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extensively investigated, with a particular emphasis on the domain of biomedical
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engineering. Applications of ANN are commonly employed in the fields of medicine and
education for decision-making purposes. The ANNs employed in the present
investigation were trained to identify cardiac anomalies by utilising a diverse set of
reference data. The input parameters utilised for cardiac difficulties are commonly
known as reference parameters, specifically pertaining to the amplitude and duration
of the electrocardiogram (ECG) signal. The ECG complex is composed of three distinct
components: the P peak, the QRS wave, and the T peak. The artificial neural network is
provided with six input parameters, which are obtained by measuring the amplitude
and length of each P peak, QRS wave, and T peak. The present study utilises a multilayer
perceptron (MLP) as the structure for the ANN. This study examines the impact of the

Keywords: Tansig and Purelin activation functions on the structure of the MLP. All other networks
ECG; amplitude; MLP network; were not as good as the MLP network, which got the best performance of 96.32% by
activation function using the BayR training method and the Tansig activation function.

1. Introduction

Arrhythmia refers to a specific type of cardiac irregularity or abnormality in heart rhythm that
commonly manifests as unexpected heartbeats in individuals. Several aberrations include activity-
triggered, re-entry, and induced fibrillation. Cardiac rhythm abnormalities encompass a diverse range
of pathological conditions characterised by aberrant electrical activity inside the heart. Aberrant
cardiac rhythms can manifest as tachycardia, bradycardia, regularity, irregularity, or a mix thereof [1-
2]. In Malaysia, depression has emerged as the second leading cause of mortality, following
cardiovascular disease, which has demonstrated an increasing trend. If prompt monitoring and/or
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early diagnosis are implemented, there is potential for a decrease in the prevalence of this illness.
Arrhythmia, a cardiac phenomenon that can serve as a diagnostic tool for early detection of
problems, provides clinicians with valuable insights to determine the optimal course of treatment [1-
3]. The utilisation of ECG is crucial for the monitoring of episodes of myocardial infarction, also known
as heart attacks, with subsequent emphasis placed on preventive measures. The ECG signal can be
analysed by examining the P peak, QRS wave, and T peak. The occurrence of a P peak is attributed to
atrial depolarization, while a QRS complex is indicative of ventricular depolarization, and a T peak
signifies ventricular repolarization. The observed peaks in the data may potentially be attributed to
cardiac electrical activity [1-2].

The analysis of ECG data is commonly used in clinical studies as a method for detecting cardiac
activity. The heart activity detection industry commenced in the latter half of the 1950s. According
to statistical data, there is an increasing number of recordings being assessed on an annual basis.
Consequently, there has been a surge in research pertaining to the automated processing of ECG
signals, which has subsequently given rise to the establishment of the field of biomedical engineering
as an engineering discipline. In the preceding two to three decades, a multitude of methods for
analysing ECG signals have been developed and implemented. The detection of the QRS complex is
the primary focus of numerous investigations. Several parameters in the ECG signal recording can
provide insights into the patient's physiological condition [4-6]. Applications such as ANNs are
modified in accordance with empirical models that accurately represent the functioning of the
human brain [7]. ANNs possess capabilities such as the ability to map input data to output data, solve
both linear and non-linear problems, and exhibit neurobiological similarities. ANNs have found
extensive use in several domains such as research, technology, finance, and education, particularly
in larger-scale applications. ANN are widely employed in the field of engineering for various purposes,
including but not limited to pattern recognition, data categorization, system identification, image
processing, and accuracy enhancement.

This study aims to investigate the efficacy of forecasts in accurately identifying heart failure. The
prediction procedure is executed by employing a MLP network after the extraction of significant
information from ECG signals. The work employs the utilisation of three training strategies, including
Backpropagation (BackP), Lavenberg-Marquardt (LevM), and Bayesian Regularisation (BayR) [8-10].
The system's architecture is based on a specific algorithm that categorises the patient's condition as
either normal or abnormal. The P peak, QRS wave, and T peak serve as input parameters for the MLP
network, from which information regarding amplitude and duration is extracted. The MLP network
in this case was activated using the Tansig and Purelin activation functions.

The subsequent content of the paper is structured in the following manner. Part Il of this study
entails a comprehensive overview of the research conducted on ANNs and MLP networks.
Additionally, an elucidation of ECG data is presented. The explanation of the data sample can be
found in Section Ill. Section V provides the concluding remarks after Section IV, which presents the
findings and discusses specific points of contention.

2. Multilayer Perceptron Network

The construction of a computer network known as ANN involves the use of neural stem cells
derived from the human brain, specifically neurons. Neurons, which are diminutive cellular entities,
constitute the structural components of the human brain. ANNs are computational models that aim
to simulate the structure and functionality of neurons in the human brain with the goal of replicating
their ability to process information and exhibit creative behaviour. Mathematical modelling can be
used to describe ANNs in non-parametric grading/regression, data/database classification, and
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nonlinear function calculation. ANN are employed to imitate the behaviour of biological models of
human neurons. ANNs have the capability to be trained in order to generate precise prediction
results. While ANNs are often considered a potential substitute for brain functionality, it is crucial for
them to possess the capability to perform at a comparable level to that of the human brain.

Output
Layer

Layer Hidden
Layer

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

The created system may therefore function as a replacement for the original system. The MLP
network is a highly prevalent application that serves a multitude of objectives [11-12].

Rosenblatt created the Perceptron, a model of an artificial neuron, in 1958 [7]. As illustrated in
Figure 1, the individual proceeds to execute a series of network levels or sequences. ANNs are
occasionally denoted as MLP networks in different domains of study. The input layer, hidden layer,
and output layer of a MLP network is depicted in Figure 1.
it wh 0(Z L, wiixd (£) + wiobj) (1)

forl1<j<nzpandl1<k<m

The weight that connects the MLP network's input layer to the hidden layer itself is shown in
Equation 1 as w;;. The weights wj, and wj, reflect the connections between the hidden and output

layers of the MLP network, respectively. In Equation 1, the input parameter, indicated as xl-o, is
feeding the MLP network through the input layer, whereas bj1 is the threshold of the hidden node.
The MLP network, indicated as 9(-) in Equation 1, has been activated in this work using the Tansig
activation function. Equation (1) can be used to find the values of wilj, w]%c and bjl based on a suitable
technique and put at the minimal vector but allow for recurrence at each iteration.

The MLP network is trained using three distinct training procedures. The BackP, LevM, and BayR
algorithms are three computational methods that have been developed and utilised in several fields
of study. Bayesian Regularisation (BayR) employs a stochastic tabulation approach, whereas the
training algorithms for Backpropagation (BackP) and Levenberg-Marquardt (LevM) rely on
deterministic tabulation. A recent study investigated the performance of an MLP network using
Tansig and Purelin activation functions. This study does a comparative analysis of various activation
functions and training approaches. Tansig activation function is associated with a bipolar sigmoid.
The output of the Tansig function range from -1 to + 1 but Purelin activation function operated within
nominal parameters and behavior closely like linear function.
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2.1 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 8, 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 Eq. 2.

_ p(D|®)
p(6]D) === (2)

Following p(6|D), which is referred to as the likelihood of the data before the probability of data,
comes p(8), 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 MLP network. The weights
of the MLP network are the w that it receives from the training data, p(w|D). One can visualise the
posterior distribution by

p@w)p(D) _ p(D|w)
p(D) [p@w)p(w)dw

p(w|D) = (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 p(D|w).

A

v

Fig. 2. Change pre weights to
posterior/post weights [12]

2.2 Levenberg Marquardt (LevM) algorithm

The functioning of the LevM training algorithm is based on a deterministic gradient tabulation.
The LevM algorithm has made enhancements to the BackP algorithm. The profitability of the LevM
method, following the training of the MLP network, is evaluated through a comparative analysis with
the conventional BackP training technique. Furthermore, the LevM training method exhibits superior
prediction performance compared to the classic BackP training algorithm, while also demonstrating
a slightly faster convergence rate. The presence of relative stability persists [9]. The LevM training
technique was developed to expedite second-order training and circumvent the computational
challenges associated with the Hessian matrix, utilising a quasi-Newton approach. The calculation of
the sum of squares is accomplished using the LevM function, and the resulting estimated Hessian
matrix is presented below.

H=]"] (4)
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and the gradient of the matrix is calculated as:
g=J"p (5)

where J 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 are 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:

Aw = =[JT] + w17 ]"p (6)

where Aw is the estimator's updated weight, which is determined by the y parameter. To prevent
the parameter reaching 0, the Hessian matrix updated to the Newton-like 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].

The template is used to format your paper and style the text. All margins, column widths, line
spaces, and text fonts are prescribed; please do not alter them. You may note peculiarities. For
example, the head margin in this template measures proportionately more than is customary. This
measurement and others are deliberate, using specifications that anticipate your paper as one part
of the entire proceedings, and not as an independent document. Please do not revise any of the
current designations.

2.3 Back Propagation (BackP) algorithm

The back propagation training approach has been used in a wide variety of control systems and
ANN applications. Electrical signals generated by brain activity and coupled to electrical activity or
electrical signals in the heart are regularly read ECGs. On the hands, feet, and chest are some
electrodes. The electrical activity and electrical impulses generated will 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 jt" neuron of the hidden layer and the i-layer directly.

and

The updated weight, Aw;;(t) and Ab;(t) given by:
Awj; () = nyy;(O)x;(0) + ay,Aw;; (t — 1) (9)

and
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b;(t) = nyy; () + apAb;(t — 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 a,, and «a; regulate the likelihood of the previous
parameter to the present benchmark. The likelihood momentum must be carefully chosen. BackP
won't be able to draw lessons from the past if the momentum is set too high. If it is adjusted too low,
however, the BackP will continue to behave as it did previously. The BackP training algorithm's 1,
and 1, learning rates are noted, whereas yj(t) represents an error that occurs at the j*" neuron. The
error afterwards changed into an input and returned to weight. Equation 11 indicates error at the
output node on the assumption that the activation function is functioned in a linear parameter:

y(@) = () — P (0) (11)

where y; (t) is the predicted output, and J, (t) is the desired output. The production at the hidden
layer is

yj() = F () X pf O wji(t — 1) (12)

where F'(xi (t)) is derived from F(xl-(t)) by respecting to x;(t). 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].

2.4 Activation Function in MLP

The activation functions are crucial in comparing the performance of Multi-Layer Perceptron and
bring non-linearity into any model. One study by [14] proposed a method for the implementation of
the hyperbolic tangent function and applied this for realising artificial neural networks using both
software and hardware simulations. The study also discovered that with the help of the Tansig
function, it was possible to implement the required computations with single-precision floating point
arithmetic which was very vital in real-time systems. This dissertation compared the sigmoid and
hyperbolic tangent activation functions with an FPGA for digit recognition as detailed by [15].
According to [16], a piece of hardware called polynomial approximations has been developed for
both sigmoid and tanh functions, nonetheless, the Tansig was determined more advantageous in the
hardware implementation.

In a study by [15], they tested the effectiveness of sigmoid and Tansig for ANN classifying
handwritten digits and found out that Tansig encompassed better results by 3 per cent than sigmoid.
In this case, Tansig non-linearity is more appropriate as it defines the general ECG patterns making it
easier to increase the detection rate. Specifically, they worked on the comparison of Tansig with the
sigmoid function, they found that the former requires fewer LUTs than the latter regarding the actual
implementation of the identified hardware demands. The area measurements denote the possible
gains of the computational speed of the functions since the occurrence of LUT is comparatively less.

When comparing Tansig with other sigmoid functions, [17] showed that this kind of neural net
has higher accuracy and fewer requirements in hardware because it can model and map non-linear
relations more proficiently and efficiently. Conversely, [18] pointed out that Purelin is easy to
implement in neural networks as compared to the other non-linear functions. Due to the absence of
interaction terms or non-linear transforms, Purelin is highly amenable to direct implementation in
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the output layer for regression models. However, its complete linearity poses a disadvantage in terms
of ECG data mapping where there are some non-linearities present in ECG signals.

The correlated analysis reveals that Tansig outperforms Purelin for peak identification in ECG
signals as an effective non-linear activation function in MLPs in terms of accuracy as well as efficient
hardware design. This amplifies its usefulness in discovering complex fluctuations in signals such as
ECG which is essential in detecting cardiac disorders because Tansig’s non-linear properties make it
possible to detect abreast variations compared to lesser non-linear functions. Purelin is
computationally less demanding as compared to other algorithms and hence is better used in
conditions where linear relationships can be useful. Further research could also be done to look at
the use of combining both activation functions and check on the best balance between the depth of
the network and computational load.

3. Data Sample

The ECG signal samples utilised in this investigation were sourced exclusively from the MIT-BIH
Repository's collection of recordings. Three out of the six distinct characteristics that are derived from
each signal sample include the amplitude of P, QRS, and T peaks, as well as the duration of P, QRS,
and T waves [19-20]. The characteristics will function as input parameters for the recently established
MLP network. The Multi-Layer Perceptron (MLP) network, constructed with six input parameters,
was employed to establish the mapping between the input and output correlations of the system.
The MLP will be utilised to establish a model that captures the relationship between the input
variables and the corresponding output (target) values inside the dataset. The MLP network
underwent training using a dataset including 1000 instances. Out of these, 800 instances were
utilised for the purpose of optimising and generalising the networks, while the remaining 200
instances were employed to evaluate the performance of the MLP network.

4. Results and Discussion

The current investigation utilised Matlab software and implemented the precise methodological
analysis outlined in prior research [21-23]. This article presents two discrete interpretations
pertaining to the classification and forecasting of data. Initial research was undertaken to determine
the most effective architecture for a MLP network. The MLP network configuration was constrained
to a maximum of ten concealed nodes throughout the analysis phase. By conducting this research,
the optimal number of iterations for the MLP network will be determined. The computation time will
lengthen in proportion to the design's complexity, which is determined by variables including the
selected structure, training algorithm, and activation function.

Table 1
MLP optimum structure
Training Algorithm Num. of iteration
BayR using Tansig 425
BayR using Purelin 616
LevM using Tansig 32
LevM using Purelin 35
BackP using Tansig 19
BackP using Purelin 23

Table 2
Accuracy performance analysis
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Accuracy Performance (%)

Training Algorithm

Training Testing Overall
BayR using Tansig 96.92 95.72 96.32
BayR using Purelin 93.14 93.24 93.19
LevM using Tansig 94.04 92.12 93.08
LevM using Purelin 89.89 89.56 89.73
BackP using Tansig 89.84 87.28 86.56
BackP using Purelin 86.23 85.67 85.80

Table 1 presents the results of the BackP, LevM, and BayR training algorithms utilised to train the
MLP network with respect to accuracy. Conversely, each training algorithm is activated using the
Logsig and Purelin activation functions. Once more, in the second analysis, the optimal structure is
implemented, having been derived from the results of the initial study. ECG signals are classified into
distinct categories based on the patient's physiological condition during the second analysis.
Tabulated in Table 1 is the optimal MLP network architecture. Each BackP, LevM, and BayR training
algorithm was evaluated with two distinct activation functions to determine the accuracy of the
predictions provided. The performance of the prediction capability during the training and
assessment phases is subsequently presented in Table 2 as the second analysis.

The BayR technique, with the Tansig activation function, can train the MLP network by generating
networks with the highest achievable accuracy. However, this strategy necessitates the utilisation of
425 hidden nodes, as illustrated in Tables 1 and 2. The findings indicate that BayR has the capability
to effectively train MLP networks for constructing the foundational network design, as depicted in
Table 1. In contrast to the BayR training algorithm and the LevM training algorithm, the BackP
construction of the simplest network but unable to perform high accuracy. Table 2 illustrates that
the MLP network utilising the BayR training algorithm with Tansig activation function outperforms
the other networks in terms of accuracy.

5. Conclusion

This paper investigates the influence of the activation functions Tansig and Purelin in the training
structure of Multi-Layer Perceptrons (MLPs) for detecting the ECG peaks indicative of cardiac
abnormalities. The major objective therefore focuses on identifying which of the activation functions
best enhances the predictive power and speed of the MLP during training. The study shows that due
to non-linearity, Tansig is more effective in modelling and identifying main and shadow ECG signal
patterns, which defines improved recognition of both basic and pathological changes in the context
of cardiological practice.

Therefore, the results indicate that networks constructed from MLP with Tansig activating
functions regulating amplitude and duration features derived from ECG signals possess increased
accuracy measurements of prediction. Furthermore, the research reveals that the proposed BayR
training algorithm is more effective than the LevM and BackP algorithms in terms of computational
time and accuracy of the actual networks’ topology. This superior performance has been made
possible because Tansig can activate all the input parameters, which is very important in making the
right decision on cardiac anomalies.

However, the Purelin activation function, being linear, could not model the subtle non-linear
transformations inherent in ECG data as efficiently as Tanh and Relu. Tansig was found to be
providing better accuracy than Purelin because Purelin is more uncomplicated and requires fewer
computation operations. Tansig activation function with the Bayesian Regularisation ended up
yielding the best prediction results of all the tested algorithms which indicates that activation
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functions need to be selected judiciously as they play a role in determining the performance of neural
networks in identifying the cardiac abnormalities. Based on this study, this shows that even though
Tansig is more resource-intensive in terms of computational expenditure it is more suitable for this
application due to its relatively high accuracy compared to Purelin.
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