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Abstract

Conduction velocity in cardiac tissue is a crucial elec-
trophysiological parameter for arrhythmia vulnerability.
Pathologically reduced conduction velocity facilitates ar-
rhythmogenesis because such conduction velocities de-
crease the wavelength with which re-entry may occur.
Computational studies on CV and how it changes region-
ally in models at spatial scales multiple times larger than
actual cardiac cells exist. However, microscopic con-
duction within cells and between them have been stud-
ied less in simulations. In this work, we study the rela-
tion of microscopic conduction patterns and clinically ob-
servable macroscopic conduction using an extracellular-
membrane-intracellular model which represents cardiac
tissue with these subdomains at subcellular resolution. By
considering cell arrangement and non-uniform gap junc-
tion distribution, it yields anisotropic excitation propaga-
tion. This novel kind of model can for example be used
to understand how discontinuous conduction on the micro-
scopic level affects fractionation of electrograms in healthy
and fibrotic tissue. Along the membrane of a cell, we ob-
served a continuously propagating activation wavefront.
When transitioning from one cell to the neighbouring one,
jumps in local activation times occurred, which led to
lower global conduction velocities than locally within each
cell.

1. Introduction

Being one of the main reasons for sudden cardiac death,
which causes around 700,000 deaths per year in Europe
alone, cardiac arrhythmias remain a major public health is-
sue [1]. An important tissue property affecting arrhythmia
vulnerability is the conduction velocity (CV) of cardiac ex-
citation waves, which can be derived from local activation
times (LATs), defined as the moment at which the excita-
tion wave front reaches a certain point in space. The spa-
tial distribution [2] and effect [3] of these two quantities

have been investigated in homogenised models in which
a model element averages over several hundreds of my-
ocytes. Such models, however, do not directly consider
myocyte size and shape, an inhomogeneous arrangement
of them, connectivity patterns, and microscopic conduc-
tion from cell to cell which has been found to play a role
in arrhythmogenesis [4].
In this study, we investigate the distribution of LAT
and CV values using the novel extracellular-membrane-
intracellular (EMI) model, which explicitly represents
these three domains in the mesh [5, 6]. To do so, we used
a 3D myocyte configuration embedded in a bath for which
excitation propagation is initiated for three different cases
to study purely longitudinal and transversal wave propa-
gation, as well as a combination of them. We then deter-
mined LATs both on the membrane and the intracellular
space and derived local CV, which were both analysed in
terms of difference between the local (subcellular and cell-
to-cell) and global behaviour of the excitation propagation.

2. Methods

We used the EMI model described in [5], which repre-
sents the extracellular medium Ωe, intercalated discs Γg,
the cell-to-extracellular membrane Γm and the intracellu-
lar domain Ωi =

⋃
j Ωj consisting of individual myocyte

domains, Ωj , explicitly in the mesh. Its model equations
read

∇ · (σi∇ϕi) = 0 in Ωi,
∇ · (σe∇ϕe) = 0 in Ωe,

Vm = ϕi − ϕe on Γm,
wg = ϕj − ϕk where j ̸= k on Γg,

CmV̇m + Iion = −nT
i σi∇ϕi = neσe∇ϕe on Γm,

Cmẇg + Ig = −nT
j σi∇ϕj = nkσi∇ϕk on Γg,

(1)

where ϕ denotes the potential in the corresponding do-
main, while Vm describes the membrane voltage between
Ωi and Ωe, and wg between two adjacent cell domains,
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Ωj and Ωk. n denotes the unit outer normal of the re-
spective domain and the conductivities of the intra- and
extracellular domains are σi = 0.3S/m and σe = 2.0S/m,
and the membrane capacitance is Cm = 10−4 F/m2. To
model membrane dynamics, we used the Aliev-Panfilov
model [7] with its ion current given by

Iion(Vm, wg) = gaVm(Vm − a)(Vm − 1) + Vmwg, (2)

and the gating dynamics being governed by

∂wg

∂t
= −1

4
ε(Vm, wg)(wg + gsVm(Vm − a− 1)), (3)

where ε(Vm, wg) = ε0+µ1wg/(Vm+µ2), ga = gs = 8.0,
a = 0.1, ε0 = 0.01, µ1 = 0.07 and µ2 = 0.3. Being
purely phenomenological, the normalised state variables
of the dynamics Vm and wg are restricted to [0,1] a.u. Sim-
ilar to [8], we used a linear (Ohmic) relationship between
the current through the gap junctions and the respective
voltage between the two cells:

Ig =
wg

Rg
, (4)

where Rg = 4.5·10−4
Ωm2. This system was solved using

the Kaskade 7 finite element toolbox [9].
The 3D mesh [10] is shown in Fig. 1. Its dimensions
are 400 µm× 240 µm× 240 µm and it consists of 507648
tetrahedral mesh elements. The intracellular domain, Ωi

comprises nx × ny × nz = 7× 3× 7 = 147 myocytes.

Figure 1: Myocyte arrangement used for the simulations
embedded in Ωe (semi-transparent grey box) and an exem-
plary single myocyte (top) with edges indicated in white.
Note that colours are used to discriminate between individ-
ual myocytes, not varying electrophysiological properties.

The myocytes’ largest extension (i.e. preferential orien-
tation) is along the x-axis, which is thus the direction of
fastest propagation and may be referred to as longitudinal
direction. For transversal direction, we consider the y-axis.
The intercalated discs with the gap junctions are located at
x = 150, 250 µm along the longitudinal axis, such that we
have two planes (y, z) with gap junction properties given
by Eq. 4.

In total, we ran three different simulations with different
initial conditions leading to different excitation dynamics:
a) initial depolarisation of all leftmost myocytes along the
x-axis (causing an almost purely longitudinal propagation
and referred to as the left case), b) depolarisation of all
lowermost cells (purely transversal propagation, bottom
case) and c) depolarisation of one cell in the corner of the
myocyte configuration (longitudinal and transversal prop-
agation, single case).

To quantify the spatial propagation of the excitation
along the cell membrane (quantified via Vm(x, t)) and the
intracellular potential (ϕi(x, t)), where x ∈ R3 denotes
the position, we chose V th

m = 0.5 a.u and ϕth
i = 0.45 a.u.as

thresholds to determine the local activation times (LATs).
Using a projection of these LAT values onto the primary
axis of propagation, i.e. either x or y, we then defined lon-
gitudinal (∥) and transversal (⊥) CVs as:

CV∥(x) =

∣∣∣∣∂LAT(x)
∂x

∣∣∣∣−1

, (5)

CV⊥(x) =

∣∣∣∣∂LAT(x)
∂y

∣∣∣∣−1

. (6)

3. Results

As already mentioned, LATs are obtained with the
thresholds imposed on the time evolution of Vm and ϕi.
An exemplary snapshot of ϕi(x, t) is given in Fig. 2 for a
purely longitudinal propagation. By determining the near-
est neighbour nodes, we compared the LAT values ob-
tained via Vm and ϕi.

Figure 2: Exemplary snapshot of a purely longitudinal
propagation of ϕi(t) initialised by depolarising all leftmost
myocytes.
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In all of the three simulations, the Pearson correlation
was always ρ > 0.999, which is why we here look at both
LAT datasets combined. The projections of these LAT val-
ues onto these axes are given in Fig. 3. For all cases, we
fitted a linear function to a) the data within each “column”
of cells (perpendicular to the propagation direction, green
lines) and b) the complete data set (red line). The upper
left panel shows the projection of LAT values of the cen-
tral and right myocyte columns onto the x-axis (i.e. the
axis of propagation). Both values grow linearly in prop-
agation direction distance with a jump at the intercalated
disc (x = 250 µm). The upper right panel illustrates the
distribution of LAT values along the transversal axis ob-
tained from the “bottom” case. Note that, in contrast to
the fully longitudinal propagation, the separate myocyte
planes overlap, since the cells are intertwined both along
the y and z direction (Fig. 1). Finally, for the depolari-
sation of one cell in the corner, we can project the LATs
onto both the longitudinal and transversal direction, given
in the bottom row of Fig. 3, respectively. While the LATs
in transversal direction show linear increase in propaga-
tion direction, both within the myocyte planes and glob-
ally, the longitudinal data for this initialisation does not
show a clear trend and is broadly distributed.

Figure 3: Spatial distribution of LAT values on the mem-
branes as projections onto the axis of propagation. Green
lines indicate the linear regression of LAT values within
one cell layer (see Fig. 2) and the red line the linear regres-
sion of all LATs along this axis. Dark grey background
indicates intercalated disc regions, which are wider in the
right column due to intertwining of myocytes along the y-
axis. Bottom row: Diagonal excitation starting from a sin-
gle myocyte in the bottom left corner of the mesh.

We now quantify the time delay of the activation propa-
gation when transitioning from one myocyte to the next via

the gap junctions in the intercalated disc. Both the mean
and standard deviation of the LAT delays, ∆LAT, are given
in Tab. 1.

propagation ∆LAT (ms)
fully long. 0.8
fully trans. 1.6 ± 0.9
long. (single) -0.1 ± 0.3
trans. (single) 1.5 ± 0.7

Table 1: Mean and standard deviation of LAT delays on
the membrane during transition from one cell layer to the
neighbouring one.

The local and global CVs defined as the inverse slopes
of the single myocyte column regressions and the inverse
of the global slope, according to Eq. 6, are given in Tab. 2.
Overall, the global CVs are smaller than the locally deter-
mined ones.

propagation loc. CV (m/s) glob. CV (m/s)
fully long. 0.0839 ± 0.0006 0.06
fully trans. 0.06 ± 0.03 0.01
long. (single) 1.7 ± 2.5 1.6
trans. (single) 0.08 ± 0.05 0.01

Table 2: Mean and standard deviation of the single my-
ocyte layer LAT slopes and the global one along propaga-
tion direction xi.

4. Discussion

We have analysed local CV values in the EMI model [5,
6], which explicitly represents intra- and extracellular me-
dia, as well as the membrane separately in the mesh. As
opposed to what would be possible with homogenised
models, such as the frequently used monodomain or bido-
main models [11], this allowed studying the the local be-
haviour of the potential propagation. We have shown that
LATs undergo jumps when the wave transitions from one
myocyte to the next. CVs, calculated by the inverse slope
of the linearly fitted LAT values reveal that the potential
and excitation propagation within a cell is faster than glob-
ally, which in turn can be explained by the time delay in the
order of a few milliseconds caused at each cell-to-cell tran-
sition. This is in accordance with what has been theorised
e.g. in [12] and shown in 2D simulations using the EMI
model [13]. The absolute value of global and local CV is
a result of the choice of model parameters and gap junc-
tion distribution [14]. The setup used here motivated by
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previous work led to CV values one to two orders of mag-
nitude smaller than typically observed in healthy human
tissue [2,15]. There are several limitations to this analysis.
First, the method to calculate CVs used here is not suitable
for the longitudinal propagation in the single cell initial-
isation case due to multimodal LATs, as can be seen in
Fig. 3, and will have to be done node-wise. Furthermore,
we assumed the intracellular medium to be homogeneous
without considering potential conduction anisotropy due,
to e.g., the nucleus or other organelles in the cell. The
findings presented here provide a first insight into electro-
physiological excitation propagation behaviour (CV) on a
microscale quantitatively. If the model parameters are ad-
justed such that physiological CV values are obtained, it
may form a basis for future work analyzing for example the
genesis of intracardiac electrograms in such microstruc-
tural models [16] or extending the setup to pathological
scenarios allowing for mechanistical studies of the role of
microscopic cell arrangement and distribution of, e.g., fi-
brosis.
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