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Abstract

Rate based arrhythmia recognition algorithms in
implantable cardioverter—defibrillators are of limited
reliability in some clinical situations. Here the inclusion
of morphological features of endocardial electrograms can
improve the performance. In this study, we present a
coupled signal-adapted wavelet—support vector machine
(SVM) arrhythmia detection scheme.

Within the scope of an electrophysiological examination,
data segments were recorded during normal sinus rhythm
(NSR) and ventricular tachycardia (VT). Consecutive beats
were selected as morphological activation patterns of NSR
and VT. These patters were represented by their multilevel
concentrations. For this, a signal-adapted and highly
efficient lattice structure based wavelet decomposition
technique was employed which maximizes the class
separability and takes the final classification of NSR and
VT by SVMs with radial compactly supported kernels into
account.

In an automated analysis of an independent test—set, our
hybrid scheme outperformed other methods and classified
all patterns correctly without overlap.

1. Introduction

Sudden cardiac death is a major public health concern
worldwide. The implantable cardioverter—defibrillator
(ICD) is an automated antitachycardia device and accepted
to be the most effective therapy for preventing sudden
cardiac death due to tachyarrhythmias [1]. Usually, the
information of the endocardial electrogram (EE) utilized by
an ICD is the heart rate. However, the rate is of limited
reliability in some clinical situations. Although additional
detection enhancements are used in third generation ICD-
systems, inappropriate ICD therapy occurs in up to 13% of
the patients who received such a device [2].

A major challenge for rate-algorithms used in these
devices is the discrimination of ventricular tachycardia
(VT) with 1:1 retrograde conduction from sinus
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tachycardia. Here time-domain methods based on
template matching [3] or neural networks [4] can be used.
A drawback of these methods is that the classification takes
place in the original signal space where the dimensionality
is often high and features being irrelevant for classification
are under consideration. Recently, the superiority of
wavelet decompositions before the classification over the
direct application of the classifier on the original signal
space was shown, e.g., see [5]. Especially, the multilevel
concentrations of adapted wavelet decompositions have
recently proven to be suitable for arrhythmia detection
[6, 71.

In this paper, we present a new hybrid wavelet—
support classifier for the detection of VT. Our scheme
makes use of lattice structure based signal-adapted wavelet
decompositions and support vector machines (SVMs) with
radial compactly supported kernel.

2. Methods

2.1. Data segments

Bipolar EEs were obtained from the apex of the right
ventricle using the distal pair of a 6-F quadripolar electrode
catheter in 10 patients with inducible monomorphic VT.
The EEs were amplified (HBV 20, Biotronik, Berlin,
Germany), filtered (10-500 Hz), and digitized with
2kHz, 12 bit resolution (DT 2824-PGH, Data Translation,
Marlboro, MA, USA). Data segments (DS) of 10 s duration
were recorded during normal sinus rhythm (NSR) and VT.
Consecutive beats were selected as morphological patterns
of NSR (240 beats) and VT (240 beats) within a time—frame
of 256ms.

2.2. Feature spaces induced by kernels

The SVM is a novel type of learning machine and very
promising for pattern recognition. Basically, it relies on
the well known optimal hyperplane classification, i.e., the
separation of two classes of points by a hyperplane such
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that the distance of distinct points from the hyperplane,
the so—called margin, is maximized. SVMs utilize this
linear separation method in very high dimensional feature
spaces induced by reproducing kernels to obtain a nonlinear
separation of original patterns. We do not discuss the
fundamentals of SVMs here and recommend [8, 9] for a
tutorial introduction. We only present feature maps and
feature spaces in the SVM context that we need for our
hybrid strategy.

Let K : X x X — R be a positive definite symmetric
function in L2(X x X). For a given K, there exists a
reproducing kernel Hilbert space

Hy =span {K(k,-) : X € X'}

of real valued functions on X with inner product
determined by (K (X,x), K(%,x))n, = K(X,X) which
has the reproducing kernel K, i.e., (f(-), K(X, )nx =
f(x) (f € Hk). By Mercer’s Theorem, the reproducing
kernel K can be expanded in a uniformly convergent series
on X x X

K(x,y) =Y _n59;(x)e;i (¥), )

j=1

where n; > 0 are the eigenvalues of the integral
operator T L2(X) — L%X) with Txf(y) =
[y K(x,y)f(x)dx and where {p;}jen are the
corresponding  L2(X)—orthonormalized eigenfunctions.
We restrict our interest to functions K that arise from a
radial basis function (RBF). In other words, we assume that
there exists a real valued function k on R so that

K(x,y) = k(|lx = yll2),

where || - ||2 denotes the Euclidean norm on Re.
We introduce a so—called feature map & : X — £* by

@() = (\/77—.1"Pj('))jeN :

Let ¢2 denote the Hilbert space of real valued quadratic
summable sequences a = (a;)ieN With inner product
(a,b)ez = ¥ ;en aibi- By (1), we have that ®(x) (x € &)
is an element in £2 with

€))

eIl =Y niv} (x) = K(x,x) = k(0).

=1

We define the feature space Fx C €2 by the £>~losure
of all finite linear combinations of elements ®(x) (x € X)

Fk =span {®(x) : x € X'}.

Then Fk is a Hilbert space with || - ||z, = || - |le=-
The feature space Fx and the reproducing kernel Hilbert
space Hy are isometrically isomorph with isometry ¢ :
Fx — Mg defined by (W) = fw(x) = (W, ®(x))e
T, w50 ().
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2.3. Adaptation in feature spaces

Now we introduce our adaptation strategy for feature
spaces that is based on wavelets and filter banks. We do
not discuss the fundamentals of filter banks and wavelets
here and refer to [10, 11] for an introduction. Let
Go(z) and G;(z) be the synthesis filters of a normalized
paraunitary two—channel FIR filter bank with real filter
coefficients and a zero mean highpass. When cascading
such a two—channel building block in an octave-band
tree, the filters of an equivalent parallel structure are
given by Qjo(2) = [I12Go(z*") and Qju(2) =
G1(z¥ ) [1°72,Go(2%"). Let us denote the translations
of the impulse responses g; x[-] of these filters by q]; =
(gj.ilk — 29m]) .., (@ = 0,1) and let J be the maximal
decomposition depth. Then the set {qTO,qZ‘I o=
1,...,J;m € Z} constitutes an orthonormal basis for 22
and an arbitrary sequence x € £2 can be decomposed as

J
X = Z d‘],o[m] qf,'fo + Z Z d',l[m]q;',ll'

meZ j=1meZ

We denote the wavelet coefficients by dj = (dj1[m]) ez -

All paraunitary filter banks can be parameterized by the
lattice structure [10]. When using this parameterization
for a finite impulse response two—channel building block
of order 5 with zero mean highpass, the filters and thus
the wavelet coefficients depend on two lattice angles ¥ in
parameter space P = {9 = (Jo,?1) : Fo,91 € [0, [} see
[12, 6] for details. We use the superscript 9 to denote this
dependence. Let a set of M endocardial waveforms x; €
X C RY be given which belong to two distinct classes with
corresponding labels y; € {-1,1} ¢ = 1,... ,M). By
M, and M_ we denote the sets of indices i € {1,... , M}
with y; = 1 and y; = —1, respectively. We label NSR
waveforms by 1 and VT waveforms by -1.

For a fixed EE waveform x we define the function &, :
PR

£.(8) = (&1(9),...,&(9) = (1715, --- 14T 115)

and set £;(9) = &,,(9) (i = 1,...,M). In necessary,
we may also leave out levels here. This function carries the
multilevel concentration of an EE waveform x. Multilevel
concentrations belong to a very low dimensional pattern
space and are robust against local instabilities in time. Thus,
by using such multilevel concentrations for SVMs, we can
incorporate a prior knowledge about the EE waveforms.
Now we intend to find ¥ so that

A@B) = {(€,(9),3:) € X CRE x {£1}:i=1,...,M}

is a ‘good* training set for a SVM. It is the fundamental
concept of SVMs that we expect a good generalization
performance if they have a large margin [8, 9].



Our strategy is now to obtain multilevel concentrations
that are mapped to far apart points in Fg for the
distinct classes and result in large margin of the SVM.
Consequently, we try to find 9 such that

min

Y = argmax
iIEMy ,jJEM_

JeP

3)

By the definition of the inner product in Fx and (2) it
follows that

l|@(€:(9)) — 2(&; (0| [%,

= l8E@)IE, +]|2€;®)][7,
—2(®(£,(9)), 2(£;(9))) £,
= 2%(0) - 2 (|[&:9) ~ &,B)]],)

We suppose that k(-) is monotonely decreasing in | - |. Then
(3) can be rewritten as

__min
€My ,jJEM_

5= argpax | 6@ -&@l,}. @

9eP
For a further simplification of this optimization problem,
we reduce the sets M and M_ by averaging the patterns
of the respective classes and introduce the notation £, =

WIZT Y iem, &i- Instead of (4) we search for 9 with

9 = argmax {|[€..(9) —€-)[,} -

We applied a genetic algorithm [13] for the solution of this
optimization problem with a binary string encoding.

3. Results

In our experiments, we work with a maximal
decomposition depth of J = 8. We apply the Gaussian
2

RBF k(t) = e~27. We utilize Wendland’s compactly
support RBFs [14] for our adapted approach. Note that
compactly supported RBFs have not been used for the
construction of SVMs up to now. In particular, we
apply the RBF (up to multiplications with constants)
kro(z) = 1/3 (8022 +27z+3) (1-x)} € C'R®),
where C*(R®) denotes the space of 4 times continuously
differentiable functions on R®. We will scale this function
by k7,2(-/s) (s € Ry). Note that Wendland’s RBFs can
easily be calculated and evaluated for relatively small space
dimensions due to the construction scheme in [14]. For our
multilevel concentrations these functions are well suited as
we have dimensionality of only 8.

We separate the total data set of 480 beats in a training set
of 160 beats (SR: 80, VT: 80) and a test set of 320 beats (SR:

lo(e.(o) - 2(&, oI5, |
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160, VT: 160). Thus, for each patient we have a training set
of |[M_| = |M-| = 8 waveforms. The remaining set of
32 beats forms an independent test set for the individual
patient.
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Figure 1.  The error rate of a SVM applied to the
original waveforms with Gaussian Kernel (left) and to
the non—adapted multilevel concentrations with Wendland’s
function k7 2 (right).
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Figure 2. The error rate of a SVM applied to the adapted
multilevel concentrations with Gaussian kernel (left) and
to the adapted multilevel concentrations with Wendland’s
function k7 2 (right).

In the Figures 1 and 2, we have plotted the error rate
in dependence on the scaling factor s for different RBFs.
The error rate [%] is determined for all patients in common,
that is, the ratio of false classifications on the whole test
set to the total number of 320 examples within this set. A
comparison of Figure 1 with Figure 2 with respect to the
error rate shows that our adapted algorithm with both the
Gaussian and Wendland’s function is significantly superior
to the original SVM and to the SVM on non-adapted
multilevel concentrations where we used a Daubechies
wavelet with three vanishing moments, a well accepted
standard wavelet, see [15].

In Figure 3 (left) we have shown the results for the
correlation waveform analysis with best fit alignment
[3], a well accepted standard method in morphological
arrhythmia recognition. Here a time—frame of 20ms was
used for the best fit alignment strategy and the same training
set of NSR (as in our experiments above) for constructing
the template. In Figure 3 (right) we have shown the results
for our hybrid wavelet-support vector classifier with k7,
and s 0.8. For the correlation waveform analysis,
the waveforms of NSR and VT do heavily overlap for
some patients. For our hybrid wavelet—support vector
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Figure 3. The individual analysis of the 10 patients.
Left hand: correlation waveform analysis with best fit
alignment. Right hand: our hybrid wavelet—support vector
classifier with k7 2 and s = 0.8.

classifier, the two groups are clearly discriminated without
any overlap. This shows that our new method easily
outperform the conventional approach.

4. Conclusion

We have developed hybrid wavelet-support vector
classifiers for the detection of arrhythmias. Our scheme
allows for an inclusion of prior knowledge about EE
waveforms, namely local instabilities in time. We have
derived an adaptation strategy in feature space induced by
radial kernels.

Our scheme classified a large independent test—set of
NSR and VT pattern correctly without overlap. This
result was neither achievable with SVMs on the raw
data nor by the use of a non-adapted standard wavelet.
Our new detection scheme significantly outperformed the
well accepted correlation waveform analysis with best fit
alignment. We also firstly investigated compactly supported
RBFs for the construction of SVMs which performed equal
to the well accepted Gaussian kernels.

We conclude that hybrid-wavelet support vector
classifiers are powerful for arrhythmia detection. The
use of the very efficient lattice structure implementation
and SVM evaluation of the multilevel concentrations also
supports an implementation in implantable devices.
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