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Abstract— The development of artificial neural networks 
(ANNs) was founded on computer alterations of human 
biology (the concept of neurons). The practicality of 
applying ANNs to various problems has been the 
subject of numerous studies, particularly in the field of 
biomedical engineering. Medical and educational decision­
making regularly use applications to ANNs. Using a range 
of reference data, the APVNs used in the current study 
were trained to recognise cardiac abnormalities. Typically 
referred to as reference parameters, electrocardiogram 
(ECG) signal amplitude and duration are employed as 
input parameters for cardiac issues. An E C G complex 
consists of a P peak, QRS wave, and T peak. The amplitude 
and length of each P peak, QRS wave, and T peak are 
measured, resulting in a total of six input parameters for 
the artificial neural network. The artificial neural network 
(ANN) structure in this study is a multilayer perceptron 
(MLP), and the training techniques are Bayesian 
Regularization (BayR), Lavenherg Marquardt (LevM), 
and Backpropagation (BackP). The influence of the Tansig 
activation function on the MLP structure. The MLP 
network that achieved the highest accuracy (94.44"/o) 
utilising the BayR training method and Logsig activation 
function surpassed all others. 

Keywords- ECG abnormality; amplitude; MLP network; Logsig 
activaiion function, 

I . INTRODUCTION 

An arrhythmia is a particular kind of irregular heartbeat 
or cardiac activity that affects people and frequently causes 
unanticipated heartbeats. Activity-triggered, re-entry, and 
induced fibrillation are a few of these aberrations. Cardiac 
rhythm irregularities relate to a broad group of diseases 
where the electrical activity of the heart is abnormal. 
Abnormal rhythms might be rapid, slow, regular, irregular, 

or a combination of these [1-2]. Depression is currently the 
second largest cause of death in Malaysia, after 
cardiovascular illness, which has exhibited a growing 
tendency. I f monitoring and/or an early diagnosis are 
carried out as soon as feasible, this condition may be 
reduced. Arrhythmia, a cardiac activity that can be used to 
detect early abnormalities, can give clinicians helpful 
information for figuring out the appropriate level of 
treatment [1-3]. Based on electrocardiograms, monitoring 
heart attack episodes is crucial, followed by their prevention 
( E C G ) . The E C G signal can be interpreted using the P peak, 
QRS wave, and T peak. A P peak will result tfom atrial 
depolarization, a QRS complex from ventricular 
depolarization, and a T peak from ventricular 
depolarization. A l l of these peaks could be the result of 
heart-related electrical activity [1-2]. 

The examination of E C G data is typically employed 
during clinical trials as a strategy for spotting any heart 
activity. In the late 1950s, the cardiac activity detecting 
industry got its start. Each year, more recordings are 
evaluated, according to statistics. This has led to an increase 
in study into automatic E C G signal processing and the 
emergence of the engineering discipline known as 
biomedical engineering. Over the past two to three decades, 
numerous types of E C G signal processing algorithms have 
been created and put to use. The QRS complex detection is 
the main topic of most studies. There are a number of 
factors in the E C G signal recording that can help to show 
the patient's state [4-6]. Applications like ANNs are even 
adjusted based on actual models ofhow the brain functions 
[7]. ANNs are equipped with features such as mapping 
input data to output data, solving linear and non-linear 
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problems, and neurobiological parallels. In terms of larger-
scale applications, A N N have been widely used in the fields 
of research, technology, finance, and education. 
Engineering uses artificial neural networks (ANN) 
extensively for tasks like pattern recognition, data 
categorization, system identification, image processing, and 
accuracy. 

The focus of this study is on how well forecasts can 
recognise cardiac failure. The prediction process is carried 
out using an M L P network after important information has 
been extracted from E C G signals. Backpropagation 
(BackP), Lavenberg-Marquardt (LevM), and Bayesian 
Regularization (BayR) training techniques are used in the 
study [8-10]. The architecture of the system is founded on 
a selected algorithm that classifies the patient's condition 
(either under normal conditions or vice versa). The P peak, 
QRS wave, and T peak are used to extract the information 
regarding amplitude and duration as the input parameters 
for the M L P network. In this instance, the M L P network 
was activated via the Logsig activation function. 

The remaining content in the paper is formatted as 
follows. In part 11, the research on ANNs and M L P 
networks Is reviewed, and an explanation of E C G signals is 
also provided. The data sample is explained in Section I I I . 
Section V offers the conclusion after Section I V shows the 
results and addresses certain issues of debate. 

I I . M U L T I L A Y E R P E R C E P T R O N N E T W O R K 

A computer network called A N N is constructed from 
neural stem ceils taken from the human brain (neuron). The 
tiny ceils known as neurons are what make up the human 
brain. ANNs offered to represent the structure of neurons 
by emulating the functions and creativity of the human brain 
by considering the idea of neurons. For non-parametric 
grading/regression, data/database classification, and 
nonlinear function calculation, these ANNs may be 
represented by mathematical modelling. The behaviour of 
biological models of human neurons is also simulated using 
A N N . ANNs can be trained to produce accurate prediction 
outcomes. Although ANNs might be thought of as an 
alternative to brain function, they must be able to execute at 
a level that matches that of the human brain 

. Consequently, the created system may serve as a 
substitute for the system. The M L P network is one of the 
most widely utilised applications for numerous purposes 
[11-12]. 

In his research, Perceptron model, Rosenblatt created an 
artificial neuron model in 1958 [7]. He installs a number of 
the network layers or sequences seen in Figure 1. In other 
sections of the study, ANNs are known as M L P networks. 
According to Figure 1, the input layer, hidden layer, and 
output layer of an M L P network are represented as follows: 

j=l \i=l 
( 1 ) 

for 1 < y < Tih and I < k < m 

The weight that connects the M L P network's input layer to 
the hidden layer itself is shown in Equation 1 as vpf. The 
weights wj^ and wj^ reflect the connections between the 
hidden and output layers of the M L P network, respectively. 
In Equation 1, the input parameter, indicated as xf, is 
feeding the M L P network through the input layer, whereas 
b/ is the threshold of the hidden node. The M L P network, 
indicated as d(-) in Equation 1. has been activated in this 
work using the Tansig activation function. Equation (1) can 
be used to find the values of Wy, w^̂  and bf based on a 
suitable technique and put at the minimal vector but allow 
for recurrence at each iteration. 

Three different training algorithms are utilised to train 
the M L P network. The BackP, LevM, and BayR 
algorithms. While BayR uses stochastic tabulation, the 
training algorithms for BackP and LevM both rely on 
deterministic tabulation. The Logsig transfer function is 
related to a bipolar sigmoid. Recently, study was done on 
the M L P network that Pureiin activated. The study 
compares several activation functions and training 
techniques. The range of the Logsig activation function 
returns is 0 to +1. The choice of activation functions for the 
input data/signal is shown in Figure 2. The threshold of the 
incoming data or signal must be represented by any 
location between 0 and +1. 

0 

-1 

£ 

Hidden 
Layer 

Figure 1. The structure of the MLP network [13]. 

a = iogsig(n) 
Figure 2. Log-sigraoid activation function [16], 
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A. Bayesian Regularization (BayR) Algorithm 

D. Bayes rule is a training/learning method that was 
developed by Thomas Bayes. Given the D data, the Bayes 
rule can be used to determine G, also known as posterior 
probability [8]. Typically, the posterior probabilities 
produced cover the whole range of potential values for. 
Bayes rule could have come from 

pie\D) = 
piD\9) 

piD) ( 2 ) 

Following p{d\D), which is referred to as the likelihood of 
the data before the probability of data, comes p ( 0 ) , which 
is the initial probability of a parameter. The probability 
distribution of the network weights was then modified by 
this general principle as it was applied to the M L P network. 
The weights of the M L P network are the w that it receives 
from the training data, p{w\D). One can visualise the 
posterior distribution by 

p{w\D) = 
p{D\w)p{D) p{D\w) 

p{D) f p{D\w)p{w)dw 
( 3 ) 

Using the Bayesian equation as a guide, it can be shown 
that, as illustrated in Figure 3, the BayR training algorithm 
taught and optimised the weights that may modify our 
belief regarding the influences, from the initial p(w) to the 
posterior pCDIw). 

1 

A p(D|w) 

p(iv) 

/ 
1 
1 

N 

•J ^ • — 1 — 
W m VJ 

Figure 3. 
weights [12]. 

Change pre weights to posterior/post 

B. Levenberg Marquardt (LevM) Algorithm 

A deterministic gradient tabulation underlies the 
operation of the Levenberg Marquardt (LevM) training 
algorithm. The BackP algorithm has been improved by the 
L e v M algorithm. The L e v M algorithm's profitability after 
training the M L P network is assessed by contrasting it with 
the traditional BackP training technique. In addition to 
being able to converge slightly more quickly, the LevM 
training algorithm also outperforms the traditional BackP 
training algorithm in terms of prediction performance. The 
relative stability is still present [9]. The LevM training 
technique, which is based on the quasi-Newton approach, 
was created to accelerate second-order training and get 

around the Hessian matrix. The sum of the squares is 
formed by the L e v M function, and the estimated Hessian 
matrix is as follows: 

and the gradient of the matrix is calculated as: 
( 4 ) 

(5 ) 

where / is a Jacobian matrix that calculates network error 
using bias and weight of the network. The array can be 
calculated using conventional BackP methods, which arc 
less difficult than the calculations involving the Hessian 
matrix [9]. The Newton-like equation estimator is used by 
the LevM algorithm to update the equations in the Hessian 
matrix as follows: 

(6) 

where Aw is the estimator's updated weight, which is 
determined by the p parameter. To prevent the parameter 
reaching 0, the Hessian matrix updated to the Newton-iike 
equation. Since it increases BackP's momentum, the 
Newton estimator-based BackP training algorithm can 
deliver better results. With more momentum, the BackP 
training algorithm can find the lowest local minima and 
produce the least amount of error. At each step that is 
effective, the decreases (minimize error). However, when 
the step function develops, the continues to rise. At each 
cycle, the minimum error must, however, decrease [9]. 

C. Back Propagation (BackP) Algorithm 

The back propagation training approach has been used 
in a wide variety of control system and ANN applications. 
Electrical signals generated by brain activity and coupled to 
electrical activity or electrical signals in the heart are 
regularly read E C G s . On the hands, feet, and chest are some 
electrodes. The electrical activity and electrical impulses 
generated wil l be recorded, and this information will be 
used to train the BackP algorithm. Typically, the algorithm 
instructs the network using the steepest descent approach. 
The BackP method can use the learning phase as a 
parameter or protocol to determine the value of derivatives 
for practical weight adjustments [8]. According to, BackP 
has updated the weight between the j * neuron of the hidden 
layer and the i-iayer directly. 

wjtit) ^ wjiit - 1) + Awjiit) (7) 

and 

bjit) = bj(t - 1) + Abjit) ( 8 ) 

The updated weight, Aw, i ( t ) and Abj(t) given by: 

Awji(t) = p^YjiOxiit) + a^Awjid - 1) (9) 
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and 

bjit) = PtYjit) + athbjit - 1) (10) 

The subscripts w and b in Equations 7 and 8 respectively 
denote the weight and threshold of the steepest decent 
estimator. The constants and a,, regulate the likelihood 
of the previous parameter to the present benchmark. The 
likelihood momentum must be caretliiiy chosen. BackP 
won't be able to draw lessons from the past i f the 
momentum is set too high. I f it is adjusted too low, however, 
the BackP will continue to behave as it did previously. The 
BackP training algorithm's r]„ and p^ learning rates arc 
noted, whereas Yj ( t ) represents an error that occurs at the 
j * neuron. The error afterwards changed into an input and 
returned to the weight. Equation i 1 indicates error at the 
output node on the assumption that the activation function 
is functioned in a linear parameter: 

= yfc(t)-yk(0 (11 ) 

where y^Ct) is the predicted output, and y^Ct) is the 
desired output. The production at the hidden layer is 

y;(t) = F ' ( x i ( t ) ) E p ; - W A ( l - l ) (12) 

where f ( x i ( t ) ) is derived from F ( x i ( t ) ) by respecting to 
Xiit). As a steepest descent approach, the BackP algorithm 
suffers from a poor convergence speed or rate. The pursuit 
of a global minimum may lead to local minima. It responds 
similarly to user-selected parameters [8]. 

I I I . D A T A S A M P L E 

The recordings preserved in the M I T - B I H Repository 
served as the source of all E C G signal samples used in this 
study. Three of the six different parameters extracted from 
each signal sample are the amplitude P, QRS and T peaks 
and the duration of P, QRS and T waves [14-15]. These 
traits will ail serve as input parameters for the newly formed 
M L P network. The M L P network, which was built using six 
input parameters, was used to map the system's input-output 
correlation. M L P wil l be modelled the relationship between 
input and the output (target) of the dataset. The M L P 
network was trained on a total of 1000 datasets, of which 
800 were used to ensure that the networks were generalised 
and optimised and the remaining 200 were used to assess 
the M L P network's performance. 

I V . R E S U L T S AND DISCUSSIONS 

This study used Matiab software and the same method 
analysis as the study [16-18]. In two alternative 
interpretations, this work provides data prediction and 
categorization. The initial study carried out to determine the 
ideal M L P network structure The maximum M L P network 
arrangement during this analysis phase was set at 10 hidden 

nodes. The M L P network's ideal number of iterations wil l 
be determined by this analysis. The computation will take 
longer the more intricate the design is based on structure, 
training algorithm and activation function has been 
selected. 

T A B L E L MLP OPTIMUM S T R U C T U R E 

Training Algorithm and 
Algorithm 

Num. of iteration 

B a y R using Logsig 412 
BayR using Pureiin 716 
L e v M using Logsig 27 
L e v M using Pureiin 35 
BackP using Logsig 21 
BackP using Pureiin 23 

T A B L E 11. A C C U R A C Y P E R F O R M A N C E A N A L Y S I S 

Training Algorithm Accuracy Performance ("/o) Training Algorithm 
Training Testing Overall 

BayR using Logsig 94.12 94.76 94.44 
BayR using Pureiin 93.14 93.24 93.19 
L e v M using Logsig 92.48 92.25 92.37 
L e v M using Pureiin 89.89 89.56 89.73 
BackP using Logsig 87.52 86.27 86.90 
BackP using Pureiin 86.23 85.67 85.80 

The accuracy performance of the M L P network, which 
was trained using the BackP, LevM, and BayR training 
methods, is displayed in Table I . On the other side, the 
Logsig, and Pureiin activations functions are used to 
activate each training algorithm. The optimal structure, 
which was developed from the findings of the first study, is 
used again in the second analysis. The second analysis is 
carried out to categorise E C G signals according to whether 
the patient is in a normal state or not. The ideal M L P 
network structure is displayed in Table I . To assess the 
precision of the provided predictions, each BackP, L e v M , 
and BayR training algorithm was put to the test using two 
different activation functions. As a result. Table I I below 
displays the performance of the prediction capability as the 
second analysis for both the training and testing phases. 

The BayR approach with Logsig activation function 
may train the M L P network by constructing the best 
accuracy networks feasible, but it requires 412 hidden 
nodes, as shown in Tables I and 11. The results show that 
BayR can train M L P networks to build the most 
fundamental network design, as shown in Table I . In 
contrast to the BayR training algorithm and the LevM 
training algorithm activated by Logsig, they require up to 
716 nodes to build the simplest network. Table 11, on the 
other hand, demonstrates that, when compared to the 
performance offered by the others, the M L P network with 
the BayR training algorithm activated by Logsig is capable 
of offering the highest accuracy. 
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V . C O N C L U S I O N 

Analyze the ANN approach in use to monitor and 
classify cardiac abnormalities, determining whether they 
are normal or not. The results of the study show that A N N 
is capable of producing excellent prediction accuracy when 
using the gathered amplitude and duration characteristics 
from E C G signals as input parameters to M L P networks. 
The results also show that the BayR algorithm can build the 
network with the largest topology while producing more 
precise prediction results when compared to the LevM and 
BackP training techniques. The activation function for this 
result was decided to be Logsig. which can activate the 
input parameter, then Pureiin. 
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