Multi-Variate Visualization of Cardiac Virtual Tissue
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Abstract

In standard analysis of cardiac models, typically
one variable — usually the trans-membrane potential
— is used in the generation of visualizations. However,
all but the most basic models have many state vari-
ables at each node, information that is not used when
visualizing the output of the model. In this paper, we
present a novel approach to visualizing the entire state
of a 2D cardiac virtual tissue.

1 Introduction

Cardiac arrhythmias associated with heart disease
are an important cause of premature death in the in-
dustrialised world, but the mechanisms that initiate
and sustain the lethal arrhythmias of ventricular fib-
rillation (VF) and ventricular tachycardia (VT) remain
poorly understood. Experimental and clinical studies
of VF mechanisms are limited because it is difficult
to record electrical activity throughout the 3D ven-
tricular wall, and most studies are limited to surface
recordings. Computational models of action potential
propagation in cardiac tissue (cardiac virtual tissues -
CVT) have been used extensively in the last decade to
probe the mechanisms of VF [1]. The current gener-
ation of high performance computers enable simula-
tions of VF in anatomically detailed geometries [2, 3],
and many recent publications combine experimental
and modelling studies [4]. In these detailed simula-
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tions, the results are typically visualized using stan-
dard techniques based on a single model parameter —
the trans-membrane voltage, or action potential — lead-
ing to images such as those shown in Figure 1 (see [5]
for another example.) The action potential propagation
is, in many ways, the heartbeat — and so it is the most
important state variable of the heart model to visual-
ize. However, it is expected that being able to visualize
some or all of the other state variables may provide in-
sight into why the normal action potential propagation
breaks down into the circulating pattern of re-entry.

In cardiac tissue, propagation of the action poten-
tial depends on the state variables that determine the
conductance of ion channels in the cell membrane. Vi-
sualizing these parameters as well as the action poten-
tial itself may give greater insight into normal and ab-
normal patterns of propagation than conventional ap-
proaches. In this paper we use simulations of 2D CVT
as a first step to developing more sophisticated visual-
ization techniques that enable one to examine the en-
tire state of the simulation, not just a single variable.

2 Visualizing Cardiac Virtual Tissue

In the CVTs used throughout this paper, action po-
tential propagation is modelled by a reaction diffusion
partial differential equation [6], where the diffusion
term describes the spread of membrane voltage from
one cell to its neighbours, and the reaction term de-
scribes dynamic behaviour of the voltage difference
across the cell membrane. Several different excitation
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Figure 1. Example visualizations of 2D and
3D cardiac virtual tissues. (a) 2D tissue with
normal propagation (left) and re-entrant prop-
agation with one (middle) and many (right) re-
entrant waves visualized using a colourmap.
(b) 3D slab geometry, with wavefronts visu-
alized as isosurface. (c¢) Colourmap of mem-
brane potential on the heart surface (left) and
isosurfaces (right).

models can be used to describe the reaction term, and
these range from simplified models with 3 or 4 state
variables, to more detailed models with tens of state
variables [7]. The equations are solved across a grid,
and typical grid geometries are a 2D sheet, a 3D slab,
or an anatomically detailed representation of the heart
ventricles.

The visualization challenge can be grasped very
quickly through looking at the outputs of two differ-
ent 2D cardiac virtual tissues. Figure 2 shows a snap-
shot of the state of a 2D CVT in which a re-entrant
wave is rotating. In this model excitability is simulated
with the simplified 4 variable Fenton Karma model [8]
and in this visualization each state variable is visual-
ized separately. Figure 3 shows a similar snapshot of
a propagating plane wave in a CVT where excitabil-
ity is modelled using a modification of the biophys-

ically detailed Luo-Rudy 2 model [9], which has 14
state variables. It is much more difficult to assimilate
the 14 images of Figure 3 into a single mental model
of the state of the simulation than the four images of
Figure 2.
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Figure 2. A snapshot of re-entry in a 2D model
with excitation described by the 4 variable
Fenton Karma model [8]. The four state vari-
ables (a) U, (b) V, (c) W, and (d) D are shown
individually using the hot colourmap where
low brightness corresponds to low values.

The problem of trying to assimilate a number of
data sources is well known; up to 50% of humans ap-
parently cannot fully assimilate even one video stream
due to inattentional blindness [10]. Related to this is
change blindness [11], where a significant change in
a scene (for example, a tall man being replaced by
a short woman) may go undetected if attention is fo-
cused elsewhere at the time of the change. We also
know that attempting to perform more than one focal
task at once leads to performance degradation in those
tasks, as observed in driving [12] and avionics [13].

The multi-variate multi-dimensional data of CVT
must therefore be converted down to a (visually) sim-
pler representation if the entire state of the model is
to be visualized. CVT data exist in two or three spa-
tial dimensions and one temporal dimension, and these
dimensions must be preserved in the resulting visu-
alization. This means the high-variate space must be
converted to an (ideally) uni-variate space. The result-
ing uni-variate four-dimensional data would then be
straightforward to visualize using, for example, ani-
mations of iso-surfaces or volume rendering.

There are, of course, many existing techniques for
visualizing multi-variate data, such as parallel coordi-
nates, iconic representations or ‘glyphs’, and a review
of these and other approaches to the visualization of
complex data can be found in [14]. None of these
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Figure 3. Snapshot of a propagating plane
wave in a 2D model with excitation described
by the biophysically detailed Luo-Rudy 2
model [9]. As with Figure 2, each state
variable is shown individually, except in this
model there are 14 state variables.
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techniques, however, successfully handle data that are
(and need to remain) four dimensional while also be-
ing (highly) multi-variate.

3 Visualizing in Phase Space

The nature of the propagation of action potential
through the heart imposes a structure of sorts, and this
structure becomes apparent, at least with more simple
models, when the data is visualized in phase space. In
the case of a tri-variate model, if the standard visual-
ization at time ¢ is to generate three n by m pixel im-
ages Ui(x,y), Vi(x,y), and Wi(z,y), for0 < x < n
and 0 < y < m, the phase space visualization is a sin-
gle 3D scatter-plot obtained by plotting n x m ‘dots’,
one at each (Uy(z,y), Vi(x,y), Wi(z,y)). Figure 4
shows examples of phase space plots from a Fenton-
Karma 3 variable model.

In Figure 4 the inherent structure is clearly visible

(c) (d)

(e

Figure 4. A phase space plot of the 3 pa-
rameters from a 2D Fenton-Karma 3 variable
model, showing the normal propagation of a
wave of action potential at various intervals.
The insets show the false colour images of
the three variables. (a) rest state — the points
occupy [U =0,V = 1,W = 1], (b) 30 ms af-
ter wave initiation along the left edge of the
medium, (c¢) 90 ms, (d) 150 ms, (e) 210 ms.

as a ‘snake’ traversing a circuit in phase space. While
this ‘snake’ is entirely expected — it occurs as cells de-
polarise then recover — it nevertheless provides an in-
teresting view on wavefront propagation, and should
be present even in higher variate models.

Even more interesting effects can be observed if re-
entry is induced in the model. This was achieved by
changing the cell types of a circular region of tissue in
the centre of the model, so that these cells take longer
to recover after excitation. In this heterogeneous CVT,
the normal propagation breaks down into re-entry un-
der repeated stimulation of the tissue. As Figure 5(b)
and (c) shows, the points that previously followed a
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Figure 5. A phase space plot of the 3 pa-
rameters from a 2D Fenton-Karma 3 variable
model, showing re-entrant behaviour. (a) The
initiation of the second stimulus — the stim-
ulus that causes re-entry. (b) 145ms later,
when re-entry is well established. (c) A plan
view of (b).

nominal circumference have now collapsed to almost
entirely fill the enclosed space.

Even this simple phase space ‘snake’ provides a
novel view of the structure of the model, particularly
when re-entrant behaviour is starting or stopping, and
it is expected to be useful even with higher-variate
models through judicious choice of the subset of vari-
ables plotted. It should be noted that adjacent points in
real space can be joined in phase space, but we found
this cluttered the images without providing any further
insight — an intuitive ‘join-the-dots’ interpretation be-
ing the correct one.

4 Visualizing many Variables

Clearly the phase space is trivial to visualize with
two or three variables, but in the case of the Luo-Rudy-
2 model, with 14 variables, this approach is non-trivial.
One approach is to create multiple phase space plots,
which has the advantage that all the data are shown,
but the disadvantages of still having to focus and vi-
sually combine many data sources. The phase space

plots also have the disadvantage of removing spatial
information from the visualization. Both these disad-
vantages can be addressed by performing some form
of clustering in phase space, and using the resulting
clusters to colour a spatial image.

As a starting point, we used a very simple partition-
ing of the n-dimensional phase space as the clustering
metric, in an analogous fashion to a histogram. The 3D
phase space from the Fenton Karma 3 variable model
was partitioned into 1000 cuboids of equal volume,
with 10 along each axis.

Once partitioned, each point in phase space falls
into exactly one cuboid, and the number of points
within each cuboid can be counted as if it was a his-
togram. However, we know the (z,y) cell that gave
rise to any given point in phase space, and so we can
now give each (z,y) cell a ‘hyper-histogram’ count,
and use this number to generate a false colour image.
Figure 6 pictorially represents the steps involved in
process, with the only refinement being that only those
cuboids containing more than 22 points are shown.
In terms of interpreting the images formed, two cells
of similar colour occupy a similarly dense region of
phase space, although the regions may be quite distinct
in phase space.

An alternative metric is to assign each cuboid an ar-
bitrary ID number, and these IDs be used to generate
an image. In the images thus formed, two cells of the
same colour occupy the same region of phase-space,
and two cells of similar colour should occupy a sim-
ilar region in phase-space. Depending on the assign-
ment of identification, the colour may also indicate the
absolute or relative region of phase space given cells
occupy.

Figures 7 and 8 show examples of images formed
in this way, corresponding to the data presented in
Figures 4 and 5. In Figure 7, the hyper-histogram
counts were used to colour the images. In Figure 8, the
hyper-histogram numbering method was used, with
the cuboid labels ranging from 0 to 1000, strictly in-
creasing along the U, V, and W axis, in that order —
although this naive numbering system over-represents
changes in W and under-represents changes in U.

There are a number of observations to be made on
Figures 7 and 8. Firstly, there is a very clear differ-
ence between the normal plane wave propagation (sub-
plots (a) — (e)) and the abnormal re—entrant behaviour



Figure 6. Forming a ‘hyper-histogram’ im-
age from normal wave propagation through
a 2D medium, modelled with Fenton-Karma 3
variable. In this case the cuboids are false
coloured by the point counts.
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Figure 7. Visualization of Fenton-Karma 3
Variable model based on ‘hyper-histogram’
counts. (a) — (e) correspond to Figure 4(a) —
(e), and (f) and (g) correspond to Figure 5(a)
and (b).

(subplots (f) and (g)). Whereas normal propagation
shows a clear ‘banding’ structure, the subplots of re-
entrant behaviour are chaotic. Secondly, the underly-
ing heterogeneity that causes the re-entrant behaviour
is very clearly visible in subplots (f) and (g), as a dou-
ble concentric ring structure in the centre of the im-
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Figure 8. Visualization of Fenton-Karma 3
Variable model based on ‘hyper-histogram’
ID numbers. (a) — (e) correspond to Fig-
ure 4(a) — (e), and (f) and (g) correspond to
Figure 5(a) and (b).

ages. This heterogeneity is only visible directly in im-
ages formed from the state variable W, and not in the
images formed from action potential, so it is worth not-
ing it is visible in the combined images. Figure 7 also
shows that regions of CVT whose state occupy dense
areas of phase-space (shown with light colours) tend to
be adjacent to those whose state occupy sparse regions
of phase-space (shown with dark colours).

The final observation from Figures 7 and 8 is that
they have a significant shortcoming, in that it is very
difficult to interpret them physiologically. For in-
stance, it is not possible to tell where the wavefronts
of activation are, or similarly at what stage of activa-
tion or recovery any given region of CVT is.

5 Conclusions and Future Work

In this paper we have presented a novel visualiza-
tion technique of Cardiac Virtual Tissue based on a
hyper-histogram of phase space.

The phase space ‘snake’, and subsequent collapse
thereof, itself provides a novel and interesting view of
the model, and hopefully could provide some insight
into the mechanisms behind the initiation and sustain-
ing of re-entrant behaviour. For instance, is there a
cusp at which the collapse of the ‘snake’ becomes in-
evitable? An extension such as colouring each point
in phase space according to its original spatial position
may provide further insight, and initial feedback from
biologists has been positive.



While the ‘hyper-histogram’ techniques do gener-
ate interesting images from an aesthetic point of view,
they would also appear to turn a collection of im-
ages that can be intuitively understood into a image
that can not. On the other hand, the resulting im-
ages do seem to combine some of the structural ‘feel’
of the data — such as the underlying heterogeneity
— even if these can only be interpreted by compar-
ison with the original multi-image plots. The naive
‘hyper-histogram’ approach could almost certainly be
improved with other clustering metrics, but perhaps
a more promising approach would be to move to a
model-based visualization. In this case, an empirical
model would be built that represents a normal propa-
gation, and then it would be possible to calculate how
far from the model any given cell had deviated, and we
are currently investigating this.

In the course of this investigation, it became clear
that an interactive user interface is essential, with users
able to navigate in model time and space. We would
also expect techniques such as ‘snap together’ [16] to
prove useful.

Although the work presented here has only been ap-
plied to CVT, it is interesting to speculate on whether
an approach like this could be used to assess the co-
herence, or lack of coherence, between a collection of
movies.
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