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Abstract: - Artificial Neural Networks (ANN) are computer-based expert systems that have proved to be useful
in pattern recognition tasks. ANN can be used in different phases of the decision-making process, from
classification to diagnostic procedures. In this work, we develop two methods. The first one based on a
compound neural network (CNN) composed of three different multilayer neural networks of the feed forward
type, and the second one based on only a multi-layer perceptron (MLP). Such both of them have the capability
to classify electrocardiograms (ECG) as normal or as carrying atrioventricular blocks (AVB). These networks
were fed with same measurements from one lead of the ECG. A single output unit encodes the probability of
AVB occurrences. The difference in performance between the two neural networks classifiers was measured as
the difference in area under the receiver operating characteristic curves (ROC). The results show that the CNN
and MLP have a good performance in detecting AVBs.
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1 Introduction early treatments [2-4]. Today, we tend to rely a
Electrocardiograms (ECG) are used by hospitals to great deal on the application of pattern recognition
monitor patients with known or potential heart techniques to help us meet such a goal. There have
problems. The ECG is composed of 12 leads. One been several studies of automatic recognition of
lead may include P wave, QRS complex and T ECG data [5-8].
wave. By studying the electrocardiograms of the The inclusion of artificial neural networks in the
patients, cardiologists can detect rhythmic problems, complex investigating algorithms seems to yield
heart rotation, conduction problems and some very interesting recognition and classification
symptoms of certain diseases [1]. capabilities across a broad spectrum of biomedical
Automatic pattern recognizers can give helps to domains. Researchers are endeavouring along this
cardiologists in detecting heart problems. It may be promising path [9]. In the two last decades, there
used in various ways in the process of medical were close on 1000 citations of neural networks in
investigations. It may serve as an independent the biomedical literature [10], mostly describing
marker for myocardial diseases, whose biomedical studies with historical data, often small sets on
data may, most of the time, be represented by noisy which the predictive accuracy was tested. Most of
and incomplete features with complex or even these papers used current neural network
unknown relationships. What is required at the methodologies, almost invariably the multi-layer
present time is the development of autonomous perceptron (MLP) with ‘early stopping' to prevent
processor-based systems with sufficient processing over-fitting.
capabilities so as to detect potential abnormalities A group of scientists are working at
and make accurate diagnosis in order to provide discriminating normal and pathological ECG
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complexes. The back propagation neural network is
applied for that effect [11]. The network output has
been able to extract the prototype complex of the
analysed ECG.

Dassen et al. [12] described the development of a
seemingly preferment neural network, designed to
essentially differentiate the aetiology of wide-QRS
tachycardia via a twelve-lead ECG. Nonetheless, a
fundamental question remains still partially, if not
entirely, unanswered. That is how to develop a
reliable universal ECG interpretation system on the
basis of a limited investigation process.

Conde Toni [13], for instance, suggested neural
network architecture for classification, implying a
Kohonen self-organising feature map and a one-
layer perceptron. The recognition is feasible for five
types of abnormal QRS complexes in ECG signals
two of them are perfectly recognised.

Other aspects were constructed a three- layer
back propagation neural network in which three
features were extracted from each contour plot cycle
and used as inputs to the discriminate neural
network [14]. One-half of the sinus rhythm and
ventricular tachycardia cycle were utilised as a
training set.

On their part, ,Hoher et al. [15] scrutinized the
capabilities of a neural network in providing reliable
clinical information in order to differentiate patients
with and without malignant arrhythmia on the basis
of a complete QRS data processing without
referring to a prior parameter extraction process.

Later, Ellenius et al [16] followed-up the
diagnosis of a patient with a minor acute myocardial
infarction (AMI) from the time of infarct, by
monitoring the rise in the concentration of
biochemical markers and identifying the stage at
which the MLP, and each of three expert clinicians,
could confirm the diagnosis. This unusual approach
to system evaluation showed the model detecting
AMI and later predicting the size of the infarct,
simultaneously with the earliest firm indications by
the experts.

A large-scale study of automated interpretation
of 12-lead electrocardiograms for detection of AMI,
was carried out with a cohort of patients presenting
to a single hospital over a 5-year period, comprising
1120 confirmed cases and 10,452 controls. A 20 s
trace was represented by six automatically generated
ST-T measurements from each of the 12 leads,
providing inputs to 72 input units of a MLP with a
single hidden layer, controlled for over-training by
early stopping tuned with eight-fold cross-validation
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[17-19].

An advanced methodological study of AMI
detection in emergency departments with ANN
comprises a sequence of papers by Baxt and
collaborators. Early papers to optimise the accuracy
of the neural network predictions [20, 21] were
followed by a careful analysis of the effects of
individual clinical inputs on the network decision
[22], and the application of rigorous practical
methodologies for sensitivity analysis [23]. Of
particular interest is the use of the bootstrap to
correct for finite-size effects, causing bias in the
sensitivity estimates derived from the training data,
a sample with 706 observations. This bias is
significant enough to change the rank-order of
importance of the clinical inputs.

The analysis of input effects by calculating bias
corrected sensitivities in Baxt and White [24],
ranked new variables higher than certain indicators
commonly used by expert clinicians. The resulting
model is consistent with another study of variable
selection for the prediction of AMI [25] comparing
multiple logistic regression (LogR), Bayesian neural
networks [26] and rough sets. Several variable
selection methods suited to each modelling
approach were also applied to a set of 500 records,
selecting from 43 variables. Multiple variable
selection runs were carried out with a training data
consisting of 335 patient records, optimising the
results for a test set comprising the remaining 165
records. Only one variable, ST elevation, was
selected by all methods.

The initial studies of a group of scientists were
followed by a prospective comparison between the
detection rates by cardiologists and the MLP for a
cohort of 1070 patients aged 18 and over presenting
with anterior chest pain, again, to a single hospital
[27].

An earlier, multi-centre  trial involving
emergency departments in six hospitals, compared
three quite different modelling structures for
classification, namely rule induction, LogR and the
MLP, for the prediction of acute cardiac ischemia,
comprising AMI and unstable angina pectoris, from
eight variables available within the first 10 min of
emergency care [28]. The variables represent patient
history, together with features extracted from a
clinical examination and an electrocardiogram.

An altogether different application is to predict
the likelihood of patients developing transient
myocardial ischemia during a period with
ambulatory Holler monitoring, using parameters
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form a previously recorded 12-lead resting ECG
[29]. This is an example of a study where the MLP
trained by back-propagation was out-performed by a
linear discriminates analysis and an alternative
model to the MLP, the adaptive logic network.

In [30] the others have used Bayesian ANNSs as a
tool for detecting AMI patients using the 12-lead
ECG. Furthermore, to explain the reasoning behind
the ANN output, a method was developed that aims
at showing regions of the ECG important for this
particular case. The key ingredients of their
approach are: a representation of the ECG using
Hermite functions, and a combinatorial optimization
problem formulation for finding important ANN
inputs.

Other different applications are to describe a key
classification model and visualization platform
based on self-adaptative neural networks [31], a
classification between patients and normal subjects
was focus on two diseases: Obstructive Sleep Apnea
(OSA) and Congestive Heart Failure (CHF) [32].

The present research work aims at developing
two approaches. The first one based on a compound
neural network (CNN) composed of three different
multilayer neural networks of the feed forward type,
and the second one based on only a multi-layer
perceptron (MLP). Such both of them have the
capability to classify ECGs as carrying
atrioventricular blocks (AVB) or not.

An AVB occurs when atrial conduction to the
ventricle is for some reason blocked at a time when
the AV junction is not yet physiologically
refractory. In such cases, the ECG will quite often
provide adequate information to make a diagnosis
regarding the presence of an AVB. As a matter of
fact an AVB manifests itself, through the ECG
plots, by a slowdown of the heart rate and a relative
prolongation of the P-R interval to more than 0.20 s.
We can also notice either a progressive prolongation
of the P-R interval prior to a non conducted P wave
or a constant R-R and P-R intervals prior to a non
conducted P wave [33].

2 The method

Our work has been organized into three parts. The
first part is the population study. The second one is
related to the preparation of digitized signal for
input to the two neural networks; CNN and MLP.
The latter part must be realized carefully for it
influences considerably the final result by
minimizing the noise contained in the digitized
signal and providing suitable input vectors for
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Neural Networks. The third part concerns the
training and recall procedures used by the Two
networks whose were trained to classify ECGs AVB
or no AVB (i.e. or normal) these networks were fed
with same measurements from lead Il but in
different  architectures.  Finally, performance
assessment of the two approaches in detecting AVB
was presented in receiver operating characteristic
curves (ROC). .A general structure of the algorithm
diagram is shown in Fig.1.

ECG acquisition and
digitalization

11

Extraction of:

RR interval
RS ;
de?ection QRS amplitude
QRS duration

PR
detection

Extraction of:
PP interval

P wave - !
P duration

Training set Test set

\/ \/
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procedure weights procedure
K Classification /

Recognition
results

Fig. 1 The algorithm diagram

2.1 Population Study
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The study was based on one lead data recorded from
patients who had undergone diagnostic at the
hospital during the last four years. Patients are
adults, both female and male, with known heart
problems and symptomatic descriptions. The
patients were discharged with the diagnosis AVB.

Healthy subjects were randomly selected from a
defined urban population. The subjects were
examined and interviewed. They had no known or
suspected heart disease, or any pathological
condition which may influence the ECG.

ECGs with severe technical deficiencies and
pacemakers ECGs were excluded. Several patients
contributed with more than one ECG; i.e., one
patient presenting to the cardiology department on
two or three different occasions contributed with
two or three ECGs. Each discharge diagnosis was
confirmed by a cardiologist at the cardiology
department.

The AVB group consists of 108 ECGs recorded
on men and 90 ECGs recorded on women. The
normal group consisted of 73 ECGs recorded on
men and 60 ECGs recorded on women. So, there
were a total of 331 ECGs.

2.2 Recording Technique

All recordings were made digitally. We noticed that
the frequency range of the Samples was in
accordance with the American Heart Association
(AHA) specifications [34]. And the measurements
follow the recommendations of the CSE working
party [35]. Measurements durations and amplitudes
of the waves and the intervals were performed using
custom software. In first, a filter will be used to
eliminate artefacts and to adjust the baseline in order
to recognize patterns in the ECG leads.

The system uses the neural network nodes for
waveform classification. While other algorithms
were considered, we decided that using a neural
network would give us the best general functionality
with other algorithms used secondarily for specific
other characteristics. The following automated
measurements from the lead Il were considered in
the present study: the QRS amplitudes and
durations, the P amplitudes and durations, the RR
intervals between two successive R waves, PP
intervals between two successive P waves and PR
intervals between P wave and QRS complex).These
parameters were chosen because they are the
conventional criteria in detecting AVB in an ECG
and were applied as inputs to the CNN and MLP.
These measurements were obtained from the
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computerized ECG  recorders using their
measurements program.
2.3 Multi-Layer Perceptron (MLP)

Architecture

A feed forward type multilayer neural network was
experimented. The network itself includes three
layers as depicted in Figure.2.

The thirty five parameters are injected into the
input layer. These parameters are: Five QRS
amplitudes, five QRS durations, five P amplitudes,
five P durations, five PR intervals, five RR intervals
and five PP intervals durations. Such a configuration
calls for an input layer of at least 35 neurons.

< Minimize propagation error |

Input layer

Hidden layer

Out put

| Propagation activation

i

Fig.2. The adapter Multilayered Perceptron
(MLP) for the AVB detection.

The hidden layer has ten neurons. The
empirically chosen number of 10 neurons was found
to avoid repetition problems and allows minimizing
the training time. Each of the neurons in the hidden
layer was connected to all of the neurons in the
input layer and to the neuron in the output layer.
Each connection was characterized by separate
weight. The weights were used in the calculations
producing numerical output as results of
electrocardiographic measurements fed to the
network. In a learning process the weights were
automatically adjusted using the levenberg-
Markwed algorithm in order to give the desired
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output of each of the ECGs in the learning set. After
the learning process was completed, the weights
were fixed and all ECGs in the test set were
processed once by the network. The terminating
single output unit encodes the probability of AVB
occurrences.

2.3 Compound Neural
Architecture

Three different feed forward type multilayer neural
networks were experimented. Two of these
networks, (NN1) and (NN2), were set in a parallel
configuration in series with the third one (NN3).

Fig. 3 shows such a structure.

Network (CNN)

Compound
Neural
Network
(CNN)

V

Propagation
activation

@ N
Minimize

propagation
error

Fig.3 The General structure of the compound
neural network (CNN).

The network NNL1 itself includes three layers.
Twenty parameters are injected into the input layer.
These parameters are: Five QRS amplitudes, five
QRS durations, five P amplitudes and five P
durations. The hidden layer has five neurons. As for
the third output layer, a single neuron was used. Its
output is injected as an input to the neural network
NN3.

The three-layer neural network NN2 is
constituted of fifteen neurons set to process five PR
intervals, five PP intervals and five RR intervals as
input parameters. The hidden layer includes three
neurons while the last layer calls for a single neuron
used as an input to NN3 which forms a two-layer
network whose input layer is a recipient for NN1
and NN2 outputs. A terminating single output unit
encodes the probability of AVB occurrences.

Once the number of layers, and units in each
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layer, has been selected, the network’s weights and
thresholds must be set so as to minimize the
prediction error made by the network. This is the
role of the training algorithms

2 Study design

The acquired experimental data was subdivided into
two sets: A training set and a test set. One third of
the ECG data in each of the normal and AVB
groups were randomly selected for the training set.
The latter was used to adjust the connection
weights, whereas the test set was used to assess the
performance. We used a three-fold cross-validation
to decide when to issue the learning terminate order
to avoid “over-training” and a six-fold cross-
validation to train the networks and assess their
performance.

Te weights of the two neural networks were
adjusted by using Levenberg-Marquardt algorithm.
Levenberg-Marquardt is an advanced non-linear
optimization algorithm. It trains the CNN and LMP
in the same manner as the back propagation
algorithm. Its use is restricted only on networks with
a single output unit and moderate-sized feed
forward neural networks (few hundred weights). It
is reputably the fastest algorithm available for such
training.

MLP and CNN wuse a sigmoid transfer
function f (x) .
1
f (X) - 1+ e—x+bias (1)
x: a vector of a layer n, defined as:
N
X=> aWw, )

i
a. :are theinputs.

w. . are the weights.

This function compresses an infinite input range
into a finite output range. Sigmoid functions are
characterized by the fact that their slopes must
approach zero as the input gets large. So the output
lies between 0 and 1. It has the additional advantage
of providing a form of automatic gain control

The algorithm uses an approximation to the
Hessian matrix in the following Newton-like update:
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W, =W, -[07T3+7]"07E @

J: the Jacobian matrix is much less complex than
computing the Hessian matrix.

WKk+1: value of the weight at step (k+1) after
adjustment and Wk: value of the weight at step (k)
before adjustment.

The first term in the equation (3) represents the
linearized assumption; the second a gradient-descent
step. The control parameter governs the relative
influence of these two approaches.

So, when the learning rate scalar n is zero, this is
just Newton's method, using the approximate
Hessian matrix. When n is large, this becomes
gradient descent with a small step size.

The learning rate n had a start value of 0.5.
During the training n was decreased geometrically
between epochs by using the following equation:

Nke1= Nk 4)
with
1=0.998

The CNN and the MLP weights were initiated
with random numbers between [-0.025 and 0.025].
In the CNN architecture, the two networks NN1 and
NNZ2 a constant bias is added to all the hidden layers
thereby permitting more rapid convergence of the
learning process and to avoid confusion in the
classification.

In the MPL network, a constant bias is added to
all the neurons of the hidden layer to avoid
confusion in the classification.

The approximate memory usage for one
waveform was not big it was around 24KB. The
largest source of memory usage lies in the storage of
the waveforms and the weights. The weights and
bias are stored as 300 floats.

The size Z of the Jacobian matrix is:

Z =Q*n (%)

Where Q is the number of training sets and n is
the number of weights and biases in the two neural
networks.

Therefore, the full Jacobian was not had to exist
at one time. We computed the approximate Hessian
by summing a series of subterms like update:
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4

J
H=070=[370].37] 2 |=973,+3]3,..+313,,

J

m

Once one subterm has been computed, the
corresponding submatrix of the Jacobian was
cleared.

In the training we determine how many rows of
the Jacobian are to be computed in each submatrix.
First of all, it is set to 1, the full Jacobian is
computed. It was a large training set and was
running out of memory, so it should be better set to
2. The Jacobian was to be dividing into two equal
submatrices. The approximate Hessian matrix was
computed as follows:

J
Hz[JlTJzTLl}:JlTJlJrJZTJZ )

2

The jacobian matrix J was not had to be
computed and stored as a whole, only half of it is
computed at one time. This saves half the memory
used by the calculation of the full Jacobian. So
memory was sufficient for storage and training.

For training CNN only half of it was computed at
one time. However, in MLP training the jacobian
matrix J was not had to be computed and stored as a
whole, it was a large training set and was running
out of memory, so it should be better set to 4. The
Jacobian was divided into four equal submatrices as
follows:

1

3

J
J

H=[3737370] JZ =373, +3]3,+313,+373,
‘J4

The results show that these techniques reduce the
computational time and the output errors. Training
was terminated at a training error of 10 after 264
iterations for CNN (Fig.5) and 10® after 532
iterations for MLP (Fig.6). Each network had one
output neuron. The out put of the networks was a
number between 0 and 1. The desired output of a
network classifying ECGs as AVB or no AVB was
1 for AVB and 0 for no AVB.
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Pearformance is 3 97155e-026, Goal is 1e-025
T

Training-Blue Goal-Black

1 1 1 1
i] 50 100 180 200 280

Stop Training 264 Epachs

Fig.5 The CNN training curve using Levenberg-
Marquardt algorithm. The goal is terminated at a
training error of 10 after 264 iterations.

Performance is 9.981518-026, Goal is 1e-025
10 T T T T T T T T

Training-Blue Goal-Black

0 A0

Stop Training

Fig.6 The LMP training curve using
Levenberg-Marquardt algorithm. The goal is
terminated at a training error of 10% after 532
iterations.

|
100 180 200 250 300 350 400 450 A0
532 Epachs

4 Performance Assessments of the
CNN and MLP

The performance of the neural networks classifiers
was assessed using the test set comprising 215
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randomly selected patients from the total population
of 331 cases (table 1). This test set was not part in
any algorithm design or model selection. For each
test case in the test set the neural networks classifier
present an output value between 0 and 1. A
threshold in this interval was used above which all
values were regarded as consistent with AVB.

ECG Normal

with ECG Total

AVB
Population 198 133 331
Training set 69 47 116
Test set 129 86 215

Table 1: Statistic values relating to the
population study for the MLP architecture and
CNN architecture
The table shows the detailed distribution of the
experimental data using in the training set and
a test set. 35% of the ECG data in each of the
normal and AVB groups were selected for the

training set and 65% for the test set.

To evaluate the performance of the classifiers
three statistical formulas are used: specificity,
sensitivity and accuracy as defined in equations 9,
10 and 11.

specificity = _ T

100 9)
n + I:AVB
. Tave
sensitivity = —==—100 (10)
AVB + n
accuracy = Tave + Ty 100 (11)
AVB + I:n +Tn + AVB

Where:

T, (True normal) is the number of normal ECG
recognized as normal.

Tave (True AVB) is the number of ECG carrying
AVB recognized as AVB.

F, (False normal) is the number of ECG carried
AVB recognized as hormal.

Fave (False AVB) is the number of normal ECG
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recognized as AVB.

The sensitivity and specificity for different
thresholds were studied in order to obtain a
complete receiver-operating characteristic curve
(ROC) for the networks. The results subsequently
presented the performances of the networks in the
set.

The difference in performance between the two
neural networks classifiers was measured as the
difference in area under the ROC curves. The
statistical significance of such an observed area
difference was assessed by means of a permutation
test as follows.

A new classification list was created by
randomly selecting for each of the 215 test cases
either the classification made with the CNN or the
classification made with the MLP. A second list was
created from the classification not included in the
first one. The two lists were used to construct two
ROC curves, and the areas under the curves were
calculated, as was the area difference (test statistic).
The procedure was repeated many times. The
relative frequency of area differences that had an
absolute value greater than the actual difference was
taken as the probability of obtaining at least the
actual area difference if no true difference existed.

5 Results and discussion
The objective of the present study was to compare
the performance of two different neural networks;
the CNN and MLP architectures.

The CNN algorithm was found to be very fast in
both test and recall states due mainly to its
architecture and the fact that it calls for only one
ECG lead which greatly reduces the amount of data
required for processing.

The overall speed of the algorithm was very
good. The generation of weights was approximately
few minutes, but the verification sequence was very
quick. The AVB detection looks approximately 2
seconds. The MLP was not as fast as CNN, the
training time was more then 10 minutes and the test
time was approximately 10 seconds.

The CNN shows a higher sensitivity for all
specificities in the range 90% to 100%. However,
the difference in sensitivity between the two
networks, at a specificity of 99%, was 42% of MLP
and 47% vs. 79% of CNN and this difference was
highly significant. The significance of the difference
in sensitivity between the CNN and MLP was tested
with intention to the fact that the same ECGs were
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used.

Together with the corresponding output values of
the CNN, a threshold of 0.1 was used to give
sensitivity and specificity 92.31% and 98.39%,
respectively. For the MLP the sensitivity was 83%
and the specificity was 93.38%. The ECGs with
output values close to 1 lack clear
electrocardiographic signs of AVB and those with
output values close to 0 are clear normal (Fig.7).

Sensitivity (% )
100

80 -

60l

40 4

2]

100I9:8:9:6:9:4:9:2:90
Specificity { % )

Fig. 7 Receiver operating characteristic curve
for the networks diagnosing AVB in the test set.
One MLP network (solid line) and the other one

CNN network (broken line).

ECG Normal ECG Normal
with  ECG with ECG
AVB AVB
CNN architecture  MLP  architecture
Tave 122 113
Fave 7 16
Tn 84 78
Fx 2 8

Table 2: Results relating to the population study
for the MLP architecture and CNN architecture
using a threshold of 0.1.

In the classification of the ECGs by the CNN and
the MPL, there was agreement in 191 ECGs. The 6
ECGs on which the CNN and MLP disagreed, and
on which the network was incorrect constitute a
particularly interesting group one of the six ECGs
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had serious errors in the data of the measurement
program and was therefore not properly presented to
the networks

S B B f\ - _ﬂ\'.._
o l R
i i R i
T P p N R R - )
b g, SEAE SRS R i)
a) ECGs have QRS complexes with abnormal
notches.

-

c) ECGs with large QRS

d) ECGs with very large QRS

Fig.8 ECGs from the test set incorrectly
classified by the CNN.

All the ECGs from the group of the 7 cases
falsely classified by the CNN have QRS complexes
with abnormal notches. Some of them have
decreasing R wave amplitude; the others have large
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QRS complexes.

The decreased R wave progression found in
panel (b) of the Fig.8 was not a common finding the
material. Therefore, this pattern might be difficult
for the network.

The ECGs in Panels (¢ and d) have large QRS
complexes. This is not a normal finding and the
CNN classification is therefore not surprising. This
information is not given to the network; the training
used only normal QRS. To resolve this problem, it
could be to add an expert to the CNN.

4 Conclusion

We have presented two methods for automated
detection of AVB patients using one lead ECG. The
lead was digitalized and the measurements were
used as inputs to the CNN and MLP classifiers that
were trained to detect AVB and the same ECGs
were used in the test. The performance was
compared with that of an experienced cardiologist to
whom we presented all the ECGs in random
manner. The cardiologist classified each of the
ECGs; the results were available at the classification
procedure from the CNN. No significant difference
was found. The sensitivity and specificity were
92.30% and 98.39% respectively. For the MLP the
sensitivity was 83% and the specificity was 93.38%.

The compared previous results show that the
CNN and MLP, both of them can be trained to
detect AVBs from the ECG with a performance in
terms of accuracy and sensitivity equivalent to what
a cardiologist would achieve

With proper further developments, we believe the
proposed CNN has potential as a decision support
system that can provide a good suggestion for
diagnosis.

The CNN used in the present work can be
incorporated in computer-based ECG interpretation
system in order to detect AVB in ECG waveforms.
Such  implementations would yield higher
performance particularly in cardiology departments.

These good results confirm that neural networks
can be reliably used to improve automated ECG
interpretation process for AVB and that even an
experienced cardiologist could use such networks as
an essential decision-making support.  This
improvement will lead, in the near future, to a more
accurate early diagnosis of AVB.

References:

Issue 1, Volume 5, January 2008



WSEAS TRANSACTIONS on BIOLOGY and BIOMEDICINE

[1] Encyclopédie Meédico-Chirurgicale 11-003-F-
30, 2004.
[2] Bobbie, P. O., Chaudhari, H., Arif, C.-Z., and
Pujari, S., Electrocardiogram (EKG) Data
Acquisition and Wireless Transmission, WSEAS
Transactions on Computers, vol. 3, issue 8,
2004, pp 2665 - 2672.
Amit Kumar, Lillie Dewan, Mukhtiar Singh.
Real Time Monitoring System for ECG Signal
Using  Virtual  Instrumentation,, WSEAS
Transactions on Biology and Biomedicine Issue
11, Volume 3, 2006
Ch. Renumadhavi, S. Madhava Kumar, A. G.
Ananth, Nirupama Srinivasan Algorithms for
Filtering and Finding SNR of ECG Signals with
Powerline Interference, WSEAS Transactions on
Signal  Processing Issue 9, Volume 2,
September 2006 pp 1320-1325

(3]

[4]

[5] Soman, T. and Bobbie, P.O., Classification of
Arrhythmia  Using Machine Learning
Techniques, WSEAS  Transactions  on

Computers, Vol.4, issue 6, June 2005, pp. 548-
552.

L. El Khansa and A. Nait-Ali, Parametrical
modelling of a premature ventricular contraction
ECG beat: comparaison with the normal case,
Computers in Biology and Medicine, vol. 37,
2007, pp. 1-7.

G. Mandellos, M. Koukias, G. Anastassopoulos,
D. Lymperopoulos, A new SCP-ECG module
for telemedicine services, WSEAS Transactions
on Computers,, November 2004, vol. 3, Iss. 5,
pp. 1258-1263

P. Baldi and S. Brunak, “Bioinformatics,” The
Machine Learning Approach, MIT Press,
London, UK, 2000.

D. L. Hudson and M. E. Cohen, "Neural
Networks and Artificial Intelligence,” for
Biomedical Engineering. Piscataway, NJ: IEEE
Press, 2000.

Meghriche S., Boulemden M., “Review on
the Development and Utilization of Artificial
Neural Network Applied to ECG Signals
Diagnosis’’ Proc. DCCA Jordan, 2007 pp 1066-
1074.

A. Casaleggio, M. Morando, S. Ridella
“Neural Networks for Automatic Anomalous
QRS  Complex Detection,”  Myocardial
Infraction Proc. Computer in Cardiology, pp.
553-6, 1991.

W. Dassen, R. Mulleneers, B. Bleijlevens,
K Den Dulk, LM. Rrodriguez, J. Schlapfer, A.
Katsivas, H. wellens, “Determination of the
Aetiology of Wide-QRS Tachycardia Using an

6]

[7]

8]

[9]

[10]

[11]

[12]

ISSN: 1109-9518

21

Salama Meghriche, Mohammed Boulemden and Amer Draa

Acrtificial Neural Network,” IEEE, pp. 165-68,
1992.

T. Conde, “Automatic Neural Detection of

Anomalies in  Electrocardiogram (ECG)
Signals,” IEEE, pp. 3552-58, 1994.
[14] Y. Ming-Chuan, B. Pariseau, J.M Jenkins,
L.A DiCarlo, “lteracardic  Arrhythmia
Classification using Neural Networks and Time
Frequency Analysis,” Proc. Computer in
Cardiology, pp. 449-52,1994.

M. Hoher, H.A. Kestler, S. Bauer, P.
Weismuller, G. Palm, V. Hombach, “Neural
Networks Based Analysis of the Signal
Averaged Electrocardiogram,” Proc. Computer
in Cardiology, pp. 257-60, 1995.

Ellenius, J., Groth, T., & Lindahl, B. Neural
network analysis of biochemical markers for
early assessment of acute myocardial infarction,
Stud. Health Techno. Inform., No 43, pp 382-
385, 1997.

B. Heden, L. Edenbrant, W.K. Haisty JR, O.
Pahlm, Neural Networks for ECG Diagnosis of
Inferior Myocardial Infraction, Proc. Computer
in Cardiology, pp. 345-47, 1993.

B. Heden, K. Edenbrant, L. Wesley, W.K.
Haisty, O. Pahlm, “ Artificial Neural Networks
for Electrocardiographic Diagnosis of Healed
Myocardial Infraction,” The American Journal
of Cardiology, Vol. 74, pp.5-8, 1994.

B. Heden, R. Hans Ohlin, L. Rittner, L.
Edenbrant, “Acute  Myocardial Infraction
Detected 12-Lead ECG by Artificial Neural,
Networks,” Neural, Networks for ECG Analysis
Circulation Vol. 96, No 6, pp. 1798-1802, 1997.

[13]

[15]

[16]

[17]

(18]

[19]

[20]  Baxt, W. G. Improving the accuracy of an
artificial neural network using multiple
differently trained networks. Neural

Computation, No 4 Vol. 5, pp 772-780, 1992.
Baxt, W. G. A neural-network trained to
identify the presence of myocardial-infarction
bases some decisions on clinical associations
that differ from accepted clinical teaching. Med.
Dec. Making, No 14 Vol. 3, 1994, pp 217-222.
Baxt, W. G. A neural-network trained to
identify the presence of myocardial-infarction
bases some decisions on clinical associations
that differ from accepted clinical teaching. Med.
Dec. Making, No 14, Vol. 3, pp 217-222, 1994.
Baxt, W. G. Application of neural networks
to clinical medicine. Lancet, 346, pp 1135-1138.
, 1995
Baxt, W. G., & White, H. Bootstrapping
confidence intervals for clinical input variable
effects in a network trained to identify the

[21]

[22]

[23]

[24]

Issue 1, Volume 5, January 2008



WSEAS TRANSACTIONS on BIOLOGY and BIOMEDICINE

presence of acute myocardial infarction. Neural
Computation, No 7 Vol. 3, pp 624-638, 1995.

Dreiseitl, S., Ohno-Machado, L. &
Vinterbo, S. Evaluating variable selection
methods for diagnosis of myocardial infarction.
Proc. AMIA Symp, Vol. 1-2, pp 246-250, 1999.

Neal, R. M. Bayesian learning for neural
networks, New York: Springer-Verlag., 1996.

Baxt, W. G., & Skora, J. Prospective
validation of artificial neural network trained to
identify acute myocardial infarction. Lancet,
347, pp 12-15, 1996.

Selker, H. P., Griffith, J. L., Patil, S., Long,
W. J., & D'Agostino, R. B. A comparison of
performance of mathematical predictive
methods for medical diagnosis: identifying
acute cardiac ischemia among emergency
department patients. J. Investig. Med., No 43,
Vol. 5. pp 468-476, 1995.

Polak, M. J., Zhou, S. H., Rautaharju, P. M.,
Armstrong, W. W., & Chaitman, B. R. Using
automated analysis of the resting twelve-lead
ECG to identify patients at risk if developing
transient myocardial ischemia-an application of
an adaptive logic network. Physiology. Meas.,
No 18 Vol. 4, pp 317-32, 19975.

Henrik Haraldsson, Lars Edenbrandt,
Mattias Ohlsson, Detecting acute myocardial
infarction in the 12-lead ECG using Hermite
expansions and neural networks, Artificial
Intelligence in Medicine 2004 pp 127-135

W. Haiying, F. Azuaje, and B. Norman,
“An Integrative and Interactive Framework for
Improving Biomedical Pattern Discovery and
Visualization”, IEEE Transaction on
Information Technology in Biomedicine, Vol. 8,
No. 1, pp. 16-27, 2004,.

Abdulnasir Hossen, “Biomedical Signals
Classification Intelligent Systems”, Proc. CSIT
Jordan, 2006.

A. R. Houghton, D. Gray, Maitriser L’ECG
de la Théorie a la Clinique, PP. 1-30, Masson,
2000

New York Heart Association Subcommittee
on Electrocardiography Criteria, Nomenclature
and Criteria for Diagnosis of Diseases of the
Heart and Blood Vessels, 5th ed. 1953.

P. M. Rantahaju et al, The Impact of
Computer on Electrocardiogram Interpretation
Systems, NARDP Grants N° 410, 1978.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

ISSN: 1109-9518

22

Salama Meghriche, Mohammed Boulemden and Amer Draa

Issue 1, Volume 5, January 2008



