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Abstract  
Outflow tract ventricular arrhythmias (OTVAs) are diagnosed by interpreting suggestive 

features from 12-lead electrocardiograms (ECGs) and they are commonly treated by 

radiofrequency ablation (RFA). High success rates are obtained with RFA provided that 

the site of origin (SOO) of an arrhythmia is correctly inferred. An approach to predict the 

SOO of OTVAs using patient-specific cardiac electrophysiological simulations was 

previously proposed by Dr. Doste. However, the pipeline was too complicated for non-

expert users to work on sophisticated high-performance computing (HPC). In this work, 

the pipeline was adapted to be user-friendly in order to train future generations of medical 

practitioners within the field of computational models with the use of HPC. Clinicians 

acquiring technical knowledge will help to upgrade the use of technological abilities in 

clinical practice and to enhance the potential of assisting clinical-decision making. As 

part of the CompBioMed2 European project, an elective subject was proposed and is 

expected to be taught in the academic year 2021-2022. The educational module is based 

on the use of electrophysiological simulations with HPC to generate simulated pseudo-

ECGs that reproduce OTVAs from computational meshes reconstructed out of heart 

computed tomography (CT) images. As part of the study, the variability of the simulated 

pseudo-ECGs was analyzed and the most relevant ECG features were correlated with 

clinical literature. Finally, simulated pseudo-ECGs were used to train a machine learning 

algorithm to predict the SOO of the reproduced OTVAs, and quantitative validation was 

performed using a correlation metric.  

 

 

 

 

 

Keywords  
outflow tract; ventricular arrhythmias; computational modelling; electrophysiological 

simulations; high-performance computing; medical education; CompBioMed2;      

 

 



 v 

 

 

 

 



 vi 

Index  

1. INTRODUCTION ………………………………………………………………. 1 

1.1. Objectives ……………………………………………………………………. 2 

1.2. Clinical background ………………………………………………………….. 3 

1.3. Electrocardiograms …………………………………………………………... 6 

1.4. Analysis of relevant ECG features from clinical literature ………………….. 7 

1.5. State of the art of electrophysiological computational models ………………. 9 

2. COMPUTATIONAL PIPELINE……………………………………………… 11 

2.1. From CT images to 3D models ……………………………………………... 11 

2.2. Post-processing – labelling and myofiber orientation ……………………… 12 

2.3. Electrophysiological simulations …………………………………………… 14 

2.4. Pseudo-ECGs ……………………………………………………………….. 15 

2.5. Model stabilization …………………………………………………………. 16 

2.6. Metrics for the quantitative validation of simulated pseudo-ECGs………… 17 

2.7. Experiments with k-NN algorithm …………………………………………. 18 

3. SIMULATIONS RESULTS…………………………………………………… 19 

3.1. Variability from different sites of origin …………………………………… 19 

3.2. Correlation of the simulated pseudo-ECGs with clinical literature ………... 21 

3.3. Correlation coefficient analysis…………………………………………….. 23 

3.4. Single lead evaluation with k-NN algorithm ………………………………. 24 

4. PIPELINE ADAPTATION FOR CLINICAL TRAINING…………………. 25 

5. DISCUSSION…………………………………………………………………... 27 

5.1. Simulations results………………………………………………………….. 27 

5.2. Pipeline adaptation for clinical training…………………………………….. 29 

6. CONCLUSIONS……………………………………………………………….. 30 

7. LIST OF FIGURES……………………………………………………………. 31 

8. LIST OF TABLES……………………………………………………………... 33 

9. BIBLIOGRAPHY……………………………………………………………… 34 

10. LIST OF ABBREVIATIONS…………………………………………………. 39 

11. APPENDICES………………………………………………………………….. 40 

11.1. Appendix A: Simulated pseudo-ECGs………………………………. 40 

11.2. Appendix B: Guidelines for the medical course …………………….. 51 



 
 

1 

1. INTRODUCTION  

Cardiac arrhythmias are a leading cause of disability and death worldwide, which lead to 

a high economic burden for the society. Although ventricular tachycardias (VTs) are not 

one of the most common types of cardiac arrhythmias, they cause up to 75%-80% of 

sudden cardiac deaths1. Idiopathic VTs, which represent around 10% of the overall VTs2, 

are described as increased heart rates that arise in some part of the right or left ventricle, 

below the bundle of His, and without the presence of any structural disease3 nor 

myocardial scarring4. Outflow tract ventricular arrhythmias (OTVAs), which are the most 

common type of idiopathic VTs, emerge from the outflow tracts (OTs): the apertures of 

the ventricular regions connected to the pulmonary or aortic valve5. OTVAs are diagnosed 

through the analysis of surface electrocardiograms (ECG) and are commonly treated by 

radiofrequency ablation (RFA).  

Nonetheless, the localization of the site of origin (SOO) is not a straight-forward 

procedure: the nearby position of the right and left OTs and the complex three-

dimensional (3D) anatomical structure of the heart challenge the accurate discrimination 

of the origin of OTVAs. Moreover, and along with the amount of data that 

electrophysiologists have to examine through a visual inspection of the 12-lead ECG, the 

analysis and interpretation of the ECG findings requires advanced skills despite the 

substantial improvement in modern techniques. Therefore, it is highly dependent on 

clinical expertise. Altogether, this may lead to an erroneous localization of the 

arrhythmogenic focus using the typical ECG rules5,6, thus contributing to unsatisfactory 

low long-term treatment results and suboptimal therapy planning, even in high-volume 

centers7, and especially when VTs originate in the left OT. However, if performed in the 

appropriate heart location, high success rates and low procedural complication risks are 

obtained with RFA3,5. 

Hence, objective and unbiased techniques to locate the SOO of OTVAs are needed to 

optimize the treatment planning, limit unnecessary mapping and ablation5, and reduce the 

probability of arrhythmia recurrence. The advance of imaging techniques that provide 

more detailed information of the cardiac function and tissue structure has enabled the 

development of new tools that may reverse the standstill in the field. In fact, simulations 

and computational models, combined with machine learning (ML) techniques, are 

starting to have an impact on clinical applications, including cardiology8.  
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However, clinicians are not trained to understand and use these modern approaches, 

which limits its inclusion into daily clinical practice. The Computational Biomedicine 

Center of Excellence, CompBioMed2, is an international consortium funded by the 

European Commission H2020. One of its main objectives is to train future generations of 

medical practitioners within the field of computational models by running training 

courses on high performance computing9 (HPC). Recently, a course on analyzing skin 

microbiome data with HPC was created at University College London to educate medical 

students on biomedical models. Nevertheless, no medical training at organ scale nor 

cardiac models has been developed to date.  

1.1  Objectives  

The current study builds up from the work carried out by Dr. Rubén Doste at Universitat 

Pompeu Fabra in his PhD Thesis entitled: “Computational Models of the Heart for 

Planning and Treatment of Outflow Tract Ventricular Arrhythmias”10, in which a novel 

approach to predict the SOO of OTVAs by combining patient-specific biophysical 

simulations of cardiac electrophysiology with ML techniques was proposed. However, 

according to electrophysiologists, data was not complete with respect to heart anatomy, 

and the pipeline was not adapted to work on sophisticated HPC since it was too 

complicated to manage for non-expert users. Hence, simulations to predict the SOO must 

be performed off-line by an expert engineer since the procedure was not available for less 

trained clinicians. Nonetheless, these simulations could be employed to generate large 

datasets that, if exploited by ML techniques, will enable its wider usage by non-experts 

in the field of simulations.  

The overall objective of this work can be divided into the following sub-objectives:   

1. To design more complete biventricular 3D models from patients who suffered 

from OTVA. Following clinician’s instructions, the upper parts of the aortic and 

pulmonary valves were included in the current work but were not added in Dr. 

Doste’s PhD Thesis10.  

2. To adapt the pipeline of Dr. Doste’s PhD Thesis10 in order to work on high-end 

HPC using Alya in collaboration with the Barcelona Supercomputing Center 

(BSC) instead of Elvira software, to improve ML algorithms training by using 416 

electrophysiological simulations as virtual population.   
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3. To prove that simulated pseudo-ECGs, generated using a user-friendly pipeline, 

show similar results compared with the simulated ECGs from Dr. Doste’s work10.  

4. To design a medical student course on HPC and modelling as part of the 

CompBioMed2 European project, given the potentials of the use of this 

technology in the clinical setting.  

 

1.2 Clinical Background 

Outflow tract ventricular arrhythmias  

The heart is divided into four chambers: two superior (right and left atrium), separated by 

the interatrial septum, and two inferior (right and left ventricle), separated by the 

interventricular septum. The way out of each cavity is comprised by cardiac valves, which 

prevent retrograde blood flow and cushion the vibrations produced after their closure. 

Heart ventricles comprise an inflow tract or inlet (from the atrioventricular intersection 

to the union of the papillary muscles of the cardiac valves to the ventricular wall), an 

apical component, and an OT, also known as infundibulum or outlet, shown in Figure 1. 

Remarkably, there is an anatomical difference between both ventricles. Although the left 

ventricle (LV) is characterized by an aorto-mitral continuity (AMC), the right ventricle 

(RV) has a supraventricular ridge that separates the OT from the rest of the ventricular 

activity11.  

 

 

 

 

 

 

 

Figure 1: Representation of the left inflow tract (inlet), outflow tract (outlet) and ventricular apex 12. 

The origin of OTVAs can be classified into right ventricular OT (RVOT) tachycardia, left 

ventricular OT (LVOT) tachycardia and tachycardias arising from the aortic cusps (cusp 

VT)3. The RVOT is the most likely SOO of OTVAs, found in 70%-80% of the cases4,5,13, 
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and it is more commonly encountered in females3,4. Nonetheless, recent studies have 

shown that in 50% of the cases, OTVAs originate in the LVOT6, although other studies 

showed that this form of VT was only prevalent in 10%-15%4, or 15%-25%5 of the cases, 

being equally distributed between males and females3,4. Recently, other locations have 

been proposed as possible SOOs; less than 4% of OTVAs arise from above the pulmonary 

valve, due to adventitial myocardial muscle fibers extensions that reach this region from 

the RVOT5,14. In addition, in around 15% of the cases, arrhythmias emerge from the 

epicardium, and more concretely, from the LV summit: the region that includes the 

junction of the great cardiac vein and anterior interventricular vein14. 

Anatomy of the outflow tracts 

3D heart anatomical knowledge is crucial to accurately understand ECG features, to 

identify subtle but often diagnostically determinant ECG findings, and to develop 

successful treatment planning strategies. As exemplified in Figure 2, the RVOT is 

superiorly bounded by the pulmonary valve and inferiorly by the superior feature of the 

tricuspid valve; its lateral and medial borders are the RV free wall and the interventricular 

septum, respectively4. The LVOT is located at the center of the heart and is superiorly 

limited by the aortic root, laterally by the AMC (another possible source of VT since it 

contains Purkinje-like conduction tissue), medially by the superior basal interventricular 

septum and anteriorly by the LV summit (highest point of the LV epicardium15)5.  

The RVOT is placed anteriorly and leftwards to the LVOT3-5 and the anterior 

interventricular septum5. Therefore, the posterior part of the RVOT is adjacent to the 

anterior wall of the LVOT3,4. In addition, the mid and distal RVOT wrap around the 

LVOT. Noticeably, the pulmonary valve is placed approximately 1-2 centimeters 

superiorly and leftwards with respect to the aortic valve5.  
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Figure 2: a) Anatomical relationship between the RVOT and LVOT (located just behind the RVOT)  14.    

b) Detailed representation of the heart structures of interest  4. Abbreviations: A, anteroseptal RVOT; Ao, 

aorta; L, left aortic coronary sinus; LA, left atrium; LAA, left atrial appendage; LMCA, left main 

coronary artery; LV, left ventricle; N, noncoronary aortic sinus; P, posteroseptal RVOT; PT, pulmonary 

trunk; R, right aortic coronary sinus; RA, right atrium; RAA, right atrial appendage; RCA, right 

coronary artery; RV, right ventricle; RVOT, right ventricular outflow tract. 

Diagnosis and treatment  

OTVAs are diagnosed by interpreting suggestive features from a 12-lead ECG, carried 

out during an arrhythmic crisis, to have a first approximation of the focal origin of the 

arrhythmia, along with the exclusion of structural cardiopathy with ancillary tests. The 

first line of VT treatment is the administration of beta blockers and calcium channel 

blockers or adenosine, besides antiarrhythmic agents. The prognosis of these arrhythmias 

is benign, although its recurrence is remarkably high despite pharmacological treatment11, 

which is only effective in 25%-50%3,14 of the patients. Other treatment interventions 

include the implantation of pacemakers and RFA, often performed in drug-refractory 

arrhythmias with ectopic beats16.  

To identify the genesis of tachycardias, an electroanatomical mapping (EAM) is usually 

generated before performing RFA. EAMs record intracardiac electrical activation during 

an arrhythmic crisis while considering the heart anatomy17 and guide the 

electrophysiologist towards the heart regions that require ablation. Another method to 

determine the onset of an arrhythmia is pace-mapping. Pace-mapping aims to reproduce 

the morphology seen in a patient’s 12-lead ECG by simulating arrhythmias from different 

SOOs while pacing different ventricle locations from selected positions in sinus rhythm3.  

EAMs are time-consuming and require arrhythmias to be inducible and sustained by the 

patient for several minutes, although many OTVAs do not fulfill this feature16. Thus, 

pace-mapping is performed in non-inducible arrhythmias. However, pace-mapping has 

lower spatial resolution5,18, higher fluoroscopic exposure, its analysis is more subjective 

and it has a higher risk of remote ventricular pacing compared to EAMs, owing to the 

fibers that connect the arrhythmogenic SOO to a relatively distant myocardial exit site, 

as occurs within the aortic root and a RVOT exit site or within the aortic root itself 14.  

Subsequently to the mapping techniques, treatment is applied. RFA spreads high 

temperatures into the potential arrhythmogenic regions using high-frequency alternating 
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currents, aiming to restore cardiac frequency back to normal values. To reach the regions 

of interest, a catheter is introduced either through the right femoral vein, in RV origins, 

or through the femoral artery, in LV origins. The high success rate (> 90%) of RFA is 

due to the focal origin of these arrhythmias and to the accessibility towards the regions of 

interest enabled by the introduction of intracardiac catheters3,14. Notwithstanding, this 

technique has a recurrence rate of 5%, mainly in the first year, owing to poor 12-lead 

ECG pace match, multiple morphologies of VT and suboptimal prediction of the SOO3.  

1.3 Electrocardiograms  
An ECG is a register of the electrical activity of the heart as a function of time. It is 

obtained by the placement of nine metallic electrodes on the skin of the patient. Three 

electrodes are located on the patient’s right and left wrist and left ankle, which give raise 

to monopolar (aVR, aVL and aVF) and bipolar leads (DI, DII, DIII). Six other electrodes 

are successively placed on the thoracic wall of the patient, starting from the fourth 

intercostal space at the right of the sternum until the fifth intercostal space at the height 

of the axillary midline, which compose the precordial leads V1, V2, V3, V4, V5 and V6. 

A physiological ECG is formed by a P wave, representing atrium depolarization, followed 

by the QRS complex, depicting ventricular depolarization, and finally a T wave, 

reproducing ventricular repolarization. In leads V1 and V2, the QRS complex is mainly 

negative since the vector that represents ventricular depolarization points towards V5 and 

V6. Accordingly, the QRS complex in V4 to V6 is mainly positive19,20. 

The distinct types of OTVAs can be distinguished by looking at the QRS morphology, 

and more specifically, by focusing on the bundle branch block (BBB) morphology in lead 

V1, which represents the impulse pathway, and on the precordial transition, described as 

the first precordial lead with dominant R wave6, as illustrated in Figure 3.  

 

 

 

 
Figure 3: ECG showing a late precordial transition (in V4) and a LBBB morphology (wide and 

downward QRS complex at V1), suggesting a RVOT origin. 3 
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A left BBB (LBBB) implies that the normal direction of the septal repolarization is 

reversed and thus, the impulse spreads first to the RV and then to the LV. A widened and 

downwardly deflected QRS complex in lead V121 represents a LBBB and indicates that 

the VT is arising from an anterior region of the heart, such as the RV free wall. On the 

other hand, a right BBB (RBBB) illustrates a more posterior origin, such as LVOT3, and 

is characterized by a widened but upwardly deflected QRS complex in lead V1. 

Concerning precordial transition, if it occurs later than V3, it indicates an RVOT 

arrhythmia, whereas if it arises in the same or earlier precordial lead than in sinus rhythm 

(in V2/V3), then it correlates with LVOT or cusp VT tachycardias14. Nonetheless, Tanner 

et al.22 observed that a precordial transition at V3 does not accurately locate the SOO. In 

Figure 4, the most common SOOs arising from specific regions of the right or left OTs 

are represented, together with their correspondent QRS complex morphology.  

 

 

 

 

 

 

 

Figure 4: Anatomical location of the most common SOOs and their correspondent 12-lead ECG 

morphology. Abbreviations: AMC, aortomitral continuity; FW, free wall; LCAS, left coronary aortic 

sinus; LV, left ventricle; LVOT, left ventricular outflow tract; MAAnt, anterolateral mitral annulus; MV, 

mitral valve; PS, posteroseptal; PSCL, left pulmonary sinus cusp; PSCR, right pulmonary sinus cusp; 

RCAS, right coronary aortic sinus; RVOT, right ventricular outflow tract; TV, tricuspid valve. 5 

 

1.4 Analysis of relevant ECG features from clinical literature 
Several studies3,4,5,14 have analyzed the most relevant ECG features that help to 

distinguish between different SOOs.  
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Generally, a LVOT origin is characterized by a longer R-wave duration, an early 

precordial transition (in V2/V3) 3,5, small R-waves in V13,4 and a RBBB morphology3. 

Moreover, it is feasible to discriminate between specific regions of the LVOT by looking 

at QRS complex morphologies. Several LVOT regions can be distinguished as follows:   

Left coronary cusp (LCC): a precordial transition in leads V1/V24,5,14 due to its more 

posterior origin than RCC. A narrower QRS complex14 since it is placed more superior 

and septal than RCC, taller and broader R-waves in V1 and V43,5,14, and a multiphasic 

pattern in V1 due to its early activation5.  

Left and right coronary cusp commissure (LCCRCC): a notch on the downward 

deflection in lead V1, a predominant R-wave in lead I, a precordial transition in leads 

V2/V314, and a more predominant S-wave in lead V1 than in LCC origins5.  

Right coronary cusp (RCC): similar ECG morphologies can be seen with septal RVOT 

origins since the RCC is located posteriorly to the septal wall, so a LBBB pattern might 

occur. Small R-waves in leads V1 and V23,5, a precordial transition in V2/V33,4 and an 

increased R-wave in lead I frequently appear14.  

Aorto-mitral continuity (AMC): deep S-waves in leads I and aVL5 since it is located 

below the aortic valvular sinuses: more anterosuperior and leftward. A tall R-wave 

amplitude in V1, monophasic R-waves in the precordial leads, late notching in inferior 

leads (leads II, III, aVF and V6), a long QRS duration and a negative vector in lead I 5.  

Epicardium (EPI): RBBB pattern in lead V1, a greater Q-wave amplitude in lead aVL 

than aVR, and a greater R-wave amplitude in lead III than II 14. Also, the R-wave is less 

positive in lead V2 than in leads V1 and V3 5.  

A RVOT origin is characterized by a precordial transition not earlier than V3, negative 

aVL and aVR leads, and narrower R-wave duration in leads V1 and V24. It is also 

identified by having a predominant R-wave in lead III than II14. Specific regions within 

RVOT can be differentiated as follows:  

Right pulmonary cusp (RC): a tall R-wave in lead I, notching in inferior leads, and a 

greater Q-wave amplitude in lead aVR than aVL5.  

Left pulmonary cusp (LC): a negative signal in lead I, high R-wave amplitudes in 

inferior leads, and a greater Q-wave amplitude in lead aVL than aVR due to the marked 

leftward orientation of the pulmonary artery compared to other relevant structures5.  
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Right free wall (RFW): larger S-waves with respect to more posterior origins14, such as 

the septal wall. Wider QRS complexes in inferior leads3,14, a late precordial R-wave 

transition (in V4) 3, and a QRS duration ≥ 140 ms with R-wave notching in ≥ 2 inferior 

leads5.  

Septal wall: monophasic (not notching), tall and narrow R-waves in inferior leads5, an 

earlier precordial transition (> V4)5 and a negative QRS complex in aVL3.  

Supra-pulmonary (SP): no single ECG features reliably differentiates SP arrhythmias 

from other RVOT arrhythmias14. However, SP origins tend to have a rS pattern in lead 

I14, larger R-waves in inferior leads3, and a larger R/S-wave amplitude in lead V2, 

compared to other RVOT origins.  

1.5 State of the art of electrophysiological computational models 
Biophysical models are an essential tool to evaluate preclinical observations within the 

context of human physiology, thereby accelerating the translation of research into the 

clinical environment. Heart models have been used in several fields of cardiology and 

personalized electrophysiological simulations derived from cardiac models have 

demonstrated encouraging results to support clinical decisions23. Moreover, the advances 

on medical imaging techniques have uncovered great inter-individual variability in the 

pathophysiology of heart diseases8, providing a better characterization of the underlying 

disease and allowing patient-specific treatments24.  

The resulting ‘virtual patient’ can be used for further improvement of diagnosis and for 

in silico optimization, treatment planning and predictions on clinical decision-making8. 

Moreover, computational models can also help to reduce the costs of innovation and time 

to reach the market. Due to the complexity of these cardiac models, HPC or graphic 

processing unit systems are required to manage them. Therefore, these models have 

opened a new approach in the study of the complex mechanisms that underlie cardiac 

arrhythmias. For instance, Ashikaga et al.25 determined that predicting the ablation target 

in infarct-related VT culminated in obtaining smaller lesions than in clinical performance. 

Electrophysiological simulations have also been employed to noninvasively predict the 

target for catheter ablation and reveal the origin of ECG features. Previously predicting 

the SOO prevents unnecessary mapping, especially if the RVOT is the potential source, 

since a more challenging access to the LV can be avoided, thus reducing the procedural 

time and complication rate. Many techniques have recently emerged to predict the 
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location of the arrhythmogenic focus, such as non-invasive EAMs26. Other studies16 

tested an iterative method based on repeated ventricular pacing to converge the catheter 

to the ectopic foci using computer simulations on a realistic human model. Additionally, 

in patients suffering from atrial fibrosis, Boyle et al.27 identified potential ablation targets 

and then integrated the computational data in a feasible clinical mapping system.  

ML contemplates how computers learn from data by combining statistics and computer 

science28. Medicine can benefit from such learning approaches to support clinicians’ 

decisions. In fact, numerous algorithms have been developed in order to improve the 

predictability accuracy of locating the SOO of OTVAs based on ECG analysis29,30. 

Although these algorithms are simple to use, they might be inaccurate, especially if the 

precordial transition occurs at V35, a condition that is present in around 40% of the 

patients suffering from OTVA6. Furthermore, these studies are only based on a limited 

number of patients, thus reducing their generalizability5. Another drawback of the 

available algorithms is their inability to correct for cardiac rotation, a feature that 

frequently appears in structurally normal heart diseases. In addition, most of them are also 

dependent on lead positions, chest wall thickness, ventricular hypertrophy and 

preferential conduction, among others. Therefore, there is an unmet need to more 

objectively and accurately identify the location of the SOO while increasing its 

generalizability to diverse group of patients. To achieve this, larger ECG databases are 

required to uncover a broader range of medical conditions.   

ECGs measure potential differences at the body surface. Pseudo-ECGs do not consider 

the propagation of the extracellular potential to the torso surface but approximate the 

calculation of the potential at specific time intervals at distinct points of the whole surface 

of the electrically activated myocardium31. For in silico models, pseudo-ECGs provide a 

clinical-like measure of the unified electrical behavior of the cardiac system at a tissue-

level, and are faster in terms of computational times, although they contain less 

information than ECGs32. In fact, previous results33 have shown that pseudo-ECGs are 

suited for simulating physiology and pathology. Ledezma et al.34 showed that pseudo-

ECGs’ biomarkers helped to identify different degrees of ischemia by training neural 

networks, although the inter-subject variability limited the clinical application of their 

work. Also, Favino et al.35 assessed the impact of mechanical deformation to the 

modification of ECG signals using a coupled electro-mechanical model with HPC.   
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2 COMPUTATIONAL PIPELINE  
In-silico pace-mapping simulations were carried out in 12 patients who suffered from 

OTVA. Biventricular models were reconstructed from computed tomography (CT) 

images. The regions of interest such as cardiac valves were highlighted and 

cardiomyocyte orientation was assigned using an OT rule-based method36 (RBM). 

Electrophysiological simulations were then performed reproducing arrhythmias 

originating from selected OT regions and pseudo-ECGs were obtained for each simulated 

case. Finally, the simulated pseudo-ECGs were analyzed to validate the obtained results. 

The aforementioned computational pipeline is exemplified in Figure 5.  

 

 

 

 

 

 

 

 

Figure 5: Computational pipeline followed in this project; from CT images to simulated pseudo-ECGs.  

2.1 From CT images to 3D models 
Heart geometry was reconstructed from processing patient-specific CT heart images of 

twelve subjects who undergone RFA following OTVA at Hospital Clínic de Barcelona, 

and had a 12-surface ECG during the procedure. Written informed consent was obtained 

from all participants, along with the local ethics committee approval, to enable the use of 

their data for research purposes.  

The reconstruction of the heart geometries was carried out using semi-automatic 

segmentation tools provided by 3DSlicer; an open source software platform available for 

medical image informatics, image processing and 3D visualization37. To properly 



 
 

12 

simulate OTVAs and include the regions above the pulmonary valve, biventricular 

geometries including the RVOT and LVOT up to 2-3 centimeters above the pulmonary 

and aortic valve were considered (Figure 6), as recommended by Dr. Penela and Dr. 

David Soto from Centro Médico Teknon. The 3D anatomical structure of the heart is also 

included in the model; the RVOT is located more anterior and leftwards with respect to 

the LVOT and the mid and distal RVOT wrap around the LVOT. The aforementioned 

regions above the semilunar valves were not included in the biventricular model 

developed by Dr. Doste10.  

The regions of interest (RV, LV and the initial segment of the pulmonary artery and aorta) 

were manually defined on several slides of the axial, sagittal and coronal planes of the 

CT images using the paint tool of 3DSlicer. Afterwards, to construct the 3D model, the 

grow from seeds tool was used to automatically extrapolate the painted regions to all the 

slides of each plane. 

 

 

 

 

Figure 6: Comparison between the model considered by Dr. Rubén Doste10 (leftwards) and the one 

analyzed in the current work, which includes the regions above the semilunar valves (rightwards). Both 

models were reconstructed from heart CT images of the same patient.  

 

2.2 Post-processing – labelling and myofiber orientation 
To acquire more accurate models, smoothing was applied using Blender, which is a free 

and open source 3D creation suite38. The obtained closed surface meshes were made up 

of triangular elements and were comprised of approximately 1.9 million cells and 5.8 

million nodes, which was superior to what the subsequent labelling step could handle in 

a laptop computer without a graphical processing unit. Therefore, filtering was required 

in order to reduce the weight of such meshes.  
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a 
b 

Filtering was carried out in Paraview software; an open-source, multi-platform data 

analysis and visualization application39. Five filters were sequentially applied: an Extract 

Surface filter, to draw out the polygons forming the outer surface of the input mesh; a 

Tessellate filter, to convert the extracted surface into a simplicial complex with linearly 

interpolated field values, followed again by the Extract Surface filter; a Decimate filter, 

to reduce the number of triangles and a Triangulate filter, to obtain the output triangular 

mesh. The resulting surface meshes contained around 1.9x105 cells and 9.6x104 nodes. 

These models did not include pathological tissue as it corresponds to OTVAs, although 

tissue heterogeneity was taken into consideration such as differentiation between 

endocardial and epicardial cells. Characterization of distinct tissue properties was then 

performed on the resulting surface meshes using a semi-automatic approach through a 

ray/triangle intersection algorithm, also considered in Dr. Rubén Doste’s PhD Thesis10. 

Using this algorithm, faces at intersection between rays and triangles are labelled as 

endocardium, and epicardium if not. The right endocardial apex and the left epicardial 

apex were manually identified in the surface meshes in Paraview software, along with the 

pulmonary and aortic valve. In the resulting labelled meshes, each region of interest was 

represented by a different color (Figure 7a).  

 

 

 

 

 

 

 

Figure 7: a) Labelled surface mesh. Differentiation of the right and left ventricular endocardium, 

epicardium, both apices and the four cardiac valves is accomplished by distinctly coloring each region. 

Not all of the mentioned regions are shown in the Figure.  b) Myocardial fiber orientation applied to the 

3D model. Arrows colored differently represent distinct fiber directions.   
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Cardiomyocyte orientation regulates the preferential electrical wave propagation and 

tissue contraction of the heart. Fiber orientation was incorporated on the biventricular 

model (Figure 7b) using a novel RBM developed by Dr. Rubén Doste36. By replicating 

histological observations, this method mathematically describes the differential 

cardiomyocyte orientation of the OT, RV and interventricular septum from the LV. 

Although the current model includes up to 2-3 centimeters above the pulmonary and 

aortic valve, the tissue is only considered as conductive until just 3-5 millimeters above 

these valves, which is the region thought-out as a potential source of OTVAs due to 

myofiber extensions from the OTs. A tetrahedral volume mesh made up of approximately 

3 million elements, generated using the “surf2mesh” function in MATLAB software, was 

used to obtain the myofiber orientation model. A total of 12 cases were processed in this 

study. The inter-variability between patient specific heart models is depicted in Figure 8.  

 

 

 

 

 

 

 

Figure 8: Twelve patient-specific computational meshes reconstructed from heart CT images. 

 

2.3 Electrophysiological simulations 
The electrophysiological behavior of the myocardium was modelled following the 

O’Hara cell model40. For the simulation of baseline conditions, a cycle length of 857 ms 

(70 bpm), corresponding to a normal resting rhythm state, and an initial membrane 

potential of -87.99 mV were set. Time intervals of 0.30 s were established with a time 

step size of 0.1 ms. In order to obtain a more accurate propagation of the electric potential, 

a scale of 0.5 in X, Y and Z axis was defined. Since diffusion is related to the mesh 
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elements size, a longitudinal conductivity value of 0.12 S/m was set, which is included in 

the range considered by Stinstra et al. (2005) 41. The electrical propagation was modelled 

using a monodomain formulation and solved by Alya, a simulation code for HPC 

mechanics developed by BSC42. A MATLAB script was created to automatically define 

the input files required by Alya.  

Finally, electrophysiological simulations were run in the Nord III cluster of BSC using 

the Exmedi module, which computes the equations of the electrical system. Arrhythmias 

originating from 16 different SOOs were chosen for simulation, in accordance with 

published studies3,4,5,10,14: seven from specific regions of the LVOT (two from the LCC 

and two from the RCC, one from the LCCRCC and two from the AMC region), seven 

from the RVOT (one from the LC and one from the RC, one from the RFW, two from the 

septal wall and two SP) and finally, two from the EPI (LV summit). In Dr. Doste’s PhD10, 

a total of 12 SOOs were considered since no differentiation was made between the septal 

wall and the LC and RC, all of them were marked as RV.  

2.4 Pseudo-ECGs 
A 3D torso model previously designed43, formed by surface meshes representing the most 

relevant organs (bones, lungs, liver, ventricles and body contour) can be freely 

downloaded from the CoMMLab repository44. This torso model needs to be scaled, 

translated and rotated such as its ventricles overlap with each patient-specific geometry. 

The coordinates of nine surface mesh nodes, which represent the electrodes location, were 

extracted and introduced as inputs for the Alya simulation code. Therefore, the 

extracellular potential was computed at these nodes at each time step to obtain the 

simulated pseudo-ECGs. A MATLAB script was created to automatically generate 12-

lead pseudo-ECGs from the ventricle depolarization outputs of the simulations. The 

unipolar leads were amplified as an electrocardiograph does in clinical practice and 

bipolar leads were computed from them. The maximum absolute value of all simulated 

signals from each case was computed to normalize them in amplitude between -1 to 1.  

Simulated pseudo-ECGs were obtained in the current work to enable the use of a more 

user-friendly pipeline, compared with the one used in Dr. Doste’s work10. As an 

illustrative example, Figure 9 shows that similar results with respect to the potential 

dynamics of each SOO are reached when comparing the simulated pseudo-ECGs with the 
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simulated ECGs10. The illustrated variability is due to different SOO locations and the 

use of distinct biventricular geometries.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Comparison between the precordial lead signals of simulated ECGs10 (top image) and the 

simulated pseudo-ECGs in the current study (bottom image). Each signal is colored differently, 

representing OTVAs arising from distinct SOOs; cold colors refer to LVOT arrhythmias and hot colors to 

RVOT arrhythmias, both in simulated ECGs and pseudo-ECGs.  

 

2.5 Model stabilization 
Before simulating an arrhythmia, the model needs to be stabilized so that the coupling of 

the whole cardiac tissue is homogenized. Stabilization cell by cell is carried out by 

simulating 10 beats at 70 bpm in zero dimensions for the ionic channels before stimulating 

an ectopic focus. However, it was analyzed whether the stabilization of the whole cardiac 

tissue, achieved by simulating sinus rhythm, would improve the simulated pseudo-ECGs. 

A sinus activation pattern was obtained by randomly stimulating 45,000 distinct 

ECG 

Pseudo-ECG 
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endocardial points in one heart geometry every 857 ms during 4 beats before inducing an 

arrhythmia originating from the RVOT free wall.  

As exemplified in Figure 10, the ventricle depolarization potential of the reproduced 

OTVA does not differ whether the whole cardiac tissue has been previously stabilized or 

not. Thus, it was established that stabilization cell by cell was enough and therefore, 

simulations of sinus rhythm were not included to obtain the simulated pseudo-ECGs.  

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Pseudo-ECGs representing a RVOT arrhythmia with (top image) and without (bottom 

image) previous stabilization of the whole cardiac tissue. 

  

 

2.6 Metrics for the quantitative validation of simulated pseudo-ECGs 
The statistical relationship between a simulated pseudo-ECG and the real recorded 

patient-specific ECG was numerically measured by computing the correlation coefficient 

(!) in two of the twelve processed cases to evaluate their similarity. A MATLAB script 

was created to automatize this process. In the current work, ! was independently 

calculated for each ECG lead following Gerstenfeld et al.’s work45. Firstly, the QRS 

complex of the simulated and patient-specific signals were manually extracted and both 

signals were aligned and normalized in amplitude between -1 and 1. For each ECG lead, 
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! was computed comparing the real recorded ECG signal with the simulated signal from 

each SOO. The coefficient outputs ranged from -1 to 1, being ±1 a maximum positive 

(+1) or negative (-1) association, and 0 a complete disagreement.  

Additionally, classification of the in silico assigned SOO to each patient was performed 

using the 12-lead !#$$  metric and the LV/RV ratio. The LV/RV ratio, computed by 

dividing the mean of the ! values obtained from LV SOOs by the mean of the RV SOOs 

! values, was used to distinguish between LVOT and RVOT origins; a ratio > 1 and < 1 

indicates a LVOT and a RVOT origin, respectively. For a more precise SOO location, the 

12-lead !#$$ metric was acquired. It was computed by averaging the individual ! values 

obtained from each pseudo-ECG lead and SOO, using the Fisher Z-transformation46. 

Then, the resultant in silico determined SOO was contrasted with the clinically found 

SOO.  

2.7 Experiments with k-NN algorithm   
Simulated pseudo-ECGs can be used to predict the origin of OTVAs. ML techniques 

trained with simulated data were applied to validate the SOO classification from the in 

silico OTVA simulations and to initiate the collection of a large dataset for training the 

prediction of an OTVA origin from 12-lead pseudo-ECGs. In the current work, the k-

nearest neighbors (k-NN) algorithm was applied using the Python programming 

language. The k-NN algorithm is a supervised technique that assigns a new label as the 

most frequent label among its k nearest neighbors. A predefined k parameter was set to 

k=1 and the algorithm was implemented using the Scikit learn package47. Apart from the 

16 simulated SOOs in each computational mesh, additional simulations were completed 

from randomly chosen SOOs (out of the 16 selected), including distinct lead placements 

on the torso.  

After all, a total of 416 OTVA simulations were used for to train and test the k-NN 

algorithm. From the total of 416 simulations carried out in the study, 80% of them were 

randomly chosen for training the algorithm and 20% for testing it, meaning that 333 

simulated pseudo-ECGs were used for the training and 83 for the testing. The accuracy 

of the k-NN algorithm to properly classify 83 unlabeled simulated pseudo-ECGs was 

evaluated. First, the performance of each lead to independently classify the test signals 

was assessed. Then, the combination of the 12 leads altogether was studied and the 

calculated accuracy was compared with the ones obtained independently for each lead.  
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3 SIMULATIONS RESULTS 
The developed pipeline was applied in 12 patient-specific geometries, although one 

geometry was finally discarded due to technical issues. A total of eleven 12-lead pseudo-

ECGs were acquired from simulated OTVAs arising from 16 different SOOs, yielding a 

total of 176 simulations. The resulting pseudo-ECGs can be found in Appendix A. 

Additionally, a greater number of simulations, reaching an amount of 416, were 

accomplished in order to improve the performance of the ML algorithm. The variability 

of the simulated pseudo-ECGs is analyzed and compared with clinical literature, the 

simulated pseudo-ECGs are validated using a correlation coefficient, and the use of the 

k-NN algorithm to predict the SOO of OTVAs is assessed in this section.   

3.1 Variability from different sites of origin 
The 16 selected SOOs from specific regions of the LVOT and RVOT were stimulated in 

each biventricular model. The simulated pseudo-ECGs that reproduce different OTVAs 

in Patient 1 are shown in Figure 11, where LVOT and RVOT arrhythmias are represented 

in cold and hot colors, respectively.  

Pseudo-ECGs display the ventricle depolarization dynamics (illustrated as the QRS 

complex) obtained after having stimulated an ectopic focus. Noticeably, depending on 

the origin of the arrhythmia, ventricle depolarization follows particular behaviors, which 

explains the signals variability illustrated in Figure 11. The polarity of the QRS complex 

is an ECG feature commonly analyzed by electrophysiologists to locate the SOO. As 

mentioned in previous studies19,20, QRS complexes are mainly negative in leads V1 and 

V2, and predominantly positive in leads V4 to V6, characteristics satisfied by the signals 

of Figure 11. Nonetheless, the polarity in leads V2/V3 highly depends on the location of 

the arrhythmogenic focus.  
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Figure 11: The anatomical location of the mesh nodes used as SOOs is shown in the top image; 1: left 

aorto-mitral continuity (AMC-L), 2: left coronary cusp (LCC1), 3: LCC2, 4: left and right coronary cusp 

commissure (LCCRCC), 5: right coronary cusp (RCC1), 6: RCC2, 7: right AMC (AMC-R), 8: epicardium 

(EPI1), 9: EPI2, 10: left pulmonary cusp (LC), 11: right pulmonary cusp (RC), 12: right free wall (RFW), 

13: septal wall (septal1), 14: septal2, 15: supra-pulmonary (SP1), 16: SP2. Each simulated pseudo-ECG 

signal is colored distinctly, matching the mesh nodes colors.  
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The differentiation of LVOT and RVOT origins is crucial to decide the correct approach 

for the RFA procedure. To this end, the OTVA simulations of ventricle depolarization of 

Patient 1 are grouped into either LV-SOO or RV-SOO signals. As exemplified in Figure 

12, LVOT and RVOT tachycardias follow distinct dynamics. Blue colored LV-SOO 

signals are characterized by an earlier precordial transition compared with the RV-SOO 

signals (in lead V3 only red R-waves remain negative). LVOT is also featured by small 

R-waves in lead V1 (red colored R-waves are taller than the blue ones) and a RBBB 

morphology in inferior axis (upwardly deflected QRS complex in lead V1). Finally, RV-

SOO signals tend to be more negative in lead aVL and have a more predominant R-wave 

in lead III than II, and a downwardly deflected QRS complex in lead V1 (LBBB).  

 

 

 

 

 

 

 

 

 

 

 

Figure 12: Simulated 12-lead pseudo-ECGs where each signal is grouped into LV-SOO or RV-SOO, 

colored in blue and red, respectively.   

3.2 Correlation of the simulated pseudo-ECGs with clinical literature 
In this section, the QRS morphologies of the simulated pseudo-ECGs of Patient 1 were 

compared with published clinical findings3,4,5,14 using Figure 13 to this end, where each 

ECG feature is colored differently depending on the correspondent SOO.  
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LCC (dark blue): R-wave begins to be positive in lead V2, depicting an early precordial 

transition. Also, high R-waves are noticed in leads V1 and V4, although in Patient 1 it is 

more emphasized in lead V1.  

LCCRCC (light blue): a slight notch on the downward deflection in lead V1, a 

predominant R-wave in lead I, characteristic that might be similar in the LCC origin, and 

a precordial transition in lead V2. 

RCC (cyan): similar ECG morphologies can be seen with a septal RVOT origin, showing 

a LBBB pattern in lead V1, small R-waves in lead V1 and a precordial transition in V2.  

AMC (black): deep S-waves in lead I and a high R-wave amplitude in lead V1.  

EPI (dark green): RBBB pattern in lead V1, slightly greater R-wave amplitude in lead III 

than II, and a less positive R-wave in lead V2 than in leads V1 and V3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Simulated 12-lead (files) pseudo-ECGs represented separately for the 16 selected SOO 

(columns). Different colored circles illustrate distinct ECG features mentioned in the current section.   
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LC (light green): negative lead I and a greater Q-wave amplitude in lead aVL than aVR.  

RC (red): tall R-wave in lead I, notching in inferior leads (aVF, II and III) and a slightly 

greater Q-wave amplitude in lead aVR than aVL.  

RFW (brown): late precordial R-wave transition (in lead V4) and wide QRS complexes 

(noticed in lead aVL), with a R-wave notching in ≥ 2 inferior leads (in this case, in leads 

V6 and III). 

Septal wall (purple): tall and narrow R-waves in inferior leads (especially in leads aVF 

and II), an earlier precordial transition (>V4) than the RFW origin, and a negative QRS 

complex in aVL.  

SP (magenta): a rS (small positive R-wave followed by a tall negative S-wave) pattern in 

lead I, and large R-waves in inferior leads (especially in leads II and III).  

3.3 Correlation coefficient analysis 
To evaluate the performance of the developed pipeline for the prediction of the SOO of 

OTVAs, the correlation coefficient (!) was computed in two biventricular models from 

patients who suffered from either arrhythmia originated from the RV (RV-SOO) or the 

LV (LV-SOO). The average and standard deviation of ! was independently calculated 

between the simulated pseudo-ECGs associated with a LVOT and RVOT origin, and the 

real recorded ECG of each patient. Additionally, the LV/RV ratio was measured to predict 

the ventricular origin, being > 1 for LVOT arrhythmias and < 1 for RVOT tachycardias. 

As shown in Table 1, the predicted and clinically found SOO match in each of the two 

processed cases.  

Table 1: Average ±	standard deviation of the correlation coefficient (!) obtained from independently 

comparing the LV-SOO and RV-SOO simulated pseudo-ECGs with the real recorded ECGs. Also, the 

LV/RV ratio is predicted for each patient (P). LV-SOO and RV-SOO indicate left and right ventricular 

sites of origin, respectively. For each patient, the highest values of ! and the LV/RV ratio are marked in 

bold, indicating the SOO that best correlates with the real recorded patient-specific ECG (whose origin is 

showed at the top of each column). 

Predicted / Clinically found P1 (RV-SOO) P2 (LCC; LV-SOO) 

LV-SOO ! metric 0.505 ± 		0.034 ,. -./ ± 	,. ,01 

RV-SOO ! metric ,. 1-0 ± ,. ,23 0.595 ± 0.042 

LV / RV ratio ,. 062 2. 2/, 
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To differentiate in which part of the LVOT or RVOT an arrhythmia originates, the 

maximum 12-lead !#$$  metric was computed for the two previously analyzed patients, as 

shown in Table 2. The 12-lead !#$$  metric shows the average of the computed coefficient 

in the 12 leads for each of the 16 selected SOOs. The highest obtained 12-lead !#$$  value 

illustrates the predicted origin for each simulated case, since it represents which is the 

simulated pseudo-ECG that has more similarities to the real recorded ECG. Patient 1 and 

2 suffered from an OTVA originated from the RV and from the LCC of the LVOT, 

respectively. In fact, in this study specific regions of the RV, such as the LC, RC and 

septal wall, were simulated separately. Therefore, a predicted origin from one of the three 

aforementioned SOOs should be considered as correctly classified.  

 

Table 2: Maximum 12-lead correlation coefficient (!#$$) values computed for each patient (P) and for 

each of the 16 selected SOOs, compared to the real recorded ECGs. Highest !#$$	 values for each patient 

are marked in bold, depicting the predicted SOO. 

 

As illustrated in Table 2, the modelling pipeline correctly predicted the clinically found 

SOO in each patient, since Patient 1 was classified into a septal origin and Patient 2 into 

a LCC origin. Moreover, it can be noticed that the SOOs located around the predicted one 

have the subsequent highest values, which makes emphasize to the region in which the 

arrhythmia is originated, either the RVOT or LVOT.  

3.4 Single lead evaluation with k-NN algorithm   
The k-NN algorithm was implemented to assess how well an unlabeled pseudo-ECG is 

classified depending on where the reproduced arrhythmia arises. The accuracy obtained 

independently for each pseudo-ECG lead and for all pseudo-ECG leads combined, is 

shown in Table 3. Only classification using simulated pseudo-ECGs as training data was 
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carried out in the current work. Some variability was introduced by reproducing 

arrhythmias from different heart geometries and SOOs. Additionally, since small changes 

in electrode placement in clinical practice can affect the QRS morphology and alter the 

predictability for the location of the SOO4, distinct lead placements on the torso were 

considered by computing the potential in distinct coordinates with respect to the torso 

model.  

 
Table 3: Obtained accuracy for the simulated pseudo-ECGs classification, analyzing each lead 

separately and all leads combined. 

 

An accuracy around 0.7-0.85 was obtained in all leads, meaning that by looking at a single 

pseudo-ECG lead, the algorithm will correctly classify the SOO in approximately 70%-

85% of the cases. Results point out that the leads that more accurately predict the SOO 

are V2, aVR and I and III. Moreover, by comparing the accuracy obtained when looking 

at each lead separately or at all leads together, results show that the more leads considered, 

the better classification of a pseudo-ECG into their correspondent SOO is acquired in 

average.  

 

4 PIPELINE ADAPTATION FOR CLINICAL TRAINING 
To bring engineering tools closer to medical students and upgrade the use of technological 

abilities in clinical practice, a course on modelling and HPC was designed within the 

context of the H2020-funded CompBioMed Centre of Excellence 

(http://www.compbiomed.eu). An elective subject will be created in the academic year 

2021-2022 and medical students from the 2nd semester in Year 2 to 5 will benefit from 

the proposed course. However, medical students from Year 6 could also take the course 

if interested given their position to inform clinical decision making.   

 

The computational pipeline developed in the current work, from heart CT images to 12-

lead pseudo-ECGs, has been adapted so that non-expert users are able to manipulate it. 

Medical students of the educational program would use Open-Source softwares to 

 
V1 V2 V3 V4 V5 V6 aVR aVL aVF I II III 

All-

leads 

k-NN 0.76 0.81 0.76 0.70 0.71 0.79 0.85 0.81 0.81 0.82 0.81 0.83 0.8 
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segment the heart ventricles from heart CT images to then build computational meshes. 

Afterwards, with the use of a simple setup they could stimulate different ectopic foci, run 

the simulations in Alya software and visualize the simulated pseudo-ECGs. The 

developed program aims to provide a training flow to introduce the use of data science, 

machine learning and HPC-based biomedical modelling to support new clinical practices 

and inform medical decisions. 

 

Interested students should obtained previously basic knowledge of the main anatomical 

structures of the heart and about the interpretation of ECGs. The interactive simulation 

program ECGSIM (https://ecgsim.org) is a helpful tool to understand the relation between 

heart activity and ECG signals so students could take advantage of it for learning 

purposes. The course will be divided into eight computational workshops and technical 

experts supported by postgraduate demonstrators should be present in each session. A 

scientific paper containing the developed pipeline and its outcomes will be assessed as 

evaluation method. Access to the Alya simulation code for HPC mechanics should be 

provided to the students, together with the needed materials for the educational program 

(MATLAB scripts and their required functions) and computers with the following 

software’s installed or with the necessary compatibility to install them: 3DSlicer, Blender, 

Paraview, MATLAB, Elmer and Cyberduck / Filezilla (Mac Os or Windows / Linux). 

 

A detailed explanation of the computational pipeline can be found in Appendix B, which 

has been validated with a senior neurologist and a 5th year medical student to identify and 

to make more emphasis to the most challenging steps for them, which were those 

involving MATLAB scripts. Videos that graphically explain the computational pipeline 

will also be available as guidance for the students. The process of creating computational 

meshes out of heart CT images is laborious but should not present difficulties if using the 

developed guidance. Additionally, several steps of the process were automatized so that 

medical students can benefit from a smoothed and straight-forward workflow: one 

MATLAB script was designed to create the input files that the Alya simulation code 

requires, and another script was done to generate the 12-lead pseudo-ECGs from the 

electric potential Alya output. Finally, a student from University College London, with a 

medical background has offered to test the guidance before starting the elective course.  
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5 DISCUSSION 
5.1  Simulations results  

The present work describes an easy to use pipeline to obtain simulated pseudo-ECGs from 

heart CT images of patients with OTVA and facilitates the management of computational 

models and electrophysiological simulations using HPC by non-expert engineers. These 

simulated pseudo-ECGs are used as virtual population and may serve to initiate a large 

dataset that, exploited by ML techniques, will have the potential to assist in clinical 

decision-making for predicting the SOO of OTVAs for pre-operative planning of RFA.  

 

Predicting accurately the anatomical location where an OTVA arises is essential to 

correctly plan RFA treatment and thus, reduce the probability of arrhythmia recurrence. 

Electrophysiologists locate the origin of these arrhythmias by interpreting suggestive 

features from a 12-lead ECG with the use of EAMs or pace-mapping, and this procedure 

is highly dependent on the clinician’s expertise. Most available reported studies discuss 

the common morphological ECG features that help identify the SOO of OTVAs based on 

clinical findings and developed algorithms30,48,49, EAMs26, and pace-mapping16. 

Nonetheless, most of them are based on a limited number of patients and they lack 

generalizability. Hence, larger databases are needed to uncover a broader range of patients 

with assorted arrhythmic conditions. Until now, electrophysiological simulations have 

been used to noninvasively reveal the origin of ECG features and therefore predict the 

target for catheter ablation. Doste et al.36,50 performed novel multi-scale (cell-to-body 

scale) electrophysiological simulations on patient-specific biventricular geometries to 

generate simulated ECGs. This same approach has been used to develop the current work.  

 

Herein, biventricular models were designed according to clinician’s instructions and 

unlike in previous cardiac models10, the upper regions of the aortic and pulmonary valves 

were also included. The addition of these anatomical structures enables the simulation of 

the OTVAs that arise from above the pulmonary valve and represents the real 3D 

anatomical structure of the heart, where the RVOT is located anteriorly and leftwards to 

LVOT3-5 and the pulmonary valve is placed superiorly with respect to the aortic valve5. 

Moreover, the selection of the 16 SOOs was carried out subsequent to the advice of an 

expert electrophysiologist, Dr. Penela, in order to reproduce the most common origins 

found in daily clinical practice. Due to the COVID-19 pandemic, the computational 
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pipeline developed in the current work was carried out in a laptop computer without a 

graphical processing unit, which could not handle some modeling steps. Therefore, some 

stages of the computational pipeline were adapted in order to perform the cardiac 

modeling using an ordinary laptop computer.  

 

In the current work, simulations were carried out using Alya computational software from 

BSC, whereas in Dr. Doste PhD Thesis10, the Elvira mathematical software was used. 

The most laborious part to go from Elvira to Alya was to correctly compile the required 

modules and to set the input files needed for Alya to run the simulations, such as defining 

the diffusion parameters and the mesh elements size. Simulations were accomplished in 

eleven out of the twelve created computational meshes. One model was finally discarded 

since fiber orientation was not correctly set in some part of the right ventricle and thus, 

the propagation of the depolarization when stimulating an ectopic focus stopped when 

reaching this region.  

 

The simulated ventricle depolarization was used to generate simulated pseudo-ECGs. 

Since pseudo-ECGs approximate the gradient potential calculated in ECGs, no 

framework to simulate body surface potential maps considering the connectivity values 

for other organs located in the torso needs to be taken into consideration. Therefore, 

computing pseudo-ECGs is faster in terms of computational times than obtaining ECGs. 

The simulated pseudo-ECGs developed in the current work provided similar outputs with 

respect to the electric potential dynamics of each SOO, than the simulated ECGs 

presented in Dr. Doste’s PhD10. This similarity is achieved by using a narrow time step 

of 0.1 ms. The quality of the simulated pseudo-ECGs with respect to the real recorded 

ECGs was computed in two patients, showing good performance when correlating the 

predicted and the clinically found SOO. Only 32 out of the 416 performed simulations 

were evaluated but the acquired outcome was satisfactory and these assumptions were 

extrapolated to the other simulation outputs. However, a more precise quality assessment 

should be carried out to confirm such findings in future studies.  

 

A total of 416 simulated pseudo-ECGs were used to train and test the ML algorithm k-

NN. In Dr. Doste’s PhD Thesis10, the k-NN algorithm was also used to classify the 

simulated ECGs depending on their SOO. The obtained accuracy results from both 

studies for the analysis of each ECG lead independently is comparable, ranging from 0.7 
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to 0.85 in the current work, and from 0.74 to 0.9 in Dr. Doste’s PhD Thesis10. However, 

significant differences are found in precordial leads, which are lower in the present project 

with respect to Dr. Doste’s PhD Thesis10 (0.7-0.8 in comparison to 0.85-0.9). In Dr. 

Doste’s PhD Thesis10, the simulated ECGs were classified into 12 distinct SOOs since no 

differentiation was made between the septal wall, RC and LC. However, in the current 

study 16 SOOs were discriminated: the aforementioned differentiation was taken into 

consideration and supra-pulmonary OTVAs were reproduced. Precordial leads, especially 

V2, V3 and V4, are thought to be the most discriminative ECG leads to differentiate 

between SOOs. Thus, the more distinct SOOs are differentiated in a certain heart region, 

the harder it gets to obtain a higher accuracy for these leads.  

 

In order to uncover more diverse QRS morphologies, different lead torso placements were 

included for each case. More training data could be added to the algorithm to improve the 

ML algorithm performance. Moreover, a greater inter-individual variability could be 

introduced by increasing the number of heart geometries since only eleven were 

considered in this study. More advanced classification algorithms, such as self-organizing 

maps or multiple kernel learning, could have been tested to evaluate the performance of 

classifying unlabeled simulated pseudo-ECGs to a certain SOO label. In Dr. Doste’s PhD 

Thesis10, the comparison between the performance of different ML algorithm was carried 

out but no significant differences were shown. Thus, since the k-NN algorithm gave 

reasonable accuracy results in this study, no other ML algorithms were tested. The 

developed computational pipeline may facilitate a wider use of electrophysiological 

simulations with HPC. Therefore, the simulated pseudo-ECGs dataset is expected to 

increase, which could be used for a better training of the k-NN algorithm. 

 

5.2 Pipeline adaptation for clinical training 
Computational models and simulations, combined with ML techniques, are starting to 

have an impact on clinical practice, although professionals with no knowledge about these 

techniques struggle to understand and trust them. Medical practitioners not only are the 

ones that manage this technology in clinical practice but also, they can contribute to 

improve its application since the ultimate goal is to improve patient’s care. Therefore, this 

project aims to teach engineering approaches to future clinicians to start bringing the field 
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of medicine and engineering one step closer, which in fact is one of the main roles of a 

biomedical engineer.  

 

No course on cardiac models for medical students is available to date. To fill this gap, an 

elective subject on cardiac modeling using HPC will be created out of this project for the 

academic year 2021-2022 in the Universitat Pompeu Fabra within the context of the 

H2020-funded CompBioMed Centre of Excellence, and interested medical students of 

Year 2 to 5 will benefit from the proposed course. In fact, it has been proposed that this 

elective subject can be combined between the biomedical engineering and the medical 

degree in order to enhance the partnership between these professionals.  

 

The computational pipeline of Dr. Doste’s PhD Thesis10 was not adapted to work on 

sophisticated HPC given that it was too complicated to manage for non-expert users. The 

current work has adapted this complex workflow to be more automatic and user friendly. 

Therefore, medical students will acquire the ability to simulate pseudo-ECGs out of heart 

CT images, so their tasks will help to enlarge the simulated pseudo-ECGs dataset. 

Additionally, comprehensive and exhaustive guidance has been created to provide 

rigorous medical training, detailing the more challenging steps with visual instructions. 

Future work involves the accurate design of a teaching plan based on the detailed 

explanation of the computational pipeline for non-expert engineers developed in the 

current work.  

 

6 CONCLUSIONS 
In the current work, electrophysiological simulations have been employed to generate 

simulated pseudo-ECGs from biventricular computational meshes created out of heart CT 

images. The novelty that this study offers is that the computational pipeline has been 

adapted to broaden the scope of the people who are able to manage it, reaching non-expert 

users. Clinicians should be trained to use this technology to enable its transition into 

clinical practice and to understand its usefulness to inform medical decisions. Thus, the 

current work will be the basis for a course for medical students on cardiac modelling. 

Furthermore, the simulated pseudo-ECG dataset generated in the present project is 

expected to be enlarged in future studies. Likely, a substantial dataset exploited with ML 

techniques will support clinical decisions to predict the SOO of OTVAs.  
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10 LIST OF ABBREVIATIONS 
AMC – Aorto-mitral continuity  

BSC – Barcelona Supercomputing Center 

CT – Computed tomography 

EAM – Electro-anatomical mapping  

ECG – Electrocardiogram 

HPC – High-performance computing  

K-NN – K-nearest neighbors  

LBBB – Left bundle branch block 

LC – Left pulmonary cusp  

LCC – Left coronary cusp  

LCCRCC – Left coronary cusp – right coronary cusp commissure  

LV – Left ventricle 

LVOT – Left ventricular outflow tract 

ML – Machine learning  

OT – Outflow tract 

OTVA – Outflow tract ventricular arrhythmias 

RBBB – Right bundle branch block 

RBM – Rule-based method  

RC – Right pulmonary cusp  

RCC – Right coronary cusp 

RFA – Radio-frequency ablation 

RFW – Right free wall   

RV – Right ventricle  

RVOT – Right ventricular outflow tract  

SOO – Site of origin 

SP – Supra-pulmonary  

VT – Ventricular tachycardia 
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11 APPENDICES 
11.1 Appendix A: Simulated pseudo-ECGs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14: Twelve-lead simulated signals for the 16 different sites of origin of Patient 1. 
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Figure 15: Twelve-lead simulated signals for the 16 different sites of origin of Patient 2. 
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Figure 16: Twelve-lead simulated signals for the 16 different sites of origin of Patient 3. 
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Figure 17: Twelve-lead simulated signals for the 16 different sites of origin of Patient 4. 
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Figure 18: Twelve-lead simulated signals for the 16 different sites of origin of Patient 5. 
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Figure 19: Twelve-lead simulated signals for the 16 different sites of origin of Patient 6. 
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Figure 20: Twelve-lead simulated signals for the 16 different sites of origin of Patient 7. 
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Figure 21: Twelve-lead simulated signals for the 16 different sites of origin of Patient 8. 
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Figure 22: Twelve-lead simulated signals for the 16 different sites of origin of Patient 9. 
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Figure 23: Twelve-lead simulated signals for the 16 different sites of origin of Patient 10. 
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Figure 24: Twelve-lead simulated signals for the 16 different sites of origin of Patient 11. 
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11.2 Appendix B: Guidelines for the medical course  

Before starting the course, every computer should have:  

- The following softwares installed: 3DSlicer, Blender, Paraview, MATLAB, Elmer 

(only available for Linux or Windows), Cyberduck (Mac OS or Windows) or FileZilla 

(Linux). *if the computer used is MAC OS, check with the professor the steps that need 

to be followed.  

- Access to Alya from BSC to be able to run the simulations 

- The MATLAB and Python scripts and their required functions. *if the computer used 

has a graphical processing unit, use the function autolabel_fnc instead of 

autolabel_fnc_noGPU (change the function name in the script Labelling.m) 

These are the steps that are going to be followed: 

1. Creation the 3D model from a CT image 

2. Post-processing to obtain a better visualization of the 3D model 

3. Designation (labelling) of the different heart structures (such as the cardiac valves or 

the epicardium and endocardium) 

4. Creation of a volumetric mesh 

5. Addition of the myofiber orientation to the 3D model 

6. Creation and modification of the input files required to run simulations 

7. Simulations 

8. Generation of pseudo-ECGs 

 

1. FROM A 2D CT IMAGE TO A 3D MODEL 
1. Open the 3DSlicer software 

2. Click on Load DICOM Data (green arrow in Figure 25) to upload all the CT 

images in DICOM format to 3DSlicer 

3. Once the DICOM Browser is opened, click to Import (red arrow in Figure 25) 

and select the file that directly contains all the DICOM images 

* Normally the DICOM images are contained in the following path: GEO or CT 

/FILESET/9999 (or another large number)/0/0/DICOM files (the last “0” file is the one 

you have to import) 

4. On the DICOM Browser, select the set of images chosen and click on Load (gray 

arrow in Figure 25).  
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Figure 25: How to load (leftwards) and Import (rightwards) DICOM files into the 3D 

Slicer software 

Once you have the images loaded, it is time to create the 3D model.  

5. Go to Segment Editor (red arrow in Figure 26) 

6. Add (marked with a blue arrow in Figure 26) 2 new segments and rename them; 

one for the regions of interest, and another for the background (mentioned as 

Segment_2 in Figure 26).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 26: 3D Slicer Segment Editor tools 
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7. The desired output will be to obtain a biventricular geometry empty inside. 

Therefore, only the ventricular walls up to a few centimeters above the pulmonary 

and aortic valves and including the interventricular septum will be included in the 

model. First, it is essential to identify the different heart structures in the CT image 

(showed in Figure 27).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 27: Identification of the different heart structures in the CT image in each plane 

(axial, coronal and sagittal plane from leftwards to rightwards). Abbreviations: A, 

aorta; AV, aortic valve; LA, left atrium; LV, left ventricle; MPA, main pulmonary 

artery; MV, mitral valve; P, pulmonary valve, RA, right atrium; RV, right ventricle; 

RVOT, right ventricular outflow tract.  

8. Use the Paint Tool (marked with a green circle in Figure 26) to paint all the 

regions of interest. Also, paint the background (all the other anatomical regions 

of the CT images from which you are not interested in). Make sure that you are 

painting the background and the regions of interest with different colors 

(different segments selected). It is recommended to paint in two slides of each 

plane.  

9. Initialize and apply the Grow from Seeds tool (marked with a blue rectangle in 

Figure 26) to extrapolate the painted regions to all the slides of each plane. Then, 

click on Show 3D (marked with a gray rectangle in Figure 26). You might have 

to click on Center the 3D view on the scene (marked with a red rectangle in Figure 

27).  
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10. Further editing with Scissors, Surface cut and smoothing tools (marked with an 

orange rectangle in Figure 26; the surface cut option is below the Fast marching 

one) can be performed to obtain the desired result.  

11. This is what you should have obtained until now: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 28: Desired 3D Slicer output 

 

12. Export the model to .stl format (click on the Segmentations options, marked with 

a yellow rectangle in Figure 26 and choose Export to files). Remember the path 

where it is located because it will be used in the following steps. 

13. Save (marked with a purple rectangle in Figure 26) the model in .nrrd format to 

enable further editing with 3DSlicer.  

 

2. POST-PROCESSING OF THE 3D MODEL 
* Post-processing refers to the usage of different tools in order to edit the model and 

obtain a desired result. In this case, smoothing (to obtain a more homogeneous heart 

structure) and filtering (to obtain a less heavy mesh - a mesh with less elements and nodes 

- so that it is more manageable in further steps) will be applied.  

1. Open Blender software and Import the .stl file (File à Import à Stl) that was 

exported in the 3D Slicer software.  

2. Go to Sculping mode (marked in red in Figure 29) and go to View à Frame All.  
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Figure 29: How to visualize the 3D model in Blender software 

 

3. After selecting the Frame All option, you will see the 3D model in the screen. In 

order to take a closer look on the 3D model, zoom in with the cursor.  

4. Select the smooth tool (yellow circle in Figure 29). You will notice that the 

imported model has some roughness. Therefore, with this tool smooth the desired 

parts of the model.  

5. This is how the final output should look like: 

 

 

 

 

 

 

 

 

 

 

 

Figure 30: Imported 3D model (leftwards) and desired smoothed 3D model 

(rightwards) 

6. Once finished, export the geometry in .ply format (File à Export à .ply) 

7. It is expected that the resulting geometry is too heavy to continue with the process. 

Therefore, filtering must be applied.  

1. Open Paraview software  

2. Open the .ply 3D model saved in Blender software (File à Open) 
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3. Click on Apply (located on the Properties panel, on the bottom left corner of 

the screen) 

4. Use sequential filtering to reduce the number of elements and nodes of the 

geometry.  

1. Filter à Alphabetical à Extract surface à Apply (same button as before) 

* Notice that you must have your geometry selected in the pipeline browser (on the left). 

Each filter has to be applied to the new geometry created from the previous filtering.  

2. Filter à Alphabetical à Tessellate à Apply 

3. Filter à Alphabetical à Extract surface à Apply 

4. Filter à Alphabetical à Decimate à Apply 

5. Filter à Alphabetical à Triangulate à Apply 

5. Save the last geometry, again in .ply format (File à Save data) but with 

another name to differentiate the filtered geometry from the unfiltered one. Do 

NOT close Paraview if you continue right away with the following steps. 

 

3. LABELLING to locate the regions of interest 
1. Open MATLAB 

2. Open the script Labelling.m in MATLAB 

3. Modify some parameters of the script: 

1. Change the path of the RBMfunctions folder and the path where the last 

.ply file was saved 

2. Change the name of the model (the name of the last .ply saved) 

3. Open Paraview software and open the last .ply model saved (remember 

to click on Apply after loading the model). Do not close MATLAB.  

4. Annotate the ID point of the epicardial left ventricular apex and the 

endocardial right ventricular apex. Do not close Paraview.  

1. Go to View à Selection Display Inspector 

2. Click both on Cell Labels and Point Labels and select “ID” 

3. Click on Interactive Select Points On (marked with a red circle in 

Figure 31) 
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Figure 31: ID points of the endocardial right ventricular apex (rightwards) and 

epicardial left ventricular apex (leftwards), showed in yellow.  

5. Go back to the script Labelling.m in MATLAB  

6. Change the last inputs of the autolabel_fnc_noGPU function of 

Labelling.m.  

1. Modify the ID of the epicardial left ventricular apex (5th input value 

of the autolabel_fnc_noGPU function) for the ID nº obtained in 

Paraview  

2. Modify the ID of the endocardial right ventricular apex (last input 

value of the autolabel_fnc_noGPU function) for the ID nº obtained in 

Paraview 

4. Run the script (marked with a red arrow in Figure 32). When the execution 

of the script is finished, a .vtk mesh will be saved in the working folder 

(marked with a blue arrow in Figure 32).  

5. This process might last several minutes until the output is obtained (if the 

software is computing the output it will appear “Busy” on the bottom left 

corner (marked with a green circle in Figure 32). When the word “Busy” 

disappears is when the process is completed.  
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Figure 32: Labelling.m script in MATLAB software 

 

6. Meanwhile, open the 3D Slicer software and click on Load DICOM Data to 

upload all the CT images in DICOM format to 3DSlicer (same procedure as 

in Step 1).  

1. Go to Segment Editor (red arrow in Figure 26) and create and rename a 

new segment for the region where the pulmonary and aortic valves are 

located.  

2. Use the Surface Cut Tool to identify the regions where the valves are 

located. Select the markup point (             ) and select the option Fill inside.  

3. Place the markup points in the regions that delimit the aortic valve (top 

slices of Figure 33) in each slide. Once finished, click on Apply. Do the 

same for the pulmonary valve (bottom slices of Figure 33).  
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Figure 33: How to identify and mark the aortic valve (top images) and pulmonary 

valves (bottom images)  

 

4. Click on Show 3D (marked with a gray rectangle in Figure 26), you might 

have to click on: Center the 3D view on the scene (marked with a red 

rectangle in Figure 27). 

5. Export the model to .stl format (File à Export à.ply).  

7. Open the AddValvelabels.m script in MATLAB software in order to mark 

the regions where the aortic and pulmonary valves are located in the 3D 

model. Notice that your 3D model (output of the Labelling.m script) already 

has two circumferential labels at the beginning of the aorta and pulmonary 

artery representing the cardiac valves. However, they need to be defined more 

precisely. To achieve this:  

8. Modify some parameters of the AddValvelabels.m script:  

1. Change the path of the RBMfunctions folder 

2. Change the name of the model (name of the .vtk mesh obtained after 

running the Labelling.m script) 

3. Open Paraview software and load the .stl segmented valves model and 

the .vtk mesh obtained after running the Labelling.m script (remember to 

click on Apply after loading each model) 
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4. Visualize the 3D model and the segmented valves at the same time (in the 

Pipeline Browser you will see the names of the loaded files, verify that the 

eyes next to them are selected – they look blue when selected).  

5. Having selected the .vtk model in the Pipeline Browser, go to View à 

Selection Display Inspector. Click both on Cell Labels and Point Labels 

and select “ID” and Click on Interactive Select Points On (marked with a 

red circle in Figure 31).  

6. Locate three equidistant ID points of the .vtk model (verify that this 

model is selected in the Pipeline Browser) where the aortic and pulmonary 

valve are located (Figure 34). Another way to look at the ID points is to 

select the three points for one valve with the Interactive Select Points On 

tool and then go to: Edit à Find Data. In the Current Selection panel, the 

selected ID points are listed. Annotate them and then click on Clear 

Selection (marked in purple in Figure 31). Repeat the procedure for the 

other cardiac valve.  

 

 

 

 

 

 

 

 

Figure 34: Three equidistant ID points of the .vtk geometry selected in the region where 

the pulmonary valve is located (the same must be done for the aortic valve).  

 

7. Input these six ID points to the MATLAB script (modify the IdsPV and 

IdsAV parameters) 

8. Run the AddValveslabels.m script (green triangle at the top of the 

MATLAB screen).  

9. Once the process is completed, a new .vtk mesh named labelsValves.vtk 

will be saved in the working directory (written where the blue arrow in 

Figure 32 is located).  
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4. VOLUMETRIC MESH 
* Until now, we have been working with a surface mesh made out of triangular elements. 

In this step, a volumetric mesh made out of tetrahedral elements will be obtained.  

1. Open MATLAB, and open the TetMeshGeneration.m script.  

2. Modify some parameters of the script: 

1. Change the path of the folder where the .ply mesh, saved after having applied 

the filters in Paraview, is located.  

2. Change the path where the TetMeshGeneration.m script is located.  

3. Change the name of the model (name of the .ply saved just after filtering) 

3. Run the script 

4. Once the process is completed, a new .vtk mesh will be saved in the working 

directory (written where the blue arrow in Figure 32 is located).  

5. Ideally, the output mesh should be formed of around 3.000.0000 elements. To 

check how many elements does the mesh contain: 

1. Open the volumetric .vtk mesh in Paraview (remember to click on Apply). 

Go to Information and check the Number of Cells (see Figure 35).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 35: How to check the number of elements of a mesh in Paraview. The mesh does 

not have to contain 3.000.000 elements exactly. It is better to exceed the value than not. 

 

2. If the mesh does not contain enough elements: go back to the script 

TetMeshGeneration.m and reduce the parameter: Elementvol. Run again the 
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script. Go back to Paraview to check the number of elements of the new .vtk 

mesh.  

 

5. MYOFIBER ORIENTATION 
1. In MATLAB, open RBM_2t_noGPU.m  

2. Modify some parameters of the script: 

1. Line 33 or 42: change the path where the Elmer software has been saved 

(if you are using Linux, change the path on line 33 whereas if you are using 

Windows, change the path on line 42). The line numbers are marked in 

grey at the left of the script.  

2. Line 53: Check that Remesh=0 (if Remesh=1, a new volumetric mesh 

will be created) 

3. Lines 54-55: Add the volumetric mesh created in the previous step; 

change the path (line 54) where it is saved in your computer and change 

the name (line 55) of the volumetric mesh created in Step 4.  

4. Line 99: Change the path where the folder RBMfunctions is located in 

your computer 

5. Line 100-101: Add the labelled mesh (the last .vtk created in Step 3); 

change the path where it is saved in your computer and change the name 

of the labelled mesh 

3. Run the script  

4. Once the execution is finished (the word “Busy” on the bottom left corner 

(marked with a green circle in Figure 32) does not appear anymore in the 

MATLAB screen), 4 outputs will be saved in the working directory (written 

where the blue arrow in Figure 32 is located):  

1. Folder named “Elmer”, Labels_mesh.mat and 

Cell_info_volumetricmesh.m: it contains the results from the Elmer 

software 

2. Fibers_.vtk: 3D model that includes the orientation of the cardiac fibers.  

5. DO NOT CLOSE MATLAB!!! 
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6. INPUT FILES FOR THE SIMULATIONS 
1. Without closing MATLAB, open the script generateAlyafiles.m. This script 

returns the 14 input files needed to run the simulations. 

1. Line 2: Change the path where the folder named Alya_general_files is 

located. This folder contains 7 of the files needed for Alya are located.  

2. Run the script  

3. Once the execution is finished, a file called Alya will be created. The file 

is created in the current working directory marked with a blue arrow in 

Figure 32).   

2. Modify the input files:  

1. Open Muscle.dom.dat à change the values from NODAL_POINTS, 

ELEMENTS and BOUNDARIES.  

1. NODAL_POINTS: Open the muscle.cell.dat file and replace the last 

ID point (last line of the 1r column) for the value assigned to 

nodal_points in the muscle.dom.dat file.  

2. ELEMENTS: Open the muscle.mat.dat file and replace the last ID 

point (last line of the 1r column) for the value assigned to elements in 

the muscle.dom.dat file. 

3. BOUNDARIES: Open the muscle.fix file and replace the last ID point 

(last line of the 1r column) for the value assigned to boundaries in the 

muscle.dom.dat file. 

2. Change the pseudo-ECG coordinates in the file muscle.exm.dat 

1. Open Paraview 

1. Open the torso_model.vtk in Paraview (remember to click on 

Apply) 

2. Open the electrodes.vtk in Paraview (remember to click on 

Apply) 

3. Open the Fibers_.vtk mesh (output of the Step 5) in Paraview 

(remember to click on Apply) 

2. Apply the Threshold filter to the torso model. Filter à Alphabetical 

à Threshold à Apply.   

3. Change the minimum value (marked in red in Figure 36) to see 

different torso structures. Then click on Apply.  
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Figure 36: Apply Threshold filter to the torso model. Before applying the filter 

(leftwards) and after applying the filter (rightwards).  

 

4. Apply the Transform filter to the torso model. Filter à Alphabetical 

à Transform à Apply.  

1. Visualize at the same time the torso model (torso_model.vtk) and 

the Fibers_.vtk geometry (check that in the Pipeline Browser in 

Paraview the eye is visible in both models).  

2. Manually rotate and translate the heart ventricles of the torso 

model so that they are placed at the same position as the ventricles 

of the Fibers_.vtk geometry. Verify that Transform of the torso 

model is selected in the Pipeline Browser.  

3. Then, change the scale values in X, Y and Z axis to 0.05 / 0.06, 

depending on the geometry used (because the dimensions of the 

mesh are changed when running the simulation. The value that 

needs to be applied will be told by the professor). Click on Apply.  

5. Apply the Transform filter to the electrodes model (electrodes.vtk). 

Filter à Alphabetical à Transform à Apply. 

1. Look at the Translate, Rotation and Scale values in the X, Y and Z 

axis that were set to the Transform Filter for the torso model. Copy 

these values into the Transform Filter parameters for the electrodes 

model. Click on Apply.  

2. To visualize the electrodes, click on the Surface option (green 

rectangle in Figure 36) and choose Point Gaussian. 
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3. Go to View à Selection Display Inspector 

4. Click both on Cell Labels and Point Labels and select “ID” 

5. Click on Hover Points On, located just at the right of the Interactive 

Select Points On tool (marked with a red circle in Figure 31).  

6. Change the pseudo-ECG coordinates (red circle in Figure 37) from 

the coordinates (Coords) of the blue or red circles of the electrodes 

in the file muscle.exm.dat. The first six rows represent the 

precordial leads (V1, V2, V3, V4, V5 and V6), the 7th row is the 

aVR (electrode located at the top left of the screen), the the 8th row 

is the aVL (electrode located at the top right of the screen), and the 

9th row is the aVF (electrode located at the bottom of the screen).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 37: Torso and electrodes model in Paraview (leftwards). One of the Alya input 

files (rightwards).  

 

3. Change the SOO location in the file stim.points.dat 

1. Open the Fibers_.vtk model in Paraview (remember to click on 

Apply). 

2. Right-click on the geometry and select: Color By —> Scalar2  

3. Click on the Select Points with Polygon tool (marked with a red circle 

in Figure 38).  

4. Go to Edit à Find Data. In the Current Selection panel, the selected 

ID points are listed.  
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5. Choose around 20 ID points that correspond to one site of origin of the 

right or left ventricular outflow tract (see Figure 11). 

6. Click on Extract Selection.  

7. In the Properties Pannel of Paraview (located at the bottom left corner 

of the screen), the copied selection is listed. Copy it and change the 

values of first column of the stim.point.dat file for the selected ID 

points (1st column). Do not change the 2nd to 4th column (Figure 38).  

8. Then click on Clear Selection (marked in purple in Figure 31). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 38: Select the site of origin location and change the Alya input file. 

 

7. SIMULATIONS 
1. Sign in to Cyberduck or FileZilla 

1. New connection 

1. At the top choose SFTP (SSH File Transfer Protocol) 

2. Server: nord3.bsc.es 

3. Write the user and password 

4. Connect 
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2. Go to the folder where your simulations will be run 

3. Upload the 14 input files to Cyberduck or FileZilla, copy them or just drag 

them there.  

4. Modify the srun_nord3.sh file (change the path where you have uploaded the 

input files, marked with a red arrow in Figure 39).  

 

 

 

 

 

 

 

 

Figure 39: Alya’s executable file: srun_nord3.sh. The path pointed with a red arrow 

needs to be changed.  

 

2. Open Terminal  

1. Write ssh user@nord3.bsc.es to enter to the BSC account 

2. Write the password  

3. Go to the path where you have uploaded the input files. Example: cd 

nuria/alya/Executables/unix 

4. Type bsub < srun_nord3.sh to start executing the simulations (the output of 

the simulations will be saved in the path modified in the srun_nord3.sh file).   

5. You can see if your simulation has started by typing bsc_jobs in the Terminal. 

 

8. PSEUDO-ECG GENERATION 
1. Download the .vin file from Cyberduck / FileZilla into a folder from your 

computer.  

2. Open the script pseudo_ecg.m in MATLAB 

1. Choose the directory where the pseudo-ECGs will be saved (change the 

variable plot_path) 
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2. Load the .vin files of interest (load as many as you want). Type the path 

of each .vin file. The first one will be saved as: path{1}, the second one as 

path{2}, etc.  

3. Type the SOO name (check the abbreviations for the SOO) into the 

variable SOO. Attention: The order of the SOO needs to be the same as 

the loaded .vin files.  

1. Example: SOO = {‘AMCL’,’LC’,’RC’,’SP2’}. This means that the 

path{1} is the directory where the .vin file correspondent to the AMCL 

SOO is saved, and the path{2} is where the .vin of the LC SOO is 

saved, etc.  

2. Abbreviations for the SOO: AMCL, left aorto-mitral continuity; 

AMCR, right aorto-mitral continuity; EPI1, epicardium point 1; EPI2, 

epicardium point 2; LC, left pulmonary cusp; LCC1, left coronary cusp 

1; LCC2, left coronary cusp 2; LCCRCC, right coronary cusp - left 

coronary cusp commissure; RC, right pulmonary cusp; RCC1, right 

coronary cusp 1; RCC2, right coronary cusp 2; RFW, right free wall; 

SEPTAL1, septal wall 1; SEPTAL2, septal wall 2; SP1, supra-

pulmonary 1; SP2, supra-pulmonary 2.  

3. Run the script pseudo_ecg.m 

4. The obtained plot (named pseudo-ECG.fig) will be saved in the directory  

plot_path.


