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Abstract

Patients that have suffered a myocardial infarction are
at lifetime high risk for sudden cardiac death (SCD).
The so-called slow conducting channels (SCC) that extend
throughout the infarct scar region are known to help in
the initiation and maintenance of ventricular tachycardias
(VT). However, it is difficult to stratify non-invasively their
arrhythmogeneity based on imaging features from MRI. We
have developed Arrhythmic3D, an automata-based solver
which allows to simulate cardiac activation sequences in
3D models, and takes into account action potential duration (APD) restitution, conduction velocity restitution,
APD memory, electrotonic-effects and source-sink electrical effects (safety factor). We carried out a simulation
study in a patient-specific ventricular model that included
a segmented scar and reproduced the clinical monomorphic VT supported by SCC using both a biophysical and
the automata solvers. Using a mesh of 2.6 Million elements to compare both solvers, a simulation of 1200ms
took 7h in the biophysical solver, versus 76s on Arrhythmic3D, which makes it transferable to clinical environments.

1.

Introduction

Patients who have suffered a myocardial infarction are
at high risk of sudden cardiac death (SCD) [1]. Myocardial
infarction under certain circumstances can lead to cardiac
arrhythmias such as ventricular tachycardias (VTs), which
are commonly associated with the so-called slow conduction channels (SCC). SCCs are tissue paths formed by myocytes that are not part of the scar (CZ, core zone) but cross
through it, being responsible for the initiation and maintenance of VT.
The characterization of substrates based on magnetic
resonance imaging (MRI) is used to delineate the SCCs
and thus plan and guide radio-frequency ablation (RFA)
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procedures in patients suffering from infarct-related VT
[2, 3]. However, it is difficult to stratify and predict
non-invasively arrhythmogenicity from MRI information
alone.
Advanced techniques based on personalized 3D computational modeling and simulation, allow the arrhythmogenic features of infarcted patients to be obtained noninvasively, and provide additional information to plan and
guide RFA ablation procedures [4, 5]. They have been to
predict VTs and the risk of SCD [6–8]. However, the computational cost associated with these studies is very high
(on the order of days using a high-performance computer).
Therefore, several alternatives such as GPU-based simulation [9], use of simplified models [10], such as cellular
automata [11], or machine learning based approaches [12]
have been proposed to overcome those limitations.
In this work we present Arrhythmic3D, an advanced
cellular automaton (CA) that allows simulating cardiac
electrical wave propagation on 3D computational models,
mimicking the behavior of a biophysical model, with a
very low computational cost. It takes into account the dynamic properties of the human myocardium under healthy
and pathological conditions, including action potential duration restitution (APDR), conduction velocity restitution
(CVR), anisotropic propagation, APD memory, and electrotonic and electrical safety effects (safety-factor). Arrhythmic3D has been designed for the clinical application
of assessing the vulnerability to reentry of patients that
have suffered a myocardial infarction. In this study, we
show its capability to generate rotors as well as to reproduce a clinical ventricular tachycardia on a 3D model.

2.

Material and Methods

2.1.

Electrophysiology Modeling of the CA

According to the formal definition of a CA, our cellular automaton is a 3-dimensional CA defined as a 4-tuple
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CA = (L, S, V, Φ) where each cell c ∈ L is defined by:
i) its geometrical location; ii) cell type (endocardial, midmyocardial, epicardial); iii) cell status (healthy tissue, BZ,
CZ); and iv) cell threshold to move from resting to activated state, which is related to the safety-factor modeled
on biophysical models [13]. Other parameters related to
the propagation between cells, such as the fiber orientation
and the tissue conductivity, are encoded on the conduction
velocity (CV). CV is specific at each mesh node (i.e. CA
node) and connection between them. S is the finite set of
all possible cell states where 0: Resting, remains relaxed
and excitable, 1: Activated, with the ability to activate the
neighbors, 2: Refractory, activated but without the ability
to activate neighbors. V is the finite set of cells that define the neighborhood for a cell, where v(c) : c ∈ L is the
Moore Neighborhood with 26 neighbors. And finally Φ
is a transition function applied simultaneously to the cells
that make up the lattice where the applied functions are:
Depolarization (when t = t0 ), Repolarization (when t >
t0 +dt), Resting (when t > t0 +APD).

2.2.

To incorporate the physiological response of myocytes
into the model, we encoded APDR and CVR restitution
curves, which depend on the diastolic interval (DI) after each activation. In particular, we carried out a set
of biophysical simulations on a 3D tissue slab with the
ten Tusscher model [14], differentiating restitution curves
for endocardial, mid-myocardial, and epicardial, both in
healthy and pathological conditions (myocardial border
zone cells).

3.

To validate the CA and the propagation, we built a 50 ×
50 × 0.3 mm 3D slab of tissue, composed of hexahedral
elements with a resolution of 0.3 mm. The fiber orientation
was fixed to the vertical Y-axis.
Next, to evaluate the CA model in a realistic human
geometry, we have used the patient-specific anatomical
model developed in [7]. That model corresponds to a real
subject with a previous large chronic myocardial infarction
located in the posterior wall of the left ventricle (LV), that
had developed ventricular tachycardia (VT) and underwent
a RFA.
Arrhythmic3D includes a preprocessing tool that can
build automatically the computational model from the patient MRI plus a set of surface delimiting the myocardium,
the border zone and the core zone. As a result, the computational mesh is provided and labelled, including the
cell type (endocardial, mid-myocardial, epicardial), the
fiber orientation, and cell status (healthy, border zone, core
zone).

Results

We performed electrophysiology simulations on the 3D
tissue block and on a detailed LV model. We compare
the performance and similarity of the simulations carried
out with the CA and a detailed multi-scale biophysical
model based on the monodomain formulation and the ten
Tusscher ionic cellular model of human ventricular electrophysiology [14].

3.1.
We also included some additional properties, such as
APD memory, which ensures smooth changes in the APD
in response to large cycle gradients (eg, S1-S2 protocols).
Therefore, when the DI is updated between two consecutive activations, the resulting APD is obtained from a
weighted average between the previous APD and the resulting APDR. The weight used in the model is 80% for
the previous APD and 20% for the current one, but can
be adjusted as a function of the model used. Furthermore,
we consider electrotonic coupling effects, especially important in heterogeneous regions where pathological and
healthy cells are in contact, by making a weighted average of the APD of the cells in direct contact. Finally, we
implemented the cell’s safety-factor, which could result in
conduction blocks when there is a large source-sink mismatch. In particular, for a cell to activate it has to receive
a minimum number of tokens (mimicking current) from
neighbouring cells in activated state within a given time
frame. Both, the token threshold and the time frame window are input parameters that would depend on the biophysical reference model.

Geometrical models

Simplified 3D model

To study the ability of the CA to simulate rotors in a slab
of healthy tissue, we performed an S1-S2 stimulation protocol, on the 3D tissue slab with the parameters of endocardial tissue. Figure 1 shows the simulated patterns after
applying five flat S1 stimuli at the bottom of the model with
a basic cycle length (BCL) of 500 ms, followed by a single S2 stimulus with a BCL of 300 ms coupled at the tail
of the action potential (AP). The spiral wave formed immediately, but it required around 3000ms to stabilize the
rotor tip and the CV. Figure 1 shows a full rotor period every 30ms after it stabilized for both the automata (first and
third row) and the biophysical model (second an fourth
row). Since we do not have AP in the automata model,
colors represent the time in ms remaining for a given cells
to reach the resting state (decreases linearly), while in the
case of the biophysical model the colors represent the potential in mV (decreases following the shape of the AP).
Both dynamic parameters. CVR and APDR, must evolve
in parallel in the nodes of both models to obtain the same
results in the models. The inclusion of the APD memory
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Figure 1. Simulation of rotor activity in a slab of tissue of 50 × 50 × 0.3 mm. Consecutive time instants observed every 30 ms, for total simulation time of 240 ms.
First and third rows show reentrant activity in the automata
model color-coded by time in ms from the activation (red
tones), to the resting state (blue tones). Second and fourth
rows show the equivalent simulation from the biophysical
solver, where colors now represent the potential in mV.

and the electrotonic effect of neighboring cells make the
simulations more stable, avoiding sudden changes such as
those generated with the S1-S2 protocol. In this version of
the automata, the APD memory was manually set to permit a smooth evolution of the APD that mimicked the results obtained in the biophysical model, however, it has to
be improved by using APDR surfaces, in which previous
APD and current DI are the input parameters that provide
the new APD that will already include the memory feature.
Finally, we verified the function of the safety-factor, by
including in the 3D slab of tissue a central region of dense
scar and a SCC of one element that crossed through it (not
shown). As a result, the propagation wavefront, entered
the channel, but produced a conduction block at the exit of
the channel. There is parameter that controls the amount
of ”current” that is required to activate neighbouring cells.
In this case, one element at the exit of the channel could
not activate the three element at the exit. More simulations
on the biophysical solver and a variety of scenarios are still
required to fine tune the parameter.

3.2.

Ventricular Model

The ventricular model show a large transmural scar in
the lateral wall of the LV. In Figure 2, top-left, it can be observed in gray color the endocardial surface together with
the portion of the myocardium (colored) that corresponds
to the BZ (healthy tissue and CZ are transparent). In the
bottom-left subfigure, it is labeled the CZ (non-conducting

Figure 2. Simulation time snapshots (ms) in automata and
biophysical model. First row shows the activity in the BZ
region in the CA, while second row show the equivalent in
the biophysical model with all tissue types visible. Episode
of VT obtained after applying a S1-S2 protocol at the location labeled as ’Stm’. Colors correspond either to the
time to resting potential (ms, CA), or potential (mV, biophysical). Conduction block can be observed at 170 ms
after S2. VT is subsequently sustained across the slow conduction channel (SCC). Arrows show the direction of the
wavefront.
scar tissue), and the SCC that maintains the VT.
Using the cellular automata model, we applied a S1S2 protocol to induce VT, following the clinical pacemapping technique that was applied to the patient and had
triggered the VT in the EPLab. We paced the LV from the
epicardial wall (see Figure 2, ’Stm’), with a BCL of 600
ms for 10 cycles. This was followed by a single stimulation with a BCL of 300 ms from the same location. The
last stimulus produced a conduction block at the lower entrance of the SCC made up mostly of BZ tissue (see red
cross mark). Figure 2 shows the simulation at several key
time points, after S2 stimulus, where in the automata (first
row) colors represent the time remaining until reaching the
resting state, of each cell in the model. The VT circuit stabilized after three cycles at a period of 350 ms (see arrow
directions), which matches the clinical observation for the
patient in the ECG (340 ms).
Regarding the computational cost of the proposed CA,
simulations were carried out in the ventricular model of
2.6 million elements in a laptop (Intel i5 dual-core at 2.9
GHz, with DDR3 from 8 GB at 1867 MHz). Two beats
with a BCL of 600 ms required 76 seconds to simulate,
which is a large cost reduction (× 311 faster) compared
to 7 hours, which required simulation of the biophysical
model in a cluster with 64 cores at 2.3 GHz (4 processors
AMD Opteron 6376).
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It is important to point out that the results obtained are
independent of the time step used and the resolution of the
mesh, thanks to the fact that the diffusion in the tissue is
based on a graph and on a list of priority events. Therefore,
although in this work high resolution meshes were used to
be able to compare the results with those of the biophysical
model, the proposed CA model does not require high resolution meshes as in the case of biophysical simulations.
This will further reduce its associated computational cost,
bringing in-silico technologies closer to clinical practice.

4.

[4]

[5]

Conclusions
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We have developed a fast cardiac electrophysiology simulator based on a cellular automaton. Incorporating the
dynamic behavior of cells based on the ten Tusscher biophysical model, although the CA is ready to be used with
any other model or experimental data. The CA model implemented and validated with a clinical case, gives proof
of the feasibility of developing patient-specific 3D computational models, from non-invasive clinical data, intended
for the simulation of cardiac electrophysiology using the
proposed methods. Therefore, it has the potential to become a powerful tool for patient therapy planning in the
near future. This approach will help improve the success rate of radiofrequency ablation procedures targeting
infarct-related VT, which currently remains relatively low,
as it is estimated that up to 50% of patients continue to
suffer VT after the intervention. Therefore, the CA model
developed can help reduce the usual need for successive
interventions, with a quick process and avoiding the difficulty and high computational cost of simulations with biophysical models.
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