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Abstract

The discrimination of ventricular tachycardia (VT) with
1:1 retrograde conduction from sinus tachycardia often
remains a challenge for rate—based arrhythmia recognition
algorithms commonly used in dual-chamber implantable
cardioverter defibrillators (ICDs). In this study, we propose
hybrid wavelet packet—support vector classifiers for the
recognition of atrial activation patters as rate independent
approach.

Consecutive beats representing antegrade (AA) and
retrograde atrial (RA) activation patterns within data
segments of 10s duration were supplied to a binary hybrid
wavelet packet—support vector classifier with radial kernel
and morphologically adapted wavelet packets followed
by a regularization scheme to exclude ectopic beats and
artifacts. This system utilizes an optimal representation of
the EE waveforms and inherently minimizes an upper bound
on the generalization error.

All data segments of an independent test set with AA
and RA sequences were classified correctly by the proposed
scheme. The possible use of this scheme in dual-chamber
ICDs may increase the specificity of the VT detection by
these devices.

1. Introduction

The implantable cardioverter—defibrillator (ICD) is
accepted to be the most effective therapy for preventing
sudden cardiac death due to ventricular tachycardias (VT)
[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 and
despite the use of detection enhancements like rate stability
or sudden onset in modern ICD-systems, inappropriate
ICD-therapy occur in up to 13% of the patients who
received such a device [2]. Whether the use of the
recently introduced dual-chamber ICDs [3] will contribute
to a reduction of inadequate therapies is currently under
examination.
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A major challenge for rate—algorithms used in these
devices is the discrimination of ventricular tachycardia
(VT) with 1:1 retrograde conduction from sinus
tachycardia. Here time—domain methods based on
template matching [4] or neural networks [5] 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.

Wavelet decompositions have proven to be suitable for
dimensionality reduction, e.g., see [6, 7] and recently
the the multilevel concentrations of adapted wavelet
decompositions have been used to provide robust feature
vectors for arrhythmia detection [8, 9].

In this paper, we present a new hybrid wavelet packet—
support classification the antegrade atrial (AA) activation
and retrograde atrial (RA) activation. For this, we combine
the wavelet packet based feature extraction proposed in [§]
with the very recently introduced hybrid wavelet—support
vector classifiers [10, 11]. This approach is theoretically
well founded and effective in practice.

2. Methods

2.1. Data segments

The data segments used in this study were obtained
during a clinically indicated electrophysiological
examination. A written consent was obtained from
all patients. The patient population was composed as
follows: One group with typical atrio—ventricular (AV)
nodal tachycardia, studied as a model for patients having a
spontaneous retrograde activation, and another group with
clinical monomorphic VT.

In both groups, bipolar endocardial signals were obtained
from the high right atrium using the distal pair of a
6-French quadripolar electrode catheter with an inter—
electrode spacing of 0.5 cm (USCI, Bard, Billerica, MA,
USA). These EEs were recorded during sinus rhythm and
induced or spontaneously occurring AV nodal tachycardia
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or during induced monomorphic VT with 1:1 retrograde
conduction. The endocardial recordings were amplified
(HBV 20, Biotronik, Berlin, Germany), bandpass filtered
(40-500 Hz) and digitized at 2 kHz with a 12 bit resolution
(DT 2824-PGH, Data Translation, Marlboro, MA, USA).
Data segments of 10 seconds duration were stored for
subsequent analysis.

2.2. RKHS regularization

The SVM is a novel type of learning machine and very
promising for pattern recognition. In the following, we
restrict our interest to the hard margin SVM and refer to
[12, 13] for more general discussions. We will leave out the
term “hard margin’ unless there is room for confusion.

Basically, the SVM relies on the well known optimal
hyperplane classification, i.e., the separation of two classes
of points by a hyperplane such that the distance of distinct
points from the hyperplane, the so—called margin, see Fig.
1 (bottom), is maximal. SVMs utilize this linear separation
method in very high dimensional feature spaces induced
by reproducing kernels to obtain a nonlinear separation of
original patterns, see Fig. 1 (top).

Let X be a compact subset of R? containing the data to
be classified. We suppose that there exists an underlying
unknown function ¢, the so—called target function, which
maps X to the binary set {—1,1}. Given a training set

A={(xi,y) € X x {=1,1}:i=1,...,M} (1)

of M associations we are interested in in the construction
of a real valued function f defined on X such that sgn(f)
is a good approximation’ of ¢. If f classifies the training
data correctly, then we have that sgn(f(x;)) = #(x;) = y;
foralli =1,..., M. Here

senl /) = {

We will search for f in some reproducing kernel Hilbert
spaces (RKHSs) Hx and a regularization problem in
RKHSs arises. For a given training set (1) we intend to
construct a function f € H g which minimizes

1 if f(x) >0,
—1 otherwise.

M

AV (= wif e+ 310 B @

=1

where

(.= {7 >0
T+ 71 0 otherwise.

By the Representer Theorem ([14, 15]), the minimizer of
(2) has the form

M
flx) = chK (x, ;). 3)
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Figure 1.  The principle of the SVM. Top: a linear
separation by a hyperplane in a high dimensional space
leads to nonlinear separation in the original space. Bottom:
the optimal hyperplane which separates two classes of
points with the margin -y.

Setting f = (f(x1),-.., fxu)T, K =
(K (xi,%j)){%; and ¢ := (c1,...,em)” we obtain
that

f =Kec.

Note that K is positive definite. Further, let Y :=
diag(y1,... ,ynm) and u := (uy,...,up)T. By 0 and e
we denote the vectors with M entries 0 and 1, respectively.
Now the expansion coefficients

c=Ya«a

can be obtained by the following quadratic programming
(QP) problem

1
max <—§aTYKYa + eTa> 4)
subject to

0<ac<le,

see [11] for details.  Such QP problems provide a
global solution which is a major advantage of SVMs in
contrast to other learning schemes, e.g., feed forward



backpropagation networks which can be trapped into
local minima. Moreover, the complexity of a SVM is
automatically adapted to the data, depending on the number
of expansion coefficients ¢ which do not vanish. In general,
there are only a few parameters to adjust, see [12] and [15]
for detailed discussions.

3. Adapted decompositions

Consecutive beats within each recorded EE were selected
by threshold application. A reliable detection threshold was
defined by 27% of the largest sample amplitude of each data
segment.

Let P and ) be decomposition operators which
are associated with the decimators of a two—channel
normalized paraunitary analysis bank, P: lowpass, Q:
highpass. By the described preprocessing of our data, the
following decomposition turned out to be well suited for
our feature extraction task since it discards all the irrelevant
information, e.g., noise, and retains discriminating signal
features (see [8]):

(y17"' ;yG): (5)
(Q*P*x, PQP?x,Q?P3x, PQP3x, QP*x, Px).

All paraunitary filter banks can be parameterized by the
lattice structure [16]. 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 19
in parameter space P = {9 = (¥o,%1) : P9, h €
[0,7[} see [17, 8] for details. We use (3) to denote this
dependence. Let a set of M endocardial waveforms x; €
X C R? 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 antegrade
atrial activation by 1 and retrograde atrial activations by -1.

For a fixed EE activation x we define the function & :
P —RE

£x(9) = (&(9),...

and set §;(9) = &,(9) (i = 1,...,M). 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 9 so that

AW) = {(&;9),y;) € X CR* 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 [12, 13].
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166(9)) = ([l (D)ler, - -5 [y (9)]]er)

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

2
leteo - e, @)1, b
(6)
where ®(-) denotes the SVM feature map. After some
manipulations and simplifications, see [11], it remains the
following problem

9 = argglea%({Hﬁ_;_(ﬂ) - E—('g)Hz} ’

¥ = arg max min
deP |ieMy,jeM_

where &, (¢) and £ _ (¥9) is the center of the antegrade and
retrograde atrial activations, respectively. See [11] how to
solve problems of this type.

4. Results

In our experiments, we apply the Gaussian RBF k(t) =
2

e 2% as kernel of the SVM. The whole hybrid EE
classification scheme was applied to seven consecutive
beats of each data segment which were not used for
the adaptation and the RKHS regularization problem,
respectively. Three—hundred and one data segments (AA:
156; RA: 145) were classified by the scheme and twenty
eight data segments were discarded by a X out of Y detector
which serves as additional regularization scheme to exclude
ectopic beats and artifacts. The results for the classified
data segments are shown in Fig. 2 for various scalings of
the SVM. We see that the error rate equals zero for most
scalings.

error rate [%]
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Figure 2. The results of the hybrid wavelet packet—support
vector classifier.

When applying the well accepted correlation waveform
analysis (CWA) [4] with best fit alignment to the same data,



the results in Fig. 3 are obtained. It is noticeable that we
have strong overlaps for the antegrade and retrograde atrial
activations such that no proper X out of Y criterion can be
defined.
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Figure 3. The results for the correlation waveform analysis
with best fit alignment.

5. Conclusion

We have proposed a wavelet packet—support vector
classification of atrial activation patterns which may be
suitable to discriminate between sinus tachycardia and
ventricular tachycardia with 1:1 retrograde conduction. We
have shown that this method is effective and outperforms
a well known detection scheme of endocardial signal
analysis, namely the CWA with best fit alignment. The
possible use of this scheme in dual-chamber ICDs may
increase the VT detection rate by these devices.
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