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Cardiac arrhythmias are disturbances of the electrical conduction pattern in the heart with severe clinical implications. The
damage of existing cells or the transplantation of foreign cells may disturb functional conduction pathways and may increase
the risk of arrhythmias. Although these conduction disturbances are easily accessible with the human eye, there is no
algorithmic method to extract quantitative features that quickly portray the conduction pattern. Here, we show that co-
occurrence analysis, a well-established method for feature recognition in texture analysis, provides insightful quantitative
information about the uniformity and the homogeneity of an excitation wave. As a first proof-of-principle, we illustrate the
potential of co-occurrence analysis by means of conduction patterns of cardiomyocyte–fibroblast co-cultures, generated
both in vitro and in silico. To characterise signal propagation in vitro, we perform a conduction analysis of co-cultured
murine HL-1 cardiomyocytes and murine 3T3 fibroblasts using microelectrode arrays. To characterise signal propagation in
silico, we establish a conduction analysis of co-cultured electrically active, conductive cardiomyocytes and non-conductive
fibroblasts using the finite element method. Our results demonstrate that co-occurrence analysis is a powerful tool to create
purity–conduction relationships and to quickly quantify conduction patterns in terms of co-occurrence energy and contrast.
We anticipate this first preliminary study to be a starting point for more sophisticated analyses of different co-culture
systems. In particular, in view of stem cell therapies, we expect co-occurrence analysis to provide valuable quantitative
insight into the integration of foreign cells into a functional host system.

Keywords: electrophysiology; microelectrode arrays; finite element method; cardiomyocytes; texture analysis; pattern
recognition

1. Introduction

Cardiac arrhythmias are common heart disorders that can

lead to severe complications, making them a significant

area of research (American Heart Association 2010). In the

healthy heart, rhythmic contraction is initiated by the

generation of an action potential by a group of pacemaker

cells, resulting in the depolarisation of their neighbouring

cells, and, consequently, in the formation of an excitation

wave (Kotikanyadanam et al. 2010). This process provides

the basis for the unimpeded smooth propagation of

depolarisation across the heart (Kleber and Rudy 2004).

Some cardiac conditions such as ischaemia (Janse and van

Capelle 1982; Johnston 2010) or infarction (Tsai et al.

2000) can lead to changes in tissue structure associated

with the formation of non-conductive fibrous tissue (Kohl

et al. 2005). Non-functional regions may vary in size and

shape, but even small areas of damage can lead to severe

disruption of the conduction system and initiate cardiac

arrhythmias (Smith et al. 1991).

An emerging cause of arrhythmias is cell injection

therapy (Chang et al. 2006; Wenk et al. 2011). This

relatively new technique to restore functional tissue within

a damaged heart (Patel et al. 2005) may introduce

complications in conduction since the electrical properties

of the newly added cells may not match those of the

host tissue (Chen et al. 2010; Abilez, Wong et al. 2011).

Heterogeneous cell populations, resulting either from

impure stem cell-derived populations or from diffuse

integration within the host, may further increase the risk of

arrhythmias rather than improve regeneration and repair

(Cao et al. 2006; Abilez, Baugh et al. 2011). For cell

injection therapies to be successful, it is therefore essential

to understand the relationship between tissue homogeneity

and smooth signal propagation (Kehat et al. 2004). We

hypothesise that a minimum volume fraction of elec-

trically active cells must be present to support the

propagation of a uniform, smooth depolarisation wave.

To investigate purity–conduction relationships in

electrically active tissue, various different in vitro models

(Gaudesius et al. 2003; Camelliti et al. 2005) and in silico

models (Krinsky 1978; Zlochiver et al. 2008) have been

proposed to complement in vivo studies in small and large

animals (Janse et al. 1998; Kehat et al. 2004). In contrast to

in vivo models, in vitro and in silico models allow us to

combine conductive and non-conductive cells under

reproducible, well-controlled conditions (Rook et al.
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1992; Miragoli et al. 2006). They can indicate trends of

conduction patterns and are widely accepted approaches to

characterise the electrophysiology of pure cell populations

and of co-cultures of different cell types (Xie et al. 2009). In

view of stem cell therapies, optical mapping of mixed

cultures of neonatal rat ventricular myocytes and

mesenchymal stem cells has demonstrated the merit of

in vitromodels for studying arrhythmogenesis (Chang et al.

2006). Although this study provides general first insight, it

requires cytotoxic dyes and is therefore unsuitable for long-

term culture. More importantly, the demonstration of pro-

arrhythmic potential presented in this study is not

quantitative. In order to study the arrhythmogenic risk

associated with stem cell transplantation, there is a clear

need for quantitative metrics that assess conduction

patterns in a repeatable, efficient and comparable fashion.

The objective of this study was to establish an easily

reproducible method to generate purity–conduction

relationships for co-culture systems with different volume

fractions. To illustrate the features of this method, we

analyse conduction patterns of cardiomyocyte–fibroblast

co-cultures generated both in vitro and in silico. For the

in vitro conduction analysis, we study co-cultured murine

HL-1 cardiomyocytes and murine 3T3 fibroblasts using

microelectrode arrays (MEAs). For the in silico analysis,

we explore co-cultured electrically active, conductive

cardiomyocytes and non-conductive fibroblasts using the

finite element method (FEM). To quantify conduction

patterns and to compare the results of the in vitro and

in silico analyses, we establish a novel method, the

co-occurrence analysis of local activation times (LATs).

We illustrate how to create co-occurrence matrices for

co-cultures with systematically varying cardiomyocyte-to-

fibroblast ratios. To quickly portray the pattern of a

depolarisation wave, we extract two scalar-valued

quantities from the co-occurrence matrix: co-occurrence

energy and co-occurrence contrast. In a first proof-of-

principle study, we find that both values indicate a

significant disturbance of smooth, uniform conduction at

cardiomyocyte-to-fibroblast ratios of 80:20. At ratios

below the critical threshold of 50:50, we observe a

complete loss of the electrical signal.

2. Methods

2.1 In vitro conduction analysis using MEAs

To characterise the action potential propagation in

cardiomyocyte–fibroblast co-cultures in vitro, we acquire

activation sequences using MEA recordings.

2.1.1 Cell culture

We use murine atrial tumorgenic HL-1 cardiomyocytes as

an electrically active, conductive host system (Claycomb

et al. 1998). We culture HL-1 cardiomyocytes in

Claycomb media (Sigma-Aldrich, St. Louis, MO, USA)

supplemented with 10% fetal bovine serum (FBS,

Hyclone, Logan, UT, USA), 100mM norepinephrine

(Sigma-Aldrich), 100 units/ml penicillin streptomycin

(Invitrogen, Carlsbad, CA, USA) and 4mM L-glutamine

(Invitrogen). The HL-1 cardiomyocytes undergo mitosis

approximately every 18 h. When cultured to confluency,

they are capable of beating spontaneously at a rate of 60–

180 beats per minute. To block conduction pathways, we

use murine 3T3 fibroblasts as a non-conductive cell type.

Our fibroblast media consists of a solution containing 89%

DMEM (Invitrogen), 10% FBS (Hyclone) and 1%

penicillin–streptomycin (Invitrogen). To establish quan-

titative purity–conduction relationships, we create 21

different co-cultures with a cardiomyocyte-to-fibroblast

ratio varying from 100:0 to 0:100 in increments of 5. For

each cardiomyocyte-to-fibroblast ratio, we analyse n ¼ 3

samples. To confirm different cardiomyocytes-to-fibro-

blast ratios and to validate the co-culture method, we

transfect our HL-1 cardiomyocytes with a green

fluorescent protein (GFP) marker through the lentiviral

vector LentiLox PLL3.7 (Rubinson et al. 2003). We plate

the samples on a 35-mm Petri dish adhered to the circuit

board with our MEA using bio-compatible epoxy

(EP42HT, Master Bond; Hackensack, NJ, USA).

2.1.2 Microelectrode array

To record electrical signal propagation, we utilise 36

microelectrodes arrayed in a 6 £ 6 square on a glass

substrate (Whittington et al. 2005). Our microelectrodes

are 22mm in diameter and spaced 100mm apart, covering

a total area of 500 £ 500mm2 as shown in Figure 1(A)

and (B). This set-up is capable to monitor the electrical

activity of various different cell types in real time over the

course of several days (Whittington and Kovacs 2008). We

acquire MEA data from 32 channels, excluding the four

corner electrodes. Using a custom recording system that

consisted of a 32-channel amplifier with a two-stage gain

of 60 dB, 7Hz first-order high-pass cut-off and 3 kHz

eighth-order low-pass cut-off, we process the signals as

previously reported (Gilchrist et al. 2001). We digitise the

analog signals from the amplifier board with 16-bit

resolution at 10 kbps using a custom-designed visualisa-

tion and extraction tool written in Matlab (The Math-

Works; Natick, MA; Whittington et al. 2006).

2.1.3 In vitro conduction analysis

Since each detection electrode of the array is located at a

known spatial position, we can easily extract conduction

properties within the culture by studying the time delay of

action potentials between the different electrodes.

M.Q. Chen et al.186
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We characterise the propagation speed and the direction of

propagation by recording the electrical signal at all

detection electrodes and by analysing the spatio-temporal

variation of the recordings. As a characteristic metric for

action potential initiation, we introduce the LAT, which

we define as the maximum negative slope of the first

derivative of the recorded signal.

The propagation of the electrical activity is commonly

visualised in two ways, lateral isochrone maps (Lammers

et al. 1990) and velocity vector maps (Chen et al. 2010).

To create a lateral isochrones map, we first normalise

the 6 £ 6LATs by subtracting theminimumactivation time

from each recording. Then, we generate the characteristic

activation plot, i.e. the 41 £ 41 pixel image of conduction,

by performing a cubic spline interpolation between

the LATs. To create a lateral isochrones map, we fit the

values of the activation plot to a colour-coded contour

map. Figure 1(C) displays a representative lateral

isochrones map illustrating the initial depolarisation in the

blue region and the gradual propagation of the depolaris-

ation wave towards the red region.

To create a velocity vector map, we group the

detection electrodes in groups of three. For each electrode

triplet, we calculate the magnitude and the direction of

propagation following a method previously described

(Bayly et al. 1998). Figure 1(D) shows a representative

velocity vector map of the electrical activity within our

co-culture system.

2.2 In silico conduction analysis using FEM

To characterise the action potential propagation in a

cardiomyocyte–fibroblast co-culture in silico, we create a

finite element model of the MEA system described in

Section 2.1.2. In particular, we utilise the classical

FitzHugh–Nagumo equations for electroactive cells

(FitzHugh 1961; Nagumo et al. 1962), enhanced by the

Aliev–Pafilov modifications (Aliev and Panfilov 1996;

Göktepe and Kuhl 2009) for cardiomyocytes.

2.2.1 Mathematical model

Mathematically, we model the excitation of electrically

active cells through the action potential f in terms of the

flux term, div q, and the source term, f f,

_f ¼ div qðfÞ þ f fðf; rÞ: ð1Þ

To characterise the global action potential propagation, we

use a phenomenological model for the flux vector q,

q ¼ D�7f; ð2Þ

where D ¼ d isoIþ d anin^n is a second-order diffusion

tensor. D can be either purely isotropic, with d ani ¼ 0, or

possess anisotropic contributions, with d ani – 0 (Johnston

et al. 2008), along pronounced directions n (Theofilo-

giannakos et al. 2002). Although the in vivo cardiac

conduction is highly anisotropic with faster signal

propagation along the long axis of the cell, it is common

to model randomly oriented in vitro systems like ours as

macroscopically isotropic. To study the anisotropic

conduction in vitro, cells are typically cultured on

micropatterned cover slips with pre-defined orientation

(Rohr et al. 1991), a method that has recently revealed

anisotropy ratios of d ani : d iso ¼ 5:6 (Bursac et al. 2002).

To characterise the local action potential profile, we

introduce the following source term f f:

f f ¼ cf½f2 a�½12 f�2 rf; ð3Þ

which consists of a cubic polynomial in terms of the action

potential, cf½f2 a�½12 f�, and a coupling term

introducing the recovery variable r. Here, we choose the

scaling parameter to c ¼ 8:0 and the oscillation threshold

to a ¼ 0:05. Although it is common to assume a spatial

propagation of the action potential itself, the evolution

equation for the recovery variable is usually assumed to be

Figure 1. MEA analysis of in vitro activation patterns. (A) The
array of microelectrodes is wire-bonded to a circuit board carrier.
A 35-mm Petri dish with an open centre is adhered to the circuit
board using bio-compatible epoxy. (B) A 6 £ 6 array of
microelectrodes is fabricated on a glass substrate for electrical
recording. The electrical propagation pattern can be represented
through lateral isochrone maps or as through velocity vector
maps. (C) The lateral isochrones map is an interpolation of the
time delay between electrodes, which is displayed by varying
shades of colour, overlaid on a representation of the 6 £ 6
electrodes. The depolarisation wave is initiated in the blue region
at an activation time ¼ 0 s, and propagates towards the red
region, activation time ¼ 0.04 s. (D) The velocity vector map is
calculated by grouping the recording electrodes by three, and
solving for the direction and magnitude of the time delay.

Computer Methods in Biomechanics and Biomedical Engineering 187
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strictly local.

_r ¼ f rðf; rÞ: ð4Þ

It is governed solely through the source term f r,

f r ¼ gþ r �gðfÞ
� �

½2r 2 cf½f2 b2 1��; ð5Þ

in terms of parameters g ¼ 0:002 and b ¼ 0:150
and the additional weighting factor gþ r �gðfÞ with

�gðfÞ ¼ m1=½m2 þ f�. This term allows us to phenomen-

ologically tune the restitution curve through parameters

m1 ¼ 0:02 and m2 ¼ 0:03 (Aliev and Panfilov 1996).

2.2.2 Computational model

Computationally, we discretise the coupled spatio-

temporal system of Equations (1) and (4) with finite

differences in time and with finite elements in space

(Göktepe and Kuhl 2010; Wong et al. 2011). We introduce

the action potential f as global degree of freedom at each

finite element node, while we evaluate the recovery

variable r locally on the integration point level (Göktepe

et al. 2010; Kotikanyadanam et al. 2010).

Globally, we transform the nonlinear excitation

problem (1) into its residual format Rf ¼ _f2 divðqÞ2

f f 8 0 in B, which we complement by the corresponding

Dirichlet and Neumann boundary conditions f ¼ �f on

›Bf and q�n ¼ �q on ›Bq. Here, on the entire boundary

›B, we assume homogeneous Neumann boundary

conditions, q�n ¼ 0. We obtain the weak form of the

residual Rf by an integration over the domain B, the

standard intergration by parts and the inclusion of the

Neumann boundary conditions. For the spatial discretisa-

tion, we discretise the domain of interest B with nel finite

elements Be as B ¼ <nel
e¼1 Be and apply the standard

isoparametric concept to interpolate the trial and test

functions f and df.

df ¼
Xnen
i¼1

N idfi; f ¼
Xnen
j¼1

N jfj: ð6Þ

For the linear quadrilaterial, elements used in the sequel,

N, are the standard bi-linear shape functions and i; j ¼
1; :::; nen are the nen ¼ 4 element nodes. For the temporal

discretisation, we partition the time interval of interest T
into nstp subintervals ½tn; tnþ1� as T ¼ <

nstp21

n¼0 ½tn; tnþ1� and

apply a standard backward Euler time integration scheme

in combination with a finite difference approximation of

the first-order time derivative _f.

_f ¼ ½f2 fn�=Dt: ð7Þ

Here and from now on, we omit the index ð+Þnþ1 for the

sake of brevity and use the common abbreviation Dt :¼

t2 tn . 0 for the current time increment. With the

discretisations in space (6) and time (7), we can introduce

the discrete algorithmic residual,

R
f
I ¼ A

ð
N i f2 fn

Dt
þ 7N i�q2 N if f dV 8 0; ð8Þ

where operator A symbolises the assembly of all local

element residuals at the element nodes i to the global

residual at the global nodes I. To solve the discrete system

of nonlinear Equations (8), we apply an incremental

iterative Newton Raphson solution technique. It is based

on the consistent linearisation of the residual K
f
IJ ¼ ›fJ

R
f
I ,

introducing the global iteration matrix,

K
f
IJ ¼ A

ð
Be

N i 1

Dt
N j þ 7N i�D�7N j

2 N idf f fN j dV ; ð9Þ

which defines the update of the global vector of unknowns

fI ˆ fI 2
P

JK
f21
IJ R

f
J at all global nodes I.

Locally, to discretise the recovery variable r in time,

we apply a standard finite difference approximation.

_r ¼ ½r 2 rn�=Dt: ð10Þ

Using an implicit Euler backward scheme, we rephrase the

discrete residual statement of the recovery Equation (4) in

the following form:

Rr ¼ r 2 rn

2 gþ r �g
� �

½2r 2 cf½f2 b2 1��
� �

Dt8 0: ð11Þ

Its consistent linearisation K r ¼ ›rR
r with

K r ¼ 1þ gþ �g½2r þ cf½f2 b2 1��
� �

Dt ð12Þ

defines the iteration scheme for the incremental update of

the recovery variable r ˆ r 2 K r21Rr on the integration

point level. At local equilibrium, we compute the source

term for f f ¼ cf½f2 a�½12 f�2 rf, the global residual

of the excitation problem (8) and its linearisation df f
f ¼

›f f
f þ ›r f

fdfr for the global Newton iteration (9).

2.2.3 In silico conduction analysis

Motivated by the in vitromodel of Section 2.1.3, we create

an in silico finite element model of the co-culture system

of cardiomyocytes and fibroblasts. We represent the

culture system through a 2D flat sheet discretised with

1225 bi-linear finite elements of 20mm £ 20mm each,

covering a total area of 700 £ 700mm2. We model

cardiomyocytes as electrically active and conductive as

described in Sections 2.2.1 and 2.2.2. For the sake of

simplicity, we model fibroblasts as non-conductive,

M.Q. Chen et al.188
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keeping in mind that, in reality, they might be actively

engaged in the conduction system, however, at a much

lower inherent conductivity than cardiomyocytes (Xie et al.

2009). To identify the effect of cell morphology on signal

propagation, we conduct two sets of simulations. For the

first set, labelled as 1:1 aspect ratio, we assume that

cardiacmyocytes and fibroblasts are of equal size. For the

second set, labelled as a 1:2 aspect ratio, we assume that

fibroblasts are twice as long as cardiomyocytes.

To establish quantitative purity–conduction relation-

ships, we create 21 different co-culture models with a

cardiomyocyte-to-fibroblast ratio varying from 100:0 to

0:100 in increments of 5. For each cardiomyocyte-to-

fibroblast ratio, we analyse n ¼ 5 realisations. Similar to a

technique reported in the literature (Zlochiver et al. 2008),

for each realisation, we assign each of the 1225 elements a

randomly selected cell type, either cardiomyocyte or

fibroblast.

To initiate signal propagation throughout the culture

system, we select one random cardiomyocyte within the

culture and stimulate it with an external electrical signal.

In analogy to the in vitro set-up, we record the electrical

signal at 6 £ 6 virtual recording sites spaced 100mm apart,

covering an area of 500 £ 500mm2 located in the centre of

our sample. Similar to the in vitro conduction analysis

described in Section 2.1.3, we then generate the

characteristic activation plot, i.e. the 41 £ 41 pixel image

of conduction, by performing a cubic spline interpolation

between the virtually recorded 6 £ 6 LATs.

2.3 Co-occurence matrix

In Section 2.1.3, we have illustrated how to extract lateral

isochrone maps and velocity vector maps from our MEA

recordings. Although both mappings provide insight into

the qualitative nature of the overall conduction pattern,

neither of them is capable to characterise disturbed

conduction in heterogeneous co-culture systems through

quickly accessible scalar-valued metrics. Here, we suggest

a novel evaluation technique, co-occurrence analysis, to

quantify the uniformity and homogeneity of an electrical

conduction pattern (Haralick 1979). Originally designed

for feature recognition in texture analysis (Julesz 1962),

the co-occurrence analysis can be adapted to post-process

activation plots obtained from MEA recordings or FEM

simulations.

In our case, the underlying activation plot consists of

41 £ 41 discrete values, generated from an interpolation of

the in vitro and in silico recorded 6 £ 6 LATs. By its

definition, the corresponding co-occurrence matrix

Cij ¼
Xn
r¼1

Xm
s¼1

1; if Irs ¼ i and Ir^1;s^1 ¼ j;

0; otherwise

(
ð13Þ

is a correlation matrix, which quantifies how often two

neighbouring entries occur in the n £ m activation plot Irs,

one with a LAT of i, the other one with a LAT of j. For

example, the co-occurrence matrix component Ci¼2;j¼1 ¼

8 indicates that a LAT of i ¼ 2 is found next to a LAT of

j ¼ 1, a total of eight times in the discrete activation plot.

Since the co-occurrence matrix is a transform based on

LATs, its dimension i £ j depends on the number of

different activation times found within the activation plot.

When constructing the co-occurrence matrix, we can

define its sensitivity based on the distance between pairs of

LATs (Haralick 1979). In Equation (13), we have chosen a

distance of^1 to capture all pairs of nearest neighbours as

illustrated in Figure 2. Since LAT pairs do not account for

directionality, the co-occurrence matrix is always square

and always symmetric, Cij ¼ Cji. In addition, the total

number of co-occurrence pairs within activation plots of

the same size is equivalent, here it is always 41 £ 41. We

therefore normalise the co-occurrence matrix by dividing

each entry by the total number of occurrence pairs, here

1681, thus making the co-occurrence matrix a collection of

probabilities of occurrences. Throughout this manuscript,

we use Matlab (The Mathworks, Natick, MA) to calculate

the co-occurrence matrices for the in vitro- and in silico-

generated activation plots from Sections 2.1.3 and 2.2.3,

respectively. The underlying algorithm is illustrated in

Figure 2.

Figure 3 displays representative activation plots and

the corresponding co-occurrence matrices of five charac-

teristic examples: linear gradient, sine wave, criss cross

pattern, spiral wave and random noise, from left to right.

Figure 2. Algorithm to calculate the co-occurrence matrix
based on counting the number of incidents that each LAT occurs
in an activation plot. Within a given activation plot (A), each
entry is paired with its nearest neighbourer (B) and noted (C).
The values within each pair correspond to the coordinates of the
co-occurrence matrix, and the number of occurrences is tallied
(D). Steps (B)–(D) are repeated for each entry in the original
matrix in (A) such that the final co-occurrence matrix is the sum
of all these matrices.
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It is important to remember that the population of the

co-occurrence matrix is not representative of the

geometric excitation pattern itself. Rather, it represents

the local distribution of pixel pairs. Uniform conduction

patterns, e.g. the linear gradient pattern, exhibit an

activation plot that changes steadily as the depolarisation

wave propagates. This level of regularity creates a co-

occurrence matrix with values heavily concentrated along

the diagonal. Non-uniform conduction patterns, e.g. the

spiral wave pattern, exhibit large greyscale differences

between neighbouring nodes, yielding a co-occurrence

matrix with values farther away from the diagonal. The co-

occurrence matrix can further indicate whether the

depolarisation wave is evenly propagated. A dispropor-

tionate number of early activation times results in a cluster

of occurrences in the upper left corner, e.g. for the spiral

wave pattern, whereas a disproportionate number of late

activation times results in a cluster of occurrences in the

lower right corner. The co-occurrence matrix is therefore a

measure of uniformity and homogeneity.

2.4 Co-occurrence energy and contrast

Two characteristic features of the co-occurrence matrix,

co-occurrence energy and co-occurrence contrast, are

capable to quickly portray the status of a depolarisation

wave (Haralick et al. 1973; Zucker and Terzopoulos

1980). The energy of a co-occurrence matrix, which is

sometimes also referred to as the angular second moment,

energy ¼
Xn
i¼1

Xm
j¼1

C2
ij; ð14Þ

is the sum of the squares of each matrix entry, here

evaluated for an n £ m co-occurrence matrix Cij. In our

case, n ¼ m is the number of different activation times

found within the activation plot. The co-occurrence energy

is a measure for the uniformity of the co-occurrence matrix

(Davis et al. 1979). Accordingly, it is lowest when all

entries are equal. Although the energy is a useful metric to

access whether there are many particular occurrences, it

fails to quantify whether values are clustered along the

diagonal or not. The contrast of a co-occurrence matrix,

contrast ¼
Xn
i¼1

Xm
j¼1

½i2 j�2Cij; ð15Þ

is a metric that characterises whether a large proportion of

co-occurrence pairs is located along the diagonal. This is

achieved by assigning a larger weight, ½i2 j�2, to entries

farther away from the diagonal. The co-occurrence

contrast is a measure for the homogeneity of the spatial

distribution of local features (Davis et al. 1979).

Accordingly, larger contrast values indicate a more

heterogeneous conduction.

Table 1 illustrates the co-occurrence energy and

contrast for the characteristic activation plots shown in

Figure 3. The energy is highest for images with sharp

fronts like the spiral wave. It is lowest for uniform images

like the random noise. The contrast is highest for images

with large spatial variations like the random noise. It is

lowest for homogeneous images like the linear gradient. In

the following section, we illustrate the potential of the co-

occurrence matrix and its energy and contrast to quantify

conduction patterns of heterogeneous cardiomyocyte–

fibroblast co-cultures for both the in vitro and the in silico

co-culture models created in Sections 2.1 and 2.2.

3. Results

3.1 In vitro conduction analysis using MEAs

Figure 4 shows a representative set of micrographs for

varying cardiomyocyte-to-fibroblast ratios, here illustrated

for 0:100, 60:40, 70:30, 80:20, 90:10 and 100:0.

Cardiomyocytes and fibroblasts can be clearly distin-

guished by their characteristic morphologies. Although

murine HL-1 cardiomyocytes, dominant towards the lower

Figure 3. Examples of characteristic activation plots (top) and
their co-occurrence matrices (bottom). Activation plots consist of
300 £ 300 pixels and exhibit greyscale intensities from 0 to 255.
Smooth images are characterised through co-occurrence matrices
that are clustered around the diagonal (left). The more the
image is disordered, the farther away from the diagonal
the co-occurrence matrix is populated (right).

Table 1. Examples of characteristic activation plots from
Figure 3 and their corresponding co-occurrence energy and
contrast.

Linear
gradient

Sine
wave

Criss
cross

Spiral
wave

Random
noise

Energy 893.5 2978.1 595.9 134210 8.6
Contrast 0.5 155.5 780.4 240.3 7806.8

Notes: The energy is highest for images with sharp fronts like the spiral wave and
lowest for uniform images like the random noise. The contrast is highest for images
with large spatial variations like the random noise and lowest for homogeneous
images like the linear gradient.
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right corner, take a more spherical shape, murine 3T3

fibroblasts, dominant towards the upper left corner, are

characterised through a spindle-type morphology.

Figure 5 documents the fluorescence expression of co-

cultures of murine HL-1 cardiomyocytes and murine 3T3

fibroblasts, where HL-1 cardiomyocytes are transfectedwith

a GFP marker through a lentiviral vector. Qualitatively,

fluorescent imaging with 450 nm excitation and 515 nm

emission wavelengths reveals decreased GFP expression

with decreasing cardiomyocyte-to-fibroblast ratios, here

illustrated for ratios of 100:0, 90:10, 70:30 and 50:50.

Although the pure population of cardiomyocytes is

confluent, GFP expression is not ubiquitous throughout the

culture of transfected cells. We therefore normalise the

fluorescence intensity with respect to the pure cardiomyo-

cyte population displayed in the upper left corner.

Quantitatively, GFP expression decreases approximately

linearly with decreasing cardiomyocyte-to-fibroblast

ratios, shown in terms of averages and standard deviations

for groups of n ¼ 3, in the bottom graph of Figure 5.

Figure 6 summarises the action potential profiles for co-

cultures of different cardiomyocyte-to-fibroblast ratios for

all 32 electrodes on the MEAs. When decreasing the

cardiomyocyte-to-fibroblast ratio, here shown for 100:0,

80:20, 70:30 and 50:50, the smoothness of the conduction

pattern clearly decreases. While the 100:0 plain cardiomyo-

cyte culture, shown on the left, displays a homogeneous

conduction pattern, the 80:20 and 70:30 co-cultures, shown

in the middle, demonstrate an intermediate behaviour

between smooth conduction and isolated spontaneous

beating. The 50:50 co-culture, shown on the right, displays

spontaneous beating, indicated through isolated signals in

specific channels, with no sign of homogenous conduction.

Figure 7 shows two representative velocity vector

maps and the per cent active area for co-cultures of murine

HL-1 cardiomyocytes and murine 3T3 fibroblasts.

Although pure 100:0 cultures of cardiomyocytes, shown

on the left, support continuous almost unidirectional

propagation throughout the system, heterogeneous 80:20

populations, shown on the right, exhibit a non-smooth

conduction pattern impeded by non-conductive

fibroblasts.

By systematically decreasing the cardiomyocyte-to-

fibroblast ratio in increments of 5, and exploring n ¼ 3

groups for each ratio, we identify the 50:50 ratio to be as

the lowest threshold necessary to ensure signal detection,

as demostrated in the bottom graph of Figure 7. In two out

of three MEAs plated with this ratio, we record action

potentials in only two channels, whereas the third MEA in

the group does not display any action potentials at all.

Recorded beats are asynchronous between the different

channels. This indicates that the 50:50 ratio, although

sufficient for islets of activity of about 1mm2 each, does

not contain enough cardiomyocytes to support continuous

conduction throughout the entire sample.

0:100 60:40 70:30

80:20 90:10 100:0

50 µm

Figure 4. Optical micrographs of in vitro co-cultured murine
HL-1 cardiomyocytes and murine 3T3 fibroblasts. We
systematically increase the cardiomyocyte-to-fibroblast ratio from
0:100 to 100:0 in increments of 5. As the cardiomyocyte-to-
fibroblast ratio increases, here shown for 0:100, 60:40, 70:30,
80:20, 90:10 and 100:0, the co-culture systembecomes increasingly
dominated by circle-shaped cardiomyocytes (bottom right) and less
dominated by spindle-shaped fibroblasts (top left).

Figure 5. Fluorescence expression of in vitro co-cultured
murine HL-1 cardiomyocytes and murine 3T3 fibroblasts, where
HL-1 cardiomyocytes are transfected with GFP through a
lentiviral vector. We systematically decrease the cardiomyocyte-
to-fibroblast ratio from 100:0 to 0:100 in increments of 5.
Qualitatively, GFP expression decreases with decreasing
cardiomyocyte-to-fibroblast ratio, here shown for 100:0, 90:10,
70:30 and 50:50 (top). Quantitatively, GFP expression decreases
approximately linearly with decreasing cardiomyocyte-to-
fibroblast ratios, shown in terms of averages and standard
deviations for groups of n ¼ 3 (bottom).
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Beginning with a 70:30 cardiomyocyte-to-fibroblast

ratio, samples display similar asynchronous patterns of

spontaneous beating between 12 ^ 2 channels. Activation

patterns typically group into two beating patches of

approximately 6mm2 each. One of the 80:20 ratios

demonstrates a small depolarisation wavefront throughout

the heterogeneous population, with one large synchro-

nously beating patch that averages 20 ^ 3 active electro-

des, approximately corresponding to an area of 20mm2.

3.2 In silico conduction analysis using FEM

Figure 8 illustrates the lateral isochrone maps simulated

for cardiomyocyte-to-fibroblast ratios of 100:0, 90:10,

70:30, 50:50, 30:70 and 10:90 using our finite element

model. Similar to the lateral isochrones map in Figure 1(C),

early stage depolarisation is shown in blue, whereas late

depolarisation is shown in red.

When systematically decreasing the cardiomyocyte-

to-fibroblast ratio from 100:0 to 0:100 in increments of 5,

and evaluating n ¼ 5 realisations of statistically random

cell distributions for each set, we observe that continuous

electrical conduction paths do not form below a critical

cardiomyocyte-to-fibroblast threshold of 50:50. The top

row of Figure 8 shows the results for the 1:1 aspect ratio

simulation, for which cardiomyocytes and fibroblasts are

of equal size. The bottom row illustrates the results for

the 1:2 aspect ratio simulation, for which fibroblasts are

Figure 6. Action potential profiles of in vitro co-cultured murine HL-1 cardiomyocytes and murine 3T3 fibroblasts, displayed for all 32
electrodes on the MEA. We systematically decrease the cardiomyocyte-to-fibroblast ratio from 100:0 to 0:100 in increments of 5. The
smoothness of the conduction pattern decreases with decreasing cardiomyocyte-to-fibroblast ratio, here shown for 100:0, 80:20, 70:30 and
50:50. The 100:0 plain cardiomyocyte culture displays a homogeneous conduction pattern (left). The 80:20 and 70:30 co-cultures
demonstrate an intermediate behaviour between smooth conduction and isolated spontaneous beating (middle). The 50:50 co-culture
displays spontaneous beating, indicated through isolated signals in specific channels, with no sign of homogenous conduction (right).

Figure 7. Velocity vector maps (top) and per cent active area
(bottom) of in vitro co-cultured murine HL-1 cardiomyocytes and
murine 3T3 fibroblasts. We systematically decrease the
cardiomyocyte-to-fibroblast ratio from 100:0 to 0:100 in
increments of 5. The active area fraction decreases with
decreasing cardiomyocyte-to-fibroblast ratio, as the electrical
activity becomes less synchronised. Pure 100:0 cultures of
cardiomyocytes (left) support continuous, almost unidirectional,
propagation throughout the homogeneous population.
Heterogeneous 80:20 populations (right) exhibit a non-smooth
conduction pattern impeded by non-conductive fibroblasts. The
active area fraction (bottom) reveals that action potentials can
only be recorded above a critical 50:50 ratio threshold.

M.Q. Chen et al.192

D
ow

nl
oa

de
d 

by
 [

17
1.

65
.6

5.
46

] 
at

 2
1:

13
 1

2 
Fe

br
ua

ry
 2

01
3 



twice as long as cardiomyocytes. The conduction pattern

is slightly smoother for the equal aspect ratio, which is

particularly apparent close to the critical threshold ratio

of 50:50.

3.3 Co-occurence matrix

Figure 9 illustrates representative activation plots, which

indicate the LATs as a depolarisation wave travels from

the white regions to the dark regions.

While pure cultures of cardiomyocytes, shown on the

left, support gradual smooth activation patterns, hetero-

geneous co-cultures, shown in the middle and on the right,

exhibit non-smooth activation patterns, resulting in a more

diffuse signal propagation. The bottom row of Figure 9

documents the corresponding co-occurrence matrices. With

decreasing cardiomyocyte-to-fibroblast ratios, shown from

left to right, the co-occurrence matrices become less

focused along their diagonals and more populated in off-

diagonal entries. This population of the co-occurrence

matrices agrees nicely with the examples of characteristic

co-occurrence matrices documented in Figure 3.

3.4 Co-occurence energy and contrast

Figure 10 displays the co-occurrence energy and contrast

for co-cultures of murine HL-1 cardiomyocytes and

murine 3T3 fibroblasts. For systems with a cardiomyo-

cyte-to-fibroblast ratio of less than 80:20, we observe that

less than half of the electrodes of the MEA record an

electrical signal.

Analyses of samples below this threshold are rather

based on interpolated values than on actual data and are

therefore not included in the co-occurrence analysis.

Accordingly, in Figure 10, we only show results above this

critical threshold of 80:20. We display energy and contrast

values for each co-culture group in terms of averages and

standard deviations for groups of n ¼ 3, normalised to the

Figure 8. Lateral isochrones map of in silico co-cultured electrically active, conductive cardiomyocytes and non-conductive fibroblasts,
simulated with our finite element model. We systematically decrease the cardiomyocyte-to-fibroblast ratio from 100:0 to 0:100 in
increments of 5, here shown for 100:0, 90:10, 70:30, 50:50, 30:70 and 10:90. For the first set of simulations, 1:1 aspect ratio (top row), we
model cardiomyocytes and fibroblasts to be of equal size. For the second set of simulations, 1:2 aspect ratio (bottom row), we model
fibroblasts twice as long as cardiomyocytes. Continuous electrical conduction paths do not form below a critical cardiomyocyte-to-
fibroblast threshold of 50:50. Similar to the lateral isochrones map in Figure 1(C), early stage depolarisation is shown in blue, while late
depolarisation is shown in red.

Figure 9. Isolated activation plots (top) and co-occurrence
matrices (bottom) of in vitro co-cultured murine HL-1
cardiomyocytes and murine 3T3 fibroblasts. We systematically
decrease the cardiomyocyte-to-fibroblast ratio from 100:0 to
0:100 in increments of 5. Representative activation plots display
the LATs as a depolarisation wave travels from the white regions
to the dark regions. Pure 100:0 cardiomyocyte cultures (left)
support gradual, smooth activation patterns indicated through a
single unique propagation front. More heterogeneous 90:10
(middle) and 80:20 (right) populations exhibit non-smooth
activation patterns resulting in a more diffuse signal propagation.
With decreasing cardiomyocyte-to-fibroblast ratios, the co-
occurrence matrices become less focused along their diagonals
and more populated in off-diagonal regions.
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average value of the 100:0 group. Both co-occurrence

energy and contrast increase with decreasing cardiomyo-

cyte-to-fibroblast ratios, indicating a severely disrupted

electrical conduction system. Figure 10 demonstrates an

increase in energy and contrast with a decreasing

cardiomyocyte-to-fibroblast ratio. Since the energy is the

sum of squared values of thewhole co-occurrencematrix, it

increases considerably in the presence of a large number of

a particular pair of LATs. In this case, areas on the array that

do not exhibit electrical activity result in activation plots

with regions that are all the samevalue.Ahigh-energy value

therefore indicates inconsistencies in a co-culture, here

caused by the lack of conduction. The contrast increases

steadily as the cardiomyocyte-to-fibroblast ratio decreases,

but not as drastically as the energy. Quantifying the

deviation from the diagonal of a co-occurrence matrix,

large contrast values indicate increased disruption of

conduction.

Figure 11 illustrates the co-occurrence energy and

contrast extracted from our finite element simulations.

Both co-occurrence energy and contrast increase with

decreasing cardiomyocyte-to-fibroblast ratios, indicating a

severely disrupted electrical conduction system. Simu-

lations based on the square fibroblast model, 1:1 aspect

ratio, do not exhibit a significant change in energy from the

pure cardiomyocyte population down to a cardiomyocyte-

to-fibroblast ratio of 45:55, whereas simulations based on

the rectangular fibroblast model, 1:2 aspect ratio, exhibit

this change at the 75:25 ratio. Significant changes in

contrast begin at the 80:20 ratio for the square fibroblast

model, whereas they already begin at the 95:5 ratio for

rectangular fibroblast model. As the relative number of

fibroblasts increases, the energy begins to increase due to

large patches of non-conductive regions, which lead to

large quantities of similar co-occurrence pairs. With

increasing number of co-occurrence pairs, fewer variations

are observed, which lead to the decrease in contrast. For

square fibroblasts, this decrease takes place at ratios of

40:60; for rectangular fibroblasts, it takes places slightly

earlier, at ratios of 60:40.

4. Discussion

In this study, we establish an easily reproducible method to

generate purity–conduction relationships for co-culture

systems with different volume fractions. To characterise

conduction patterns in vitro, we utilise a custom-designed

MEA platform to analyse conduction in co-cultured

Figure 10. Co-occurrence energy (top) and co-occurrence
contrast (bottom) of in vitro co-cultured murine HL-1
cardiomyocytes and murine 3T3 fibroblasts. We systematically
decrease the cardiomyocyte-to-fibroblast ratio from 100:0 to
0:100 in increments of 5. We exclude results below the critical
cardiomyocyte-to-fibroblast threshold of 80:20, for which less
than half of the microelectrodes record an electrical signal.
Energy and contrast values for each co-culture group are
displayed in terms of averages and standard deviations for groups
of n ¼ 3, normalised to the average value of the 100:0 group. Both
co-occurrence energy and contrast increase with decreasing
cardiomyocyte-to-fibroblast ratios, indicating the gradual
disruption of the electrical conduction system.

Figure 11. Co-occurrence energy (top) and co-occurrence
contrast (bottom) of in silico co-cultured electrically active,
conductive cardiomyocytes and non-conductive fibroblasts,
simulated with our finite element model. We systematically
decrease the cardiomyocyte-to-fibroblast ratio from 100:0 to
0:100 in increments of 5. Energy and contrast values for each co-
culture group are displayed in terms of averages and standard
deviations for groups of n ¼ 5, normalised to the average value of
the 100:0 group. Both co-occurrence energy and contrast increase
with decreasing cardiomyocyte-to-fibroblast ratios, indicating the
gradual disruption of the electrical conduction system.
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murine HL-1 cardiomyocytes and murine 3T3 fibroblasts.

For our 2D culture system, we observe that fibroblast

concentrations .10% severely disrupt the electrical

conduction as shown in the bottom graph of Figure 7.

The increase in co-occurrence energy reported in

Figure 10, top, which indicates a loss of uniformity, is in

excellent agreement with this observation. The increase in

co-occurrence contrast reported in Figure 10, bottom,

which indicates a loss of homogeneity, is in general

agreement with these findings; yet the contrast increases

more gradually and almost linearly. The population of the

co-occurrence matrix shown in Figure 9 reveals that

heterogeneous samples exhibit co-occurrence matrices

that are not evenly populated along the diagonal. This

implies that there is an uneven distribution of time delays

between the individual electrodes. This breakdown of

smooth conduction is already visible for cardiomyocyte-

to-fibroblast ratios of 90:10, illustrated in Figure 9, middle,

and in Figure 10. Although local electrical signals can be

recorded at relatively low cardiomyocyte-to-fibroblast

ratios, the global conduction pattern is extremely sensitive

to the presence of small number of fibroblasts. This

observation is in good qualitative agreement with findings

reported in the literature (Miragoli et al. 2006). Since this

study is meant as a first proof-of-principle, we accept the

inherent limitation that we only acquire signals at 6 £ 6

recording sites, from which we interpolate a discrete

41 £ 41 activation plot for the co-occurrence analysis.

However, it remains to be shown, how the purity–

conduction relationships of our 2D model system scale up

to three dimensions (Kohl et al. 2005). We anticipate that

trends will be similar, whereas the critical threshold ratio

to maintain smooth conduction might be lower in the 3D

in vivo setting (Kehat et al. 2004).

To characterise conduction patterns in silico, we use

finite element models of co-cultured electrically active,

conductive cardiomyocytes and non-conductive fibro-

blasts. Although we could potentially record our electrical

signal at a much higher spatial resolution, we mimic the

in vitro analysis and establish 6 £ 6 virtual recording sites,

from which we interpolate the discrete 41 £ 41 activation

plot. Qualitatively, the observed trends of the FEM-based

in silico conduction analysis displayed in Figure 8

correlate well with the MEA-based in vitro conduction

analysis shown in Figure 9. Quantitatively, the first set of

computations, shown in the top row of Figure 8, predicts a

lower critical threshold to maintain smooth conduction

using equal-sized cells. Compared with the critical 80:20

ratio from the in vitro conduction analysis, the first in

silico analysis remains conductive well past the 50:50

ratio. We hypothesise that the equal cell size model is

overly simplistic because it does not capture the

morphological differences between spindle-shaped 3T3

fibroblasts and round HL-1 cardiomyocytes. Accordingly,

we refine the computational model and perform a second

set of simulations now using elongated fibroblasts shown

in the bottom row of Figure 8. With this morphological

refinement, the critical thresholds to maintain conduction

increase to approximately 80:20 as illustrated in Figure 11,

and agree nicely with the in vitro model. Despite these

promising preliminary results, our computational model

has two major limitations. First, we model fibroblasts as

non-conductive, although experimental studies suggest

that fibroblasts might play a more important role in cardiac

electrophysiology than simply acting as passive electrical

insulators (Rook et al. 1992; Gaudesius et al. 2003). To

further elaborate this issue, we are currently analysing the

impact of slightly conducting fibroblasts in analogy to a

recently proposed finite difference-based conductivity

analysis (Zlochiver et al. 2008). Second, for the sake of

simplicity, we have applied a pure mono-domain

formulation for the co-culture system (Göktepe and Kuhl

2009). We have recently developed a bi-domain

formulation for cardiac tissue (Dal et al. 2011), which

we will utilise in the future to better adjust the

computational readouts to the electrical recordings

(Sundnes et al. 2002).

Co-occurrence analysis allows us to quantify and

compare our in vitro and in silico created conduction

patterns. Co-occurrence energy and contrast are known to

quickly monitor uniformity and homogeneity of a texture

(Haralick 1979). Both features display significant

differences between smooth conduction, i.e. in cultures

with 100:0 and 95:5 cardiomyocyte-to-fibroblast ratios,

and disrupted conduction, i.e. in cultures with lower

cardiomyocyte ratios. Co-occurrence analysis has signifi-

cant relevance towards understanding the arrhythmogenic

risk of stem cell transplantation in the heart. This

procedure remains controversial because the mechanisms

behind the electrical integration of transplanted cells into

the host system remain unclear (Kehat et al. 2004). Even

the type of graft cells to transplant is still under

considerable debate. In addition to using cells from a

cardiac linage, there is evidence that cells outside this

lineage, such as mesenchymal stem cells (Marthur and

Martin 2004) or skeletal myoblasts (Menasche et al. 2003),

may support cardiac tissue regeneration. The complexity

of live models has made it difficult to truly understand how

host tissue reacts electrically to transplanted cells.

Therefore, further work is necessary to probe how the

electrical environment affects stem cell integration. Until

electrical integration takes place, transplanted cells may

not play any functional role (Abilez, Baugh et al. 2011).

5. Conclusion

Various cardiac diseases and treatment options change the

local volume fraction of conducting cells. This may alter

existing conduction pathways and may increase the risk of

arrhythmias. Co-culture systems are illustrative model
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systems to systematically investigate the mismatch in

conductivity of different cell types and its impact on

arrhythmogenesis. From MEA recordings, disturbances in

conduction are easily detectible with the human eye;

however, there is no automated method to quantify

conduction patterns algorithmically in terms of easily

accessible characteristic metrics. Here, we demonstrate

that co-occurrence analysis, a method that was originally

developed for feature recognition in texture analysis, can

quickly portray the status of an excitation wave, and can

provide insightful information about conduction disturb-

ances. To illustrate the potential of this technique, we

calculate co-occurrence matrices, energy and contrast

using experimentally and computationally created con-

duction patterns of different cardiomyocyte–fibroblast co-

cultures. We show that the population of the co-occurrence

matrix is correlated with the smoothness of signal

propagation. By systematically reducing the cardiomyo-

cyte-to-fibroblast ratio, we demonstrate that co-occurrence

energy is a measure for pattern uniformity, while co-

occurrence contrast is an indicator for pattern homogen-

eity. Overall, co-occurrence analysis is an easily

reproducible method to create purity–conduction relation-

ships for co-culture systems with different volume

fractions. In particular, in view of stem cell therapies, we

expect co-occurrence analysis to provide valuable

quantitative insight into the integration of foreign cells

into a functional host system.
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