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Transient ST-epsiodes recognized in the ECG are regarded as marker of myocardial ischemia. As disturbed

ST-sections may appear as ST-episodes a differentiated analysis is necessary to avoid misinterpretations. The
presented study aims for the discrimination of ischemic and heart-rate related ST-episodes. Our approach
includes the morphologic description of the ventricular repolarization by means of the Karhunen-Loéve-
Transformation and the non-linear classification using an artificial neural network. The proposed selection
of used ECG segments guarantees that the classification procedure indicating ischemic attacks can be done
before the complete episode is acquired. This online-capable approach gains accuracies up to 94,2 % for the
discrimination of ischemic and heart-rate related ST-episodes.

1 INTRODUCTION

The reliable detection of transient myocardial is-
chemia by automated ECG processing still remains
a challenging task. A wide variety of non-ischemic
factors affect the correct detection of ischemic
events (Moody and Jager, 2003). Typically, that ECG
signal segment is analysed to detect ischemia which
contains the ventricular repolarization (VR) or a part
of'the VR. Basically, three methods have been pointed
out:

e ST-level: At a single point within the ST-segment
the difference between the given amplitude and
the isoelectric level of the considered beat is mea-
sured (Smrdel and Jager, 2004; Stadler et al.,
2001; Taddei et al., 1995)

e Several discrete features typically including the
ST-deviation, ST-Slope and the T-wave peak are
combined to classify ECG segments as ischemic
ones (Exarchos et al., 2006; Papaloukas et al.,
2002)

e Complete morphology: Sections of the signal (or
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transformed sections of the signal constituting a
more efficient data representation) are considered
as a whole to detect ischemia (Jager et al., 1998;
Minchole et al., 2005; Papadimitriou et al., 2001)

The ST-level carries highly relevant information re-
garding ischemic events. The computational simplic-
ity and the interpretability account for the wide us-
age of the ST-level as criterion. However, limitations
of the automated processing arise from non-ischemic
factors causing modifications of the VR. Thus, fur-
ther characterizations of the ST-episodes are required
to exclude non-ischemic factors. (Smrdel and Jager,
2008)

The correct classification of occurring alterations
of'the VR may be hindered by non-specific distortions
(e.g. baseline wander, muscle noise, atrial fibrilla-
tion). Furthermore, there exist factors that specifically
alter the VR. The most challenging factors include
sudden or slow shifts in the electrical axis of the heart,
changes in the ventricular conduction and heart-rate
(HR) related modifications (Jager et al., 2003).

Promising approaches have been presented to de-
tect the shifts in the electrical axis of the heart and the
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Table 1: Used features to distinguish between ischemic and HR related ST-episodes. The symbol A’ refers to features
calculated as difference between the respective feature values of two intervals.




Table 2: Results obtained in different studies distinguishing ischemic and heart-rate related ST-episodes (details on the mea-
sures used to describe the performance are given in section 4).
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Using the annotation protocol B of the LTSTDB, the
settings are T, = 30s and thres; = 100 V. To con-
firm the beginning and end of an episode, the record-
ing must run at least 30 s below threshold thres, of
50 uV. Each lead is annotated seperately. The final
annotation of transient ST-episodes for each of the 86
records is derived by the disjunction of all single-lead
based annotations. Further on, the time and absolute
value of maximum ST-deviation of each channel indi-
cating the ST-episode is part of the annotation. (Jager
et al., 2003)

Each of the annotated ST-episodes is classified
as ischemic or HR related by experts. This ST-
episodes are the input to our classification process.
The expert classification of the episodes determines
the gold standard. Following annotation protocol B of
the LTSTDB, overall 912 transient ST-episodes (743
ischemic and 169 HR related epsiodes) are found.
There is one constraint forcing us to exclude 10
episodes from the evaluation (9 epsiodes from record
$30661, 1 episode from record s20621). Due to per-
sistent ventricular arrhythmic events in these episodes
it was not possible to extract a representative normal
beat for at least one of the intervals required in the
classification process. Therefore, 10 episodes were
discarded resulting in 902 ST-episodes to classify.
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Figure 3: Maximum independent timing of intervals used
to extract the features for the classification. Note, that the
classification can be carried out at the instant a ST-deviation
is referred to as an ST-episode follwing the annotation pro-
tocol B of the LTSTDB.

3.2 Used Time Intervals

Within a typical processing, one signal interval (e.g.
I3 in figure 1) for the feature extraction is used whose
timing depends on the maximum ST-deviation of the
considered episode (“maximum based approach”). To
find out the global extremum the whole episode must
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be known, thus, forcing the classification to be car-
ried out after the end of the episode. This is a serious
disadvantage to the processing as an episode may last
some minutes. From the medical point of view it is
desirable to carry out the classification before the at-
tac is finished. Therefore we developed an approach
using a different position of the time interval /3. We
use the instant ¢, - the earliest instant at which the ST-
episode is confirmed (according to annotation proto-
col B this applies when thres] is exceeded for 30s).
The time interval /3 is situated directly before ¢, (”on-
line capable approach”; see figure 3). We compare
the developed approach with a typically used maxi-
mum based approach. For both approaches the inter-
vals I} and I, are placed directly before and after the
onset of the ST-Episode. The duration of all intervals
is equally set to 20s.

3.3 Morphologic ECG description
3.3.1 KLT based signal description

The Karhunen-Lo¢ve-Transformation (KLT) is a sig-
nal dependent linear transform. The KLT ensures the
minimization of the resulting square error between an
original signal x, also called pattern vector, of length
N and its reconstruction X,,. calculated from a feature
vector consisting of n KLT coefficients k/; . .. ki, with
n < N. Due to its advantegeous properties the KLT is
a widely used concept in different fields of automatic
ECG processing (Castells et al., 2007).

Precondition for successful signal transformation
using the KLT are adequate basis functions @. The
basis functions are the eigenvectors of the covariance
matrix C established by all training patterns

C:E{(XfM)(XfM)T} 1)

where X is a matrix containing all pattern vectors and
M is a matrix same-sized as X containing copies of
the mean m of all pattern vectors. The eigenvector
with the i-biggest eigenvalues A; constitutes the i ba-
sis function.

3.3.2 Construction of Pattern Vectors

As described above, the KLT represents a pattern vec-
tor, here the VR, by a feature vector. The method
used to create the pattern vectors in this work is de-
rived from the one proposed by Laguna et al. (Laguna
et al., 1999) (slight modifications are related to the
preprocessing and the length of the resulting pattern
vectors; details beneath).

For preprocessing purposes, a FIR bandpass filter
(lower -3dB cut-off frequency at 0.5 Hz, upper -3dB
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Figure 4: First 4 KLT basis functions calculated using the
scheme outlined in section 3.3.3.

cut-off frequency at 17 Hz) is applied to the ECG. As
no useful information regarding the global morphol-
ogy of VR is expected (Blanchett et al., 1998; La-
guna et al., 1999; Thakor et al., 1984), the filter can be
used to reduce effectively baseline wander and high-
frequency distortions.

As ECG segment stt; containing the VR of beat i
we regard the section of the signal starting at 85 ms
after the fiducial point ¢; of QRS complex i ending
240 ms prior to g, . If the intervall r; between ¢; and
qi+1 falls below 720 ms the end of the VR is assumed
to be at g; + 2



Table 3: Results of the evaluation using different interval timings.
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sification scheme as very useful in the classification of
ischemic and HR related transient ST-episodes. They
indicate the possibility of a future online application
which allows the usage of the method in monitoring
devices.
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