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Extraction of Signal Features for Diagnosing Heart Disease Using a Single Derivation of an
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Abstract: In this study, we present a signal processing procedure that identifies characteristics of electrocardiogram
signals and feeds this information into a neural network, enabling the separation of normal signals from those
indicative of infarction. The method is tailored for integrating with neural network systems designed to diagnose
based on signal characteristics. Using the proposed features, it was possible to differentiate normal signals from
infarction signals, using only one derivation of the electrocardiogram. The proposed method aims to simplify the
process of acquiring and processing electrocardiogram (ECG) signals. It involves extracting specific characteristics
from an ECG signal, which are then provided to an intelligent system for potential diagnosis. Specifically, the method
focuses on utilizing the V6 derivation of ECG signal. During processing, two key features are extracted: the average
energy of the signal and the dominant frequency in the signal’s frequency spectrum. To validate the effectiveness of
this approach, a dataset consisting of 62 normal ECG signals and 58 signals diagnosed with infarction signals were
employed to train the network and a further 480 signals were used for testing. Both the training and validation datasets
were obtained from the PhysioNet signal bank. Each signal’s extracted features were utilized as inputs for the neural
network. The results showed that the network achieved a correct diagnosis rate of 99,79% using these signal
characteristics.
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Resumo: Neste estudo, apresentamos um procedimento de processamento de sinais que identifica caracteristicas dos
sinais do eletrocardiograma e alimenta essa informac¢do em uma rede neural, possibilitando a separagdo dos sinais
normais daqueles indicativos de infarto. O método ¢ adaptado para integragdo com sistemas de redes neurais
projetados para diagnostico com base nas caracteristicas do sinal. Utilizando os recursos propostos, foi possivel
diferenciar sinais normais de sinais de infarto, utilizando apenas uma derivag¢do do eletrocardiograma. O método
proposto visa simplificar o processo de aquisi¢do e processamento de sinais de eletrocardiograma (ECG). Envolve a
extragdo de caracteristicas especificas de um sinal de ECG, que sdo entdo fornecidas a um sistema inteligente para
diagnostico potencial. Especificamente, o método concentra-se na utilizagdo da derivagdo V6 do sinal de ECG.
Durante o processamento, duas caracteristicas principais sdo extraidas: a energia média do sinal e a frequéncia
dominante no espectro de frequéncia do sinal. Para validar a eficacia desta abordagem, um conjunto de dados,
composto por 62 sinais normais de ECG ¢ 58 sinais diagnosticados como sinais de infarto foram utilizados para
treinar a rede e para o teste foram empregados mais 480 sinais. Os conjuntos de dados para treinamento e validacdo
foram obtidos do banco de sinais PhysioNet. As caracteristicas extraidas de cada sinal foram utilizadas como entradas
para a rede neural. Os resultados mostraram que a rede alcangou uma taxa de diagndstico correto de 99,79% utilizando
essas caracteristicas de sinal.

Palavras-chave: Coragdo. Rede Neural. Derivagdo. Diagnostico. Eletrocardiograma.
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Introduction

The electrocardiogram signal is one of the
most  significant tools for identifying
characteristics that make it possible to detect
heart problems. According to the World Heart
Federation, cardiovascular diseases were
responsible for 20.5 million deaths in 2021,
almost one-third of all deaths worldwide (Di
Cesare et al., 2023).

Early diagnosis can often prevent these
deaths. Many tools allow an early diagnosis of
heart disease, however, those that can help
diagnose and treat diseases are not accessible
in the communities that need them most. Much
research has been carried out looking for tools
that allow the detection of cardiac anomalies
(Gupta et al, 2022, Patel et al, 2021, Jager;
Moody; Mark, 1998).

Currently, extensive research is focused
on applying artificial intelligence to assist with
decision-making  applications.  Aurtificial
Intelligence (Al) is used in a wide variety of
applications that involve learning, perception,
and specific tasks such as chess games,
demonstrating mathematical theorems,
creating poetry, driving a car on the road, and
disease diagnosis (Rahman et al., 2024;
Alkhodari; Fraiwan, 2021). Neural networks
represent a powerful subset of Al models adept
at addressing diverse challenges across fields
such as control, pattern recognition, and
decision-making. Typically, these networks

find their implementation primarily in

software, using microprocessors for both
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training and execution phases (Shen et al.,
2020; Dally et al., 2018). In the domain of
pattern recognition, neural networks play a
crucial role in discerning typical patterns, such
as those found in electrocardiograms (ECGs).
Numerous studies have explored various
approaches to detecting cardiac irregularities.
Gupta proposed Chaos theory together with
short-time Fourier transform (STFT) that
reduces the occurrence of spurious outcomes
and has demonstrated the properties that are
typical outlook of deterministic chaotic
systems. (Gupta; Mittal; Mittal, 2020).
Maglaveras present a supervised neural
network-based algorithm used for the
automatic detection of ischemic episodes
resulting from ST segment elevation or
depression. For this leads V3, V4, V5, and
MLIII were used (Maglaveras N. et al., 1998).
Jager propose an evaluation and performance
measurement  protocol for  database
application. A method was proposed to
evaluate the accuracy in detecting ST segment
deviations, using two leads (Jager et al., 1991).
Anuradha presented a technique that applies
the extraction of 4 parameters from an ECG
signal in lead II and, through a fuzzy classifier,
anomalies

identifies

(Anuradha & Reddy, 2008). Zheng proposed a

possible  cardiac

new improved QRS detector that uses Discrete
Wavelet Transform and Cubic Spline
Interpolation for preprocessing, together with

a dynamic weight adjustment strategy to
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enhance the detection robustness in noisy
conditions. In this application, derivation II
was used. (Zheng & Wu, 2008). Sharma
presented a novel technique for QRS complex
detection with minimum pre-processing
required.

The technique uses two-stage median
filter and Savitzky-Golay smoothing filter for
pre-processing. The decision rule is based on
root-mean-square of the signal. Using one
ECG channels (Sharma & Sunkaria, 2016).
Chen presented a classification system based
on wavelet transformation and probabilistic
neural network to identify six ECG beat types
(Chen & Yu, 2006). In this application, one
derivation was considered for analysis.

Afsar proposed an efficient data pruning
algorithm incorporated into a fuzzy k-nearest
neighbor classifier to minimize space and time
complexity during classification (Afsar et al.,
2008). This work seeks to offer a novel
solution: the early detection of cardiac issues
using only a single derivation of the ECG
signal.

With the use of only one derivation to
determine a possible diagnosis of a patient, the
equipment used would be simpler as it would
require fewer points of contact with the
patient’s skin to acquire the signal.
Furthermore, this proposal provides simpler
processing for extracting characteristics from
the ECG signal as it works with two input
values from the network. This system enables

the development of streamlined portable
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equipment capable of delivering diagnoses
without requiring numerous connections
between the patient and the apparatus. Through
the adoption of such techniques, automated
patient diagnosis becomes feasible, facilitating
remote monitoring. Consequently real-time
triggering of alarms can alert either the patient
or medical personnel to take preemptive
measures, mitigating the risk of addressing
issues only at an advanced stage.

In this study, a solution is proposed using
a neural network consisting of 50 neurons with
two inputs and one output. Each input receives
a characteristic, the network is able to generate
a probable diagnosis of the patient under
analysis. Our objective was to present a signal
processing  solution  that uses two
characteristics of a single derivation of the
electrocardiogram signal to diagnose the
presence of a heart attack. In this solution, the
electrocardiogram signals from a PhysioNet
database were used.

With the information in its inputs, the
neural network performs the processing and
informs in its output the possible diagnosis of
the analyzed signal, whether it is a

characteristic sign of a heart attack.

Material and Methods

The proposed system was implemented in
MATLAB®, and the electrocardiogram signals
used to make the database and perform the test

were obtained from the PhysioNet database
(PhysioNet PhysioBank, 2023). After the
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simulation, to validate the result obtained with
other works in the literature, figures of merit
were calculated. Figure 1 shows a summary of

the validation system used.

Figure 1. Describing the validation system
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Initially, as shown in the first block, we
obtained the leads of the ECG signals. The
electrocardiogram is a test usually performed
to assess cardiac rhythm disturbances. Using
the electrocardiogram, one can obtain
information on structural cardiac problems,
e.g. myocardial ischemia, myocardial
electrophysiological disturbances, pericardial
diseases, heart position, cardiac pacing, and
electrolytic and metabolic changes in the
system. Additionally, it serves as a valuable
tool for documenting both intrinsic and
pharmacologically-induced alterations in
cardiac function (Hampton & Hampton, 2019).
The signal obtained in this test describes the
entire cycle of the heart conduction system.
Figure 2 shows a typical, normal ECG wave.

Observing Figure 2, it is possible to notice
the main gaps highlighted. Dignosis of a
cardiopathy can be made by assessing and

detecting any amplitude variation or time

variation during each interval.
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Figure 2. Typical, normal ECG wave with its segments
indicated.
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In this system, each signal is represented
by 10,000 samples at a sampling frequency of
1KHz.

In the second block the sampled signal is
digitally  filtered using a  third-order
Butterworth  low-pass filter. The key
characteristic of this filter is a ripple-free
frequency response within its bandwidth and
zero response outside its bandwidth. The
magnitude response of an  Nth-order
Butterworth filter with a cutoff frequency wp
is given by Equation. (1) (SEDRA, 2000).

ITGw)| = 1/y/1 + exp?(w/wp)?N (1)

Calculating the arithmetic mean of the
signal samples, the DC level was eliminated.

Next, at the third block, for each V6
derivation signal, the signal energy was

calculated according to Equation 2.
YnZn, lx[n]]? )

Were |x| denotes the magnitude of the

(possible complex) number x (Oppenheim;
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Willsky; NAWAB, 1996). Given that the
electrocardiogram signal is periodic, this
calculated energy is finite.

In this block, the signal transform was
also calculated and the frequency with the
largest spectrum of the signal was identified. In
this way, the feature pairs of all V6 derivation
signals were stored for validation of the neural
network.

In the fourth block, a neural network with
fifty neurons was implemented. Each neuron
has two inputs and one output. The two
network inputs were fed with pairs of the
features extracted from each signal. The neural
network in this block uses structures with only
one hidden layer with fixed and possibly
random weights, which allows for representing
complex non-linear functions (universal
approximators). This type of architecture has
the convenience of only needing to adjust the
weights of the output layer, which in addition
to reducing the memory also facilitates the
learning process that can be carried out only
with a multiple linear regression algorithm.
Therefore, the desired target function can be
obtained avoiding the computationally
intensive process of backpropagation during
the learning phase. This type of network
Neural is also known as Extreme Learning
Machine. Initially, the network was trained
with the application of 120 signals with 68
normal diagnoses and 52 with a heart attack
diagnosis. After training the neural network,

480 signals were applied for verification, 161

161

with a normal diagnosis and 319 with a
diagnosis of infarction.

In the final block, all output values from
the neural network were collected, which
correspond to the diagnoses for system
validation. It was standardized such that for a
normal electrocardiogram diagnosis, the
network should generate a value of zero and for
a heart attack diagnosis, the network should
generate a value of 1. With this information,
graphs, and calculations were generated to
quantify the efficiency of the system under
study.

Results and Discussion

Figure 3 shows the 10000 samples from
the V6 lead of an electrocardiogram signal
taken from the PhysioNet database
(PhysioNet, 2023).

Figure 3. Samples of an electrocardiogram signal.
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Figure 4 shows the 10000 samples after
the signal filtering process.
Based on the samples depicted in Figure 4,

the average energy of this signal was
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calculated (using Equation 2).

Figure 4. Samples of an electrocardiogram after filter.
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The other input applied to the neural
network architecture is the strongest frequency
in the spectrum of the evaluated
electrocardiogram signal.

As an example, for the electrocardiogram
signal in Figure 4, its transform was calculated
and the frequency with the largest spectrum
was selected. The highest intensity spectrum
frequency for the signal under analysis was
33Hz.

That way, for the electrocardiogram signal
being analyzed in this example, the values of
1,5852.104 (signal energy) and 33Hz (main
frequency) would be applied as inputs into the
neural network.

To validate the presented method the
system validation received 68 normal
electrocardiogram signals and 52 infarction
signals for network training.

After the neural network’s training,161
signals from the V6 lead with normal

diagnoses and 319 signals from the V6 lead

with an infarction diagnosis were applied.

. . . .
250 4s 6s s 10s
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The PhysioNet offers free access to
several databases on physiological signals with
medical opinions and allows simulations and
tests with real ECG signals (PhysioNet, 2023).

According to the tests carried out in the
simulation, Figure 5 shows the output surface
generated by the network after training, as a
function of the two inputs. To facilitate the
network’s implementation, the input values
were normalized to a range between o and the
network’s outputs in the training sets were
normalized to have a normal
electrocardiogram represented by 5 and

infarction by 15.

Figure 1. Surface generated from network training.

Figure 6 shows the positions and values of

the network training signal outputs.

Figure 2 — Expected output of signals used for network
training.
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Figure 7 shows the network output of the
new test signals used to validate the operation
of the network.

Based on the obtained results, an
evaluation of the network’s performance was
conducted. Figure 8 presents the errors
generated in comparison to the expected
correct results.

Figure 3. Network output of signals used for network
validation.
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Figure 4. Errors generated at Network output.
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According to the error graph presented, it
was found that of the 480 electrocardiogram
signals tested, 479 were correctly diagnosed by
the network.

To validate the result obtained with other
works in the literature, figures of merit were

calculated in terms of accuracy (Acc). The Acc
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parameter indicates the accuracy of the system
under test and can be obtained according to

Equation 3 (Inan; Giovangrndi; Kovacs, 2006).

Acc =1 = Neyr [Neotar 3)

Where Ner indicates the number of
misdiagnoses and Nt indicates the total
number of diagnoses.

The Se parameter indicates the percentage
of correct diagnoses compared to undetected
issues. It can be obtained according to the

Equation 4 (Inan Omer T., et al, 2006).

Se =Tp/(Tp + Fn) 4)

Where Tp and Fn are the number of
correct and undetected diagnoses, respectively.
The Pp parameter indicates the percentage
of correct diagnoses in comparison with
incorrect diagnoses. It is given by Equation 5

(Inan Omer T., et al, 2006).

Pp =Tp/(Tp + Fp) (5)

Where Fp indicates the number of
incorrect diagnoses.

Table 1 compares previous works and
their respective methods with the results
obtained using the proposed method for
diagnosing electrocardiograms.

Based on the validation system developed
and the parameters to be compared, tests were
performed to verify how effective the tool is.
A comparison with other implemented systems

in the literature is also show in table 1.
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Table 1. Comparison of previous jobs with current job

Channels Accuracy Pp Se
Gupta 1 - - 99,92%-
Maglaveras 4 - 78% 88%
Jager 2 - 87.1% 83.8%
Anuradha 1 93.13% - -
Zheng 1 - 99.59% 99.68%
0
Sharma 1 9190{;)(2t - -
Chen 1 99.65% - -
Afsar 1 96.75% - -
This Work 1 99.79% 100% 99,73%

The results demonstrate that the proposed
system achieved comparable or superior
performance across all parameters (Se, Pp,
Acc). Notably, this performance was obtained
using only a single lead from the patient’s
electrocardiogram, and the processing required
to extract input features for the network is
straightforward. This simplifies both the
implementation and usage of a potential
hardware solution. In this case, only one
electrode connection to the patient is required,

corresponding to the V6 lead.

Conclusions

The proposed system demonstrates the
capability to offer probable diagnoses with
comparable  effectiveness to  existing
processing systems, achieved through the
utilization of neural networks. By applying this
neural network framework, we could extract
relevant features from a singular derivation of
an electrocardiogram, enabling the generation
of diagnoses with similar or better
performance then those reported in previous

studies. According to the calculations detailed

164

in this work, the system can effectively
diagnose infarction using just a single
derivation and simple processing of an
electrocardiogram signal. This way it is
possible to implement simpler hardware with

less processing.
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