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Abstract—Since irregular heartbeat symptoms arise, it's
critical to accurately diagnose the patient's heart problem. This
research aims to use a training algorithm for disease detection.
The amplitude and duration of P peaks, QRS waves and T peaks
are among the data of ficidual detection points that the
electrocardiogram (ECG) signal offers. These informational
points serve as input parameters. To further develop the
prediction model, the Hybrid Multilayer Perceptron (HMLP)
network was employed to perform the prediction. To estimate
the correctness of the ECG signal model more accurately,
Bayesian regularization (BR) training algorithm is applied.
HMLP network trained by BR training algorithm capable of
performing with mean squared error (MSE) of 0.32 and a
regression value of 0.96. The trained model uses Tansig
activation function to activate the network.

Keywords—mean square error, accuracy, electrocardiogram,
cardiac abnormality, amplitude and duration.

I. INTRODUCTION

Heart disease, often known as cardiac pathology, is a
prevalent global ailment, particularly prevalent in Malaysia.
Cardiac abnormalitily, or heart disease can happen since blood
clots obstruct blood flow to the heart [1]. Arterial blood clots
are responsible for coronary artery blockages. The heart will
ultimately experience cessation of blood circulation when a
thrombus completely obstructs a significant artery. Due to the
heart's requirement for oxygen to circulate blood throughout
the body, there is a resultant deficiency of oxygen in the heart.
Insufficient oxygen supply rapidly weakens the heart muscle,
leading to decreased blood circulation throughout the body.
This leads to a myocardial infarction. Cardiac problems can
be effectively detected using an ECG. An ECG, a valuable
diagnostic instrument, can detect anomalies and illnesses of
the heart.

It serves as a sensor to detect any electrical impulses
produced by the heart on the skin surface [2]. The process of
taking an ECG involves positioning several electrodes at
different points on the skin's surface. While there are
acknowledged drawbacks to electrocardiography, [2] The
ECG could seem normal even if there is a serious cardiac
condition. A patient with a normal ECG may, however,
exhibit notable alterations suggestive of a cardiac abnormality
within ten minutes passed the exam. It happens since the ECG
is essentially a visual picture of the heart. It is possible that the
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patient will not have cardiac symptoms during the current test,
even though they may have existed in the past.

The test may yield normal results in people with serious
cardiovascular issues because it cannot detect artery
narrowing until it occurs during physical exercise or a heart
attack. Comparably, for those with irregular cardiac rhythms,
an ECG is the conclusive test. When a patient does not exhibit
an arrhythmia during the examination, however, the findings
could seem normal despite a significant underlying issue [3—
4]. Consequently, a precise diagnosis of aberrant cardiac
activity can be made by extracting elements in the ECG signal,
such as the P peak's amplitude and length, the QRS wave's
duration, and the T peak's duration, and using these data as
input variables for prediction models [5].

II. LITERATURE REVIEW

A. Electrocardiogram (ECG)

An ECG is commonly used to assess and record the heart
muscle's electrical activity and function. Despite the test's
apparent simplicity, mastery in ECG tracing analysis
necessitates extensive training [6]. The electrical activity of
the heart is measured by electrodes inserted into the skin and
by an implanted two-stage electric pump [6-7]. An ECG not
only measures pulse rate and rhythm, but also indirectly
evaluates blood flow to the heart muscle. The rhythm, which
is another name for the heartbeat, varies greatly. A common
cardiac thythm known as the sinus rhythm is depicted in
Figure 1. This rhythm is known as a normal ECG signal
because each electrical impulse that originates at the sino-
atrial (SA) node generates a ventricular contraction [8].
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Fig. | ECG signal in the heart for normal patient.

Figure 2 shows a variety of irregular electrical rhythms.
While certain specimens might not be dangerous, others



might. Another cause of unexpected death is cardiac
arrhythmias that do not result in a pulse. Figure 2 of the ECG
depicts atrial fibrillation, an abnormal cardiac rhythm that can
lead to sudden death [9-10].
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Fig. 2 ECG signal in the heart for AF patient.

B. Ficidual Detection Point

The highest point, or a specific location in the three main
waves seen in the complex ECG, corresponds to a distinct and
easily identifiable point known as a fiducial point. This is a
crucial element to keep in mind when doing analysis and
interpretation. At least nine distinct reference points can be
distinguished using this incredibly effective technique.
However, it is impossible to pinpoint the exact beginning and
end of a fundamental wave because the human eye is unable
to distinguish between the borders of each wave. Ahmad et al.
[11-12] developed a method that precisely locates the three
main waves in ECG data. This method requires the
determination of the dimensions, duration, and velocity at
which the signal changes. Khamis developed the idea of
figuring out the local curvature radius, both minimum and
maximum, in their research [13]. Combining these two
methods can enhance the precision and accuracy of ECG
waveform identification. Several ECG recording equipment
manufacturers incorporate these methods into their products.
Figure 3 displays the parameters of the complex ECG.
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Fig. 3 The fiducial detection points in a complex ECG signal.

C. Hybrid Multilayer Perceptron (HMLP)

An MLP network, as defined in reference [14], is a type
of feed-forward neural network that takes a specific set of
inputs and produces a similar set of outputs. The network is
composed of an input layer, one or more hidden layers, and
an output layer. The number of nodes in the input and output
layers is determined by the quantity of input and output
variables [15]. Empirical evidence has demonstrated that,
within an acceptable level of precision, a single hidden layer
can approximate a continuous function effectively [16]. The

input vector X; is transformed into a vector of hidden
variables U; by applying an activation function ¢;. Equation
(1) can be used to express the output U; of the nodejth in
the hidden layer

n
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The variables w;; and 6; denote the weight and bias of the
link between the j** node in the hidden layer and the i*"
input node. The HMLP network, a modified version of MLP,
was proposed as the best method for characterising both
linear and nonlinear systems [17]. Figure 5 shows the
standard configuration of an HMLP network.
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Fig. 4 Structure of HMLP network [12].

The network enables direct connections between inputs
and k" output nodes through weighted connections. This
creates a linear model that functions simultaneously with the
traditional non-linear MLP model [18]. Therefore, Equation
(2) represents the outcome derived from the y, HMLP
network.
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D. Training or Learning Algorithms

To guarantee that neural networks function properly, the
leaming phase is essential. The two most frequently used
learning strategies are supervised and unsupervised learning
[19-20]. In machine learning, supervised learning refers to the
process of building a model that connects input and output
variables. Using pre-existing training models with no
predetermined output target is known as unsupervised
learning. Unsupervised learning, based on prior knowledge,
greatly benefits data compression [21]. The investigation
began with the implementation of an experimental protocol,
followed using neural network techniques for modelling. The
extra dataset that was collected along with the main goal was
used to train the ECG cardiac abnormality classification
model using supervised learning methods such as
backpropagation (BP) [22], Levenberg-Marquardt (LM) [23],
and Bayesian regularisation (BR) [24].

Continuous evaluation of the performance and accuracy of
MSE prediction during the training and testing stages
determines the ideal number of training iterations [25-27].



When using regression analysis to assess the suitability of data
or project outcomes, the goal is to lower the MSE to show
better accuracy. Regression analysis, a statistical technique,
estimates the response variable using one or more independent
variables. Simple linear regression illustrates this concept by
examining a single independent variable in relation to a
dependent variable. However, to perform multiple linear
regression, two or more explanatory variables must be
included in addition to the response variable.

Continuous evaluation of the performance and accuracy of
MSE prediction during the training and testing stages
determines the ideal number of training iterations [25-27].
When using regression analysis to assess the suitability of data
or project outcomes, the goal is to lower the MSE to show
better accuracy. Regression analysis, a statistical technique,
estimates the response variable using one or more independent
variables. Simple linear regression illustrates this concept by
examining a single independent variable in relation to a
dependent variable. However, to perform multiple linear
regression, two or more explanatory variables must be
included in addition to the response variable.

III. METHODOLOGY

A. Collection of Data

The ECG information utilised in the research was taken
from the Physionet database. The sample consisted of
unprocessed signals for cardiomyopathy, along with various
types of arrhythmias. In addition, data from normal ECGs is
collected for comparison purposes. ECG signals are recorded
at a frequency of 1 kHz. This study used MATLAB R2023b
for all signal processing and categorization tasks, along with
various statistical prediction models. Motion artefacts,
electrical wires, and electromyogram (EMG) signals have the
potential to interfere with the ECG. Therefore, it is necessary
to perform preprocessing of the raw signal to modify the
baseline and minimise the noise.

B. Pre Processing Dataset

The statistical prediction model will receive six (6)
extracted features from the ECG data. The characteristics are
the P wave's amplitude and duration, the QRS complex's
amplitude and duration, and the T wave's amplitude and
duration. Consequently, there will be six input nodes in the
prediction model. Based on the difference between normal
and abnormal ECG signals, one of the six traits is chosen. The
prediction model incorporates 200 data points from each
condition, including random data. To predict whether the heart
is healthy or sick, the prediction model considers six distinct
ECG signal properties as input parameters [28—30]. Figure 4
displays two output nodes that indicate the heart's status as
either normal or dysfunctional. Every output node acts as a
heart issue detector. The input parameters are shown in Figure
4 as Amplitude of P peaks (P,), Amplitude of QRS waves
(QRS,), Amplitude of T peaks (T,), Duration of P peaks (Pq),
Duration of QRS waves (QRSg), and Duration of T peaks (Tq).

The P, parameter is calculated from the highest elevation
of the P peak, while the P, parameter is calculated from the
sharpest elevation of the T peak. The duration of the P peak is
calculated by following its course from inception to
conclusion. The QRS duration begins when Q peaks transition
into S peaks, whereas the T length is computed from the start
of T peaks to their end. According to the research findings, all

the factors are used as input parameters in supervised
prediction models to classify cardiac anomalies as normal or
aberrant signal circumstances.
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Fig. 5 (a) Prediction block of cardiac abnormality using supervised
prediction model, (b) Extracted parameters in ECG complex.

IV. RESULT AND DISCUSSION

It is simpler to evaluate the MLP neural network's
performance via prediction analysis by utilising MATLAB's
neural network capabilities. This analysis demonstrates the
accuracy of the network's prediction of explosion pressure.
Three separate steps make up the evaluation technique. 70%
of the data that is available is set aside for training in the first
phase. In the subsequent phase, thirty percent of the data is
reserved for testing purposes alone. Utilising a total of 200
ECG datasets further enhances the evaluation. The two
methods used to assess performance to find the best match are
MSE and regression analysis. The optimal regression
performance and the minimum MSE are used to gauge how
effective the training process was. A lower MSE in the
prediction phase denotes greater predictive power and reduced
relative error [31-33].

By calculating how close a measurement is to one, the
regression performance of the network is evaluated. A
measurement that is closer to zero (0) denotes poor
performance, whereas a value that is closer to one (1) denotes
superior performance. Using the MATLAB neural network
tool, the MSE and regression values for several training
procedures were calculated. The performance of the HMLP
network is shown in Table 1. Two different training
algorithms are used to evaluate the performance, and the
Tansig activation function is used to activate it. Two criteria
are used to establish the ranking: the highest regression results
and the lowest MSE performance.

Table I presents the results, which include the regression
and MSE values as performance measures. The results
showed that applying the BR training algorithm to the MLP
network yielded the most significant MSE performance and
regression coefficients of 1.12 and 0.89, respectively. By
contrast, the MLP network-based BP training algorithm did
poorly, with regression MSE of 0.71 and 1.75. The subsequent
investigation employed the BP, which contained the HMLP



network structure, as a training method. The results of the
regression study showed that the MSE and regression
performance were, respectively, 0.32 and 0.96. Then, in terms
of regression performance, the HMLP networks trained by the
BR training algorithm fared better than those trained using the
BP approaches. Using an HMLP network in with BP training
algorithm yields a regression score of 0.86 and an MSE of
1.43.

TABLE L PERFORMANCE OF SEVERAL PREDICTION MODEL
Structure & "Fraining MSE ' Regression
Algorithm Performance Performance
HMLP with BR 0.32 0.96
MLP with BR 1.12 0.89
HMLP with BP 1.43 0.86
MLP with BP 1.75 0.71

Data are displayed in Table I demonstrates an impressive
disparity in the effectiveness of the models of training
algorithms used. The stochastic model-based BR approach
fared better than the deterministic model-based BP algorithm.
The presence of random variables distinguishes stochastic
models from deterministic models, which have received
extensive study and are more prevalent in real-world
applications. BP-based algorithms frequently run into local
minima during training, which could lead to subpar
performance. But several changes have been made to improve
the algorithm's capacity to avoid local minima and converge
to global ones, which has resulted in notable speed increases
overall. The BP technique finds the ideal structure with good
computational efficiency but a somewhat lower degree of
precision than the BR algorithm. The standard MLP network
performed better in predictions after adding a linear
connection. Table I shows unequivocally that in terms of
regression and MSE performance, the HMLP network
performs better than the MLP network.

V. CONCLUSION

This study examines how well a training algorithm can
categorize data about heart issues, and then compares the
results to those from clinical monitoring techniques. This
paper's data empirically supports the idea that training
algorithms, which consider the amplitude and length of the P
wave, QRS complex, and T wave in ECG signals, can
accurately categorise heart issues. This study also examines
different training algorithms that can yield the highest
regression values and the lowest MSE readings. The BR
training algorithm capable to reduce the MSE and optimise the
regression results, better than BP training algorithm. On the
other hand, the BP training algorithm capable to reduce time
processing but unable to outperform BR training algorithm in
regression performance. This study aims to identify the best
technique to use as a foundation for monitoring heart
problems. Several improvements could be made, such as
classifying data using a more sophisticated version of a neural
network. Implementing data enrichment techniques can
enhance performance, but it is crucial to acknowledge that
these projects have associated costs.
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