≈ 0.95,

where x = ey and µ̂X = eµY is the median of X = eY . We thus defined the range

of variability for each parameter X as

IX = [Xbaseline/CX , Xbaseline · CX ] (2)

where CX = e1.96
√

ln(1+(σ/µ)2) is the scaling factor and Xbaseline is the baseline

value for the model input.

iii The median scaling factor Cd
X among different regions was then computed, and

the maximum value CX across the datasets was selected. If multiple genes are

responsible for the same ionic current, the maximum value was chosen. This gave

us a map between genes and model parameters.

iv Finally, the variability range for each model input was defined as

IX = [Xbaseline/CX , Xbaseline · CX ],

where Xbaseline denotes the corresponding baseline value, as reported in [14].

This allowed us to derive variability ranges based on inter-patient differences in expres-

sion levels, rather than on absolute abundance, in the healthy human population.

S3.1 Tissue heterogeneity

Measurements of gene expression profiles taken from different cardiac regions can offer

valuable insights into the direction of heterogeneity of the investigated gene and, to

some extent, the specific protein it encodes. When the direction of this gradient was

6
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Table S2 Direction of ion channel density gradients. Physiologically-constrained bounds for
heterogeneity gradients in the transmural (ρ) and apico-basal (Z) directions of key ion channel
conductances. Gradients ≥ 1 indicate that the value at the base or endocardium is greater than or
equal to the corresponding value at the apex or epicardium. Only conductances for which at least
two independent sources agreed on the gradient direction were included. Ca2+ = calcium; Cl− =
chloride; K+ = potassium; Na+ = sodium.

Parameter Symbol ∇ρ ∇Z References

Conductance of inward K+ rectifier current GK1 ≤ 1 − [16, 17]
Conductance of background K+ current GKb ≥ 1 − [16, 17]
Conductance of rapid delayed K+ rectifier current GKr ≤ 1 − [16, 18–21]
Conductance of slow delayed K+rectifier current GKs ≤ 1 ≤ 1 [16, 17, 22]
Conductance of Na+-Ca2+ exchanger GNCX ≤ 1 − [16, 17, 20, 23]
Conductance of transient outward K+ current Gto ≤ 1 − [9, 16, 19, 20, 24–26]
Conductance of L-type Ca2+ current PCa ≤ 1 − [16, 20, 23, 27]

known − either from gene expression data or organ-level observations − the corre-

sponding variability range was adjusted accordingly (Table S2). For a list of spatial

variations in ionic currents underpinning repolarisation heterogeneity found in the lit-

erature we refer to [15]. In the case of the apico-basal gradient of the rapid delayed

rectifier potassium current, while literature suggests higher hERG gene expression at

the base compared to the apex, our numerical simulations resulted in T-wave with

discordant polarity with respect to the QRS complex. For this reason, no direction of

heterogeneity was imposed.

S4 Testing the reaction-eikonal model with different

settings

For a fixed set of parameter values, we compared the QRS complex simulated using

i) the reaction-eikonal model with (RE+) and without (RE−) diffusion, ii) the RE−

model with the ToR-ORd-dynCl [14] and the ten Tusscher-Panfilov [28] ionic model,

and iii) the RE− model with different time steps ∆t, namely 5 and 25 µs. The largest

error was observed in the last time steps when using different ionic models (Figure

8
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Fig. S3 Simulations of ventricular depolarisation using the reaction-eikonal model. The
reaction-eikonal model was coupled with the ToR-ORd-dynCl ionic model with (RE+, purple) and
without (RE−, ∆t=25µs, blue) diffusion, for the same input parameters. The RE− model was also
coupled with the ten Tusscher-Panfilov ionic model (RE−, tT-P, teal). Simulations were performed
for subject KCL1. RE = reaction-eikonal.

Table S3 Computational times of ventricular depolarisation using the
reaction-eikonal model. Simulation runtimes across combinations of
reaction-eikonal model settings, ionic model choices, and numerical time steps are
reported. All simulations were run for a final simulated time of 150 ms using 32 core.
Simulations were performed for subject KCL1. RE+: reaction-eikonal model with
diffusion; RE−: reaction-eikonal model without diffusion.

Model Time step [µs] Ionic model Computational time [s]
RE+ 5 ToR-ORd-dynCl [14] 2220
RE− 5 ToR-ORd-dynCl [14] 1358
RE− 25 ToR-ORd-dynCl [14] 154
RE− 25 ten Tusscher-Panfilov [29] 22

S3). Overall, negligible differences were noticed among the compared solutions. On

the other hand, larger discrepancies in computational times were obtained (Table S3).

S5 Sensitivity analysis results

We performed global sensitivity analysis on the ToR-ORd-dynCl model, using

emulators to compute Sobol’ first-order and the total effects (Fig. S4).
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Fig. S4 Parameter sensitivity of action potential morphology. Sobol’ (a) first-order, and
(b) total effects quantifies the influence of each ToR-ORd-dynCl model parameter on the action
potential morphology. Each subplot shows a heat map of the normalised sensitivity indices of each
input (columns) over each output (rows). The darker the cell colour, the larger the influence of an input
on that particular output. Outputs are: action potential duration, diastolic interval, triangulation,
peak of the action potential, and principal component (PC) scores of upstroke velocity (PC-score 1
and 2). See Table 1 in the Manuscript for parameter definitions. APD = action potential duration;
DI = diastolic interval; TRI = triangulation; Vpeak = peak of the action potential; PC = principal
component.

For the KLC cohort, the sensitivity indices of the model inputs to the QRS complex

and the T-wave morphology are displayed in Fig. S5 and S6, respectively.

S6 Bayesian history matching results

Fig. S7 and S8 show the convergence of the first PC-scores of the QRS complex for the

KCL and the HC cohorts, respectively. Similarly, Fig. S9 and S10 show the convergence

of the first PC-scores of the T-wave. The total number of waves varied between 5 and

10 among the geometries, with an average of 8 waves. In most cases, the PC-scores

predicted in the last HM wave (for the NIMP samples) fell within 3 standard deviations
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σPCq of their mean µPCq . Here, σPCq was computed using the outputs extracted from

the same ECGs employed to construct the principal component analysis (PCA) bases.

Moreover, the mean GPE-prediction fell within 3 standard deviations σq of the output

µq, where σq = 0.1µq.

S7 Model calibration results

Fig. S11 shows the concatenated QRS complexes for the best-fitting signal (smallest

root mean squared error) and the synthetic target, for the KCL cohort. These signals

were obtained by taking the linear combination of the PCA basis functions with the

(predicted/computed) principal component (PC) scores.

The simulated 12-lead ECGs for Nval = 100 samples are reported in Fig. S12 and

S13 for subject HC2 and HC3, respectively. Fig. S14 reports the target and simulated

lead II ECGs, used to compute clinical outputs of interest.

S8 Model validation results

Fig. S15 shows different views of the ECGi-vest, with each electrode coloured based

on the maximum Pearson’s correlation coefficient (PCC), for the HC cohort. The

smallest PCCs were computed for electrodes located on the lower right chest and the

left lateral-to-central back, consistently across the subjects.
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[16] O’Hara T, Virág L, Varró A, Rudy Y. Simulation of the undiseased human car-

diac ventricular action potential: model formulation and experimental validation.

PLoS Comput Biol. 2011;7(5):e1002061. https://doi.org/10.1371/journal.pcbi.

1002061.

[17] Bartolucci C, Passini E, Hyttinen J, Paci M, Severi S. Simulation of the Effects of

Extracellular Calcium Changes Leads to a Novel Computational Model of Human

Ventricular Action Potential With a Revised Calcium Handling. Front Physiol.

2020;11:314. https://doi.org/10.3389/fphys.2020.00314.
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ing of L-type calcium channels in human ventricular myocytes during applied

epicardial action potentials. Acta Physiol Scand. 2004;180(1):39–47. https:

//doi.org/10.1046/j.0001-6772.2003.01223.x.

[28] ten Tusscher KHWJ, Noble D, Noble PJ, Panfilov AV. A model for human

ventricular tissue. Am J Physiol Heart Circ Physiol. 2004;286(4):H1573–H1589.

https://doi.org/10.1152/ajpheart.00794.2003.

[29] ten Tusscher KHWJ, Panfilov AV. Modelling of the ventricular conduction sys-

tem. Prog Biophys Mol Biol. 2008;96(1):152–170. https://doi.org/10.1016/j.

pbiomolbio.2007.07.026.

15

https://doi.org/10.1186/s13293-017-0148-4
https://doi.org/10.1161/01.res.0000018627.89528.6f
https://doi.org/10.1152/physrev.00002.2005
https://doi.org/10.1161/CIRCRESAHA.108.188698
https://doi.org/10.1046/j.0001-6772.2003.01223.x
https://doi.org/10.1046/j.0001-6772.2003.01223.x
https://doi.org/10.1152/ajpheart.00794.2003
https://doi.org/10.1016/j.pbiomolbio.2007.07.026
https://doi.org/10.1016/j.pbiomolbio.2007.07.026


691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736

Fig. S5 Parameter sensitivity of QRS complex morphology in the KCL cohort. One-
at-a-time sensitivity analysis quantifies the influence of each model parameter on the QRS complex
morphology for subjects (a) KCL1, (b) KCL2, (c) KCL3, and (d) KCL5. Each subplot shows nor-
malised sensitivity indices (y-axis) for individual parameters (x-axis), with stacked bars representing
contributions to different principal component (PC) scores. Bar colours indicate PC-score 1 (dark
blue), PC-score 2 (medium blue), PC-score 3 (cyan), PC-score 4 (light cyan), PC-score 5 (pale cyan),
and remaining PC-scores (grey). Total bar height represents the cumulative sensitivity index across
all PC-scores, providing an overall measure of parameter importance. Parameters are ordered iden-
tically across subjects to facilitate comparison. See Tables 1 and 3 in the Manuscript for parameter
definitions. PC = principal component.
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Fig. S6 Parameter sensitivity of T-wave morphology in the KCL cohort. One-at-a-time
sensitivity analysis quantifies the influence of each model parameter on the T-wave morphology for
subjects (a) KCL1, (b) KCL2, (c) KCL3, and (d) KCL5. Each subplot shows normalised sensitivity
indices (y-axis) for individual parameters (x-axis), with stacked bars representing contributions to
different principal component (PC) scores. Bar colours indicate PC-score 1 (dark blue), PC-score 2
(medium blue), PC-score 3 (cyan), PC-score 4 (light cyan), PC-score 5 (pale cyan), and remaining
PC-scores (grey). Total bar height represents the cumulative sensitivity index across all PC-scores,
providing an overall measure of parameter importance. Parameters are ordered identically across
subjects to facilitate comparison. See Tables 1 and 3 in the Manuscript for parameter definitions. PC
= principal component.
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Fig. S7 Convergence of QRS complex PC-scores for the KCL cohort. Each plot shows the
Gaussian process emulator (GPE) prediction (y-axis) for 100,000 non-implausible points of each wave
(x-axis), sorted in increasing order. Wave 0 corresponds to the initial parameter space. The GPE-
prediction mean (red square) and the target principal component (PC)-score (yellow star) are also
shown. The red band corresponds to 3 standard deviations (σq) from the target output (µq). The
blue band corresponds to the mean PC-score (µPCq ) ± 3 standard deviations (σPCq ), computed over
the samples used to build the principal component analysis basis. GPE = Gaussian process emulator;
PC = principal component.
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Fig. S8 Convergence of QRS complex PC-scores for the HC cohort. Each plot shows the
Gaussian process emulator (GPE) prediction (y-axis) for 100,000 non-implausible points of each wave
(x-axis), sorted in increasing order. Wave 0 corresponds to the initial parameter space. The GPE-
prediction mean (red square) and the target principal component (PC)-score (yellow star) are also
shown. The red band corresponds to 3 standard deviations (σq) from the target output (µq). The
blue band corresponds to the mean PC-score (µPCq ) ± 3 standard deviations (σPCq ), computed over
the samples used to build the principal component analysis basis. GPE = Gaussian process emulator;
PC = principal component.
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Fig. S9 Convergence of T-wave PC-scores for the KCL cohort. Each plot shows the Gaussian
process emulator (GPE) prediction (y-axis) for 100,000 non-implausible points of each wave (x-axis),
sorted in increasing order. Wave 0 corresponds to the initial parameter space. The GPE-prediction
mean (red square) and the target principal component (PC)-score (yellow star) are also shown. The
red band corresponds to 3 standard deviations (σq) from the target output (µq). The blue band
corresponds to the mean PC-score (µPCq ) ± 3 standard deviations (σPCq ), computed over the
samples used to build the principal component analysis basis. GPE = Gaussian process emulator;
PC = principal component.
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Fig. S10 Convergence of T-wave PC-scores for the HC cohort. Each plot shows the Gaussian
process emulator (GPE) prediction (y-axis) for 100,000 non-implausible points of each wave (x-axis),
sorted in increasing order. Wave 0 corresponds to the initial parameter space. The GPE-prediction
mean (red square) and the target principal component (PC)-score (yellow star) are also shown. The
red band corresponds to 3 standard deviations (σq) from the target output (µq). The blue band
corresponds to the mean PC-score (µPCq ) ± 3 standard deviations (σPCq ), computed over the
samples used to build the principal component analysis basis. GPE = Gaussian process emulator;
PC = principal component.
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Fig. S11 Model-predicted versus measured QRS complex. Calibrated models accurately
reproduce the QRS complex morphology of synthetic 12-lead ECGs for (a) KCL1, (b) KCL2, (c)
KCL3, and (d) KCL5. Each panel displays QRS complexes arranged in standard clinical order I, II,
III, aV R, aV L, aV F and V 1−V 6. The dashed red line shows the synthetic target recording. The solid
black line shows the best-fitting predicted signal (smallest root mean squared error) from the final
wave of Bayesian history matching. Predicted signals were reconstructed as a linear combination of
principal component analysis basis functions and principal component scores predicted using Gaussian
process emulators.

Fig. S12 Simulated 12-lead ECG ensemble for healthy control subject HC2. Validation
of the calibrated electrophysiology model for subject HC2 demonstrates robust ECG reproduction
across the non-implausible parameter space. Each subplot displays one lead of the 12-lead ECG.
Light blue traces represent simulated ECGs from Nval = 100 validation samples drawn from the final
constrained parameter space. The dark blue trace indicates the best-fitting sample (smallest root
mean squared error), and the orange dashed trace shows the clinical target recording.

22



1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058

Fig. S13 Simulated 12-lead ECG ensemble for healthy control subject HC3. Validation
of the calibrated electrophysiology model for subject HC3 demonstrates robust ECG reproduction
across the non-implausible parameter space. Each subplot displays one lead of the 12-lead ECG.
Light blue traces represent simulated ECGs from Nval = 100 validation samples drawn from the final
constrained parameter space. The dark blue trace indicates the best-fitting sample (smallest root
mean squared error), and the orange dashed trace shows the clinical target recording.

Fig. S14 Lead II traces and clinical ECG biomarkers. Lead II ECG traces computed for
Nval = 100 validation samples for different subjects. The target signal (red dashed) is also shown.
Simulated traces are shown in shades of black. Dots of different colours represent the peaks of the Q
(pink), R (blue), S (green), and T (yellow) waves. Red vertical segments highlight the location of the
target peaks.
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Fig. S15 Spatial distribution of model-measurement correlation for body surface poten-
tials. Spatial patterns of model accuracy are visualised by mapping the maximum Pearson’s
correlation coefficient (PCC) between simulated and recorded body surface potentials onto the ECGi-
vest electrode locations for controls (a, d) HC1, (b, e) HC2, and (c, f) HC3. Anterior (a–c) and
posterior (d–f) views of the torsos are shown. Each electrode is coloured by maximum Pearson’s
correlation coefficient (PCC) computed across the Nval = 100 validation simulations (dark blue for
PCC ≥ 0.8, light blue for 0.8 > PCC ≥ 0.7, cyan for 0.7 > PCC ≥ 0.6 and red for 0.6 > PCC).
PCC = Pearson’s correlation coefficient.
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