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Abstract

An important assessment in patients with ischaemic heart disease is whether myocardial
contractility may improve after treatment. The prediction of myocardial contractility
improvement is generally performed under physical or pharmalogical stress conditions.
In this chapter, a technique to build a statistical model of healthy myocardial contraction
using independent component analysis is presented. The model is applied for detecting
regions with abnormal contraction in patients both during rest and stress.

This chapter was adapted from:

A. Suinesiaputra, A. E Frangi, H.J. Lamb, J. H. C. Reiber, and B. P. E Lelieveldt. Automatic prediction
of myocardial contractility improvement in stress MRI using shape morphometrics with indepen-
dent component analysis. In G. E. Christensen and M. Sonka, editors, Information Processing in
Medical Imaging, volume 3565 of Lecture Notes in Computer Science, pages 321-332. Springer,
2005.



He deals the cards to find the answer.
The sacred geometry of chance.

The hidden law of probable outcome.
The numbers lead a dance.

Shape of My Heart
STING

SCHAEMIC heart disease is a major heart disease in the western world. Non-invasive
diagnosis of ischaemia has been developed in recent years (see [1] for the survey of
different imaging techniques). Among others, Magnetic Resonance Imaging (MRI)
has attracted many clinicians due to its excellent spatial and temporal resolution,

high-contrast of soft tissue, accurate and reproducible global and regional ventricular
functions, flow and perfusion during rest and pharmacological stress, and the possibility
of using paramagnetic contrast agent to enhance the intensity of myocardial infarction
areas [2, 3].

One crucial assessment in ischaemic heart disease is to determine the presence of
hibernating myocardium. This is a viable but dysfunctional myocardium, which may
improve its function after treatment [1]. The prediction of improvement of myocardial
contraction is only possible during physical or pharmacological stress [4]. Thus, the iden-
tification of dysfunctional myocardium that improves under stress is an important factor
in the treatment of ischaemic heart disease.

Low-dose dobutamine stress MRI can be used to evaluate improvement of myocardial
contraction in ischaemic patients [1, 5]. In this procedure, a low dose of dobutamine is ad-
ministered prior to MR acquisition to produce stress images. Usually, visual comparison
between the rest and stress cine images is performed for visual wall motion scoring. How-
ever, this visual assessment is very difficult and subjective, because differences between
rest and stress motion may be very subtle.

The goal of this work is to develop a method to automatically detect subtle changes in
cardiac contraction between rest and stress. In this chapter, further expansion of previ-
ously described work (see Chapter 4) on modeling the myocardial contraction of healthy
hearts is presented [6]. A statistical contraction model is trained from myocardial contours
in rest condition using Independent Component Analysis (ICA) to construct a set of locally
selective basis functions. Analysis is performed by projecting patient shapes onto this
basis, and in Chapter 4, this model is used to automatically detect and localize abnormal
cardiac contraction in rest. The main improvements of this chapter are twofold:

* The ICA modeling framework is improved by adopting a principled way of selecting
the optimal number of components, and introducing kernel density estimation to
describe the model parameter distributions for normal contraction.

* The rest-stress comparison framework is introduced. By comparing the projection

parameters in rest and stress conditions, one can assess which regions of myocar-
dium show contractility improvement under stress, and therefore may be viable.
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This chapter is organized as follows. Section 5.1 describes the statistical modeling
of normal contraction by using ICA. In Section 5.2, we present the qualitative prediction
results of myocardial viability in stress condition, followed by a discussion in Section 5.3.

5.1 Methodology

ICA is originally used for finding source signals from a mixture of unknown signals without
prior knowledge other than the number of sources [7]. There have been some studies to
use ICA in machine learning for feature extraction [8], face recognition [9] and classifi-
cation [10]. Previously, a statistical model to detect regional abnormalities from infarct
patients using ICA has been reported [6]. The advantage of using ICA over other de-
compositions is the fact that ICA yields locally independent detectors that can be used
to determine regional shape abnormalities, whereas PCA yields global shape variations
that influence the entire shape.
ICA is a linear generative model, where every training shape can be approximated by
a linear combination of its components. Let X = (X1, y1,..., Xm, Ym)| be a shape vector,
consisting of m pairs of (x, y) coordinates of landmark points. The linear generative model
is formulated as follows:
Xx~X+®b . (5.1)

The matrix ® € R?"*P defines the independent components (ICs) and b € R” is the weight
coefficient vector. The mean shape, X, is defined by

1 n
’_‘:Z in ) (5.2)

where n is the number of shapes and p is the number of retained components.
The goal of ICA is to find a matrix, ¥, such that

b=% x-X) (5.3)

with a constraint that columns of W correspond to statistically independent directions.
Thus the independent components are given by ® = ¥~!. The matrix W is estimated by a
suitable optimisation algorithm (see [11] for survey of ICA).

5.1.1 Modeling contraction of healthy myocardium

The observed shapes are taken from LV epi- and endocardial contours from short-axis
MR images. To model the contractility pattern, contours for each subject are combined
serially into one shape vector in the following order: endocardial contour at end-diastole
(ED), epicardial contour at ED, endocardial contour at end-systole (ES) and epicardial
contour at ES.

Prior to shape modeling, Procrustes shape alignment on the four contours at once was
performed as a pre-processing step to eliminate global shape differences in pose and scale
between the samples [12]. Mean shape of the training shapes after the alignment is shown
in Figure 5.1.
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Since the improvement of motion contraction from rest to stress is the main issue,
centerline points, i.e. points in the the middle between epi- and endocardial contours,
were used in ICA. The centerline method has already been used in a rest and stress study
to diagnose coronary artery disease [13]. Figure 5.1(c) shows the centerline points from
the mean shape.

Four examples of independent components from the centerline model are shown in
Figure 5.2. The independent components (ICs) show an interesting and important prop-
erty where shape variations are local. In the diagnosis, these shape variations are used as
detectors to determine local shape abnormalities, i.e. regions with abnormal contraction.

5.1.2 Optimal number of independent components

If the number of source signals in ICA is not known a priori, the number of components
needs to be determined. Many methods have been proposed to estimate this param-
eter, for instance, by using mutual information [14], neural networks [15], a Bayesian
approach [16], and clustering techniques [17]. Though these approaches are different,
the basic idea is to determine which are "weak" and "strong" independent components.
Strong ICs represents reliable components.

For this study, the clustering technique proposed by Himberg et. al. [17]! is adopted.
This approach selects reliable ICs from a number of different realizations of ICs with dif-
ferent initializations. The selection is performed by clustering the resulting ICs. This
approach was selected because of stochastic nature of computing ICs with the FastICA [7],
the most popular and robust ICA algorithm that we used in this study.

After each trial, each IC is represented as a single point in a source space. The reliability
of the estimated ICs can be analyzed by looking at the spread of the obtained ICs. The ICs
form clusters in the source space, and the more compact and isolated the cluster of an
IC, the more reliable is the IC (see Figure 5.3(b)). To measure the reliability of a cluster,

1The implementation is known as the Icasso package [17].

(a) aligned shapes at ED (b) aligned shapes at ES (c) centerline points

FIGURE 5.1: Mean shape of the aligned training shapes.
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FIGURE 5.2: Four examples of independent components from model. Dots are shape varia-
tions, where the maximum is +30 (standard deviation). The inner and outer contours are ES
and ED centerline points, respectively.

an agglomerative hierarchical clustering is performed. A quality index of an IC, I, that
reflects the compactness and isolating of a cluster, is defined as

1

1
1,(Cy) = —— gjj—— gii (5.4)
A Tom i,,ém U ICmIICpl ;m ,;m Y

where C,, and C_,, are the set of indices that belong and do not belong to the m-cluster,
respectively. The o;; is a similarity measurement between i-th and j-th IC using their
mutual correlation coefficient r;, i.e.

oij=1rijl. (5.5)

The value of I; increases when C;,;, becomes more compact and isolated.
Another measurement to indicate reliable ICs in the clustering technique is the R-
index, Ig

I Ly Sm (5.6
R=7 Tex .
Lm:l S%
where
in 1
2= o T dy
ICml* i jeC,n
: 1
SeX — III}I’! d
" '"¢'"|cm||cm,|i;cmj€;m, Y

d;j is a dissimilarity measurement, defined as d;; = 1-0;;. The R-index is basically a ratio
between the within-cluster and between-cluster ratio.

The R-index and the quality index indicate improved clustering in opposite directions.
The optimal value for the number of computed ICs is when I is large and I is small. The
plot of I; and Iy for our study is shown in Figure 5.3(a).
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(a) The quality and the R-index.

(b) Cluster visualization

FIGURE 5.3: I4 and I plot and the visualization of the estimated ICs in the cluster space.
In the right figure, clusters are indicated by convex hull borders. Grey lines connect estimates
whose similarity is larger than a threshold, the darker the line the stronger the similarity. Labels
correspond to independent components. Notice that reliable components are compact and
isolated.

The visualization of IC clusters is shown in Figure 5.3(b). Each estimated IC is rep-
resented as a single point in the cluster space. Reliable ICs form compact and isolated
clusters. In Figure 5.3(b), ICs number 1 until 19 are reliable, whereas the remaining ICs
are not reliable (they are glued together as one cluster number 20). The gray lines in
Figure 5.3(b) denote dependencies at some threshold values between clusters.

5.1.3 Density estimation of coefficient values from the ICA model

In (5.1), the b vector represents the projection of a shape X onto the IC basis ®. The b
vector contains coefficient values for the model that are needed to approximate the shape
X from the IC basis. If the shape of X is similar to the shapes that construct the IC basis,
then the coefficient values are within the distribution of the b vector of the model. On
the contrary, the coefficient values are outside of the distribution. Hence, the detection of
abnormal shapes becomes a problem of estimating the probability density function of the
model coefficient values.

Since the ICA model is built from # training shapes, (5.1) can be simply reformulated
in matrix form as:

X=x-1T+®B . (5.7)

The probability density function is estimated from of each column in matrix B. Figure 5.4
shows the distribution of each coefficient value from the healthy heart contraction for
each IC (column of B), with an example of a projected patient shape.
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0.4
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independent components

FIGURE 5.4: Distribution of coefficient values of healthy heart contraction (crosses) with an
example of coefficient values from the projected shape of a patient (solid lines).

In ICA, components are sought to be statistically independent. This is achieved by
finding the direction of components that maximizes the nongaussianity. The result is an
independent basis which is non-orthogonal. The components have non-gaussian distri-
bution, or at most only one with a gaussian distribution [7]. By statistical independency
assumption, the multivariate density estimation of the matrix B can be simplified into
univariate density estimation. Therefore, the probability density function on each of IC
can be estimated separately.

To estimate the density function, a non-parametric kernel density estimation is ap-
plied on each of the independent component [19]. The kernel density estimation for the
j-th component is defined by

N 1 2 x—B
fito= —hZ ( ”) (5.8)

where B; ; is the coefficient values in the matrix B in (5.7) at j-th independent compo-
nent. The bandwidth / and the kernel function K (u) are the two parameters of the kernel
density estimation method.

Gaussian function is used for the kernel function, i.e.,

K(u) = —— ex (—”—2) (5.9)
BN AR '

Note that the choice of kernel function is not really critical for the kernel density estima-
tion, but rather for the choice of bandwidth [19].

The bandwidth & controls the amount of smoothing. A small difference in setting &
canyield a big difference in the probability function. We applied the Sheather-Jones solve-
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the-plugin method level 2 to estimate the optimal bandwidth [20]. This solve-the-plugin
method solves an unknown functional parameter in the optimal bandwidth equation di-
rectly from the sample distribution.

After estimating the probability density function f] (x) for each IC, the quantification
of abnormalities is straightforward. A probability map of being abnormal for each IC is
defined as

pix)=1-fix) . (5.10)

A threshold value p is defined to determine the abnormality. Coefficient values that fall
below that threshold are considered to be normal.

5.2 Experimental Results

5.2.1 Model construction

An ICA model of healthy myocardial heart contraction was built by selecting epicardial
and endocardial borders at ED and ES phases from 42 healthy volunteers. The mid ven-
tricular level from short-axis MRI was taken from each subject. Contours were drawn
manually by an expert and used 60 landmark points per contour, defined by equi-angular
sampling from the center of the myocardium. To ensure point correspondence between
shapes, a fixed reference point was defined at the intersection between left and right
ventricle.

ICA was performed using FastICA algorithm [7], implemented in Matlab (Matlab v6.5,
The Mathworks, Natick, MA, USA). FastICA uses an optimization algorithm to maximize
the non-Gaussianity of each component’s direction to ensure that components are statis-
tically independent between each other. The nonlinearity objective function used in the
optimization process is g(y) = 3y? (or pow) and with symmetric orthogonalization. The
number of independent components was determined following Himberg’s approach [17],
as has been described in Section 5.1.2. The number of trials was set to 20.

5.2.2 Qualitative prediction results of contractility improvement

To qualitatively evaluate the prediction of myocardial contractility improvement under
stress, MR data of six representative patients with acute myocardial infarction were se-
lected. The threshold value, p, separating abnormal from normal coefficient values, is
empirically defined as 0.8. Figure 5.5 and Figure 5.6 show the visualization of abnormal
regions in rest and stress for the six patients.

The left and middle figures are the quantification of abnormal contraction regions
from the method in rest and stress, respectively. Regions with abnormal contraction are
shown with dark colors inside of the myocardium. The darker the color, the more abnor-
mal the regional motion. Thus regions with contractility improvement are visible by the
decreasing amount of darkness from rest to stress in the corresponding regions.

Each of the abnormal regions has a corresponding abnormal independent compo-
nent that is shown as bar plot at the right figure, given as the probability value of being
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Patient 1

123456 7 8 91011121314151617 18
independent components

I rest
[ stress

123 456 7 8 91011121314151617 18
independent components

est
[ stress

123 456 7 8 91011121314151617 18

independent components

FIGURE 5.5: Qualitative prediction results of myocardial contractility improvement from Pa-
tients 1, 2, and 3. The leftmost and middle figures are quantification of abnormal regions
from rest and stress respectively. ED and ES contours are drawn in solid and dashed lines
respectively, to visualize contraction of the heart. The right most figure shows the abnormal
independent components.

abnormal. Contractility improvement of an IC is shown as a decreasing amount of the
probability value from rest to stress.

Contraction motion is visualized with the ED (solid lines) & ES (dashed lines) contours
that are plotted together. It can be seen from Figure 5.5 and Figure 5.6 that regions with
abnormal contraction motion correspond visually with the dark areas.

Arrows in Figure 5.5 and Figure 5.6 point to some interesting regions in each patient. If
contraction in a region is improved, then the arrow is marked with ‘+’ sign (Patient 3 and
5). Regions with a lot of contractility improvement, where they are detected as normal in
stress, are marked with ‘++’ sign. These are seen at Patient 1, 2, 3, 4 and 6.
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Patient 4
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Patient 6 1
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FIGURE 5.6: Qualitative prediction results of myocardial contractility improvement from Pa-
tients 4, 5, and 6. The leftmost and middle figures are quantification of abnormal regions
from rest and stress respectively. ED and ES contours are drawn in solid and dashed lines
respectively, to visualize contraction of the heart. The right most figure shows the abnormal
independent components.

There is a case where an abnormal region does not improve its contractility in stress
(Patient 4 with ‘0’ sign) or even the contraction is getting worse in stress (Patient 5 with
‘-’ sign). Another interesting case appears in Patient 2, where there is a region that has a
small contraction in rest (see the arrow with ‘D’ sign), an improved contraction in stress,
but abnormal motion in stress. This is detected by the model as an abnormal region.
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5.3 Discussion

This chapter explores the potential of using ICA to model contraction of healthy hearts.
The model is applied for detecting myocardial regions with abnormal contraction, both
in rest and stress. Comparing the detection between rest and stress gives an indication of
areas that may improve after treatment.

In Figure 5.5 and Figure 5.6, six examples of the prediction results using the ICA model
are demonstrated. These examples show that the method is capable to perform compar-
ative morphometrics between rest and stress. Abnormal myocardial regions in rest with
decreasing probability value in stress are identified as viable but dysfunctional myocar-
dium. These are regions that may gain improvement after treatment.

The detected abnormal regions both in rest and stress correspond visually with the
lack of contractility on those regions (see Figure 5.5 and Figure 5.6). The method can also
detect an abnormal motion in stress, even with increased contraction. This is possible,
because the model is statistically trained from normal cardiac contraction, all deviations
from normal contraction or motion are labeled as abnormal.

The current validation is still lack of gold standard data. The gold standard for the
assessment of ischaemic heart disease is post-treatment data when it comes to the ques-
tion whether myocardium improves or not after treatment. A proper validation for an
automated contractility improvement assessment should utilize these data set.

To gain more accurate prediction of contractility improvement for the whole heart,
extending the ICA model into a 3D model is necessary to detect abnormal myocardial
segments [21]. This involves inclusion of three levels of short-axis MRI (apical, middle
and basal) and one segment from vertical long axis.
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