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Abstract 

Porcine hearts are widely used for preclinical cardiac evaluation. Computational 

models, by effectively integrating comprehensive experimental data, often reinforce 

this preclinical assessment. Using extensive multi-modal data, we developed swine 

ventricular digital twins for healthy and chronic myocardial infarction (MI) conditions 

to investigate the roles of the cardiac conduction system (CS), spatial repolarization 

heterogeneities, cardiomyocyte orientation, cell-to-cell coupling, and MI characteris-

tics on ventricular function. We analyzed cardiac magnetic resonance (CMR) images, 

electrocardiograms (ECGs), and optical (OM) and electroanatomical mapping from 

5 healthy and 10 MI pigs. CS architectures were built from OM and ECG record-

ings. Myocardial fiber orientation, action potential characteristics, and cell-to-cell 

conductivity in MI tissue were defined from OM and CMR data. Simulated ECGs for 

healthy and MI models of left anterior descending and left circumflex occlusions were 

compared to experimental ECGs and were used to assess MI-induced changes. 

Subject-specific fiber orientation calibration minimally affected electrophysiology, 

with conduction velocity (CV) and action potential duration (APD) changing by less 

than 3.6% with respect to standard orientation. Accurate CS and repolarization 

heterogeneities reproduced depolarization (Pearson correlation 0.76 for QRS) and 

repolarization (Pearson correlation 0.74 for T-wave) patterns. Incorporating experi-

mentally guided MI-induced alterations enabled the replication of MI depolarization 

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1013688&domain=pdf&date_stamp=2026-03-16
https://doi.org/10.1371/journal.pcbi.1013688
https://doi.org/10.1371/journal.pcbi.1013688
https://doi.org/10.1371/journal.pcbi.1013688
https://doi.org/10.1371/journal.pcbi.1013688
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-8867-3802
https://orcid.org/0000-0003-2446-3045
https://orcid.org/0000-0003-0511-7120
https://orcid.org/0000-0002-1960-407X
mailto:rrosales@unizar.es


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 2 / 38

and repolarization features (relative errors: 0.5% CV, 2.9% APD), yielded realistic 

T-wave morphologies (0.63 Pearson correlation), and revealed ECG patterns specific 

to vessel-dependent occlusions. Thus, by integrating extensive multi-modal data, we 

advance porcine cardiac digital twins and demonstrate the influence of key structural 

and electrophysiological parameters on healthy and MI heart function, providing a 

robust computational framework for mechanistic and translational applications.

Author summary

Pigs are commonly used as preclinical models for cardiac evaluation due to their 
close resemblance to the human heart. Computational cardiac electrophysiology 
often supports and extends this preclinical assessment. However, the reliability 
of these in silico representations depends on the effective integration of com-
prehensive experimental data. Using extensive multi-modal data, we developed 
swine ventricular digital twins under healthy and chronic myocardial infarction 
conditions. These models allowed us to investigate the influence of the cardiac 
conduction system, spatial repolarization heterogeneities, cardiomyocyte ori-
entation, cell-to-cell coupling, and vessel-specific infarction characteristics on 
ventricular function. Our results show that cardiomyocyte orientation exerts only 
a minor effect on electrophysiology, with average conduction velocity showing a 
slight decrease and action potential duration remaining unchanged when com-
paring standard versus individualized orientations. Accurate representation of 
conduction system architecture and repolarization heterogeneities enabled close 
reproduction of experimental depolarization and repolarization patterns. Fur-
thermore, by integrating experimentally guided reductions in cell-to-cell coupling 
and inward rectifier potassium current, along with individualized post-infarction 
activation alterations and a novel porcine cellular model, we were able to faith-
fully replicate infarction-specific depolarization-repolarization features. These 
refinements produced realistic T-wave morphologies and revealed electrocardio-
graphic signatures associated with vessel-dependent infarctions, underscoring 
the translational potential of our approach.

1  Introduction

Ischemic heart disease remains the leading global cause of death in both men and 
women [1]. When an ischemic episode persists for several minutes, it can lead to 
myocardial infarction (MI), in which the necrosis of non-renewable cardiomyocytes 
unleashes an orchestrated inflammatory response that leads to the replacement of 
dead tissue with fibrotic connective tissue [2]. The infarction-affected zone (AZ) is 
usually divided into scar (SZ) and border (BZ) zones. SZ is a dense, non-excitable 
fibrotic scar, mainly composed of collagen and characterized by the thinning and 
increased stiffness of the ventricular wall. BZ represents a transition region from SZ 
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to the healthy zone (HZ) characterized by myocardial disorganization and increased collagen content [3,4]. Beyond these 
structural alterations, MI also remodels the cardiac conduction system (CS), modifying the density and spatial distribution 
of the Purkinje-muscular junctions (PMJs), as reported in histological studies of chronic MI [5].

Chronic MI-induced ventricular remodeling increases the risk of heart failure and the vulnerability to arrhythmias [1,6,7]. 
The severity of post-MI cardiomyopathy strongly depends on the infarct location, with relevant differences found between 
the occlusion of the left anterior descending (LAD) and the left circumflex (LCx) coronary arteries. LAD occlusion involves 
larger infarcted areas, resulting in greater remodeling and increased impairment of systolic function compared with LCx 
occlusion [7].

Animals are widely used as models in preclinical therapeutic evaluations and as donors for transgenic xenotrans-
plantation of organs. In the context of cardiovascular diseases, large white domestic pigs (Sus scrofa domestica) are 
the gold-standard choice due to their high similarity to humans in terms of coronary circulation, hemodynamics, cardiac 
size, and electromechanical behavior [8]. To implement the 3Rs (refine, replace, and reduce) of animal experimentation, 
promoting the humane and ethical use of animals while supporting research on the prophylaxis, diagnosis, and treatment 
of cardiovascular diseases, swine computational models have emerged as powerful tools that complement in vivo and ex 
vivo studies [9,10].

In this context, in silico modeling and simulation of cardiac electrical activity provide a robust framework to investigate 
the mechanisms driving the function of the heart in health and disease, as well as in response to pharmacological and 
tissue engineering therapies, among others [11–13]. Initially, generic models with average electrophysiological parameters 
were used for general-purpose simulations. Advances in computational power, memory capacity, and access to biochem-
ical and imaging data have enabled biophysically detailed mathematical simulations across a wide range of scenarios 
[14,15]. For pigs, the CESC10 [16] and CRT-EPiggy19 [17] challenges constituted the first endeavors to provide multi-
modal experimental data for individualizing preclinical models and assessing their performance. These subject-specific 
models have been shown to, for example, better reproduce inter-individual variability in the generation of reentrant 
arrhythmias than generic models [9]. However, the creation of fully individualized digital twins involves time-consuming 
and technically complex experiments, often limiting the feasibility of parameter individualization. Current efforts focus 
on identifying and tailoring key electrophysiological parameters required to accurately replicate specific heart conditions 
[9,18–22].

Although in silico models are commonly used to support preclinical trials in pigs, many are still largely derived from 
non-porcine data, which limits mechanistic accuracy, predictive power, and the individualization of key simulation param-
eters. To overcome these limitations, we propose that specific cardiac conditions can be faithfully reproduced in pigs by 
tailoring critical modeling parameters, which are identified through extensive multi-modal porcine data and systematically 
validated with large-scale simulations.

In this context, this work has four main objectives: 1) to define a reproducible pipeline for the development and cali-
bration of biventricular (BiV) electrophysiological models in healthy and MI pig hearts by processing cardiac signals and 
images from in vivo and ex vivo pig experiments; 2) to identify the critical parameters required to in silico reproduce both 
species-specific (porcine) and subject-specific (individual pig) electrical characteristics in healthy and MI conditions; 3) 
to provide openly available, state-of-the-art BiV porcine models for use in preclinical cardiovascular studies (e.g., drug 
cardiotoxicity, remuscularization assessment), thereby reducing reliance on animal experimentation; 4) to demonstrate the 
potential of these experimentally guided in silico models for mechanistic analysis of infarction-induced electrocardiogram 
(ECG) alterations across multiple infarct locations.

Beyond these technical objectives, the framework is designed to address key biological questions in both healthy and 
MI conditions. In the healthy state, we investigate: (i) how CS architecture and depth shape ventricular activation, and 
the functional implications of the deeper CS observed in pigs; (ii) the extent to which regional repolarization differences 
contribute to T-wave formation, assessing the presence of relatively limited yet existing repolarization heterogeneity in the 
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porcine heart; and (iii) how fiber orientation shapes depolarization and repolarization patterns at both tissue and organ 
scales.

In the MI state, we shed light on: (i) whether post-MI alterations in ionic currents, particularly the inward rectifier potas-
sium current and fast sodium current, and reduced cell-to-cell coupling constitute the primary mechanisms driving the 
post-MI electrophysiological phenotype; and (ii) how MI-induced changes in activation translate into ECG alterations. By 
linking these infarct-induced modifications to observed ECG changes across different infarct locations and extents, we 
provide mechanistic insight into ECG variability that is difficult to obtain experimentally in large-animal models.

2  Methods

2.1  Experiments

2.1.1  Ethics statement.  All animal procedures complied with Directive 2010/63/EU of the European Parliament 
on the protection of animals used for scientific purposes, and adhered to the animal welfare regulations applicable in 
each country where the experiments were performed. All procedures were approved by the relevant local regulatory 
authorities, as follows: at Katholieke Universiteit Leuven, by the Animal Ethics Committee of the Katholieke Universiteit 
Leuven (approval number: ECD P114/2020); at Servicio Madrileño de Salud, by the Consejería de Agricultura, Desarrollo 
Rural, Población y Territorio – Dirección General de Agricultura y Ganadería – Servicio de Sanidad Animal – Junta de 
Extremadura (approval number: EXP-20210628), and by the Dirección General de Agricultura, Ganadería y Alimentación 
– Consejería de Medio Ambiente, Ordenación del Territorio y Sostenibilidad – Comunidad de Madrid (approval number: 
PROEX 148.8/20).

2.1.2  Animals.  The study population consisted of 15 large white domestic pigs (Fig 1a), of both sexes, sourced from 
two centers: Katholieke Universiteit Leuven (KUL), Leuven, Belgium, and Servicio Madrileño de Salud (SERMAS), Madrid, 
Spain. Animals weighing 20–30 kg (KUL) and 55–65 kg (SERMAS) were included. Structural and functional data from 
both healthy and MI pigs were collected and processed as detailed in Table 1.

Prior to each experiment, the animals were sedated and anesthetized following site-specific protocols. At KUL, animals 
were sedated with Telazol (tiletamine 4 mg/kg and zolazepam 4 mg/kg, Zoletil100, Virbac Animal Health, Carros, France) 

Fig 1.  Experimental data acquisition. a- Animal preparation was conducted on 15 pigs. b- EAM of pig 6. c- OM scheme with activation of pig 13. d- 
Different CMR techniques applied. LGE-LCx: pig 7, LGE-LAD: pig 10, cine: pig 3, DW-CMR and diffusion tensor estimation: pig 2. e- ECG acquisition. 
It shows the ECG signal at lead II for healthy pig 15 (blue) and LCx-MI pig 6 (orange). f- Scheme of MI induction with a picture of the anterior view of an 
LAD-MI swine heart. Healthy data was acquired prior to MI induction. MI data was acquired 4 weeks after MI (chronic stage). EAM: Electroanatomical 
mapping, OM: Optical mapping, CMR: Cardiac magnetic resonance, LGE: Late gadolinium-enhanced, DW-CMR: Diffusion-weighted CMR, LCx: Left 
circumflex infarction, LAD: Left anterior descending infarction, ECG: Electrocardiogram, MI: Myocardial infarction.

https://doi.org/10.1371/journal.pcbi.1013688.g001

https://doi.org/10.1371/journal.pcbi.1013688.g001
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combined with xylazine (2.5 mg/kg, Vexylan, CEVA Sante Animale, Brussels, Belgium). Anesthesia was induced intrave-
nously with propovet (10 mg/kg, propofol, Med’Vet, Chatillon, France), followed by continuous infusion of the same anes-
thetic (10 mg/kg/h) and remifentanil (18 µg/kg/h, Ultiva, GSK, Genval, Belgium). At SERMAS, a standardized anesthesia 
protocol was applied. Premedication was administered intramuscularly using ketamine (10 mg/kg), midazolam (0.3 mg/
kg), and atropine (0.05 mg/kg). Anesthesia was induced intravenously with fentanyl (0.01 mg/kg) and propofol (4 mg/kg). 
Maintenance of anesthesia was sustained by continuous intravenous administration of fentanyl (0.01 mg/kg) and propofol 
(14 mg/kg).

2.1.3  Induction of myocardial infarction.  LCx artery MI and LAD artery MI were induced at KUL and SERMAS, 
respectively (Table 1 and Fig 1f). At KUL, pigs received amiodarone orally for two weeks (400 mg/d during the first week, 
200 mg/d during the second week). One day before MI induction, animals were preloaded with acetylsalicylic acid and 
clopidogrel (300 mg each) via oral gavage. Sedation and anesthesia protocols followed those described in Section 2.1.2. 
Mechanical ventilation with an air-oxygen mixture (1:1) was adjusted to maintain normocapnia and normoxia using a tidal 
volume of 8–10 mL/kg. Continuous monitoring of blood pressure, ECG, and peripheral oxygen saturation was performed 
using an intensive cardiac monitor system (Siemens). Following anticoagulation with heparin (10,000 IU) and antiplatelet 
administration (acetylsalicylic acid, 500 mg), MI was induced by proximal occlusion of the LCx coronary artery. Briefly, a 
guide wire was advanced through the coronary artery, and a dilation balloon catheter, sized according to angiographic 
measurements, was positioned and inflated for 90 min to occlude the vessel, followed by deflation to allow reperfusion. 
Coronary artery occlusion and reperfusion were confirmed by angiography. At SERMAS, MI was induced by balloon 
occlusion of the mid-LAD coronary artery, distal to the first diagonal branch, via femoral access. Occlusion was maintained 
for 90–150 min to achieve TIMI 0 flow, followed by reperfusion. Lidocaine (1 mg/kg IV) was administered prior to 
occlusion to prevent arrhythmias. Ventricular tachyarrhythmias were treated according to standard resuscitation protocols. 
Procedures were conducted under general anesthesia with sevoflurane and mechanical ventilation via orotracheal 
intubation. After MI, pigs received aspirin (500 mg QD), clopidogrel (300 mg QD), and amiodarone (400 mg QD for 5 

Table 1.  Summary of collected and processed experimental data. HE: Healthy, LCx: Left circumflex infarction, LAD: Left anterior descending 
infarction, KUL: Katholieke Universiteit Leuven, SERMAS: Servicio Madrileño de Salud, MR: Magnetic resonance, LGE: Late gadolinium-
enhanced, DW: Diffusion-weighted, OM: Optical mapping, EAM: Electroanatomical mapping, ECG: Electrocardiogram.

Pig State Center MR Signals

Cine LGE DW Thoracic OM EAM ECG

1 HE KUL X X  

2 HE KUL X X  

3 HE KUL X X  

4 LCx KUL X

5 LCx KUL X

6 LCx KUL X X X X

7 LCx KUL X X  

8 LAD SERMAS X X  

9 LAD SERMAS X X  

10 LAD SERMAS X X  

11 LAD SERMAS X X  

12 LAD SERMAS X X  

13 HE SERMAS X  

14 LAD SERMAS X  

15 HE KUL X

https://doi.org/10.1371/journal.pcbi.1013688.t001

https://doi.org/10.1371/journal.pcbi.1013688.t001
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days). This reperfusion model has been previously validated and produces a heterogeneous scar that more accurately 
represents clinical MI cases [23,24]. MI data were collected 4 weeks after MI induction (chronic stage).

2.2  Cardiac magnetic resonance

The cardiac magnetic resonance (CMR) sequences analyzed in this study included cine-CMR, 
diffusion-weighted CMR (DW-CMR), and late gadolinium-enhanced CMR (LGE-CMR) (Fig 1d). At KUL, all 
CMR acquisitions were performed during suspended respiration using electrocardiographic triggering and 
cardiac-dedicated surface coils on a 3T Siemens system (TRIO-Tim, Siemens, Erlangen). At SERMAS, 
DW-CMR and LGE-CMR were performed using 1.5T Philips Achieva and Intera magnetic resonators (Philips 
Healthcare, Best, The Netherlands).

2.2.1  Cine-CMR.  Cine-CMR was performed to capture the diastole-systole motion of the heart by acquiring images 
of cardiac slices throughout the cardiac cycle. Following sedation and general anesthesia, mechanical ventilation was 
applied with an air-oxygen mixture (1:1) at a tidal volume of 8–10 mL/kg.

The three collected cine-CMR datasets had an anisotropic voxel resolution of 1.33 x 1.33 x 6 mm3. End-diastolic vol-
umes were selected for analysis. Preprocessing included cropping, padding, anisotropic resampling, and Z-score intensity 
normalization. Based on our previous work [25], the blood pools of the left and right ventricles (LV and RV) and the LV 
myocardium were segmented using a semi-automatic, deep learning-based pipeline that combined synthetic data aug-
mentation and topological correction.

2.2.2  LGE-CMR.  LGE-CMR was used to delineate MI by exploiting the preferential accumulation of gadolinium in AZ 
due to its easier penetration and delayed washout caused by the larger extracellular space between collagen fibers. The 
resulting higher signal intensity in T1-weighted CMR sequences allowed precise MI identification [26]. During acquisition, 
sedation, mechanical ventilation, and continuous vital sign monitoring were performed. At KUL, LGE-CMR was acquired 
12 min after intravenous injection of gadolinium 0.2 mm/kg (Dotarem, Guerbet, Roissy, France). At SERMAS, LGE-CMR 
images were acquired 10 min after the injection of gadodiamide 0.2 mm/kg.

LGE-CMR data from SERMAS and KUL had anisotropic voxel resolutions of 1.28 x 1.28 x 2.5 mm3 and 1.25 x 1.25 x 
5.5 mm3, respectively. Preprocessing and deep learning-based segmentation followed the same protocol as for cine-CMR 
data, with additional segmentation of the MI region [25].

2.2.3  DW-CMR.  DW-CMR was used to characterize the three-dimensional (3D) microarchitecture of ventricular tissue 
by quantifying the directional diffusion rate of water molecules under applied electromagnetic gradients [27]. At KUL, 
hearts were arrested in end-diastole, excised with the great vessels, and perfused via the coronary arteries with 1 L of 
cold cardioplegic solution at a pressure of 100 mmHg, then immersed in the same solution for 1 hour. The great vessels 
were firmly tied to maintain pressure, and the hearts were placed in a individualized 3D-printed cast filled with cardioplegic 
solution (left panel of S1 Fig). These custom-designed containers were constructed using the epicardial segmentation of 
the in-vivo cine CMRs [28]. At SERMAS, an atrial transseptal puncture was performed to equalize intracavitary volumes. 
Warm 2% agarose gel solution (≈38 °C) was infused via cannulas in the aorta and pulmonary artery until the ventricular 
cavities approximated an in vivo diastolic state. The heart was positioned within a container of sufficient size to prevent 
compression and was embedded in warm agarose. Following embedding, the assembly was refrigerated to promote 
agarose gelation and stabilize the organ, thereby minimizing unwanted myocardial deformation and maintaining structural 
integrity (right panel of S1 Fig).

Multiple electromagnetic sensitizing gradients (Table 2) were applied to estimate myocardial diffusion tensors. 
Following segmentation, diffusion tensors were computed, and their primary eigenvectors were extracted to deter-
mine myocardial fiber orientation [29]. In brief, signal attenuation due to diffusion is modeled from DW-CMR using the 
Stejskal-Tanner equation: S/S0 = e–b d(g), where S/S0 represents signal attenuation, d(g) is diffusion as a function of gra-
dient, b is the diffusion-weighting factor, and S0 is the signal without the sensitizing gradients. Diffusion is modeled using 
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a positive-valued Cartesian tensor of even order and full symmetry [30], where the primary eigenvector of this tensor 
corresponds to the longitudinal axis of the myocardial fibers at each spatial location [31].

In MI cases, AZ was manually added to the segmentation, and voxel-wise fractional anisotropy was calculated for HZ 
and AZ as a function of the diffusion tensor eigenvalues λi , i = 1, 2, 3:

	
Fractional Anisotropy =

√
1
2

(
(λ1 – λ2)2 + (λ3 – λ2)2 + (λ3 – λ1)2

λ21 + λ22 + λ23

)

	

2.3  Optical mapping

Optical mapping (OM) was performed to record the electrical activity of explanted hearts (Fig 1c), using voltage-sensitive 
dyes to track changes in transmembrane voltage (V

m
) with high spatio-temporal resolution [32].

Immediately after explantation, the hearts were immersed in cold (4 °C) cardioplegic solution containing (in mm): 12.6 
NaHCO

3
, 13.44 KCl, 280 D-glucose, 34 mannitol, 140 NaCl, and 10 2,3-butanedione monoxime, pH 7.4, for preserva-

tion during transport. On arrival, a cannula was inserted into the aorta to perfuse the heart via a Langendorff circuit with 
Tyrode’s solution at 37 °C. The Tyrode composition was (in mm): 130 NaCl, 24 NaHCO

3
, 4 KCl, 1 MgCl

2
, 5.6 D-glucose, 

1.2 NaH
2
PO

4
, and 1.86 CaCl

2
, pH 7.4. Temperature (37 °C) and oxygenation were maintained via an external heating bath 

and an oxygenator with a carbogen gas mixture, using bubble traps and filters to ensure stable perfusion.
Electrical activity was monitored from fluorescence changes after infusion of a 100 µL bolus of di-4-ANEPPS (exci-

tation: 482 nm, emission: 686 nm; Biotium, Inc. Hayward, CA, USA) in 4.16 mm DMSO applied for 5 min following elec-
tromechanical uncoupling with 10 µm 2,3-butanedione monoxime in Tyrode’s solution. For dye excitation, hearts were 
homogeneously illuminated with a filtered green LED light source (LED: CBT-90-G; peak power output 58 W; peak wave-
length 524 nm; Luminus Devices, Billerica, USA) through a planar-convex lens (LA1951; focal length 25.4 mm; Thorlabs, 
New Jersey, USA) and a green excitation filter (D540/25X; Chroma Technology, Bellows Falls, USA). Fluorescence was 
recorded using an EMCCD camera (Evolve-128: 128 × 128 imaging pixels, 24 × 24-um pixels, 16 bits; Photometrics, Tuc-
son, AZ, USA) with a custom multiband emission filter (ET585/50–800/200 M; Chroma Technology) and high-speed lens 
(DO2595; Navitar Inc., Rochester, USA).

OM was performed on five porcine hearts with LAD MI and one healthy heart during sinus rhythm or under external 
stimulation applied from a catheter located in the right atrium, RV, or LV with a pacing cycle length of 1000 ms. Pixel 
resolution was determined from a conversion factor that was calibrated immediately before the OM experiment and held 
constant for all recordings (pig 8: 0.081, pig 9: 0.0729, pig 10: 0.0860, pig 11: 0.0885, pig 12: 0.0906, pig 13: 0.105 cm per 
pixel). The sampling frequency was 500 Hz in all cases.

Table 2.  DW-CMR characteristics. DW-CMR: Diffusion-weighted cardiac magnetic resonance, HE: Healthy, LCx: Left circumflex infarction, 
LAD: Left anterior descending infarction.

Pig State Resolution (mm3) Gradients b value

1 HE 1.09 x 1.09 x 1 64 1000

2 HE 1.14 x 1.14 x 1.2 48 1000

3 HE 0.98 x 0.98 x 1.3 36 1000

7 LCx 0.98 x 0.98 x 1.08 36 1000

14 LAD 1.09 x 1.09 x 1.2 15 600

https://doi.org/10.1371/journal.pcbi.1013688.t002

https://doi.org/10.1371/journal.pcbi.1013688.t002
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Data were processed using custom software [33]. A region of interest that included both ventricles was manually 
defined [34]. High-pass filtering (0.4 Hz cut-off frequency) and adaptive spatio-temporal Gaussian filtering were applied to 
remove baseline drift and high-frequency noise.

The activation time (AT) for each pixel and beat was defined as the time interval from a fixed time reference to the 
time corresponding to the maximum positive derivative of V

m
. Action potential (AP) duration (APD) at 90% repolariza-

tion (APD
90

) was calculated as the difference between the time associated with the maximum derivative of V
m
 and the 

time when 90% repolarization from the peak of the AP to the diastolic membrane potential was reached. Median AT and 
APD

90
 values across beats were used to generate AT and APD

90
 maps. Despite selecting consecutive beats with identical 

beating rates to minimize beat-to-beat variability in depolarization and repolarization measurements, residual variability 
remained. This was particularly evident in repolarization times near the infarct and in regions with significant fat coverage, 
such as the interventricular septum. For example, in pig 13 (n = 11 beats, sinus rhythm), the median standard deviation 
across pixels was 20.5 and 51.5 ms for ATs and APD

90
 values, respectively, whereas in pig 10 (n = 4 beats, sinus rhythm), 

the corresponding values were 4.8 and 4.6 ms for ATs and APD
90

 values, respectively. Given this variability, median values 
were considered a more robust and representative summary of the OM data. This level of experimental uncertainty, which 
can reach several tens of milliseconds, defines a realistic limit for parameter tuning. Furthermore, the conduction velocity 
(CV) vector between two pixels was defined as the ratio of the Euclidean distance between them to their AT difference. 
The mean CV vector for a given pixel was then calculated across its neighboring pixels within a radius of 3 pixels. The 
radius value was chosen as a trade-off to avoid over smoothed CVs while preventing extremely large CVs computed from 
noisy neighbors.

2.4  Electrocardiography

A 12-lead ECG was acquired from healthy pig 15 at KUL at a sampling frequency of 2000 Hz (Fig 1e). Lead placement 
was as described in Section 2.5. Signals were filtered using high- and low-pass Butterworth filters with cutoff frequencies 
of 0.5 and 40 Hz, respectively. ECG waves were delineated using a wavelet transform-based delineator [35]. From the 
detected QRS complexes, the mean RR interval was 769 ms.

To obtain a median beat bi for each lead i, all beats (bji, j = 1, ...,N, with N representing the total number of beats in 
lead i) were aligned after automatically cropping them at 240 and 538 ms before and after the QRS fiducial point, respec-
tively. The most representative beat b̂i in lead i was selected as the one with the highest sum of correlation coefficients 
with all other beats in the lead. The median beat bi was then defined as the median of all bji whose correlation with b̂i was 
greater than 0.9.

2.5  Electroanatomical mapping

Electroanatomical mapping (EAM) allows real-time reconstruction of cardiac anatomy with superimposed electrogram 
measures [36], using reference and mapping electrodes to determine the spatial location of the mapping catheter [37–39].

Fig 1b illustrates the data obtained from the EAM of pig 6. Sedation was administered as described in Section 2.1.2. 
Aligned LGE and thoracic magnetic resonance images were acquired. For thoracic imaging, visible pins were placed to 
identify the heart-electrode relative positions (HERP) during ECG acquisition (Fig 2a). As the hind leg electrodes were out-
side the field of view of the thoracic magnetic resonance, the right leg and left leg electrode coordinates were estimated 
by extending the right and left arm coordinates 60 cm in the antero-posterior direction.

LV endocardial mapping was performed using the Rhythmia high-resolution mapping system (Boston Scientific, Cambridge, 
MA, USA) [37,38]. A diagnostic catheter was percutaneously inserted into the left femoral vein and advanced into the RV to 
serve as an intracardiac activation reference. The Orion 64-electrode minibasket catheter was inserted into the LV through the 
aorta using percutaneous access made in the left carotid artery. Positional reference and impedance electrodes were placed 
on the right side and right back to avoid spinal interference. The mapping in sinus rhythm yielded 3939 LV endocardial points.
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EAM measurements were used to define two EAM-based LV stimulation profiles for numerical simulations: endocardial 
EAM (e-EAM) and intramyocardial EAM (i-EAM). The aorta and the LV apex from EAM were aligned with the aortic valve 
and the apical LV from the CMR-based BiV mesh of pig 6, respectively (see Fig 2b). In the aligned EAM, electrograms 
with low bipolar voltage (≤1 mV) were excluded as SZ (or poor-contact points) [38], since SZ was defined as an insulator 
in silico (Section 2.6.3) and, therefore, its depolarization was irrelevant. Subsequently, outliers in the EAM in terms of bipo-
lar electrogram ATs were removed, resulting in 2630 valid points (Fig 2c). Finally, the unique endocardial and intramyo-
cardial points in the LV of the BiV model closest to each EAM site defined e-EAM and i-EAM stimulation sites. Stimulation 
dynamics were described by interpolating the EAM-based bipolar activation to the e-EAM or i-EAM stimulation points 
using radial basis functions. Thus, the BiV model was depolarized from the EAM-defined stimulation points on the LV 
along with the RV CS. In this context, LV depolarization was set to start 5 ms after the first RV endocardial depolarization, 
consistent with the mainly positive QRS complex for this pig in lead I (Fig 10a), which, based on our simulation results, 
suggests a more RV-to-LV activation (see discussion on the addition of Purkinje fibers to the RV septum in Section 4.2). 
Bipolar electrograms were used throughout, given their strong agreement with unipolar low voltage areas under high-
density mapping with low inter-electrode spacing [40], as implemented here using the Orion catheter (2.5 mm spacing 
[38]), and their reduced susceptibility to far-field effects compared to unipolar recordings [40].

ECG signals from Rhythmia were preprocessed as described in Section 2.4. Since these ECG signals were provided in 
chunks that sometimes did not contain a complete beat, a full template ECG beat was selected from all recordings. Beats 
presenting a correlation coefficient with this template greater than 0.8 in each lead were selected, and based on them, the 
median ECG beat was calculated (see orange ECG in Fig 1e). Finally, the in silico ECG reconstructed from the two EAM-
based stimulation profiles was compared with those obtained using a CS-based stimulation protocol.

2.6  In silico electrophysiological models

2.6.1  Anatomy.  Using the deep learning-based segmentations obtained in Section 2.2, the RV myocardium was 
delineated, and the final smoothed BiV surface meshes were generated for the healthy and MI cases [41,42]. Geometries 

Fig 2.  Definition of HERPs and EAM-based activation. a- Different views of the thoracic magnetic resonance of pig 6 with different opacity, showing 
the b-HERP (red) and a-HERP (green). RA: right arm, LA: left arm and V1-6: precordial electrodes. b- Alignment of the EAM-based mesh of the LV endo-
cardium with the CMR-based BiV mesh. c- The BiV mesh of pig 6 is shown with the RV Purkinje, the His bundle and the preprocessed LV EAM locations 
with their bipolar activation (top), as well as the EAM-based endo- (e-EAM) and intramyocardial (i-EAM) bipolar activations (bottom) of the LV. b/a-HERP: 
Baseline/adjusted heart-electrode relative position, CMR: Cardiac magnetic resonance, AT: Activation time, LV: Left ventricle, RV: Right ventricle, BiV: 
Biventricular.

https://doi.org/10.1371/journal.pcbi.1013688.g002

https://doi.org/10.1371/journal.pcbi.1013688.g002
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for healthy pigs were derived from end-diastolic cine-CMR, and geometries of MI pigs were derived from LGE-CMR. As 
shown in Fig 3b, volumetric meshes were generated via tetrahedralization with a mean edge length of 390 µm for all 
samples [43], consistent with previous studies [9,11,20,44].

In MI cases, the BiV domain was reconstructed using a semi-automatic approach. Initial definitions of AZ and HZ, cor-
responding to high and low voxel intensities, respectively, were obtained from the automatic deep learning–based seg-
mentations of LGE images (Section 2.2.2). These LV segmentations were manually extended to the RV to generate BiV 
structures. Once a BiV segmentation with HZ and AZ was defined, AZ was subdivided into BZ and SZ using the full-width 
half-maximum method [6]. Briefly, two thresholds were defined, as shown in Fig 3a: S

BZ+
, corresponding to 50% of the 

maximum signal intensity in AZ; and S
BZ-

, corresponding to the maximum signal intensity in a remote HZ. SZ comprised 
AZ voxels with signal intensity greater than S

BZ+
. BZ comprised AZ voxels with signal intensity in the range [S

BZ-
, S

BZ+
]. HZ, 

BZ, and SZ masks were interpolated onto the BiV mesh using radial basis functions.
2.6.2  Conduction system.  Ventricular CS plays a key role in determining the electrical activation sequence that 

triggers mechanical contraction. CS geometry was defined from manually identified anatomical landmarks, geodesic 
paths, and a fractal tree algorithm.

First, the His bundle was generated by connecting landmark points in a 3D space with one-dimensional elements, 
following [45] (Fig 4a). Briefly, the atrioventricular node was placed 5 mm above the septal base toward the anterior RV. 
The His bundle extended toward the apex, bifurcating into left and right branches, both traversing from the basal to the 
apical endocardium along geodesic paths. The left branch was divided into the anterior and posterior left branches, while 

Fig 3.  In silico BiV healthy and MI modeling. a- MI segmentation from LGE-CMR of the pig 10. The histogram of the AZ voxel intensities shows 
S

BZ-
 (green) and S

BZ+
 (red) thresholds delimitating the BZ. b- BZ and SZ extrapolation onto the tetrahedral mesh (left) and mesh edge length histogram 

for pig 10. c- BiV APDSH calculation. In the left side, the Laplace solutions representing the diffusion from LV, RV and LV/RV endocardium to epicar-
dium (orange dashed zone) and from base to apex (BA) are shown. In the right side, the final transmural (t-APDSH) and transmural plus apicobasal 
(c-APDSH) BiV meshes for pig 10 are depicted. d- RBM-based BiV fiber field for Pig 10. e- Final BiV meshes for pig 10 (top), pig 6 (middle) and pig 3 
(bottom). HZ: Healthy zone, BZ: Border zone, SZ: Scar zone, AZ: Affected zone, LV: Left ventricle, RV: Right ventricle, BiV: Biventricular, MI: Myocardial 
infarction, APDSH: Action potential duration spatial heterogeneities, LAD: Left anterior descending infarction, LCx: Left circumflex infarction, LGE-CMR: 
Late gadolinium-enhanced cardiac magnetic resonance, RBM: Rule-based model.

https://doi.org/10.1371/journal.pcbi.1013688.g003

https://doi.org/10.1371/journal.pcbi.1013688.g003
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the right branch remained single. Consistent with experimental studies, the LV bundle branches terminated at papillary 
muscles, whose insertions were identified from the end-diastolic cine-CMR [46,47], while the RV bundle branch termi-
nated in the antero-endocardial face, more basally than the LV bundle branch endpoints and than the analogous structure 
in humans, in agreement with experimental observations of the septomarginal trabecula (moderator band) in pigs (see 
Section 4.2) [8].

Fig 4.  Healthy (pig 3) and MI (pig 6) CS distributions. a- In the left side, manually located landmarks for the creation of the initial be-His bundle and 
subendocardium and intramyocardium region definitions can be observed. The right side depicts the differences between the His bundle in the bi-CS 
and ap-CS. b- Coronal cut of the pig 3 BiV mesh for depiction of four CS distributions. c- Differences of the ap-CS and mi-CS zoomed in the AZ. BiV: 
Biventricular, MI: Myocardial infarction, CS: Conduction system, bi-CS: Baseline intramyocardial CS, rvs-CS: bi-CS with Purkinje in the septal wall of the 
right ventricle, ap-CS: rvs-CS with the end of the left bundle branches closer to the apex of the left ventricle, ap-e-CS: ap-CS with endocardial distribu-
tion, mi-CS: ap-CS with altered spatial distribution of Purkinje fibers following infarction, HZ: Healthy zone, BZ: Border zone, SZ: Scar zone.

https://doi.org/10.1371/journal.pcbi.1013688.g004

https://doi.org/10.1371/journal.pcbi.1013688.g004
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The Purkinje network was generated from the endpoints of the three bundle branches using a fractal tree algo-
rithm [48,45], resulting in an endocardial CS termed be-CS. However, given experimental evidence that the swine 
CS lies deeper within the myocardium than in humans [8], an alternative CS termed bi-CS was created. This bi-CS 
was derived by projecting be-CS into the subendocardium (the outer half of the endocardium) (Fig 4a) and, for 75% 
of the CS end branches in the LV and the RV, into the intramyocardial region (the middle third of the midmyocar-
dium) [5]. PMJs were distributed throughout both ventricles, except for the basal area of the LV and the RV, and the 
septal and posterior regions of the RV, where activation was known to be delayed or initiated by the activation of 
surrounding tissue [49].

To further explore the ventricular CS architecture, four variations of the bi-CS architecture were constructed (Fig 4), and 
the simulation results obtained with each of them were compared with the experimental activation data:

•	 rvs-CS: Departing from bi-CS, a homogeneous distribution of PMJs was added to the RV septum.

•	 ap-CS: Departing from rvs-CS, the ends of the anterior and posterior bundle branches of the LV were positioned closer 
to the LV apex to accentuate the apicobasal LV depolarization.

•	 ap-e-CS: Departing from ap-CS, the entire CS was located on the endocardial surface. This served to in silico assess 
whether swine CS was better represented when projected deeper into the ventricular wall.

•	 mi-CS: Departing from ap-CS, this was modified in the AZ of MI following histological observations for LAD MI [5]. 
Specifically, PMJs in the AZ were relocated with a proportion of 51:36:13 for the subendocardium, intramyocardium, and 
epicardium, respectively. In addition, the number of PMJs was reduced to 42% of the total amount in each of the three 
layers (see Fig 4c).

2.6.3  Electrophysiology.  APs of healthy porcine ventricular myocytes were described using the biophysically detailed 
model by Gaur et al. [10], while the APs of CS cells were represented with the Stewart et al. [50] model. All ventricular 
regions were assigned orthotropic conductivity with transverse isotropy. The longitudinal diffusion coefficient (LDC) values 
were 0.0013 cm2/ms for HZ [51] and 0.013 cm2/ms for CS (CV ≈ 200 cm/s [49]), which were respectively equivalent 
to 0.13 and 1.3 S/m for a membrane surface-to-volume ratio of 1000 cm–1 and capacitance per unit area of 1 µF/cm2. 
These values defined the basal LDC (b-LDC) setting. CS LDC was reduced near its end points following a sigmoid 
curve to smoothly match the ventricular LDC [52]. The transverse-to-longitudinal diffusion ratio was set to 0.25 for HZ, in 
agreement with the transverse anisotropy reported for cardiac CV [53].

For MI BZ, excitability was reduced by decreasing g
Na

 to 38% of the HZ value, following [11,20,54]. Conductivity 
and APD were then adjusted individually for each LAD-MI pig by iteratively modifying LDC and the conductance of 
the inward rectifier potassium current (g

K1
) until the simulated CV and APD

90
 matched OM measurements. As detailed 

in Table 1, the individualization of these parameters was not feasible for all pigs due to the absence of the necessary 
experimental electrophysiological data. In these specific cases, the LDC and g

K1
 parameters were instead assigned 

the mean values calculated from the subset of pigs for which experimental data were available (see, for example, LDC 
definition in Table 4).

SZ was modeled as an insulator [11,20], and thus a zero-flux Neumann condition was imposed at its boundary. Further-
more, from the comparison of the median fractional anisotropy values in the healthy and MI regions of the DW-CMR data, 
a mean decrease of 38% in anisotropy values was found in the MI region with respect to the healthy region. Specifically, 
the fractional anisotropy decreased from 0.31 in HZ to 0.18 in AZ (41%) in pig 7 and from 0.63 to 0.41 (34%) in pig 14. 
Consequently, the transverse-to-longitudinal diffusion ratio was increased from 0.25 to 0.345 (38%) in BZ.

2.6.4  Fiber orientation.  When DW-CMR data are unavailable, rule-based models (RBMs) are often used to 
define the cardiac fiber field in in silico ventricular models [55]. RBMs establish a local coordinate system composed 
of circumferential, apicobasal, and transmural directions and define the rotation angles α and β for the RV, LV, and 
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septal endocardium and epicardium. The angle α represents the rotation with respect to the clockwise circumferential 
direction calculated as if the heart was seen in the apicobasal direction. The angle β describes the rotation of the outward 
transmural direction. Based on the values of these angles, the longitudinal, sheet, and sheet-normal cardiomyocyte 
directions are defined for all regions of a BiV model. Here, DW-CMR data were combined with an RBM to generate 
porcine-specific BiV fiber fields.

The RBM of Bayer et al. [55] was used, with septal properties matched to the LV and all β angles set to 0° (transverse 
isotropy). Each sample thus required four parameters: α angles in the endocardium (αendo) and epicardium (αepi) for both 
LV and RV. A standard fiber field (s-RBM) was defined using α values of +60° and -60° for the endocardium and epicar-
dium, respectively.

For the three healthy pigs with DW-CMR data (Table 1), RBM-generated fiber fields (with varied α angles) were com-
pared to DW-based fiber fields. Because ex vivo DW-based geometries differed from in vivo cine-based geometries, it was 
difficult to extrapolate the fiber field; thus, DW-based RBMs (dw-RBMs) were defined for cine-based anatomical models of 
pigs 1–3. For this, ex vivo BiV tetrahedral meshes were created from the segmentation of the DW-CMR data of each sam-
ple, with the meshes having a mean edge length of 1 mm, which matches the voxel resolution of the DW-CMRs (Table 
2). The DW-based fiber field was then interpolated using radial basis functions. RBMs were calculated for each ex vivo 
BiV mesh by initially setting the angles α in the LV to the default values of [+60°, -60°] while the RV angles αendo and αepi 
varied in the range [+90°, -90°) in 10° steps, producing 324 RBM-based fiber fields per mesh. These were compared with 
the DW-based fiber field to identify the pair of RV angle values [αendo, αepi] minimizing the mean angle Θ, defined from the 
longitudinal fiber directions as [55]:

	
Θ =

1
M

M∑
m=0

cos–1
(

um · vm
||um|| ||vm||

)

	

where M is the total number of nodes and um and vm are the longitudinal fiber directions in node m obtained from RBM 
and DW-CMR, respectively. RV α angles were further refined by varying them around the identified values, specifically in 
the range [αx – 10,αx + 10] in steps of 1°, with x being endo or epi. The values of the angles associated with the lowest Θ 
were selected. To complete the determination of RBM-based fiber fields, the same procedure was repeated by setting the 
RV α angles to their optimal values and varying the α angles in the LV to identify their optimal values.

2.6.5  Repolarization heterogeneities.  Three APD spatial heterogeneity (APDSH) configurations were defined 
(Fig 3c): b-APDSH, representing homogeneous APD throughout the BiV mesh; t-APDSH, including transmural APD 
heterogeneities; and c-APDSH, including transmural and apicobasal APD heterogeneities.

To include transmural heterogeneities, the steady-state diffusion (Laplace) equation was solved multiple times with 
different boundary conditions [56] to accurately segment the BiV mesh transmurally (orange dashed region in Fig 3c). 
A proportion of 40:35:25 was defined for the endocardium, midmyocardium, and epicardium, following previous studies 
[57,58]. To include apicobasal heterogeneities, a base-to-apex gradient was defined by solving the Laplace equation with 
constant Dirichlet boundary conditions at the apex and base of the BiV domain. Based on this gradient and to divide the 
BiV mesh into three apicobasal regions, a proportion of 48:35:17 was empirically established for the base, middle, and 
apex regions (Fig 3c).

The Gaur et al. [10] cellular AP model lacks native repolarization gradients, so experimental porcine data from Meijborg 
et al. [59] were used to define APD heterogeneities. The APD of the Gaur et al. [10] model was taken to correspond to the 
midmyocardium and the middle height between the apex and the base [10;60]. Since APD in the model is largely deter-
mined by the expression of I

K1
, as reported by the authors, APD in each of the nine different regions (3 transmural per 3 

apicobasal) was defined by varying the conductance g
K1

 to match the target APD values within 0.5 ms (Table 3). The nine 
target APD

90
 values were set by varying the default APD

90
 value in the Gaur model, measured at a cycle length of 650 ms, 
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according to the percentage of variations in repolarization reported in [59]. For b-APDSH, the midmyocardial middle-height 
g

K1
 value was used. For t-APDSH, the endocardial, midmyocardial, and epicardial middle-height g

K1
 values were used.

2.7  Numerical simulations

Seven simulation groups (G1 to G7) were defined, each with specific CS, fiber orientation, repolarization heterogeneities, 
tissue conductivities, and HERP configuration (Table 4). Even though complete experimental datasets were not available 
for every pig, we carefully designed our modeling framework to maximize individualization whenever possible, both at the 
species-specific level and, when feasible, at the subject-specific level. As shown in Table 4, experimental data were used 
for input (feeding) and validation of the modeling and simulation:

•	 CMRs: In vivo data were used to individually define the geometry of the 12 BiV models generated: the end-diastolic 
image from cine-CMR for the 3 healthy cases and the LGE-CMR for the 9 MI (4 LCx and 5 LAD) cases. DW-CMR data 
were used for subject-specific calibration of the rule-based fiber orientation in healthy cases (DW-CMR from pigs 1–3 in 
G4) and to define species-specific reductions in electrical conductivity anisotropy in MI cases (DW from pigs 7 and 14 in 
G5-7).

•	 Thoracic magnetic resonance: Images of pig 6 were used to the define the HERP for pigs in simulation groups assess-
ing the ECG (G2-4 and G6-7).

•	 OM: Mapping data were used exclusively for validation in the G4 simulations, whereas in the G5 simulations they were 
used for subject-specific model calibration and validation. In G4, in silico ATs, depolarization patterns, CVs, and APD

90
 

values were validated against their OM-obtained counterparts. In G5, OM measurements of CV and APD
90

 in the BZ 
were used to calibrate exclusively the values of LDC and g

K1
 in BZ for MI pigs 8–12, while ATs, depolarization patterns, 

and the values of CV and APD
90

 in the HZ were used for validation. The resulting subject-specific calibration in G5 was 
used in the following G6-7 simulations for defining average species-specific values of LDC and g

K1
 in BZ for the MI 

models.

•	 EAM: Mapping data from pig 6 were used to define a subject-specific post-MI activation of the LV in pig 6 at the G6 
simulations.

•	 ECGs: The healthy ECG recording from pig 15 was used to validate species-specific CS distributions and repolariza-
tion heterogeneities (G2-3), while the MI ECG recording was used to assess ECG replication under post-MI conditions, 
including species-specific alterations on PMJ spatial distributions or the incorporation of subject-specific activation pat-
tern into the MI model of pig 6 (G6).

Cellular models were prepaced for at least 2000 beats until the APD
90

 reached steady state (i.e., remained invariant). 
Tissue propagation was computed by numerically integrating the monodomain model [61]. Each BiV simulation consisted 
of 3 cardiac cycles, with the last cycle being used for analysis. Stimuli of 80 µA/cm2 magnitude and 1 ms duration were 

Table 3.  Definition of repolarization heterogeneities. The target (T) and simulated (S) APD90 values (at 650 ms cycle length) are shown together 
with the gK1 (x10) values leading to the corresponding simulated APD90. B: Base, M: Middle, A: Apex, En: Endo, Ep: Epi, gK1: Maximum conduc-
tance of the inward rectifier K+ current.

B M A

T (ms) S (ms) gK1 (mS/µF) T (ms) S (ms) gK1 (mS/µF) T (ms) S (ms) gK1 (mS/µF)

En 213.9 213.9 1.49 222.7 222.4 1.39 218.3 218.1 1.44

M 204.8 204.5 1.61 213.2 213.2 1.5 208.9 208.5 1.56

Ep 199.0 199.4 1.68 207.2 207.3 1.57 203.1 203.1 1.63

https://doi.org/10.1371/journal.pcbi.1013688.t003

https://doi.org/10.1371/journal.pcbi.1013688.t003
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Table 4.  Simulation groups. Parameters in square brackets were varied in the simulation group for evaluation. Average LDC (LDC) and gK1 
(gK1 ) values were defined as the mean of the OM-adjusted LDCi and giK1 values at the BZ of pigs 8-12, therefore, i = 8,...,12. PMJ: Purkinje-
muscular junction, PMJr: PMJ radius, b-LDC: Baseline longitudinal diffusion coefficient, gK1: Maximum conductance of the inward rectifier K+ 
current, OM: Optical mapping, MR: Magnetic resonance, LGE: Late gadolinium-enhanced, DW: Diffusion-weighted, T: Thoracic, CS: Conduc-
tion system, bi-CS: Baseline intramyocardial CS, rvs-CS: bi-CS with Purkinje in the septal wall of the right ventricle, ap-CS: rvs-CS with the 
end of the left bundle branches closer to the apex of the left ventricle, ap-e-CS: ap-CS with endocardial distribution, mi-CS: ap-CS with altered 
spatial distribution of Purkinje fibers following infarction, e/i-EAM: Endocardial/intramyocardial activation based on the electroanatomical 
mapping, s/dw-RBM: Standard/diffusion-weighted rule-based model, b/t/c-APDSH: Baseline/transmural/transmural-apicobasal action potential 
duration spatial heterogeneities, HZ: Healthy zone, BZ: Border zone, b/a-HERP: Baseline/adjusted heart-electrode relative position, ECG: 
Electrocardiogram.

Group Input Activation PMJr RBM APDSH LDC HERP Validation
(pig) (pig) (mm) (pig)

G1 (1) cine-MR (1) [be-CS, bi-CS] [0.1-2] s- b- b- – –

G2 (1–3) cine-MR (1–3) [bi-CS, rvs-CS, 0.5 s- b- b- [b-, a-] ECG (15)

T-MR (6) ap-CS, ap-e-CS]

G3 (1–3) cine-MR (1–3) ap-CS 0.5 s- [b-, t-, c-] b- a- ECG (15)

T-MR (6)

G4 (1–3) cine-MR (1–3) ap-CS 0.5 [s-, dw-] c- b- a- ECG (15) OM (13)

DW-MR (1–3)

T-MR (6)

G5 (8–12) LGE-MR (8–12) ap-CS 0.5 s- HZ: c- BZ: giK1 HZ: b- BZ: LDCi – OM (8–12)

OM (8–12)  

DW-MR (7,14)

G6 (6) LGE-MR (6) [ap-CS, mi-CS, e-EAM, i-EAM] 0.5 s- HZ: c- BZ: gK1 HZ: b- BZ: LDC b- ECG (6)

EAM (6)  

DW-MR (7,14)  

OM (8–12)  

T-MR (6)  

G7 (4–12) LGE-MR (4–12) ap-CS 0.5 s- HZ: c- BZ: gK1 HZ: b- BZ: LDC b- –

DW-MR (7,14)  

OM (8–12)  

T-MR (6)  

https://doi.org/10.1371/journal.pcbi.1013688.t004

applied at the atrioventricular node. V
m
 was saved with a time step of 0.25 ms and the adaptive integration time step ∆t 

was searched in the range [0.01,0.125] ms [61]. The cycle duration for the cell and tissue simulations depended on valida-
tion data: 769 ms for comparisons with pig 15 ECG (G2-4), 898 ms for comparisons with pig 6 ECG (G6), and 1000 ms for 
comparisons with OM data (G4-5) or without comparison with experiments (G1 and G7).

A total of 74 simulations across all pigs was performed using the open source software ELECTRA (v0.6.2) on the HER-
MES HPC cluster at the University of Zaragoza.

2.8  Postprocessing

In G1 simulations, the CS-myocardium coupling was analyzed by varying the PMJ radius for the two types of CS, i.e., 
be-CS and bi-CS. Three metrics were calculated: the percentage of PMJs with at least one CS-to-myocardium line ele-
ment; the mean number of connections from the CS to the myocardium per PMJ; the percentage of PMJs where at least 
one tissue node had an AT difference with the penultimate CS node for the corresponding PMJ in the range [0, 1.5] ms, 
which implied PMJ activation from the CS to the myocardium (that is, no retrograde activation).

https://doi.org/10.1371/journal.pcbi.1013688.t004
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In G1, G4, and G5 simulations, AT, APD
90

, and CV were calculated. AT was the time from a fixed time reference 
to the time when the AP upstroke crossed 0 mV. APD

90
 was the time difference between the time point with the 

maximum voltage derivative in the AP upstroke and the time corresponding to 90% repolarization from the AP peak 
to the diastolic V

m
. CV was calculated for each node of the BiV mesh. The magnitude of the velocity vector between 

two nodes was calculated as the ratio of the Euclidean distance between them and the difference in their ATs. For 
each node, the mean CV vector between the given node (considered as the central node) and all its neighboring 
nodes within a radius of 600 µm was determined. The radius value was chosen to cover the maximum edge length 
found in all meshes (Fig 3b for an example). For G4 and G5 simulations, the anterior (and posterior for G4) sur-
face of the BiV mesh was cut after retrieving the simulation results, and CV and APD

90
 were compared with two-

dimensional (2D) OM data.
Pseudo-ECGs (pECGs) were defined from extracellular unipolar potentials ϕ(e), which were approximated by the inte-

gral of the dipole source density as in [21]:

	
ϕ(e) =

∫

Ω

(
–D∇Vm ·

(
∇ 1
||r – e||

))
dr

	

where e  is the vectorial electrode position, D is the diffusion tensor, and Ω is the BiV domain. Once the 12-lead pECG 
was drawn from the calculated ϕ(e) signals, a low-pass Butterworth filter with a 40 Hz cutoff frequency was applied, as 
for experimental ECGs in Sections 2.4 and 2.5. Then, the pECG and the experimental ECG signals were normalized in 
each of the leads and their baseline was set to zero [62]. Note that the 12-lead pECG was drawn from the third simu-
lated beat (Section 2.7) and the 12-lead experimental ECG corresponded to the median beat obtained as described in 
Sections 2.4 and 2.5.

For the comparison of simulations and experiments, we separately aligned the QRS complexes and the T waves by 
segmenting them. Specifically, four mean peak times were calculated corresponding to the QRS complex and the T wave 
in the simulated and experimental data sets. Each mean peak time was computed as the average of the peak times 
on the 12 leads for the wave of interest (QRS complex or T wave). The signals were segmented in each lead by taking 
[-50,50] ms for the QRS complex and [-100,100] ms for the T wave, centered around the corresponding mean peak time. 
Pearson correlation coefficients were calculated for the QRS complexes and T waves in each lead to quantify the similar-
ity between simulated and experimental waveforms. These coefficients served to provide a normalized metric of shape 
similarity rather than a basis for any statistical inference.

In another group of simulations, the impact on the calculation of pECGs of the heart position and the location of 
the electrodes in the torso was evaluated. Since pig 6 was the only one in which the exact HERP was known, for 
subsequent pECG computations, all BiV models of pigs 1–12, except for pig 6, were spatially matched to the BiV 
mesh of pig 6 using the iterative closest point algorithm, which defined the baseline HERP (b-HERP) for each BiV 
model. To perform this rigid transformation, reference points were manually located in the anterior, posterior, left, 
right, and septal regions of the base, as well as in the endocardial and epicardial apex of the LV in all meshes. In 
G2-4 simulations, the experimental ECG used for validation was measured in a different swine (pig 15) with a likely 
different HERP due to a distinct spatial location of the heart and / or unequal positioning of the ECG electrodes. 
Thus, not only were several CS distributions tested with b-HERP, but also rotations of the heart position and varia-
tions in the electrode location for precordial lead measurement (so-called adjusted HERP, a-HERP) were evaluated 
in G2. The optimal CS distribution and the optimal a-HERP that, in combination, minimized the mismatch between 
the pECGs of pigs 1–3 and the experimental ECG of pig 15 were identified. In G3-4 and G6-7, a-HERP and b-HERP 
were used for the calculation of pECG, respectively. In G6, b-HERP was the exact HERP, and in G7, pECGs for dif-
ferent infarcted porcine ventricles were compared (Table 4).



    

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 17 / 38

3  Results

3.1  Optimization of PMJ radius for effective CS-myocardium coupling

In G1 simulations, multiple PMJ radius values for both be-CS and bi-CS were tested, and their effects on the numeri-
cal activation of the BiV model of pig 1 were evaluated. Table 5 and Fig 5 summarize the results. At small PMJ radii as 
0.1 mm, the percentage of connected PMJs was low (28.5% for be-CS, 10.4% for bi-CS), resulting in limited number of 

Table 5.  CS-myocardium coupling characteristics. be/bi-CS: Baseline endocardial/intramyocardial conduction system, PMJ: Purkinje-
muscular junction, PMJr: PMJ radius, ncPMJ: percentage of connected PMJs, cpPMJ: mean number of connections per PMJ, aPMJ: percent-
age of PMJs with anterograde activation.

CS PMJr (mm) ncPMJ [%] cpPMJ aPMJ [%]

be- 0.1 28.48 1.00 28.13

be- 0.5 100 11.97 93.78

be- 1.0 100 76.83 90.01

be- 1.5 100 240.51 23.05

be- 2.0 100 550.59 1.05

bi- 0.1 10.43 1.00 6.92

bi- 0.3 100 3.21 90.27

bi- 0.5 100 14.51 93.34

bi- 0.6 100 25.21 93.69

bi- 0.9 100 84.91 37.07

bi- 1.2 100 201.24 1.23

https://doi.org/10.1371/journal.pcbi.1013688.t005

Fig 5.  Effect of PMJ radius on CS-myocardium coupling. Simulated CS-myocardium depolarization for pig 1 when be-CS and bi-CS with different 
PMJ radius values (mm) were used. Snapshots after 45 ms of atrioventricular node stimulation are shown. Myocardial nodes with V

m
 ≥ 0 mV are repre-

sented in purple. PMJ: Purkinje-muscular junction, V
m
: Transmembrane potential, be/bi-CS: Baseline endocardial/intramyocardial conduction system.

https://doi.org/10.1371/journal.pcbi.1013688.g005

https://doi.org/10.1371/journal.pcbi.1013688.t005
https://doi.org/10.1371/journal.pcbi.1013688.g005
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PMJs with anterograde activation (28% for be-CS, 7% for bi-CS). Increasing the radius to 0.5 mm for be-CS and 0.3 mm 
for bi-CS ensured complete connection of Purkinje endpoints to the myocardium (100% of PMJs were connected with 
the myocardium) and markedly increased the number of PMJs with anterograde activation (93.8% for be-CS, 90.3% for 
bi-CS).

The maximum percentages of PMJs with anterograde activation occurred at a PMJ radius of 0.5 mm for be-CS and 
0.6 mm for bi-CS, with 12 and 25 mean number of connections per PMJ, respectively. Further increases in PMJ radius 
increased the mean number of connections per PMJ but reduced the number of PMJs with anterograde activation. For 
example, the percentage of PMJs with anterograde activation decreased from approximately 90% to 23% (be-CS, radius 
1 to 1.5 mm) and to 37% (bi-CS, radius 0.6 to 0.9 mm). At large radii, the percentage of PMJs with anterograde activation 
became negligible (1%), with the mean number of connections per PMJ exceeding 200 connections.

Given that all BiV models had the same mesh resolution, a PMJ radius of 0.5 mm was selected for G2-7 simulations to 
avoid conduction block at PMJs.

3.2  Ventricular activation and QRS morphology shaped by CS distribution and electrode position

In G2 simulations, the experimentally recorded QRS of pig 15 was compared with the simulated QRS of pigs 1–3 to evalu-
ate how different CS and electrode positions (defined by HERP configurations) influence ventricular activation.

Effect of CS distribution with fixed HERP configuration: When comparing bi-CS and rvs-CS for both b-HERP and a-HERP, 
rvs-CS consistently improved agreement with experimental QRS morphology, particularly in leads I, II, aVR, and aVL (Fig 6a, 
pig 3). For b-HERP, these effects were even more pronounced, with mean QRS similarity across the three pigs increasing 
from -0.51, 0.31, -0.20 and -0.84 for bi-CS to 0.96, 0.91, 0.97 and 0.91 for rvs-CS in leads I, II, aVR, and aVL, respectively.

Effect of HERP configuration with fixed CS distribution: For bi-CS, switching from b-HERP to a-HERP improved QRS 
similarity in precordial leads V2-V5 from -0.8, -0.61, -0.3 and -0.25 to 0.2, 0.7, 0.8, and 0.84. For rvs-CS, the change from 
b-HERP to a-HERP yielded improvements from -0.01, -0.96, -0.93, and -0.93 to 0.86, 0.91, 0.73, and 0.48 (Fig 6a). How-
ever, in leads V1 and V6, a-HERP reduced QRS similarity when used with bi-CS, whereas similarity remained high with 
rvs-CS. Despite improved precordial replication with rvs-CS combined with a-HERP, limb and augmented lead similarity 
(especially lead III) decreased, as shown in Fig 6a.

Effect of ap-CS: With HERP fixed to a-HERP, ap-CS outperformed bi-CS in all leads except aVF (Fig 6c). In particular, 
QRS similarity in lead III increased to 0.56, while it decreased to -0.15 in lead aVF.

Overall effects: Mean QRS similarity across all samples and leads was -0.3, 0.1, and 0.23 with b-HERP and -0.16, 0.5, 
and 0.75 with a-HERP for bi-CS, rvs-CS, and ap-CS, respectively. Thus, QRS replication improved progressively with 
rvs-CS and ap-CS, particularly when combined with a-HERP (Fig 6b).

Effect of endocardial vs intramyocardial activation: Comparison of ap-e-CS with ap-CS under a-HERP revealed a 
reduction in QRS similarity in all leads when activation was restricted to the endocardium (Fig 6d). Mean QRS similar-
ity dropped from 0.75 to 0.35, with the largest decreases in leads III (54.3%), aVL (42.8%), V2 (28%), and V6 (31.4%).

3.3  Ventricular repolarization heterogeneities and T-wave variations

In G3 simulations, the influence of transmural and apicobasal APD heterogeneities on T-wave reproduction was 
examined.

The experimental T waves of pig 15 were compared qualitatively (Fig 7a) and quantitatively (Fig 7b) with simulations 
for pigs 1–3 using b-APDSH, t-APDSH, and c-APDSH. Both t-APDSH and c-APDSH improved T-wave similarity in all 
leads except I and aVR. The greatest improvements occurred in leads II, III, aVL, and aVF, where mean similarity rose 
from 0.1, -0.25, 0.62, and -0.57 (b-APDSH) to 0.8, 0.91, 0.89, and 0.92 (c-APDSH). In leads I and aVR, mean similarity 
decreased by 17% and 29%, although for pig 1, c-APDSH still produced visually similar T waves to the experiment in 
these leads (Fig 7a). Overall, incorporating heterogeneous APDs (t-APDSH or c-APDSH) yielded more biomimetic T 
waves for all pigs and precordial leads, although similarity in lead V6 was consistently low.
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In terms of the QRS complex, APD heterogeneities had a negligible effect, with mean similarity values of 0.756, 0.753, 
and 0.756 for b-APDSH, t-APDSH, and c-APDSH, respectively. In contrast, T-wave similarity increased markedly, from 
0.49 (b-APDSH) to 0.75 (t-APDSH) and 0.74 (c-APDSH). Moreover, good agreement between the experimental and sim-
ulated duration of the ST segment was achieved. This agreement can be observed in S2 Fig, which shows the complete 
simulated and experimental ECG waveforms for healthy pigs 1–3 and pig 13, respectively.

3.4  Electrophysiological effect of subject-specific myocardial fiber orientation calibration

In G4 simulations, myocardial fiber orientations obtained by individually adjusting the RBM to each pig’s DW-CMR data 
(pigs 1–3, Section 2.6.4) were compared with those generated by s-RBM. The greatest deviation from s-RBM was 

Fig 6.  Effect of CS distribution and HERP on simulated QRS complexes. a- Simulated QRS complexes for pig 3 when different HERP and CS distri-
butions were used are depicted with the experimental QRS complexes from pig 15 (Exp, black dashed line). Semi-transparent and solid lines represent 
the results when the b-HERP and a-HERP were used, respectively. b- Simulated QRS complexes obtained with a-HERP and ap-CS for pigs 1-3 are 
depicted with the experimental QRS complexes from pig 15 (Exp, black dashed line). c- Simulated versus experimental mean QRS similarity obtained 
for pigs 1-3 when different HERP and CS distributions were employed. d- Mean QRS similarity for pigs 1-3 for simulations with ap-e-CS and ap-CS 
distributions. CS: Conduction system, bi-CS: Baseline intramyocardial CS, rvs-CS: bi-CS with Purkinje in the septal wall of the right ventricle, ap-CS: 
rvs-CS with the end of the left bundle branches closer to the apex of the left ventricle, ap-e-CS: ap-CS with endocardial distribution, b/a-HERP: Baseline/
adjusted heart-electrode relative position.

https://doi.org/10.1371/journal.pcbi.1013688.g006

https://doi.org/10.1371/journal.pcbi.1013688.g006
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observed for pig 1. After DW-CMR-based adjustment, LV α angles were -100° (endocardium) and -91° (epicardium), while 
RV α angles were 86° and 73°, respectively. The smallest difference occurred in pig 2, whose DW-RBM produced LV α 
angles of 53° and -62° and RV α angles of 64° and -51°, closely matching s-RBM.

At the macroscopic level, pECGs were largely unaffected by replacing s-RBM with dw-RBM. Fig 8a compares pECGs 
for pigs 1 and 2, representing the lowest and highest similarity between s-RBM and dw-RBM, respectively. Across all sim-
ulations, the mean QRS similarity between the experimental and simulated signals decreased slightly from 0.76 to 0.73, 
while T-wave similarity increased from 0.74 to 0.76 when using dw-RBM.

At the tissue level, activation patterns were nearly identical between RBMs (Fig 8b, right, for pig 1). Almost all differences 
in maximum AT were below 1 ms. Only a discrepancy of 8.5 ms in maximum AT was observed in the posterior view of pig 1.

Comparisons with the OM-based AT map for pig 13 revealed similar anterior and posterior AT and activation patterns 
for both RBMs (Fig 8b). In both OM and simulations, epicardial activation began in the RV, propagated toward the LV, and 
concluded at the LV base. Maximum AT values were comparable between OM (46/50 ms for anterior/posterior) and simu-
lations (in pig 1, s-RBM yielded 43/36 ms and dw-RBM 44/44.5 ms).

CV analysis showed a modest 3.6 cm/s reduction in median CV with dw-RBM relative to s-RBM (Fig 8c), while median 
APD

90
 remained identical at 246 ms in both anterior and posterior views. Relative to OM experiments for pig 13 and HZ of 

MI cases, median APD
90

 differed by 5.4%, whereas simulated median CV exceeded experimental values by 31% (s-RBM) 
and 26% (dw-RBM). Despite these offsets, CV distributions in the anterior view were similar between dw-RBM simulations 
and OM (Fig 8d). Averaging dw-RBM results for pigs 1–3 showed anterior CVs only 8% above OM values, while posterior 
CVs remained approximately 30% higher (experimental medians: 84.3 / 71.7 cm/s for anterior / posterior).

3.5  Lower cellular coupling and inward rectifier potassium mimic MI electrical dynamics

OM data from the anterior view of MI pigs with LAD occlusion (pigs 8–12) were used to calibrate the in silico MI BZ elec-
trophysiology in G5 simulations. Table 6 lists the LDC and g

K1
 values yielding optimal agreement in CV and APD

90
. The 

Fig 7.  Effect of APDSH on simulated T waves. a- Simulated T waves for pig 1 when different APDSH were used. b- T-wave mean similarity for sim-
ulations of pigs 1-3 for b-APDSH, t-APDSH, and c-APDSH. b/t/c-APDSH: Baseline/transmural/transmural-apicobasal action potential duration spatial 
heterogeneities, Exp: the experimental T wave from pig 15 is depicted as a black dashed line.

https://doi.org/10.1371/journal.pcbi.1013688.g007

https://doi.org/10.1371/journal.pcbi.1013688.g007
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Fig 8.  Effect of cardiomyocyte orientation. a- In silico ECGs for pigs 1-2 simulated using s-RBM and dw-RBM. b- Experimental (left) and simulated 
(right) AT maps for different cardiac views. The experimental maps correspond to pig 13 and the simulated maps to pig 1 using s-RBM and dw-RBM. 
c- Mean and standard deviation of CV and APD

90
 values for all OM experiments and simulations of pigs 1-3 with s-RBM and dw-RBM. d- CV distribution 

for the anterior and posterior views of the OM data of pig 13 and the simulations of pigs 1-3 when dw-RBM was used. s/dw-RBM: Standard/diffusion-
weighted rule-based model, AT: Activation time, CV: Conduction velocity, APD

90
: Action potential duration at 90% repolarization.

https://doi.org/10.1371/journal.pcbi.1013688.g008

Table 6.  OM-based CV and APD90 tuning for the BZ of MI. OM: Optical mapping, CV: Conduction velocity, APD90: Action potential duration at 
90% repolarization, BZ: Border zone, MI: Myocardial infarction, LDC: Longitudinal diffusion coefficient, gK1: Maximum conductance of the 
inward rectifier K+ current, E: Experiment, S: Simulation.

Pig CV (cm/s) LDC APD90 (ms) gK1

E S (cm2/ms) E S (%)

8 32.8 31.7 0.001 346 345.3 58

9 27.9 26.9 0.00046 482 476 19

10 38.6 39.0 0.00095 409 406 31

11 31.1 31.8 0.0009 606 557 1

12 43.6 43.7 0.0011 361 354.5 36

https://doi.org/10.1371/journal.pcbi.1013688.t006

https://doi.org/10.1371/journal.pcbi.1013688.g008
https://doi.org/10.1371/journal.pcbi.1013688.t006
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relative error between the experimental and simulated median CV of pigs 8–12 was 3.2%, 3.9%, 1.0%, 2.9%, and 0.2% 
for LDC values between 0.00046 and 0.0011 cm2/ms. For APD

90
, differences for pigs 8–12 were 0.2%, 1.3%, 0.7%, 8%, 

and 1.8% when g
K1

 was reduced from 1% to 58% of its default value. Based on these calibrations, BZ tissue was modeled 
with LDC = 0.000882 cm2/ms and g

K1
 = 29% of baseline.

Simulated AT maps closely matched OM maps in the anterior BiV view (Fig 9), with activation initiating in the ante-
rior RV, propagating to the LV, and terminating near the MI-affected LV apex. Maximum AT differences were 10 ms (pig 
9) and 6 ms (pig 10). Experimentally, average CV decreased from 72.4 cm/s in HZ to 34.8 cm/s in BZ, while average 
APD

90
 increased from 250 ms to 441 ms. Simulations yielded comparable values: CV = 87.3 / 34.6 cm/s in HZ / BZ and 

APD
90

 = 247 / 428 ms in HZ / BZ.
Across pigs 8–12, simulated CVs were 20% lower (HZ) and 0.5% lower (BZ) than experimental values, with APD

90
 

differing by only 1% (HZ) and 3% (BZ).

3.6  Post-MI ventricular activation effect on the ECG

In G6 simulations, replacing ap-CS with mi-CS produced minimal changes in ventricular depolarization-repolarization 
dynamics. Fig 10a shows identical QRS complexes for both CS distributions across leads. Minor ventricular AT differences 
were restricted to the MI-affected LV free wall. The T wave remained unchanged, with only localized APD

90
 alterations 

(see S3 Fig). Mean similarity to experimental ECG for pig 6 was low in both cases (QRS complex / T wave: 0.34 / 0.37 for 
ap-CS and 0.34 / 0.36 for mi-CS).

Comparison with EAM-based activation (Fig 10c) showed that e-EAM and i-EAM substantially improved T-wave simi-
larity, particularly in leads aVF and V4 (Fig 10b and Fig 10c, right), with mean values increasing from 0.38 (ap-CS) to 0.52 
(e-EAM) and 0.63 (i-EAM). However, QRS similarity decreased markedly (Fig 10c, left), with mean values of 0.34 (ap-CS), 
-0.11 (e-EAM), and 0 (i-EAM). Overall, EAM-based activation improved T-wave agreement but worsened QRS matching 
relative to experimental data.

Fig 9.  Experimental and simulated activation after MI. Experimental (left) and simulated (middle) AT maps of the anterior view for two MI pigs with 
LAD occlusion. The anterior view of the model for the two pigs is shown at the right side. AT: Activation time, MI: Myocardial Infarction, LAD: Left anterior 
descending, BZ: Border zone, SZ: Scar zone, HZ: Healthy zone.

https://doi.org/10.1371/journal.pcbi.1013688.g009

https://doi.org/10.1371/journal.pcbi.1013688.g009
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3.7  In silico effect of MI morphology and location on the ECG

In G7 simulations, qualitative evaluation of ECGs under healthy and MI conditions was performed for pigs 4–12 across 
seven leads (Fig 11a). MI had minimal impact on the QRS complex but substantially altered the T wave.

For LCx MI, T-wave amplitude and duration increased in leads I, II, III, V2, and V5, with the largest changes in pigs 6–7, 
which had greater proportions of BZ within AZ than pigs 4–5: 20%, 21%, 32%, and 45.5% for pigs 4–7, respectively (Fig 
11b). In these pigs, the QRS amplitude remained stable across all leads, with slight decreases in leads I and V5.

For LAD MI, the greatest T-wave amplitude increases occurred in leads III, V2, and V3, with T-wave inversion in leads 
III and V2 for pigs 8–10. The QRS complexes were more disrupted for LAD pigs than for LCx pigs. Leads presenting 

Fig 10.  Effect of post-MI altered activation on the ECG. a- Experimental and simulated QRS complexes for pig 6 when ap-CS and mi-CS were used. 
b- Experimental and simulated T waves for pig 6 when the activation was generated by ap-CS and e-EAM and i-EAM stimulations. c- QRS (left) and 
T-wave (right) mean similarity for different activation approaches. CS: Conduction system, ap-CS: intramyocardial CS with Purkinje in the septal wall 
of the right ventricle and with the end of the left bundle branches closer to the apex of the left ventricle, mi-CS: ap-CS with altered spatial distribution of 
Purkinje fibers following infarction, e/i-EAM: Endocardial/intramyocardial activation based on the electroanatomical mapping.

https://doi.org/10.1371/journal.pcbi.1013688.g010

https://doi.org/10.1371/journal.pcbi.1013688.g010
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post-MI T-wave inversion showed a marked QRS distortion compared to the healthy case. Interestingly, a Q wave 
appeared in lead I for most LAD pigs.

Taken together, enlarged T waves in leads I, II, and V5 may indicate LCx MI, with greater enlargement suggest-
ing a larger MI size. Enlarged T waves in lead V3 or large and inverted T waves in leads III and V2 may indicate 
LAD MI.

Fig 11.  ECG patterns and MI substrate specific to vessel-dependent occlusions. a- Healthy and MI pECGs for pigs 4-12. b- MI BiV models for pigs 
4-12 depicting the BZ and SZ. pECG: Simulated pseudo-electrocardiogram, MI: Myocardial infarction, BiV: Biventricular, HE: Healthy, HZ: Healthy zone, 
BZ: Border zone, SZ: Scar zone.

https://doi.org/10.1371/journal.pcbi.1013688.g011

https://doi.org/10.1371/journal.pcbi.1013688.g011
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4  Discussion

We built swine-specific electrophysiological models that integrate extensive experimental data under both healthy and MI 
conditions. The main findings indicate that cardiomyocyte orientation exerted only a minor influence on cardiac electro-
physiology, whereas CS architecture and APDSH were critical for reproducing normal depolarization and repolarization 
patterns, respectively. In chronic MI, incorporating experimentally derived alterations in cell-to-cell coupling and APD 
into a swine cellular model enabled an accurate reproduction of the MI electrical phenotype. This experimentally guided 
approach also allowed us to replicate experimental T waves and characterize QRS and T-wave patterns as a function of 
MI location.

4.1  CS-myocardial coupling

A key component of our in silico models is the coupling between CS and the ventricular myocardium, which is funda-
mental to coordinated ventricular activation. Electrical depolarization is governed by the source-sink ratio, defined by the 
relationship between charge supplied by activated tissue (the source) and the charge required to activate the adjacent 
tissue (the sink) [63]. When this ratio falls below 1, conduction block occurs because the sink demands more current than 
the source can deliver. This mismatch is influenced by both structural and electrophysiological properties, including tissue 
bulk, cell count, intercellular coupling, and excitability [63]. In computational models, such source-sink mismatches have 
been shown to induce conduction block in diverse settings, from transmurally infarcted tissues remuscularized with engi-
neered minitissue [34] to 3D models of sinoatrial node-atrial coupling [64].

A relatively unexplored source-sink mismatch arises in PMJ modeling, where thin Purkinje bundles (modeled as line 
elements) connect to bulkier myocardium (represented with tetrahedral meshes), as in the present study. Conduction 
block can occur at PMJs despite the higher excitability and stronger intercellular coupling of the CS compared to the BiV 
myocardium, both defined according to experimental observations. In addition to the larger BiV tissue volume, the high 
spatial resolution of many simulation meshes can exacerbate this block [11,20].

Our results revealed an optimal PMJ radius that minimizes activation block when all variables contributing to the 
source-sink mismatch were fixed. Increasing the PMJ radius generally increased the number of CS-myocardial connec-
tions, which initially boosted the number of activated PMJs. However, not all connected PMJs contributed to forward 
activation, as some were retrogradely activated from the myocardium (Table 5). The maximum number of myocardial 
activations from CS occurred once the PMJ radius allowed connection to a few dozen myocardial nodes, which is in line 
with a previous computational work where 50 connections per PMJ were employed for CS-myocardium coupling when 
a hexahedral BiV mesh with 0.5 mm edge length was used to represent the ventricular myocardium [52]. Beyond this, 
excessive PMJ-myocardium connections worsened the source-sink mismatch, reducing the number of PMJs with antero-
grade activation. These findings held for both endocardial and intramyocardial CS distributions, with intramyocardial CS 
showing the expected drop in the number of PMJs with anterograde activation at slightly smaller PMJ radii due to the 
greater number of connected myocardial nodes.

4.2  Porcine CS architecture and electrode positioning as the determinants of the QRS complex

The ventricular depolarization pattern initiated by CS is reflected in the QRS complex of the ECG. In this work, we simu-
lated pECG signals to evaluate how QRS morphology is influenced by CS architecture in combination with HERP.

Three modifications to a baseline CS configuration were found to improve agreement between simulated (pigs 1–3) 
and experimental (pig 15) QRS complexes:

•	 Addition of Purkinje fibers to the RV septum: The baseline bi-CS configuration failed to reproduce the predominantly 
positive QRS complexes in leads I and II. Adding Purkinje fibers to the RV septum promoted right-to-left septal depolar-
ization, producing more positive QRS morphologies in these leads and their augmented counterparts (aVR and aVL). 
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This suggests that the RV septum is directly activated by the RV Purkinje branch rather than indirectly from LV activation 
propagating across the septum, consistent with some experimental reports of RV septal activation in human hearts [49].

•	 Adjustment of HERP: Rotation of the heart, combined with more central positioning of the precordial electrodes, 
improved the match between simulated and experimental QRS morphologies in precordial leads. In pig 15, leads V1-V5 
showed similar morphology and predominantly negative R waves despite being positioned on opposite sides of the 
anterior thorax. The adjusted a-HERP increased RV exposure to precordial leads, enabling right-to-left depolarization to 
appear consistently in leads V1-V5 as a negative QRS deflection, matching experimental observations.

•	 Apical repositioning of LV bundle branch endpoints: Shifting the anterior and posterior LV bundle branch endpoints more 
apically enhanced apex-to-base depolarization, improving agreement in leads I and II and in augmented leads without 
disturbing precordial lead similarity. Additionally, this modification in the fast CS resulted in a more negative QRS com-
plex in lead III, bringing it closer to the experimental morphology. Nonetheless, residual mismatches remained in leads 
II, III, and aVF, while lead V6 remained challenging to match as its position corresponds to the septal base, a region 
lacking in our model. This anatomical discrepancy makes V6 highly sensitive to even minor shifts in electrode or heart 
positioning.

Beyond these refinements, the depth of CS penetration emerged as a critical factor. Simulations with intramyocardial 
ap-CS distributions reproduced experimental QRS complexes better than their purely endocardial counterparts. This is 
consistent with anatomical studies reporting a deeper CS location in pigs than in humans [8]. While human models of 
QRS generation are numerous [48,52,56], few have validated simulated QRS morphology against experimental data 
across all leads for a full BiV model [21] or have used a topologically detailed CS [65,66]. Here, we provide CS and HERP 
definitions validated against experimental ECGs for three porcine-specific BiV models.

OM-based epicardial activation measurements also matched simulations. In sinus rhythm, activation started in the RV 
and ended in the basal LV for anterior and posterior OM views. The first epicardial breakthrough consistently occurred in 
the RV area pretrabecularis, matching human experimental observations [49,67]. This pattern likely arises from the thin 
RV wall and RV bundle branch geometry, which travels from the septal base to the anterior wall via the septomarginal 
trabecula, a structure well documented in mammals [68] and located higher, more basally, in pigs than in humans [8]. 
Simulated maximum AT and CV closely matched experimental values, though simulations yielded slightly higher median 
CVs (see Section 4.4).

Despite stochastic CS variations, the preservation of QRS morphology across pigs 1–3 (same breed, weight, and age) 
highlights the robustness and reliability of our modeling approach. In this context, a sensitivity analysis of non-species-
specific parameters demonstrated that a ± 20% variation in myocardial (S5 Fig) and CS (S6 Fig) conductivity resulted 
in, at most, a 10% change in maximum AT and CV, respectively. Notably, QRS complex morphology remained largely 
unaffected.

Overall, with appropriately defined CS architecture, HERP, and electrophysiological parameters, our healthy porcine 
models accurately replicate experimental QRS complexes and epicardial activation patterns.

4.3  Small APD heterogeneity defines porcine ventricular repolarization

The porcine ventricular cell model used here [10] captures the overall swine ventricular phenotype but does not 
include location-specific definitions of repolarization. As a result, initial simulations were performed without regional 
APD variation, consistent with our OM experiments and with findings from Kong et al. [69], who reported no signifi-
cant APD

90
 differences in swine ventricles. In contrast, Meijborg et al. [59] have found statistically significant spatial 

repolarization differences using regional repolarization (defined as the time when 50% of recording sites repolar-
ize). Based on those findings, we implemented two APDSH configurations, t-APDSH and c-APDSH, for additional 
simulations.
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The incorporation of APDSH improved the replication of the experimental T wave in leads II, III, and aVF for 
all three healthy cases, without altering the QRS complex. Lead V6 remained the most challenging for T-wave 
matching, likely due to the specific electrode position combined with the incomplete representation of the ven-
tricular base and outflow tracts in the model. With c-APDSH, lower T-wave similarity was observed in leads I and 
aVR for pigs 2 and 3, but not for pig 1, suggesting inter-animal differences, which possibly make pig 1 a better 
surrogate for pig 15.

At the tissue level, simulated median APD
90

 values on the epicardial surface matched OM-derived repolarization times. 
APDSH was not clearly detectable in OM data, likely due to the 2 ms acquisition resolution, which may be insufficient to 
capture subtle APD variations in the porcine epicardium. Using APDSH settings based on Meijborg et al. [59], simula-
tions show a maximum epicardial APD

90
 difference of 8 ms (at a 1000 ms cycle length) between the ventricular base and 

mid-ventricle.
The proportions of transmural and apicobasal regions were defined based on human-related reports [57,58] and 

empirical estimations, respectively. To assess how the limited availability of porcine-specific experimental data on 
the size of these regions might affect our results, we performed a sensitivity analysis of transmural and apicobasal 
APDSH distributions on in silico repolarization. As shown in S4 Fig, ± 10% variations in layer sizes produced consis-
tent T-wave morphologies and median APD

90
 values, indicating that the model is robust to small deviations in these 

parameters.
Overall, our findings support the presence of ventricular APDSH in pigs and align with experimental evidence that 

porcine repolarization begins in the epicardium and ends in the endocardium [59,70]. The magnitude of transmural 
and apicobasal APD differences appears smaller in pigs than in human models [71,72], which are sometimes (inap-
propriately) used to represent porcine electrophysiology [9]. To our knowledge, this is the first computational study to 
reproduce experimentally observed porcine APDSH, achieved here by modifying g

K1
 in the Gaur et al. [10] model. This 

in silico mechanistic insight suggests that I
K1

 plays a more dominant role in modulating the porcine APD than other K+-
related currents typically emphasized in human models. This finding is consistent with experimental evidence showing 
that pigs exhibit high sensitivity to proarrhythmic effects induced by I

K1
 blockade [73], while remaining largely insensi-

tive to I
Kr

 inhibition [74]. However, because quantitative porcine-specific data on regional ionic current densities remain 
limited, further experimental studies are warranted to determine whether I

K1
 modulation more accurately reflects the 

underlying porcine repolarization gradients.

4.4  Minor role of subject-specific fiber orientation calibration in porcine ventricular electrophysiology

We evaluated the impact of using DW-based pig-specific fiber orientations versus RBM-based orientations in porcine BiV 
models. Since ex vivo DW-CMR geometries differed substantially from in vivo cine-based geometries, the RBM fibers 
were adjusted using DW-CMR data (s-RBM to dw-RBM, Section 2.6.4).

Adjusting RBM fibers to match DW data produced no significant changes in simulated pECGs or tissue-level elec-
trophysiology. A small decrease in median CV was observed with dw-RBM, most notably for pig 1, where s-RBM and 
dw-RBM differed the most. Simulated CVs still slightly exceeded experimental CVs, consistent with earlier observations 
in both healthy and MI settings (Sections 4.2 and 3.5). In the anterior epicardial view, experimental CV in pig 13 closely 
matched simulated CV in pigs 1–3 using dw-RBM, suggesting that discrepancies arose mainly from lower posterior CVs in 
the experiment.

These findings align with prior studies showing minimal electrophysiological differences between DW- and 
RBM-derived fiber fields in dogs and rats [55,75]. While patient- or animal-specific fiber architectures may be rele-
vant in complex scenarios, such as arrhythmia vulnerability, our results suggest that, in healthy porcine ventricles, 
fiber orientation exerts only a minimal effect on ECG morphology and on depolarization-repolarization-derived elec-
trophysiological parameters.
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4.5  MI-induced structural and electrophysiological remodeling in pigs

Experimental data revealed significant structural and electrophysiological remodeling in chronic MI, which informed our in 
silico models.

DW-CMR analysis showed reduced fractional anisotropy in AZ compared to HZ in pigs with LAD (pig 7) or LCx (pig 
16) occlusions. This likely reflects MI-induced microstructural alterations, such as collagen deposition, fiber disarray, and 
myocyte loss, well documented in both acute and chronic MI [31].

OM experiments revealed a 50% reduction in CV and an almost 200 ms prolongation of APD
90

 in AZ compared to HZ. 
CV slowing can result from reduced excitability and AP upstroke velocity, linked to decreased I

Na
, as reported in canine BZ 

patch-clamp studies [54], as well as from structural remodeling such as fibrosis [76], myocyte disarray, and reduced inter-
cellular coupling [77]. The observed APD

90
 prolongation matches reports of reduced K+ currents in canine BZ [78], which, 

in human ventricular models, extend APD [11,20].
Following methodologies established for human models [11,20], we reduced I

Kr
 and I

Ks
 conductances in the Gaur et al. [10] 

porcine model to 28.9% of their default values. This modification led to a relatively modest 21% increase in APD
90

, whereas 
applying the same reduction to I

K1
 resulted in a markedly larger 63% prolongation. Given the model’s greater sensitivity 

to the inward rectifier current, APD prolongation in this study was therefore achieved by decreasing g
K1

. Furthermore, the 
characterization of I

Na
 blockade proved paramount (S7 Fig); 6% variations led to noticeable changes in S-wave morphology 

of simulated QRS complexes and a 10% variation in maximum BiV AT and median CV within the BZ. Due to the scarcity of 
porcine-specific data on post-MI ionic remodeling, excitability changes were modeled using canine patch-clamp observations 
of I

Na
 [54]. In contrast, structural remodeling and conductivity changes were captured using experimental DW-CMR-based 

anisotropy from MI pigs 7 and 14. Finally, LDC was calibrated to achieve CV agreement with OM data within the BZ.
The resulting MI models reproduced experimental activation patterns: the earliest breakthrough in the RV area pre-

trabecularis and activation ending in the LV anterior apex. Simulated values of AT, CV, and APD
90

 at the healthy and MI 
regions closely matched experiments, with one exception: in pig 11’s APD

90
 (606 ms) within the BZ exceeds the model’s 

maximum attainable value (557 ms, even with g
K1

 reduced to 1%).

4.6  Replication of QRS and T-wave characteristics in infarcted porcine hearts

Comparing experimental and simulated pECGs from infarcted pigs highlighted key factors in MI modeling.
BZ modeling: Fibrosis was not incorporated into the BZ in this study. Prior in silico work in humans suggests that 

adding varying degrees of fibrosis produces minimal changes in QRS and T-wave morphology, causing only small ST-
segment deviations [20].

SZ modeling: We modeled SZ as an insulator, consistent with previous computational studies [4,9,11,20]. Modeling 
SZ as passive tissue, as in Connolly et al. [3], can create unrealistically large potential gradients and ST deviations [20], 
requires the calibration of additional resistance and resting potential parameters, and forces the SZ to act as an electro-
tonic sink. This sink effect shortens the APD in BZ, necessitating the definition of non-physiologically larger APD in the BZ 
to compensate.

CS modeling in MI: Although applying the ap-CS distribution from pig 15 to pig 6 did not replicate the QRS complex, 
highlighting the variability of CS geometry across animals, it emphasized the importance of individualized CS model-
ing. Implementing MI-specific modifications to CS (mi-CS) based on experimental data [5] altered AT and APD

90
 locally. 

Although these modifications produced minimal visible changes in the QRS complexes, they are likely to have more dras-
tic electrical effects, such as affecting unidirectional block formation and arrhythmia inducibility [20,79,80]. Therefore, a CS 
distribution that matches sinus rhythm ECG morphology may still be insufficient for in silico arrhythmic risk evaluation.

EAM-based LV activation: Replacing ap-CS-based LV activation with EAM-derived patterns surprisingly reduced QRS 
similarity in all leads. We attribute this to a mismatch: the RV was still activated by the ap-CS Purkinje network, while 
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the LV followed EAM timings, as EAM data were only available for the LV. High-accuracy QRS reproduction in prior 
EAM-based MI simulations [20] required manual annotation refinement and full BiV endocardial and epicardial mapping. 
Despite QRS mismatches, EAM-based LV activation improved the replication of T-wave morphology in several leads 
(especially aVF and V4). Intramural EAM activation (i-EAM) slightly outperformed endocardial EAM (e-EAM), reinforcing 
the importance of representing the intramural CS position observed in pigs. Overall, these results show that RV activation 
has a strong influence on QRS morphology, while the modeling of MI-related T-wave changes may benefit from invasive 
mapping integration.

4.7  Mechanisms underlying MI-induced ECG changes

The MI BiV models developed here provided insight into the mechanisms driving ECG changes in infarcted hearts. The 
most prominent effects appeared in the T wave, likely reflecting increased repolarization dispersion [56,59,70], while QRS 
morphology was only minimally altered.

Post-MI ventricular activation remained broadly similar to the healthy state. Although BZ excitability was reduced, the 
high PMJ density in our CS distributions likely limited the impact on global activation. This held true whether the CS distri-
bution was unchanged or modified for MI (Section 3.6).

Concerning repolarization, LCx MI produced T-wave enlargement in leads V2, V5, and bipolar limb leads, which are 
more sensitive to LV-RV voltage gradients than to apicobasal gradients. Pigs 3 and 4, with larger BZ volumes, showed the 
greatest T-wave changes, consistent with stronger V

m
 gradients during repolarization.

In LAD MI, T-wave magnification appeared in leads III, V2, and V3, with clear inversion in pigs 8–10, but not in pigs 
11 and 12. This variability may be driven by differences in BiV geometry, MI substrate, or CS configuration. Notably, pigs 
8–10 showed larger QRS changes in the same leads when T-wave inversion occurred, suggesting that altered activation 
patterns could modulate repolarization dispersion, which aligned with the improved in silico post-MI T-wave replication 
when experimentally measured LV activation was used (Section 4.6).

These results demonstrate the value of in silico modeling for dissecting the mechanisms by which MI alters the ECG. In 
our models, QRS stability in the face of MI is attributable to robust CS-mediated activation, while T-wave changes reflect 
MI-driven alterations in repolarization gradients and their interaction with lead orientation.

4.8  Limitations, uncertainties, and future work

OM is a powerful technique to characterize depolarization-repolarization cardiac cycles, but it has inherent limitations. The 
2D fluorescence image obtained at each time point represents photons originating not only from the epicardial surface but 
also from deeper myocardial layers. Due to photon scattering and the 2D nature of OM, multi-view imaging and advanced 
reconstruction algorithms are required for full 3D recovery of cardiac electrical activity [81]. In this work, OM videos from 
anterior and posterior heart views were used, restricting comparisons between simulated and experimental data to these 
surfaces. The temporal resolution was 2 ms, sufficient to capture most ventricular electrical dynamics. OM datasets were 
available for sinus rhythm and pacing from multiple sites, with pacing data informing steady-state CV and APD

90
 estimates 

and sinus rhythm data characterizing AT and depolarization patterns for simulation comparison.
Ex vivo and in vivo CMR data were analyzed. Even with care to minimize deformation, ex vivo CMR showed a smaller 

LV lumen and thicker myocardium compared to in vivo cine-CMR at end-diastole. Therefore, BiV simulation geometries 
were derived from in vivo CMR, with fiber fields mapped from ex vivo to in vivo geometries. Future work could employ 
improved protocols to further reduce ex vivo deformation [82]. The electrophysiological impact of these geometrical shape 
changes remains unclear. Durrer et al. [49] reported preserved activation patterns but a higher CV when canine hearts 
were mapped ex vivo (Langendorff) versus in situ. In our study, mean ex vivo CV values from OM are lower than those 
reported for in situ porcine OM [83].
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We compared a standard RBM (s-RBM) with an RBM informed by DW data (dw-RBM). Direct use of DW-CMR fiber 
fields was not possible, as anatomical models were based on in vivo cine-CMR. The RBM has its own limitations. RBM 
imposes a linear transmural helix angle (α) variation and constrains fibers to lie parallel to the apicobasal-circumferential 
plane [55]. While these assumptions have minimal effects on electrophysiological simulations, they may limit the in silico 
reproduction of experimentally observed shear strain in LV mechanics [84].

Fibrosis was not explicitly modeled, although BZ conductivity was reduced. Previous works showed mixed effects. 
Campos et al. [80] found only non-sustained arrhythmias when fibrosis was combined with reduced I

Na
 and BZ conductiv-

ity, suggesting I
Na

 reduction, not fibrosis, as the key proarrhythmic factor. Lopez-Perez et al. [20] reported that fibrosis plus 
electrophysiological remodeling increased arrhythmic risk, whereas fibrosis alone had little effect on ECG or activation. 
Individualizing fibrosis distribution requires invasive mapping, and myofibroblast-cardiomyocyte coupling mechanisms 
remain incompletely understood.

Uncertainties in model definition and the use of overly simplistic or inappropriate numerical settings can distort the 
results of in silico studies [9,11,85]. Sensitivity analyses of key parameters, provide a rigorous means of assessing these 
uncertainties but are computationally demanding and time-consuming. Although a detailed sensitivity analysis was beyond 
the scope of this study, we adhered to established best practices to maximize confidence in our results:

•	 Segmentation delineation: Mesh generation relied on state-of-the-art algorithms trained on large real-world datasets, 
with only minor adjustments applied for BiV modeling [25].

•	 Mesh discretization: Tetrahedralizations followed edge lengths consistent with previous studies [9,11,20,44], which have 
reliably captured both physiological and arrhythmic dynamics. In particular, Boyle et al. [86] demonstrated that edge 
lengths below 400 µm can resolve reentrant circuits consistent with experimental observations while avoiding numerical 
conduction block artifacts. More recently, Bishop et al. [85] highlighted the need for finer discretizations under low-CV 
conditions to prevent spurious conduction block and variability in arrhythmia outcomes. Although arrhythmicity was not 
directly assessed in this work, we argue that the discretization adopted here remains suitable for such contexts, con-
sistent with Sung et al. [87]. Furthermore, we implemented Bishop et al.’s recommendations for CV tuning in coarser 
meshes [85]: CVs in infarcted regions were case-specifically adjusted using OM data when available, while conductivity 
settings in healthy zones produced CVs consistent with experimental values, particularly when comparing anterior-view 
measurements in pigs 1–3 to pig 13.

•	 Cross-species data: Although pigs are widely regarded as a robust translational model for human cardiac electrophys-
iology, relevant inter-species differences remain. In particular, quantitative porcine data of APDSH ratios, CS electro-
physiology, and BZ ionic remodeling remain scarce. Consequently, several parameters were adapted from human 
or canine studies that reproduce qualitative electrophysiological behaviors characteristic of large mammalian hearts 
[11,20,49,50,51,53,54,57,58]. To assess the impact of this limitation, a sensitivity analysis was performed on APDSH 
ratios (S4 Fig), myocardial (S5 Fig) and CS (S6 Fig) conductivities, as well as post-MI I

Na
 remodeling (S7 Fig). At the 

ECG level, only minor variations were observed, including slightly shorter or longer QRS complex durations for LDC 
variations in the CS and myocardium, and small S-wave deflections associated with increased BZ excitability remodel-
ing. At the tissue level, electrophysiological markers were insensitive to variations in APDSH ratios. Modifying CS and 
myocardial LDC by ±20% changed maximum AT and median CV by less than 10%. In contrast, ± 6% variations in BZ 
g

Na
 resulted in changes of approximately 10% in activation-related metrics, underscoring the need for improved calibra-

tion of this parameter using porcine-specific post-MI data to further reduce output uncertainty. Overall, this sensitivity 
analysis suggests that most cross-species parameter choices do not compromise model robustness; however, certain 
parameters may introduce bias. To mitigate this effect, key outputs (AT, CV, APD

90
, depolarization patterns, and ECG 

morphology) were calibrated against porcine experimental OM and ECG data, ensuring physiological consistency with 
the porcine phenotype.
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•	 Cross-subject data: Not all experimental modalities were available here for each animal under both healthy and MI con-
ditions, partly because some methods are incompatible (e.g., ex vivo DW-CMR versus OM) or center-specific (LAD-MI 
and OM were performed at SERMAS, and LCx-MI and EAM were conducted at KUL). Consequently, the extent of 
model individualization differed among subjects. When subject-specific data were unavailable, population-average val-
ues were used. This strategy is common in high-fidelity in silico studies, given the complexity and cost of full multi-modal 
datasets [16–18].

•	 Beat-to-beat variability: Our simulations demonstrated strong agreement with the median OM findings rather than on a 
per-beat basis, as the experimental results exhibited inherent beat-to-beat variability that was not captured by our deter-
ministic modeling framework. Future studies could incorporate stochastic modeling to better reproduce the variability 
observed in the experimental data, which was particularly prominent in specific regions and samples (see Section 2.3).

•	 Modeling complexity: While fine-grained, local variations in APD were used to reproduce experimental ECG and OM 
data, global conductivities were applied to replicate experimental activation features in both healthy and MI conditions. 
Previous research stemming from the CESC10 [16] and CRT-EPiggy19 [17] challenges has underscored the neces-
sity of regional CV modeling to improve in silico agreement with experimental results. Specifically, Camara et al. [19] 
demonstrated that phenomenological-Eikonal modeling, when combined with detailed biophysical models, enhances the 
reproduction of OM-measured paced activation in porcine models using DW-CMR-defined geometries and fiber fields. 
Furthermore, Albors et al. [22] improved the prediction of EAM activation in left-bundle branch block conditions by par-
titioning ventricular tissue into regions and optimizing conductivity for each of these regions. Despite our use of global 
conductivities, our approach successfully replicated depolarization characteristics from both tissue-level OM data and 
organ-level relevant ECG measurements.

Future work should leverage more granular modeling pipelines that integrate findings from previous computational 
challenges with novel, species-specific experiments, which are currently lacking in the literature, to further validate and 
extend our observations while reducing reliance on cross-species and / or cross-individuals parameterization. Despite 
the mentioned constraints, this study integrates an exceptionally broad range of experimental data. It extends the efforts 
of previous benchmarks, such as CESC10 [16] and CRT-EPiggy19 [17], by incorporating multi-sequence functional and 
structural CMR, OM and EAM measurements in sinus rhythm, and clinically relevant ECG data. Ultimately, this integrated 
pipeline identifies the modeling features critical for replicating ventricular electrophysiology across multiple scales in both 
healthy and infarcted porcine hearts.

4.9  Model usability and preclinical implications

The developed models provide a high-fidelity in silico platform to investigate how healthy and MI conditions affect electro-
physiological outcomes (ECG and OM) in a translational porcine model. Beyond mechanistic insights, these models may 
support preclinical cardiovascular applications, including the assessment of drug proarrhythmicity [10], cardiac resynchro-
nization therapy [17], and the optimization of cardiac tissue engineering strategies. Specifically, our framework can inform 
the design and implantation of engineered heart tissues for remuscularization [34,88].

Given that post-MI remuscularization is currently in the preclinical clearance phase [89–91], these models constitute 
valuable tools for assessing arrhythmic risk [13,88], thereby reducing reliance on animal experimentation. To ensure suit-
ability for this purpose, we employed a multi-modal validation strategy with predefined accuracy thresholds:

•	 Depolarization and repolarization: Accuracy was evaluated at the tissue level by comparing simulated maximum ATs, 
mean CVs, and mean APD

90
 values with OM data. Acceptable tolerances were defined based on experimental uncer-

tainty and established benchmarks. For AT, we targeted a difference of ≤ 10 ms [19,49,67], while simulated CV and 
APD

90
 values were required to lie within the experimental mean ± standard deviation.
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•	 Activation patterns: A qualitative agreement with experimental depolarization patterns was required, particularly during 
sinus rhythm where activation is not externally paced [9,16,19]. Benchmarks included the first epicardial breakthrough 
occurring in the RV area pretrabecularis and the latest activation in the posterobasal LV/RV regions [49,67].

•	 ECG morphology: At the organ level, consistency in wave polarity, morphology, and duration was prioritized. We tar-
geted a Pearson correlation coefficient ≥ 0.7 between experimental and simulated QRS complexes and T waves [66].

Our results show that the models successfully met the predefined thresholds whenever experimental data were avail-
able for comparison. Two specific exceptions were identified: simulated CV was higher only in the posterior view of the 
heart (G4 simulations), and QRS similarity was lower for pig 6 (G6 simulations), as the CS was defined using an ECG 
from a different subject. These discrepancies may affect the accuracy of arrhythmogenesis predictions, underscoring the 
need for regional CV calibration [22] and subject-specific experimental data to enable more precise digital twinning. The 
latter is supported by the observation that T-wave similarity nearly reached the target threshold once post-MI LV activa-
tion alterations were implemented. Overall, our cohort provides a physiologically consistent representation of the porcine 
phenotype under both healthy and MI conditions, offering a robust foundation for evaluating arrhythmicity through in silico 
inducibility protocols and other translational applications.

5  Conclusion

We develop and validate in silico porcine ventricular models for both healthy and MI conditions, using extensive multi-
modal experimental data. In healthy ventricular models, precise CS architecture and realistic APD spatial heterogeneity 
are essential to match simulated and measured ventricular activation (OM) and ECG morphology. In MI models, incor-
porating altered tissue properties and K+ conductances reproduce key MI-induced electrophysiological changes, notably 
prominent T-wave alterations following LAD and LCx occlusions. Simulation analysis reveal that these T-wave changes 
arise from MI-induced repolarization gradients, while QRS stability reflects robust CS-mediated activation. This framework 
provides a reproducible data-driven pathway for building and validating individualized porcine electrophysiological models, 
enabling mechanistic dissection of healthy and pathological ventricular ECG features.

Supporting information

S1 Fig. DW-CMR acquisition protocols. Representative transverse view of the healthy porcine heart (pig 3) acquired 
at KUL (left) and coronal view of the LAD-occlusion MI model (pig 14) acquired at SERMAS (right). DW-CMR: 
Diffusion-weighted cardiac magnetic resonance, KUL: Katholieke Universiteit Leuven, SERMAS: Servicio Madrileño de 
Salud, LAD: Left anterior descending, MI: Myocardial infarction.
(TIFF)

S2 Fig. Simulated and experimental ECGs under healthy conditions. The complete simulated ECGs obtained for the 
three healthy pigs 1–3 when using the adjusted CS, APDSH, and s-RBM are shown together with the experimental ECG 
of pig 13. ECG: Electrocardiogram, CS: Conduction system, APDSH: Action potential duration spatial heterogeneities, 
s-RBM: Standard rule-based model.
(TIFF)

S3 Fig. Effect of post-MI altered repolarization. a- Experimental and simulated T waves for pig 6 when ap-CS and 
mi-CS were used. b- Simulated APD

90
 maps for pig 6 when the activation was generated by ap-CS and mi-CS. MI: Myo-

cardial infarction, ap-CS: Intramyocardial, porcine conduction system with Purkinje in the septal wall of the right ventricle 
and the end of the left bundle branches closer to the apex of the left ventricle, mi-CS: ap-CS with altered spatial distribu-
tion of Purkinje fibers following infarction, APD

90
: Action potential duration at 90% repolarization.

(TIFF)
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S4 Fig. Sensitivity analysis of APDSH distribution on the simulated ECG. a- Twelve APDSH configurations were 
evaluated against the baseline APDSH, which was defined using transmural and longitudinal ratios adapted from 
non-porcine sources. Specifically, APDSH variations were generated by decreasing the size of one layer by 10% 
while simultaneously increasing the remaining two layers by 5% each; this was performed independently for both 
transmural and longitudinal directions. b- Maximum AT and median APD

90
 and CV values obtained at the anterior 

view of models with different APDSH configurations when simulated with a 1000 ms cycle length. c- Simulated ECGs 
demonstrating no variation in QRS complexes and negligible alterations in T waves across all tested APDSH ratios. 
d- Magnified simulated T-waves highlighting the preservation of T-wave morphology, with only minimal amplitude 
fluctuations primarily observed in leads II, III, aVF, and V4–V6. APDSH: Action potential duration spatial heterogene-
ities, ECG: Electrocardiogram, AT: Activation time, APD

90
: Action potential duration at 90% repolarization, CV: Con-

duction velocity.
(TIFF)

S5 Fig. Sensitivity analysis of ventricular conductivity. The baseline LDC of the healthy myocardium was varied by 
±20% in pig 1. a- Complete simulated ECG signals. b- Magnified simulated QRS complexes. c- Simulated maximum 
AT and median APD

90
 and CV values obtained at the anterior face of the BiV model of pig 1. Simulated ECG and elec-

trophysiological outputs were obtained under in silico pacing with 769 ms and 1000 ms cycle length, respectively. LDC: 
Longitudinal diffusion coefficient, ECG: Electrocardiogram, AT: Activation time, APD

90
: Action potential duration at 90% 

repolarization, CV: Conduction velocity, BiV: Biventricular.
(TIFF)

S6 Fig. Sensitivity analysis of CS conductivity. The baseline LDC of the CS was varied by ±20% in pig 1. a- Com-
plete simulated ECG signals. b- Magnified simulated QRS complexes. c- Simulated maximum AT and median APD

90
 and 

CV values obtained at the anterior face of the BiV model of pig 1. Simulated ECG and electrophysiological outputs were 
obtained under in silico pacing with 769 ms and 1000 ms cycle length, respectively. CS: Conduction system, LDC: Longi-
tudinal diffusion coefficient, ECG: Electrocardiogram, AT: Activation time, APD

90
: Action potential duration at 90% repolar-

ization, CV: Conduction velocity, BiV: Biventricular.
(TIFF)

S7 Fig. Sensitivity analysis of BZ INa remodeling. The g
Na

 value applied to the BZ (38% of the healthy, default value) 
was varied by ±6% (32% and 44% of the healthy, default value) in pig 6. a- Complete simulated ECG signals. b- Magnified 
simulated QRS complexes. c- Simulated maximum ventricular AT and median APD

90
 and CV values within the BZ. Simu-

lated ECG and electrophysiological outputs were both obtained under in silico pacing with 1000 ms cycle length. BZ: Bor-
der zone, I

Na
: Sodium current, g

Na
: Maximum conductance of the I

Na
, ECG: Electrocardiogram, AT: Activation time, APD

90
: 

Action potential duration at 90% repolarization, CV: Conduction velocity.
(TIFF)

Acknowledgments

Authors thank Ana María Sánchez de la Nava from SERMAS for acquiring the OM data and Dylan Vermoortele from KUL 
for providing the healthy porcine ECG. Computations were performed using ICTS NANBIOSIS (HPC Unit at University of 
Zaragoza).

Author contributions

Conceptualization: Ricardo Maximiliano Rosales, Ana Mincholé, Esther Pueyo.

Data curation: Ricardo Maximiliano Rosales, Ming Wu, Piet Claus, Stefan Janssens, Gonzalo R. Ríos-Muñoz, María 
Eugenia Fernández-Santos, Pablo Martínez-Legazpi, Javier Bermejo, Aiden Flanagan.

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013688.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013688.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013688.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013688.s007


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 34 / 38

Formal analysis: Ricardo Maximiliano Rosales.

Funding acquisition: Manuel Doblaré, Ana Mincholé, Esther Pueyo.

Investigation: Ricardo Maximiliano Rosales.

Methodology: Ricardo Maximiliano Rosales, Esther Pueyo.

Project administration: Esther Pueyo.

Resources: Manuel Doblaré, Ana Mincholé, Esther Pueyo.

Software: Ricardo Maximiliano Rosales, Ana Mincholé.

Supervision: Manuel Doblaré, Ana Mincholé, Esther Pueyo.

Validation: Ricardo Maximiliano Rosales.

Visualization: Ricardo Maximiliano Rosales.

Writing – original draft: Ricardo Maximiliano Rosales.

Writing – review & editing: Ricardo Maximiliano Rosales, Ming Wu, Piet Claus, Stefan Janssens, Gonzalo R. Ríos-
Muñoz, María Eugenia Fernández-Santos, Pablo Martínez-Legazpi, Javier Bermejo, Aiden Flanagan, Manuel Doblaré, 
Ana Mincholé, Esther Pueyo.

References
	 1.	 Timmis A, Vardas P, Townsend N, Torbica A, Katus H, De Smedt D. European society of cardiology: cardiovascular disease statistics 2021. Euro-

pean Heart Journal. 2022;43:716–99. https://doi.org/10.1093/eurheartj/ehab892

	 2.	 Frantz S, Hundertmark MJ, Schulz-Menger J, Bengel FM, Bauersachs J. Left ventricular remodelling post-myocardial infarction: pathophysiology, 
imaging, and novel therapies. Eur Heart J. 2022;43(27):2549–61. https://doi.org/10.1093/eurheartj/ehac223 PMID: 35511857

	 3.	 Connolly AJ, Bishop MJ. Computational Representations of Myocardial Infarct Scars and Implications for Arrhythmogenesis. Clin Med Insights 
Cardiol. 2016;10(Suppl 1):27–40. https://doi.org/10.4137/CMC.S39708 PMID: 27486348

	 4.	 Mendonca Costa C, Plank G, Rinaldi CA, Niederer SA, Bishop MJ. Modeling the Electrophysiological Properties of the Infarct Border Zone. Front 
Physiol. 2018;9:356. https://doi.org/10.3389/fphys.2018.00356 PMID: 29686626

	 5.	 Garcia-Bustos V, Sebastian R, Izquierdo M, Rios-Navarro C, Bodí V, Chorro FJ, et al. Changes in the spatial distribution of the Purkinje network 
after acute myocardial infarction in the pig. PLoS One. 2019;14(2):e0212096. https://doi.org/10.1371/journal.pone.0212096 PMID: 30742681

	 6.	 Schmidt A, Azevedo CF, Cheng A, Gupta SN, Bluemke DA, Foo TK, et al. Infarct tissue heterogeneity by magnetic resonance imaging identifies 
enhanced cardiac arrhythmia susceptibility in patients with left ventricular dysfunction. Circulation. 2007;115(15):2006–14. https://doi.org/10.1161/
CIRCULATIONAHA.106.653568 PMID: 17389270

	 7.	 Ishikawa K, Aguero J, Tilemann L, Ladage D, Hammoudi N, Kawase Y, et al. Characterizing preclinical models of ischemic heart failure: differences 
between LAD and LCx infarctions. Am J Physiol Heart Circ Physiol. 2014;307(10):H1478-86. https://doi.org/10.1152/ajpheart.00797.2013 PMID: 
25217654

	 8.	 Lelovas PP, Kostomitsopoulos NG, Xanthos TT. A comparative anatomic and physiologic overview of the porcine heart. J Am Assoc Lab Anim Sci. 
2014;53(5):432–8. PMID: 25255064

	 9.	 Mendonca Costa C, Gemmell P, Elliott MK, Whitaker J, Campos FO, Strocchi M, et al. Determining anatomical and electrophysiological detail 
requirements for computational ventricular models of porcine myocardial infarction. Comput Biol Med. 2022;141:105061. https://doi.org/10.1016/j.
compbiomed.2021.105061 PMID: 34915331

	10.	 Gaur N, Qi X-Y, Benoist D, Bernus O, Coronel R, Nattel S, et al. A computational model of pig ventricular cardiomyocyte electrophysiology and 
calcium handling: Translation from pig to human electrophysiology. PLoS Comput Biol. 2021;17(6):e1009137. https://doi.org/10.1371/journal.
pcbi.1009137 PMID: 34191797

	11.	 Arevalo HJ, Vadakkumpadan F, Guallar E, Jebb A, Malamas P, Wu KC, et al. Arrhythmia risk stratification of patients after myocardial infarction 
using personalized heart models. Nat Commun. 2016;7:11437. https://doi.org/10.1038/ncomms11437 PMID: 27164184

	12.	 Paci M, Koivumäki JT, Lu HR, Gallacher DJ, Passini E, Rodriguez B. Comparison of the Simulated Response of Three in Silico Human Stem 
Cell-Derived Cardiomyocytes Models and in Vitro Data Under 15 Drug Actions. Front Pharmacol. 2021;12:604713. https://doi.org/10.3389/
fphar.2021.604713 PMID: 33841140

	13.	 Yu JK, Liang JA, Franceschi WH, Huang Q, Pashakhanloo F, Sung E, et al. Assessment of arrhythmia mechanism and burden of the infarcted 
ventricles following remuscularization with pluripotent stem cell-derived cardiomyocyte patches using patient-derived models. Cardiovasc Res. 
2022;118(5):1247–61. https://doi.org/10.1093/cvr/cvab140 PMID: 33881518

https://doi.org/10.1093/eurheartj/ehab892
https://doi.org/10.1093/eurheartj/ehac223
http://www.ncbi.nlm.nih.gov/pubmed/35511857
https://doi.org/10.4137/CMC.S39708
http://www.ncbi.nlm.nih.gov/pubmed/27486348
https://doi.org/10.3389/fphys.2018.00356
http://www.ncbi.nlm.nih.gov/pubmed/29686626
https://doi.org/10.1371/journal.pone.0212096
http://www.ncbi.nlm.nih.gov/pubmed/30742681
https://doi.org/10.1161/CIRCULATIONAHA.106.653568
https://doi.org/10.1161/CIRCULATIONAHA.106.653568
http://www.ncbi.nlm.nih.gov/pubmed/17389270
https://doi.org/10.1152/ajpheart.00797.2013
http://www.ncbi.nlm.nih.gov/pubmed/25217654
http://www.ncbi.nlm.nih.gov/pubmed/25255064
https://doi.org/10.1016/j.compbiomed.2021.105061
https://doi.org/10.1016/j.compbiomed.2021.105061
http://www.ncbi.nlm.nih.gov/pubmed/34915331
https://doi.org/10.1371/journal.pcbi.1009137
https://doi.org/10.1371/journal.pcbi.1009137
http://www.ncbi.nlm.nih.gov/pubmed/34191797
https://doi.org/10.1038/ncomms11437
http://www.ncbi.nlm.nih.gov/pubmed/27164184
https://doi.org/10.3389/fphar.2021.604713
https://doi.org/10.3389/fphar.2021.604713
http://www.ncbi.nlm.nih.gov/pubmed/33841140
https://doi.org/10.1093/cvr/cvab140
http://www.ncbi.nlm.nih.gov/pubmed/33881518


    

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 35 / 38

	14.	 Pagani S, Dede’ L, Manzoni A, Quarteroni A. Data integration for the numerical simulation of cardiac electrophysiology. Pacing Clin Electrophysiol. 
2021;44(4):726–36. https://doi.org/10.1111/pace.14198 PMID: 33594761

	15.	 Rodriguez B, Carusi A, Abi-Gerges N, Ariga R, Britton O, Bub G, et al. Human-based approaches to pharmacology and cardiology: an interdisci-
plinary and intersectorial workshop. Europace. 2016;18(9):1287–98. https://doi.org/10.1093/europace/euv320 PMID: 26622055

	16.	 Camara O, Pop M, Rhode K, Sermesant M, Smith N, Young A, et al., editors. Statistical atlases and computational models of the heart: First 
international workshop, STACOM 2010, and cardiac electrophysiological simulation challenge, CESC 2010, held in conjunction with MICCAI 2010, 
Beijing, China, September 20, 2010. Proceedings. vol. 6364. Springer Berlin Heidelberg; 2010. http://doi.org/10.1007/978-3-642-15835-3

	17.	 Pop M, Sermesant M, Camara O, Zhuang X, Li S, Young A, et al., editors. Statistical atlases and computational models of the heart. Multi-
sequence CMR segmentation, CRT-EPiggy and LV full quantification challenges: 10th international workshop, STACOM 2019, held in conjunction 
with MICCAI 2019, Shenzhen, China, October 13, 2019, revised selected papers. vol. 12009. Springer International Publishing; 2020. http://doi.
org/10.1007/978-3-030-39074-7

	18.	 Pop M, Sermesant M, Lepiller D, Truong MV, McVeigh ER, Crystal E, et al. Fusion of optical imaging and MRI for the evaluation and adjust-
ment of macroscopic models of cardiac electrophysiology: a feasibility study. Med Image Anal. 2009;13(2):370–80. https://doi.org/10.1016/j.
media.2008.07.002 PMID: 18768344

	19.	 Camara O, Sermesant M, Lamata P, Wang L, Pop M, Relan J, et al. Inter-model consistency and complementarity: learning from ex-vivo imaging 
and electrophysiological data towards an integrated understanding of cardiac physiology. Prog Biophys Mol Biol. 2011;107(1):122–33. https://doi.
org/10.1016/j.pbiomolbio.2011.07.007 PMID: 21791225

	20.	 Lopez-Perez A, Sebastian R, Izquierdo M, Ruiz R, Bishop M, Ferrero JM. Personalized Cardiac Computational Models: From Clinical Data to Sim-
ulation of Infarct-Related Ventricular Tachycardia. Front Physiol. 2019;10:580. https://doi.org/10.3389/fphys.2019.00580 PMID: 31156460

	21.	 Mincholé A, Zacur E, Ariga R, Grau V, Rodriguez B. MRI-Based Computational Torso/Biventricular Multiscale Models to Investigate the Impact of 
Anatomical Variability on the ECG QRS Complex. Front Physiol. 2019;10:1103. https://doi.org/10.3389/fphys.2019.01103 PMID: 31507458

	22.	 Albors C, Lluch È, Gomez JF, Cedilnik N, Mountris KA, Mansi T, et al. Meshless Electrophysiological Modeling of Cardiac Resynchronization 
Therapy—Benchmark Analysis with Finite-Element Methods in Experimental Data. Applied Sciences. 2022;12(13):6438. https://doi.org/10.3390/
app12136438

	23.	 Carta-Bergaz A, Ríos-Muñoz GR, Crisóstomo V, Sánchez-Margallo FM, Ledesma-Carbayo MJ, Bermejo-Thomas J, et al. Intrapericardial 
cardiosphere-derived cells hinder epicardial dense scar expansion and promote electrical homogeneity in a porcine post-infarction model. Front 
Physiol. 2022;13:1041348. https://doi.org/10.3389/fphys.2022.1041348 PMID: 36457311

	24.	 Arenal Á, Ríos-Muñoz GR, Carta-Bergaz A, Ruiz-Hernández PM, Pérez-David E, Crisóstomo V, et al. Effects of Cardiac Stem Cell on Postinfarc-
tion Arrhythmogenic Substrate. Int J Mol Sci. 2022;23(24):16211. https://doi.org/10.3390/ijms232416211 PMID: 36555857

	25.	 Rosales RM, Doblaré M, Pueyo E. 3D segmentation of multi-contrast cardiac magnetic resonances with topological correction and synthetic data 
augmentation [Preprint]. Research Square; 2025 [cited 2025 October 28]. Available from: https://doi.org/10.21203/rs.3.rs-7965351/v1

	26.	 Rodríguez-Palomares JF. Cambios dinámicos del tamaño del infarto y la obstrucción de la microcirculación tras administración de contraste medi-
ante cardio-resonancia magnética y su valor pronóstico en el remodelado ventricular izquierdo [PhD Thesis]. Universitat Autònoma de Barcelona; 
2015. https://ddd.uab.cat/pub/tesis/2016/hdl_10803_382827/jfrp1de1.pdf

	27.	 Baliyan V, Das CJ, Sharma R, Gupta AK. Diffusion weighted imaging: Technique and applications. World J Radiol. 2016;8(9):785–98. https://doi.
org/10.4329/wjr.v8.i9.785 PMID: 27721941

	28.	 Vermoortele D, Olianti C, Amoni M, Giardini F, De Buck S, Nagaraju CK, et al. Precision sampling of discrete sites identified during in-vivo func-
tional testing in the mammalian heart. Commun Eng. 2024;3(1):170. https://doi.org/10.1038/s44172-024-00307-z PMID: 39543278

	29.	 Zhang F, Noh T, Juvekar P, Frisken SF, Rigolo L, Norton I, et al. SlicerDMRI: Diffusion MRI and Tractography Research Software for Brain Cancer 
Surgery Planning and Visualization. JCO Clin Cancer Inform. 2020;4:299–309. https://doi.org/10.1200/CCI.19.00141 PMID: 32216636

	30.	 Barmpoutis A, Vemuri BC. A unified framework for estimating diffusion tensors of any order with symmetric positive-definite constraints. Proc IEEE 
Int Symp Biomed Imaging. 2010;1385–8. https://doi.org/10.1109/ISBI.2010.5490256 PMID: 21594011

	31.	 Nielles-Vallespin S, Scott A, Ferreira P, Khalique Z, Pennell D, Firmin D. Cardiac Diffusion: Technique and Practical Applications. J Magn Reson 
Imaging. 2020;52(2):348–68. https://doi.org/10.1002/jmri.26912 PMID: 31482620

	32.	 Attin M, Clusin WT. Basic concepts of optical mapping techniques in cardiac electrophysiology. Biol Res Nurs. 2009;11(2):195–207. https://doi.
org/10.1177/1099800409338516 PMID: 19617237

	33.	 Pérez-Zabalza M, Raúl Diez E, Rhyins J, Mountris K, María Vallejo-Gil J, Carlos Fresneda-Roldán P, et al. Improved methods for processing opti-
cal mapping signals from human left ventricular tissues at baseline and following adrenergic stimulation. In: Computing in Cardiology Conference 
(CinC), 2020. https://doi.org/10.22489/cinc.2020.427

	34.	 Rosales RM, Mountris KA, Oliván-Viguera A, Pérez-Zabalza M, Cedillo-Servin G, Iglesias-García O, et al. Experimentally-guided in silico design 
of engineered heart tissues to improve cardiac electrical function after myocardial infarction. Comput Biol Med. 2024;171:108044. https://doi.
org/10.1016/j.compbiomed.2024.108044 PMID: 38335818

	35.	 Martínez JP, Almeida R, Olmos S, Rocha AP, Laguna P. A wavelet-based ECG delineator: evaluation on standard databases. IEEE Trans Biomed 
Eng. 2004;51(4):570–81. https://doi.org/10.1109/TBME.2003.821031 PMID: 15072211

https://doi.org/10.1111/pace.14198
http://www.ncbi.nlm.nih.gov/pubmed/33594761
https://doi.org/10.1093/europace/euv320
http://www.ncbi.nlm.nih.gov/pubmed/26622055
http://doi.org/10.1007/978-3-642-15835-3
http://doi.org/10.1007/978-3-030-39074-7
http://doi.org/10.1007/978-3-030-39074-7
https://doi.org/10.1016/j.media.2008.07.002
https://doi.org/10.1016/j.media.2008.07.002
http://www.ncbi.nlm.nih.gov/pubmed/18768344
https://doi.org/10.1016/j.pbiomolbio.2011.07.007
https://doi.org/10.1016/j.pbiomolbio.2011.07.007
http://www.ncbi.nlm.nih.gov/pubmed/21791225
https://doi.org/10.3389/fphys.2019.00580
http://www.ncbi.nlm.nih.gov/pubmed/31156460
https://doi.org/10.3389/fphys.2019.01103
http://www.ncbi.nlm.nih.gov/pubmed/31507458
https://doi.org/10.3390/app12136438
https://doi.org/10.3390/app12136438
https://doi.org/10.3389/fphys.2022.1041348
http://www.ncbi.nlm.nih.gov/pubmed/36457311
https://doi.org/10.3390/ijms232416211
http://www.ncbi.nlm.nih.gov/pubmed/36555857
https://doi.org/10.21203/rs.3.rs-7965351/v1
https://ddd.uab.cat/pub/tesis/2016/hdl_10803_382827/jfrp1de1.pdf
https://doi.org/10.4329/wjr.v8.i9.785
https://doi.org/10.4329/wjr.v8.i9.785
http://www.ncbi.nlm.nih.gov/pubmed/27721941
https://doi.org/10.1038/s44172-024-00307-z
http://www.ncbi.nlm.nih.gov/pubmed/39543278
https://doi.org/10.1200/CCI.19.00141
http://www.ncbi.nlm.nih.gov/pubmed/32216636
https://doi.org/10.1109/ISBI.2010.5490256
http://www.ncbi.nlm.nih.gov/pubmed/21594011
https://doi.org/10.1002/jmri.26912
http://www.ncbi.nlm.nih.gov/pubmed/31482620
https://doi.org/10.1177/1099800409338516
https://doi.org/10.1177/1099800409338516
http://www.ncbi.nlm.nih.gov/pubmed/19617237
https://doi.org/10.22489/cinc.2020.427
https://doi.org/10.1016/j.compbiomed.2024.108044
https://doi.org/10.1016/j.compbiomed.2024.108044
http://www.ncbi.nlm.nih.gov/pubmed/38335818
https://doi.org/10.1109/TBME.2003.821031
http://www.ncbi.nlm.nih.gov/pubmed/15072211


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 36 / 38

	36.	 Gepstein L, Evans SJ. Electroanatomical mapping of the heart: basic concepts and implications for the treatment of cardiac arrhythmias. Pacing 
Clin Electrophysiol. 1998;21(6):1268–78. https://doi.org/10.1111/j.1540-8159.1998.tb00187.x PMID: 9633070

	37.	 Tanaka Y, Genet M, Chuan Lee L, Martin AJ, Sievers R, Gerstenfeld EP. Utility of high-resolution electroanatomic mapping of the left ventricle 
using a multispline basket catheter in a swine model of chronic myocardial infarction. Heart Rhythm. 2015;12(1):144–54. https://doi.org/10.1016/j.
hrthm.2014.08.036 PMID: 25173890

	38.	 Thajudeen A, Jackman WM, Stewart B, Cokic I, Nakagawa H, Shehata M, et al. Correlation of scar in cardiac MRI and high-resolution contact 
mapping of left ventricle in a chronic infarct model. Pacing Clin Electrophysiol. 2015;38(6):663–74. https://doi.org/10.1111/pace.12581 PMID: 
25656924

	39.	 Anter E, Tschabrunn CM, Buxton AE, Josephson ME. High-Resolution Mapping of Postinfarction Reentrant Ventricular Tachycardia: Electrophysio-
logical Characterization of the Circuit. Circulation. 2016;134(4):314–27. https://doi.org/10.1161/CIRCULATIONAHA.116.021955 PMID: 27440005

	40.	 Nairn D, Lehrmann H, Müller-Edenborn B, Schuler S, Arentz T, Dössel O, et al. Comparison of Unipolar and Bipolar Voltage Mapping for 
Localization of Left Atrial Arrhythmogenic Substrate in Patients With Atrial Fibrillation. Front Physiol. 2020;11:575846. https://doi.org/10.3389/
fphys.2020.575846 PMID: 33324239

	41.	 Kikinis R, Pieper SD, Vosburgh KG. 3D Slicer: A platform for subject-specific image analysis, visualization, and clinical support. In: 
Jolesz FA, editor. Intraoperative Imaging and Image-Guided Therapy. New York, NY: Springer New York; 2014. p. 277–89. http://doi.
org/10.1007/978-1-4614-7657-3_19

	42.	 Cignoni P, Callieri M, Corsini M, Dellepiane M, Ganovelli F, Ranzuglia G. Meshlab: An open-source mesh processing tool. In: Eurographics Italian 
Chapter Conference. 2008. http://doi.org/10.2312/LocalChapterEvents/ItalChap/ItalianChapConf2008/129-136

	43.	 Si H. TetGen, a Delaunay-Based Quality Tetrahedral Mesh Generator. ACM Trans Math Softw. 2015;41(2):1–36. https://doi.org/10.1145/2629697

	44.	 Sung E, Prakosa A, Zhou S, Berger RD, Chrispin J, Nazarian S, et al. Fat infiltration in the infarcted heart as a paradigm for ventricular arrhyth-
mias. Nat Cardiovasc Res. 2022;1(10):933–45. https://doi.org/10.1038/s44161-022-00133-6 PMID: 36589896

	45.	 Rosales RM, Mountris KA, Doblaré M, Mazo MM, Pueyo E. Ventricular conduction system modeling for electrophysiological simulation of the por-
cine heart. In: 2022 Computing in Cardiology (CinC). 2022. p. 1–4. http://doi.org/10.22489/CinC.2022.030

	46.	 Sánchez-Quintana D, Yen Ho S. Anatomía de los nodos cardíacos y del sistema de conducción específico auriculoventricular. Rev Esp Cardiol. 
2003;56(11):1085–92. https://doi.org/10.1016/s0300-8932(03)77019-5

	47.	 Sebastian R, Zimmerman V, Romero D, Sanchez-Quintana D, Frangi AF. Characterization and modeling of the peripheral cardiac conduction sys-
tem. IEEE Trans Med Imaging. 2013;32(1):45–55. https://doi.org/10.1109/TMI.2012.2221474 PMID: 23047864

	48.	 Sahli Costabal F, Hurtado DE, Kuhl E. Generating Purkinje networks in the human heart. J Biomechan. 2016;49:2455–65. https://doi.org/10.1016/j.
jbiomech.2015.12.025

	49.	 Durrer D, van Dam RT, Freud GE, Janse MJ, Meijler FL, Arzbaecher RC. Total excitation of the isolated human heart. Circulation. 1970;41(6):899–
912. https://doi.org/10.1161/01.cir.41.6.899 PMID: 5482907

	50.	 Stewart P, Aslanidi OV, Noble D, Noble PJ, Boyett MR, Zhang H. Mathematical models of the electrical action potential of Purkinje fibre cells. Philos 
Trans A Math Phys Eng Sci. 2009;367(1896):2225–55. https://doi.org/10.1098/rsta.2008.0283 PMID: 19414454

	51.	 Potse M, Dubé B, Richer J, Vinet A, Gulrajani RM. A comparison of monodomain and bidomain reaction-diffusion models for action potential propa-
gation in the human heart. IEEE Trans Biomed Eng. 2006;53(12 Pt 1):2425–35. https://doi.org/10.1109/TBME.2006.880875 PMID: 17153199

	52.	 Dux-Santoy L, Sebastian R, Rodriguez JF, Ferrero JM. Modeling the different sections of the cardiac conduction system to obtain realistic electro-
cardiograms. Annu Int Conf IEEE Eng Med Biol Soc. 2013;2013:6846–9. https://doi.org/10.1109/EMBC.2013.6611130 PMID: 24111317

	53.	 Spach MS, Miller WT 3rd, Geselowitz DB, Barr RC, Kootsey JM, Johnson EA. The discontinuous nature of propagation in normal canine cardiac 
muscle. Evidence for recurrent discontinuities of intracellular resistance that affect the membrane currents. Circ Res. 1981;48(1):39–54. https://doi.
org/10.1161/01.res.48.1.39 PMID: 7438345

	54.	 Pu J, Boyden PA. Alterations of Na+Currents in Myocytes From Epicardial Border Zone of the Infarcted Heart. Circ Res. 1997;81(1):110–9. https://
doi.org/10.1161/01.res.81.1.110

	55.	 Bayer JD, Blake RC, Plank G, Trayanova NA. A novel rule-based algorithm for assigning myocardial fiber orientation to computational heart mod-
els. Ann Biomed Eng. 2012;40(10):2243–54. https://doi.org/10.1007/s10439-012-0593-5 PMID: 22648575

	56.	 Perotti LE, Krishnamoorthi S, Borgstrom NP, Ennis DB, Klug WS. Regional segmentation of ventricular models to achieve repolarization dispersion 
in cardiac electrophysiology modeling. Int J Numer Method Biomed Eng. 2015;31(8):10.1002/cnm.2718. https://doi.org/10.1002/cnm.2718 PMID: 
25845576

	57.	 Drouin E, Charpentier F, Gauthier C, Laurent K, Le Marec H. Electrophysiologic characteristics of cells spanning the left ventricular wall of human 
heart: evidence for presence of M cells. J Am Coll Cardiol. 1995;26(1):185–92. https://doi.org/10.1016/0735-1097(95)00167-x PMID: 7797750

	58.	 Pueyo E, Corrias A, Virág L, Jost N, Szél T, Varró A, et al. A multiscale investigation of repolarization variability and its role in cardiac arrhythmo-
genesis. Biophys J. 2011;101(12):2892–902. https://doi.org/10.1016/j.bpj.2011.09.060 PMID: 22208187

	59.	 Meijborg VMF, Conrath CE, Opthof T, Belterman CNW, de Bakker JMT, Coronel R. Electrocardiographic T wave and its relation with ventricular 
repolarization along major anatomical axes. Circ Arrhythm Electrophysiol. 2014;7(3):524–31. https://doi.org/10.1161/CIRCEP.113.001622 PMID: 
24837645

https://doi.org/10.1111/j.1540-8159.1998.tb00187.x
http://www.ncbi.nlm.nih.gov/pubmed/9633070
https://doi.org/10.1016/j.hrthm.2014.08.036
https://doi.org/10.1016/j.hrthm.2014.08.036
http://www.ncbi.nlm.nih.gov/pubmed/25173890
https://doi.org/10.1111/pace.12581
http://www.ncbi.nlm.nih.gov/pubmed/25656924
https://doi.org/10.1161/CIRCULATIONAHA.116.021955
http://www.ncbi.nlm.nih.gov/pubmed/27440005
https://doi.org/10.3389/fphys.2020.575846
https://doi.org/10.3389/fphys.2020.575846
http://www.ncbi.nlm.nih.gov/pubmed/33324239
http://doi.org/10.1007/978-1-4614-7657-3_19
http://doi.org/10.1007/978-1-4614-7657-3_19
http://doi.org/10.2312/LocalChapterEvents/ItalChap/ItalianChapConf2008/129-136
https://doi.org/10.1145/2629697
https://doi.org/10.1038/s44161-022-00133-6
http://www.ncbi.nlm.nih.gov/pubmed/36589896
http://doi.org/10.22489/CinC.2022.030
https://doi.org/10.1016/s0300-8932(03)77019-5
https://doi.org/10.1109/TMI.2012.2221474
http://www.ncbi.nlm.nih.gov/pubmed/23047864
https://doi.org/10.1016/j.jbiomech.2015.12.025
https://doi.org/10.1016/j.jbiomech.2015.12.025
https://doi.org/10.1161/01.cir.41.6.899
http://www.ncbi.nlm.nih.gov/pubmed/5482907
https://doi.org/10.1098/rsta.2008.0283
http://www.ncbi.nlm.nih.gov/pubmed/19414454
https://doi.org/10.1109/TBME.2006.880875
http://www.ncbi.nlm.nih.gov/pubmed/17153199
https://doi.org/10.1109/EMBC.2013.6611130
http://www.ncbi.nlm.nih.gov/pubmed/24111317
https://doi.org/10.1161/01.res.48.1.39
https://doi.org/10.1161/01.res.48.1.39
http://www.ncbi.nlm.nih.gov/pubmed/7438345
https://doi.org/10.1161/01.res.81.1.110
https://doi.org/10.1161/01.res.81.1.110
https://doi.org/10.1007/s10439-012-0593-5
http://www.ncbi.nlm.nih.gov/pubmed/22648575
https://doi.org/10.1002/cnm.2718
http://www.ncbi.nlm.nih.gov/pubmed/25845576
https://doi.org/10.1016/0735-1097(95)00167-x
http://www.ncbi.nlm.nih.gov/pubmed/7797750
https://doi.org/10.1016/j.bpj.2011.09.060
http://www.ncbi.nlm.nih.gov/pubmed/22208187
https://doi.org/10.1161/CIRCEP.113.001622
http://www.ncbi.nlm.nih.gov/pubmed/24837645


    

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 37 / 38

	60.	 Verkerk AO, van Ginneken ACG, Berecki G, den Ruijter HM, Schumacher CA, Veldkamp MW, et al. Incorporated sarcolemmal fish oil fatty acids 
shorten pig ventricular action potentials. Cardiovasc Res. 2006;70(3):509–20. https://doi.org/10.1016/j.cardiores.2006.02.022 PMID: 16564514

	61.	 Mountris KA, Pueyo E. A dual adaptive explicit time integration algorithm for efficiently solving the cardiac monodomain equation. Int J Numer 
Method Biomed Eng. 2021;37(7):e3461. https://doi.org/10.1002/cnm.3461 PMID: 33780171

	62.	 Gillette K, Gsell MAF, Prassl AJ, Karabelas E, Reiter U, Reiter G, et al. A Framework for the generation of digital twins of cardiac electrophysiology 
from clinical 12-leads ECGs. Med Image Anal. 2021;71:102080. https://doi.org/10.1016/j.media.2021.102080 PMID: 33975097

	63.	 Spector P. Principles of cardiac electric propagation and their implications for re-entrant arrhythmias. Circ Arrhythm Electrophysiol. 2013;6(3):655–
61. https://doi.org/10.1161/CIRCEP.113.000311 PMID: 23778249

	64.	 Amsaleg A, Sánchez J, Mikut R, Loewe A. Characterization of the pace-and-drive capacity of the human sinoatrial node: A 3D in silico study. Bio-
physical Journal. 2022;121:4247–59. https://doi.org/10.1016/j.bpj.2022.10.020

	65.	 Gillette K, Gsell MAF, Bouyssier J, Prassl AJ, Neic A, Vigmond EJ, et al. Automated Framework for the Inclusion of a His-Purkinje System in 
Cardiac Digital Twins of Ventricular Electrophysiology. Ann Biomed Eng. 2021;49(12):3143–53. https://doi.org/10.1007/s10439-021-02825-9 PMID: 
34431016

	66.	 Camps J, Berg LA, Wang ZJ, Sebastian R, Riebel LL, Doste R, et al. Digital twinning of the human ventricular activation sequence to Clinical 
12-lead ECGs and magnetic resonance imaging using realistic Purkinje networks for in silico clinical trials. Med Image Anal. 2024;94:103108. 
https://doi.org/10.1016/j.media.2024.103108 PMID: 38447244

	67.	 Wyndham CR, Meeran MK, Smith T, Saxena A, Engelman RM, Levitsky S, et al. Epicardial activation of the intact human heart without conduction 
defect. Circulation. 1979;59(1):161–8. https://doi.org/10.1161/01.cir.59.1.161 PMID: 758108

	68.	 Ho SY, Mccarthy KP, Ansari A, Thomas PS, Sánchez-quintana D. Anatomy of the atrioventricular node and atrioventricular conduction system. Int J 
Bifurcation Chaos. 2003;13(12):3665–74. https://doi.org/10.1142/s0218127403008879

	69.	 Kong W, Fakhari N, Sharifov OF, Ideker RE, Smith WM, Fast VG. Optical measurements of intramural action potentials in isolated porcine hearts 
using optrodes. Heart Rhythm. 2007;4(11):1430–6. https://doi.org/10.1016/j.hrthm.2007.07.002 PMID: 17954403

	70.	 Opthof T, Janse MJ, Meijborg VMF, Cinca J, Rosen MR, Coronel R. Dispersion in ventricular repolarization in the human, canine and porcine heart. 
Prog Biophys Mol Biol. 2016;120(1–3):222–35. https://doi.org/10.1016/j.pbiomolbio.2016.01.007 PMID: 26790342

	71.	 ten Tusscher KHWJ, Panfilov AV. Alternans and spiral breakup in a human ventricular tissue model. Am J Physiol Heart Circ Physiol. 
2006;291(3):H1088–100. https://doi.org/10.1152/ajpheart.00109.2006 PMID: 16565318

	72.	 O’Hara T, Virág L, Varró A, Rudy Y. Simulation of the undiseased human cardiac ventricular action potential: model formulation and experimental 
validation. PLoS Comput Biol. 2011;7(5):e1002061. https://doi.org/10.1371/journal.pcbi.1002061 PMID: 21637795

	73.	 Klein MG, Shou M, Stohlman J, Solhjoo S, Haigney M, Tidwell RR, et al. Role of suppression of the inward rectifier current in terminal action poten-
tial repolarization in the failing heart. Heart Rhythm. 2017;14(8):1217–23. https://doi.org/10.1016/j.hrthm.2017.04.001 PMID: 28396172

	74.	 Citerni C, Kirchhoff J, Olsen LH, Sattler SM, Grunnet M, Edvardsson N. Inhibition of KCa2 and Kv11.1 channels in pigs with left ventricular dysfunc-
tion. Front Pharmacol. 2020;11. https://doi.org/10.3389/fphar.2020.00556

	75.	 Bishop MJ, Hales P, Plank G, Gavaghan DJ, Scheider J, Grau V. Comparison of rule-based and DTMRI-derived fibre architecture in a whole rat 
ventricular computational model. In: Functional Imaging and Modeling of the Heart; 2009. p. 87–96.

	76.	 de Jong S, van Veen TAB, van Rijen HVM, de Bakker JMT. Fibrosis and cardiac arrhythmias. J Cardiovasc Pharmacol. 2011;57(6):630–8. https://
doi.org/10.1097/FJC.0b013e318207a35f PMID: 21150449

	77.	 Rutherford SL, Trew ML, Sands GB, LeGrice IJ, Smaill BH. High-resolution 3-dimensional reconstruction of the infarct border zone: impact of struc-
tural remodeling on electrical activation. Circ Res. 2012;111(3):301–11. https://doi.org/10.1161/CIRCRESAHA.111.260943 PMID: 22715470

	78.	 Jiang M, Cabo C, Yao J, Boyden PA, Tseng G. Delayed rectifier K currents have reduced amplitudes and altered kinetics in myocytes from 
infarcted canine ventricle. Cardiovasc Res. 2000;48(1):34–43. https://doi.org/10.1016/s0008-6363(00)00159-0 PMID: 11033106

	79.	 Berenfeld O, Jalife J. Purkinje-muscle reentry as a mechanism of polymorphic ventricular arrhythmias in a 3-dimensional model of the ventricles. 
Circ Res. 1998;82(10):1063–77. https://doi.org/10.1161/01.res.82.10.1063 PMID: 9622159

	80.	 Campos FO, Whitaker J, Neji R, Roujol S, O’Neill M, Plank G, et al. Factors Promoting Conduction Slowing as Substrates for Block and Reentry in 
Infarcted Hearts. Biophys J. 2019;117(12):2361–74. https://doi.org/10.1016/j.bpj.2019.08.008 PMID: 31521328

	81.	 Herron TJ, Lee P, Jalife J. Optical imaging of voltage and calcium in cardiac cells & tissues. Circ Res. 2012;110(4):609–23. https://doi.org/10.1161/
CIRCRESAHA.111.247494 PMID: 22343556

	82.	 Whitaker J, Neji R, Byrne N, Puyol-Antón E, Mukherjee RK, Williams SE, et al. Improved co-registration of ex-vivo and in-vivo cardiovascular mag-
netic resonance images using heart-specific flexible 3D printed acrylic scaffold combined with non-rigid registration. J Cardiovasc Magn Reson. 
2019;21(1):62. https://doi.org/10.1186/s12968-019-0574-z PMID: 31597563

	83.	 Martišienė I, Karčiauskas D, Navalinskas A, Mačianskienė R, Kučinskas A, Treinys R, et al. Optical mapping of the pig heart in situ under artificial 
blood circulation. Sci Rep. 2020;10(1):8548. https://doi.org/10.1038/s41598-020-65464-5 PMID: 32444634

	84.	 Bovendeerd PHM, Kroon W, Delhaas T. Determinants of left ventricular shear strain. Am J Physiol Heart Circ Physiol. 2009;297(3):H1058–68. 
https://doi.org/10.1152/ajpheart.01334.2008 PMID: 19592607

https://doi.org/10.1016/j.cardiores.2006.02.022
http://www.ncbi.nlm.nih.gov/pubmed/16564514
https://doi.org/10.1002/cnm.3461
http://www.ncbi.nlm.nih.gov/pubmed/33780171
https://doi.org/10.1016/j.media.2021.102080
http://www.ncbi.nlm.nih.gov/pubmed/33975097
https://doi.org/10.1161/CIRCEP.113.000311
http://www.ncbi.nlm.nih.gov/pubmed/23778249
https://doi.org/10.1016/j.bpj.2022.10.020
https://doi.org/10.1007/s10439-021-02825-9
http://www.ncbi.nlm.nih.gov/pubmed/34431016
https://doi.org/10.1016/j.media.2024.103108
http://www.ncbi.nlm.nih.gov/pubmed/38447244
https://doi.org/10.1161/01.cir.59.1.161
http://www.ncbi.nlm.nih.gov/pubmed/758108
https://doi.org/10.1142/s0218127403008879
https://doi.org/10.1016/j.hrthm.2007.07.002
http://www.ncbi.nlm.nih.gov/pubmed/17954403
https://doi.org/10.1016/j.pbiomolbio.2016.01.007
http://www.ncbi.nlm.nih.gov/pubmed/26790342
https://doi.org/10.1152/ajpheart.00109.2006
http://www.ncbi.nlm.nih.gov/pubmed/16565318
https://doi.org/10.1371/journal.pcbi.1002061
http://www.ncbi.nlm.nih.gov/pubmed/21637795
https://doi.org/10.1016/j.hrthm.2017.04.001
http://www.ncbi.nlm.nih.gov/pubmed/28396172
https://doi.org/10.3389/fphar.2020.00556
https://doi.org/10.1097/FJC.0b013e318207a35f
https://doi.org/10.1097/FJC.0b013e318207a35f
http://www.ncbi.nlm.nih.gov/pubmed/21150449
https://doi.org/10.1161/CIRCRESAHA.111.260943
http://www.ncbi.nlm.nih.gov/pubmed/22715470
https://doi.org/10.1016/s0008-6363(00)00159-0
http://www.ncbi.nlm.nih.gov/pubmed/11033106
https://doi.org/10.1161/01.res.82.10.1063
http://www.ncbi.nlm.nih.gov/pubmed/9622159
https://doi.org/10.1016/j.bpj.2019.08.008
http://www.ncbi.nlm.nih.gov/pubmed/31521328
https://doi.org/10.1161/CIRCRESAHA.111.247494
https://doi.org/10.1161/CIRCRESAHA.111.247494
http://www.ncbi.nlm.nih.gov/pubmed/22343556
https://doi.org/10.1186/s12968-019-0574-z
http://www.ncbi.nlm.nih.gov/pubmed/31597563
https://doi.org/10.1038/s41598-020-65464-5
http://www.ncbi.nlm.nih.gov/pubmed/32444634
https://doi.org/10.1152/ajpheart.01334.2008
http://www.ncbi.nlm.nih.gov/pubmed/19592607


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013688  March 16, 2026 38 / 38

	85.	 Bishop MJ, Plank G. Stochastic virtual heart model predictions. Nat Cardiovasc Res. 2025;4(5):539–42. https://doi.org/10.1038/s44161-025-00641-
1 PMID: 40269206

	86.	 Boyle PM, Ochs AR, Ali RL, Paliwal N, Trayanova NA. Characterizing the arrhythmogenic substrate in personalized models of atrial fibrillation: 
sensitivity to mesh resolution and pacing protocol in AF models. Europace. 2021;23(23 Suppl 1):i3–11. https://doi.org/10.1093/europace/euaa385 
PMID: 33751074

	87.	 Sung E, Prakosa A, Trayanova N. Reply to: Stochastic virtual heart model predictions. Nat Cardiovasc Res. 2025;4(5):543–6. https://doi.
org/10.1038/s44161-025-00642-0 PMID: 40269205

	88.	 Rosales RM, Ríos-Muñoz GR, Sánchez de la Nava AM, Fernández-Santos ME, Bermejo J, Doblaré M, et al. In silico assessment of arrhythmic risk 
following the implantation of engineered heart tissues in porcine hearts with varying infarct locations [Preprint]. bioRxiv; 2025 [cited 2026 January 
01]. Available from: https://doi.org/10.1101/2025.11.13.688201

	89.	 Jebran A-F, Seidler T, Tiburcy M, Daskalaki M, Kutschka I, Fujita B, et al. Engineered heart muscle allografts for heart repair in primates and 
humans. Nature. 2025;639(8054):503–11. https://doi.org/10.1038/s41586-024-08463-0 PMID: 39880949

	90.	 Marchiano S, Nakamura K, Reinecke H, Neidig L, Lai M, Kadota S, et al. Gene editing to prevent ventricular arrhythmias associated with cardio-
myocyte cell therapy. Cell Stem Cell. 2023;30(5):396–414.e9. https://doi.org/10.1016/j.stem.2023.04.010 PMID: 37146587

	91.	 Romagnuolo R, Masoudpour H, Porta-Sánchez A, Qiang B, Barry J, Laskary A, et al. Human Embryonic Stem Cell-Derived Cardiomyocytes 
Regenerate the Infarcted Pig Heart but Induce Ventricular Tachyarrhythmias. Stem Cell Rep. 2019;12(5):967–81. https://doi.org/10.1016/j.
stemcr.2019.04.005 PMID: 31056479

https://doi.org/10.1038/s44161-025-00641-1
https://doi.org/10.1038/s44161-025-00641-1
http://www.ncbi.nlm.nih.gov/pubmed/40269206
https://doi.org/10.1093/europace/euaa385
http://www.ncbi.nlm.nih.gov/pubmed/33751074
https://doi.org/10.1038/s44161-025-00642-0
https://doi.org/10.1038/s44161-025-00642-0
http://www.ncbi.nlm.nih.gov/pubmed/40269205
https://doi.org/10.1101/2025.11.13.688201
https://doi.org/10.1038/s41586-024-08463-0
http://www.ncbi.nlm.nih.gov/pubmed/39880949
https://doi.org/10.1016/j.stem.2023.04.010
http://www.ncbi.nlm.nih.gov/pubmed/37146587
https://doi.org/10.1016/j.stemcr.2019.04.005
https://doi.org/10.1016/j.stemcr.2019.04.005
http://www.ncbi.nlm.nih.gov/pubmed/31056479

