
Journal of Engineering and Technology for Industrial Applications 
 

ITEGAM-JETIA 
 

Manaus, v.12 n.61, p.378-389. September/October, 2026. 

DOI: https://doi.org/10.5935/jetia.v12i61.3655 
 

RESEARCH ARTICLE                                                                                                                                         OPEN ACCESS 

 

 
 

 

Journal homepage: www.itegam-jetia.org 

 

ISSN ONLINE: 2447-0228  

ADVANCED ECG SIGNAL ANALYSIS USING AM-RNN AND OPTIMIZED 

FEATURE SELECTION FOR IMPROVED CARDIAC DIAGNOSIS  
K. Rema1, C. P. Maheswaran2, A. Anitha3 

1Research Scholar, Department of Computer Applications, Noorul Islam Centre for Higher Education, Nagercoil, Tamilnadu, India. 
2Professor and Head, Department of Artificial Intelligence and Data Science, Sri Krishna College of Technology, Coimbatore, India. 

3Associate Professor, Department of Computer Science and Engineering, Noorul Islam Centre for Higher Education, Nagercoil, Tamilnadu, India. 

1https://orcid.org/0009-0008-0338-6953 , 2https://orcid.org/0000-0001-5985-2564 , 3https://orcid.org/0000-0002-5714-2056  

Email: remak6580@gmail.com, maheswaran_ncp@yahoo.co.in, anithadathi@gmail.com 

ARTICLE INFO  ABSTRACT 

Article History 

Received: February 12, 2026 

Reviewed: August 1, 2026 

Accepted: September 1, 2026 

Published: September 30, 2026 

 
 

Electrocardiogram (ECG) signals are essential in diagnosis and monitoring of cardiac 

conditions. However, effective and accurate classification of these signals remain as a 

challenge, due to noisy nature of data and increased complexity in distinguishing between 

various cardiac patterns. This work presents novel approach for ECG signal classification 

through an integrated Deep Learning (DL) framework. Initially, ECG signal pre-processing 

is performed where normalization is done to mitigate noise and ensure consistency across 

the dataset. Feature extraction is conducted using Power Spectral Density (PSD) analysis, 

which identifies the power distribution of signal in frequency domain. To further enhance 

classification performance, a feature selection process is implemented using the Monarch 

Butterfly Optimization (MBO) algorithm, which efficiently reduces the dimensionality of 

feature set via choosing the relevant and discriminative features. Selected features are 

subsequently fed into an Attention-infused morphological Recurrent Neural Network (AM-

RNN) for classification. The AM-RNN incorporates adaptable filters that adjust based on 

input data resulting in superior performance in classifying numerous cardiac conditions. 

Proposed system is implemented using Python software, and results demonstrate the 

superiority of the work in comparison to existing techniques.  
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I. INTRODUCTION 

Cardiovascular Disease (CD) or generally heart disease are one among the major deathliest diseases that affects heart and blood 

vessels [1]. According to World Health Organisation (WHO) around over millions of people die per day over the globe due to CD [2]. 

These diseases are most often difficult to recover and sometimes further causes severe diseases such as cancer, stroke, diabetes and 

incurable heart failure [3]. The major reason behind this deadliest disease are unhealthy eating habits, smoking, consumption of excessive 

alcohol and less physical activity. CD is most commonly predicted using the symptoms like chest tightness, pain, discomfort, difficulty 

in breathing, ankle swelling, dizziness, fatigue, weight loss and increased heartbeat [4], [5]. The intensity of these symptoms depends on 

the type and severity of the heart disease. Consecutively, ECG devices are utilized for capturing and recording the behaviour of heart 

through the electrodes, that is sensors, which are placed to the patient specific body parts, enabling to monitor heart conditions [6]. ECG 

is performed in various types of compositions, to identify and analyse any heart issues by the cardiologist, normally, ECG is divided into 

three waves as illustrated in Figure 1, the P-wave, QRS Complex and the T wave, where, P-wave describes the atria depolarization, QRS 

complex indicates the ventricle and prevalent amplitude depolarization at R point and T-wave imitates repolarization of ventricles [7]. 

However, this approach is very time consuming and cannot be accurate all the time. Therefore, designing an automated solutions for 

evaluating and analysing the ECG is essential [8].  
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Figure 1: ECG signals. 

Source: Authors, (2026). 

Thus, Deep Learning (DL) based classification technique for automatic prediction of CD using ECG signals is developed. DL has 

the capability to analyse the complex signals, thus enabling to determine intricate patterns, extract features with reduced processing time, 

potentially, enhancing CD predictions [9]. There are different types of DL models available such as Long Short-Term Memory (LSTM) 

[10], Generative Adversarial Network (GAN) [11], Radial Basis Function Network (RBFN) [12] and Recurrent Neural Network (RNN) 

[13]. In particular, LSTM is capable of handling large sequential signals, providing early detection of CD including abnormal heart 

behaviour by analysing the intricate patterns in ECG signals. Nevertheless, LSTM suffers from computational complexity, overfitting 

and data quality dependencies. Significantly, GAN offers better training using minimal data, improved handling of imbalanced data, and 

robustness towards noise and sensor errors with more effective detection of complex and complicated CD conditions. Despite this, GAN 

struggles with training instability and requires large number of datasets, GAN also struggles with overfitting issues and computational 

intensity. Similarly, in [14] the authors utilized RBFNN based classifier for diagnosis of heart disease in patients using ECG signals. 

RBFNN is used as they are simple, efficient, and flexible and is capable of determining complicated signal patterns. In spite of these 

advantages RBFNN still cannot meet the desired performance, because they are highly sensitive towards parameters, larger amount of 

memory requisite, and reduced interpretability. Consecutively, the authors in [15] used K-Nearest Neighbour (KNN), classifying 

Phonocardiogram (PCG) signals to diagnose and predict cardiac health conditions. Utilizing KNN enables simple and easy integration 

with increased adaptability and flexibility. Nonetheless, KNN is not applicable due to its computational expenses and larger memory 

requirements. Considering these benefits and limitations of the above mentioned DL based classification models, this paper focuses on 

developing an Advanced ECG diagnosis using AM-RNN which enables to capture both local and global patterns with improved 

adaptability, flexibility and reliability. To further enhance the system performance and to improve the input signal quality, signal pre-

processing, feature extraction and selection techniques are implemented. Therefore, the developed system as a whole assures accurate 

and effective detection of CD in patients. The major outline and contributions of the proposed system is listed below,  

 To implement Signal pre-processing normalization is performed to enhance the signal quality for better classification.  

 To utilize a PSD based Feature extraction technique for identifying and analyzing the signal frequencies and characteristics.  

 To deploy MBO based Feature selection technique for extracting the most relevant and intricate signal features  

 To employ an AM-RNN classifier for acquiring precise and accurate classification, enabling improved detection of CD.   

II. PROPOSED MODELLING  

Figure 2 illustrates the developed CD prediction model comprising of enhanced classifiers for achieving improved ECG signal 

analysis. Initially, the original signal is collected from the patient datasets, these raw signals comprises of unwanted interferences and 

disturbances. Thus, these signals goes through pre-processing state, where normalization is done to reduce noises and redundancies within 

the ECG signals. Afterwards, pre-processed signals are fed to PSD based feature extraction technique, where ECG undergoes signal 

analysis for identifying the domain frequencies and characteristics of signal energy distribution. 
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Figure 2: Proposed System Block Diagram. 

Source: Authors, (2026). 

Later, Feature selection using MBO is performed for selecting the more relevant and suitable feature for determining the intricate 

features of the ECG signals. Finally, the signal is fed to the AM-RNN based classifier for further classification process, which enables to 

detect or diagnose CD in patients. Therefore, the developed system as a whole ensures optimum and improved performance with accurate 

ECG analysis for the prediction of CD.  

II.1 MODELLING OF PRE-PROCESSING STAGE (NORMALIZATION)   

Pre-processing is the one among the essential stage, as noises and unwanted interference increase waves which affects the diagnosis 

accuracy. Significantly, ECG’s comprises of certain amount of interferences, which makes pre-processing an essential stage. ECG’s 

normally contain different types of interferences, hence, normalization is performed for enhancing the input signal quality. Normalization 

is the process that analyse the ECG signals and remove any unwanted noises and interferences.  

 
Figure 3: Normalized ECG signals. 

Source: Authors, (2026). 

Normalization is performed for attaining amplitude of ECG signals ranging between zero and one respectively, which expressed 

using,  

 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐸𝐶𝐺 = 
𝑥𝑛− 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥− 𝑥𝑚𝑖𝑛
                    (1) 

Where, 𝑥𝑛 denotes the ECG signals samples, 𝑥𝑚𝑎𝑥 and 𝑥𝑚𝑖𝑛 are the maximum and the minimum amplitude of the ECG signals. 

After the pre-processing state, the ECG signals undergo feature extraction using PSD which enables enhanced analysis of ECG signals 

making it suitable for detecting various heart conditions.  
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II.2 MODELLING OF POWER SPECTRAL DENSITY  

The utilization of PSD based feature extraction enables to attain frequency domains form original input ECG signals, making is 

easier to train classifier models for accurate and precise prediction of CD. PSD or commonly power spectrum characterizes distribution 

of energy into frequency components consisting of energy, where energy is generally termed as area under the squared magnitude of 

signal regarded. Henceforth, PSD identifies frequencies, enabling to extract patterns and frequencies of signal. PSD is identified as Fourier 

transform of the auto-correlation function, which is the signal with slowed copy of itself as the function of delay that depends on the 

distribution of data points in the series.  

 
Figure 4: PSD Features.  

Source: Authors, (2026). 

The PSD is evaluated using Fourier transform is determined using,  

 𝑋 (𝑓) =  ∫ 𝑥(𝑡)𝑒−𝑗2𝜋𝑓𝑡∞

−∞
 𝑑𝑡                 (2)  

Where, 𝑋 (𝑓) indicates frequency domain, 𝑓 stands frequency, 𝑡 refers to time and 𝑗 stands imaginary unit. Significantly, the 

Discrete Fourier Transform (DFT) of the signals is given by,  

 𝑋(𝑘) =  ∑ 𝑥[𝑛]𝑒−𝑗2𝜋 
𝑘

𝑁
 𝑛𝑁−1

𝑛=0                   (3) 

Here, 𝑁 stands number of samples and 𝑘 represents frequency index respectively. After the feature extraction process, feature 

selection is carried out utilizing MBO algorithm, which attains optimum extraction of most relevant feature form the ECG signals.  

II.3 MODELLING OF MBO BASED FEATURE SELECTION  

MBO is developed based on monarch butterfly migration behaviour. MBO is significantly a population based intelligent 

optimization algorithm that impersonates the seasonal migration habits of monarch butterflies. The entire butterfly population is divided 

into two subpopulations namely subpopulation-1 and subpopulations-2 respectively, according to this, MBO comprises of two operators. 

The information is exchanged between both the subpopulations using the migration operator.  The butterfly operator adjusts and passes 

only the finest information to the upcoming generations. In this approach, every monarch butterfly position determines the ECG features, 

hence each extracted feature is divided into subpopulations and each butterfly possess its own optimum feature with finest accuracy. Their 

fitness function is expressed using,  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = max (𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦)                                 (4)  

Butterfly is further update its position in two dissimilar ways such as (a) Migration and (b) Butterfly Adjusting stage.  

 
Figure 5: MBO process. 

Source: Authors, (2026). 
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(a) Migration: In order to maintain butterfly population, migration process interchanges the parent butterfly position with that of 

next generations butterfly which is obtained using,  

𝑀𝑖,𝑘
𝑡+1 = {

𝑀𝑟1,𝑘
𝑡  𝑖𝑓 𝑟 ≤ 𝑝

𝑀𝑟2,𝑘
𝑡  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                               (5)  

Where, 𝑀𝑖,𝑘
𝑡+1 indicates 𝑘𝑡ℎ element of 𝑀𝑖 at 𝑡 + 1 generation, similarly, 𝑀𝑟1,𝑘

𝑡  stands 𝑘𝑡ℎ element of 𝑀𝑟1 at 𝑡 generation. 

Significantly, 𝑟1 and 𝑟2 stands randomly chosen from the subpopulation 1 and 2. Value of 𝑟 is termed as,  

𝑟 = 𝑟𝑎𝑛𝑑 ∗ 𝑝𝑎𝑟𝑖                      (6)  

Here, 𝑟𝑎𝑛𝑑 value is assumed between [0,1] and 𝑝𝑎𝑟𝑖 stands migration duration set to 1.2.  

(b) Butterfly adjusting Operator: In this state, location of butterflies in subpopulation 2 is determined and their positions relies on 

these points. The butterfly position is updated using,  

𝑀𝑖
𝑡+1 = {

𝑀𝑏𝑒𝑠𝑡,𝑘
𝑡                                                               𝑖𝑓 𝑟𝑎𝑛𝑑 ≤ 𝑡

𝑀𝑟3
𝑡                                      𝑖𝑓 𝑟𝑎𝑛𝑑 > ℎ ∧ 𝑟𝑎𝑛𝑑 ≤ 𝐵𝐴𝑅 

𝑀𝑖,𝑘
𝑡 +  𝛾 (𝑑𝑀𝑘 − 0.5 )    𝑖𝑓 𝑟𝑎𝑛𝑑 > ℎ ∧ 𝑟𝑎𝑛𝑑 > 𝐵𝐴𝑅 

                                            (7)  

Here, 𝑀𝑏𝑒𝑠𝑡,𝑘
𝑡  refers 𝑘𝑡ℎ element of present fittest butterfly in the entire population in 𝑡 generation and 𝐵𝐴𝑅 denotes the butterfly 

changing rate, 𝛾 value is represents as,  

𝛾 =  
𝑊𝑚𝑎𝑥

𝑡2
                 (8) 

Where, 𝑊𝑚𝑎𝑥 implies the maximum distance a single butterfly can cover in the current generation. 𝑑𝑀 defines the maximum 

distance covered by 𝑖 butterfly which is calculated using levy flight,  

 𝑑𝑀 = 𝑙𝑒𝑣𝑦 (𝑥𝑖
𝑡)                              (9)  

 
Figure 6: Flowchart for MBO algorithm. 

Source: Authors, (2026). 

Further, for the accurate and precise detection of CD using ECG signals, Classifier is deployed, which enables to organize ECG 

signals into normal and abnormal, and various heart conditions precisely. For achieving this, AM-RNN is utilized, which discussed in 

detail below.  

II.4 MODELLING OF AM-RNN  

The AM-RNN is the integration of Attention Mechanism, Morphological Operations combined with the RNN for performing 

classification on ECG signals. A RNN is a class of NN which connects nodes of each layer to form directed graph of temporal sequence. 

These recurrent connections are normally relationships between present and previous state.  
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RNN based classifier is widely considered due to its capability of handling sequential data for achieving enhanced predictions. 

Significantly, attention mechanism is incorporated with RNN to effectively analyse the signals to further augment the model prediction 

accuracy. The attention mechanism is utilized for modelling the relative combination between each signal of the 𝑇 distinct feature maps. 

Particularly, it focuses on the specific extra step in the interpretation process, by determining the salient regions, designating distinct 

features. The ECG signals goes through Morphological layer, RNN layer, Attention layer and output layer for attaining the classification 

outcomes. The developed model comprises of Input layer, morphological layer, RNN layer and attention layer.  

(i) Input Layer: Input of the model are ECG’s signals containing heartbeat characteristics. Each signal undergoes pre-processing 

stage, for improving the input signal quality.  

(ii) Morphological layer:  This layer is most commonly used in signal pre-processing for extracting the signal features on the basis 

of their morphology or shape.  Morphological process is capable of analyzing the signal characteristics such as noise and local 

minima. The two major operations of dilation and erosion.  

Dilation: This process improves peaks and highlights substantial features of the ECG signals. The dilation process is expressed 

using,  

𝐷 (𝑋)[𝑡] =  
𝑚𝑎𝑥
𝑠 ∈ 𝑆

 (𝑋 [𝑡 + 𝑠])                          (10) 

Where, 𝐷 (𝑋)[𝑡] indicates the dilated signal during time 𝑡, 𝑆 refers to the structuring element, 𝑋 [𝑡 + 𝑠] denotes the neighboring 

values defined by 𝑆.  

Erosion: This process reduces the peaks and removes the unwanted fluctuations or noises.  

𝐸 (𝑋)[𝑡] =  
𝑚𝑖𝑛
𝑠 ∈ 𝑆

 (𝑋 [𝑡 + 𝑠])                            (11) 

 
Figure 7: AM-RNN architecture diagram. 

Source: Authors, (2026). 

(iii) RNN layer: RNN is developed for the classification and the detection of CD using ECG signals. Performance efficiency of RNN 

is determined using the percentage of accuracy, specificity and sensitivity. RNN is generally learning based model which follows 

a sequential approach. RNN’s particularity is due to the connections between its hidden layers. RNN creates similar hidden 

layers with same weights and biases which are given as input for each step. RNN runs the process in loops, later alters its hidden 

state, update and store in its memory.  

 Gated Recurrent Unit (GRU): GRU comprises of two gates namely, reset gate and an update gate. Preceding gates define on 

ways to integrate new input with previous memory and other one determines amount of requisite memory needed.  

 LSTM: LSTM established to model temporal sequence and long-range dependencies. Its major role is memory back-up of RNN, 

thus, making it more accurate and precise.  

(iv) Attention layer: Attention mechanism in NN is inspired by the human brain behavior while dealing with problems. 

Consecutively, Doctors concentrate on the ECG heartbeats for CD diagnosis, rather than paying attention to the minute and 

intricate parts while diagnosing for CD. Therefore, the integration of attention mechanism is to allocate different weights to 

different parts. That is, model allocates higher weights for the present input for achieving improved diagnosis outcomes. 

Conversely, it allocates smaller weights when the relationship among the present and diagnosis result is un-related. The feature 

extracted by RNN in the hidden state ℎ1
⃗⃗⃗⃗  and ℎ1

⃖⃗⃗⃗⃗ is given by,  
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ℎ𝑜𝑢𝑡 =  [ ℎ1
⃗⃗⃗⃗ 

𝑻
; ℎ1
⃖⃗⃗⃗⃗

𝑻
]𝑻                               (12) 

Similarly,  𝑒𝑖 between ℎ𝑜𝑢𝑡 and ℎ1 at time 𝑡 is expressed as,  

𝑒𝑖 = 𝑉𝑒
𝑇 tan ℎ  (𝑊𝑒 ℎ𝑖 + 𝑈𝑒  ℎ𝑜𝑢𝑡 )                       (13) 

The soft max function is calculated for attaining weight 𝑎𝑖 in time 𝑖 using,   

𝑎𝑖 =  
exp(𝑒𝑖)

∑ exp(𝑒𝑘)𝑟
𝑘=1

                               (14) 

The output attained from the attention layer is the weighted average of the hidden states. Therefore, the proposed system as a 

whole assures ensures enhanced performance in terms of accurate and precise CD prediction.  

III. RESULTS AND DISCUSSION 

This section illustrates results attained by the implementation process using Python software for validating the proposed system. 

In addition to this, comparative analysis are also discussed to determine the efficiency and prediction accuracy.  

 
Figure 8: Input Dataset. 

Source: Authors, (2026). 

Figure 8 represents the two types of input dataset namely, Binary dataset comprising the ECG dataset containing ECG readings of 

the patients and Multi-class dataset set containing of MIT-BIH arrhythmia dataset and PTB diagnostic ECG data. According to above 

figure, binary dataset consists of 58.4% of normal dataset and 41.6% abnormal dataset. Significantly, the multi-class dataset in divided 

into Normal (N) of 82.8%, Unclassified beat (Q) of 7.3%, Ventricular ectopic beat (V) of 6.6%, Supraventricular ectopic beat (S) of 2.5% 

and Fusion beat (F) of 0.7% respectively.  

 
Figure 9: Normal Vs Abnormal ECG.  

Source: Authors, (2026). 
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Figure 9 indicates the comparative analysis of normal vs abnormal dataset along with normalized ECG signals, where x-axis 

represents time and y-axis indicates, amplitude in first plot and normalized amplitude in the second plot. In the first graph, blue line 

representing normal ECG and red line representing abnormal ECG exhibits different performance in different time. Significantly, in 

second graph, the shaded part between both lines indicates the difference between them.  

 
Figure 10: Raw and Normalized ECG signals for different classes.  

Source: Authors, (2026). 

Figure 10 implies the raw ECG signals and normalized ECG signal for various classes including N, Q, V, S and F which are 

differentiated using distinct coloured lines. Here, x-axis indicates the amplitude in first graph and normalized amplitude in the second 

graph for various classes. From the above graph it is visible that, each class exhibit different performance under varying time series, 

representing variations between raw and normalized ECG signals.  

 
Figure 11: PSD of ECG signals.  

Source: Authors, (2026). 

Figure 11 refers to PSD graph for both datasets that is binary and multi-class datasets, where the first plot showcases the PSD 

graph for binary dataset, in which x-axis represents PSD and y-axis indicates Frequency in (Hz), here dashed blue line implies normal 

ECG signals and red line implies abnormal ECG signals. Similarly, second graph represents PSD for multi-class dataset comprising of 

various classes.  

 
Figure 12: Model Accuracy and Loss.  

Source: Authors, (2026). 
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Figure 12 demonstrates model accuracy and class for both datasets, where first two graph showcases model accuracy and loss for 

binary dataset. Here, blue line indicates the training accuracy of 99% and red line implies the validation accuracy of 99.10% with model 

training and validation loss below 0.05, indicating the higher prediction accuracy using binary dataset. Consecutively, the second two 

graphs showcases the model accuracy and loss on the basis of multi-class dataset, which depicts training accuracy of  96 % and validation 

accuracy of 96.69% , with training and testing losses below 0.2 respectively.  

 
Figure 13: Confusion Matrix. 

Source: Authors, (2026). 

Figure 13 denotes confusion matrix for both datasets, first confusion matrix comprising of two classes namely normal and abnormal 

classes. Around 402 data are classified as normal, 7 abnormal data are classified as normal similarly 2 normal data are falsely classified 

as abnormal and around 589 data are correctly classified as normal, where the dark blue colour implies higher value prediction. 

Significantly, the second confusion matrix comprises of the multi-class dataset, in which around 17959 are correctly classified. Thus, 

both confusion matrix showcases the classification performance consisting of true and false predictions.  

 
Figure 14: ROC curve. 

Source: Authors, (2026). 

Figure 14 represents the ROC curve for two different datasets, indicates the abnormal AUC of 0.9997, likewise normal AUC of 

0.9997, the curve refers to the higher classification performance. Furthermore, the second graph showcases the ROC curve for five 

different classes where each class is represented using different colour, in which each class showcases distinct AUC such as N depicts 

AUC of 0.98, S shows AUC of 0.93, V 0.99, F 0.98 and Q 1.00 respectively. Table 1 denotes the performance metrics depicted by two 

different datasets in terms of performance metrics. 

Table 1: Performance Metrics. 

Performance Metrics  (Binary Dataset) Performance Metrics(Multi-class Dataset) 

Accuracy  0.9910  Accuracy  0.9696 

Precision 0.9910 Precision 0.9681 

Recall 0.9910 Recall 0.9696 

F1-Score  0.9910 F1-Score  0.9680 

ROC-AUC  0.9997 ROC-AUC  0.9774 

Matthews Corr. Coefficient  0.9814 Matthews Corr. Coefficient  0.8979 

Cohen’s Kappa 0.9813 Cohen’s Kappa 0.8971 

Log Loss 0.0213 Log Loss 0.1141 

Hamming Loss 0.0090 Hamming Loss 0.0304 

Jaccard Score  0.9821  Jaccard Score  0.9427 

Source: Authors, (2026). 

Page 386



 
 
 

 
 

 

ITEGAM-JETIA, Manaus, v.12 n.61, p.378-389, September/October, 2026. 

 

 

 
Figure 15: Accuracy Comparison. 

Source: Authors, (2026). 

Figure 15 indicates accuracy comparison of proposed classifier with other conventional classifiers including CNN-LSTM [16], 

FODW-SVM [17], and SOARO-AE [18] to evaluate performance efficacy of developed model. From above chart, it is notable that, 

proposed classifier achieved higher prediction accuracy of 99.10% which is slightly higher than other depicted classifiers, indicating that 

developed classifier provides accurate and precise detection of CD from the given two datasets.  

 
Figure 16: F1 Score Comparison. 

Source: Authors, (2026). 

Figure 16 represents the F1 Score Comparison in which proposed classifier showcases higher classification performance by 

attaining increased F1 score when compared to the other traditional approaches like CNN-LSTM depicted 97.76% F1 score, FODW based 

SVM of 87.95%, and SOARO-AE based CNN attained 98.41%, whereas, the proposed Atten-Morph RNN classifier showcases slightly 

higher F1 score of 99.10% respectively, referring to improve model performance.  

 
Figure 17: Recall Comparison. 

Source: Authors, (2026). 
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Figure 17 denotes the Recall comparison between proposed AM-RNN based classifier and Hybrid CNN [19] and LR [20], where 

proposed model depicts increased recall score of 99.10%, while, hybrid CNN and LR attained 95.24% and 81%, indicating that, proposed 

model depicts improved performance in identifying the relevant positive insights within the given datasets.  

IV. CONCLUSION 

The proposed system using AM-RNN based classifier for ECG signal classification effectively performance well in terms of 

identifying various heart conditions with higher accuracy.  The pre-processing done by normalization shows better performance in 

increasing the quality of the input signals. Significantly, implementation of PSD based feature extraction depicts well-defined analysis of 

signal frequencies and characteristics, enabling to identify intricate features for determining heart conditions. Likewise, the integration of 

MBO based feature selection ensures optimum selection of most relevant features, thereby, improving classification accuracy by removing 

irrelevant features. Moreover, the utilization of AM-RNN for classification assures accurate and precise detection of CD, improving the 

reliability and dependability of the proposed model. The developed system is validates using Python software, and the obtained results 

showcases the proposed techniques and approaches assures enhanced performance in terms of accuracy (99.10%). Therefore, this work 

contributes towards effective diagnosis of CD in patients and monitoring of patient heart conditions precisely. 

V. AUTHOR’S CONTRIBUTION 

Conceptualization: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Methodology: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Investigation: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Discussion of results: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Writing – Original Draft: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Writing – Review and Editing: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Resources: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Supervision: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

Approval of the final text: Laid Gasmi, Nabil Laiche, Salheddine Kabou, Chikr El Mezouar Zouaoui and Abu Hammad Mamoune. 

VI. REFERENCES 

[1] V. Agrawal, M. Hazratifard, H. Elmiligi, and F. Gebali, “Electrocardiogram (ECG)-based user authentication using deep learning algorithms”, Diagnostics, vol. 13, no. 

3, pp. 439, Jan. 2023. 

[2] N. Karthikeyan, and M. S. Rani, “ECG classification using machine learning classifiers with optimal feature selection methods”, In Evolutionary Computing and Mobile 

Sustainable Networks: Proceedings of ICECMSN, pp. 277-289, Mar. 2022. 

[3] Y. M. Ayano, F. Schwenker, B. D. Dufera, T. G. Debelee, and Y. G. Ejegu, “Interpretable Hybrid Multichannel Deep Learning Model for Heart Disease Classification 

Using 12-leads ECG Signal”, IEEE Access, vol. 12, pp. 94055-94080, Jul. 2024. 

[4] E. H. Houssein, I. E. Ibrahim, N. Neggaz, M. Hassaballah, and Y. M. Wazery, “An efficient ECG arrhythmia classification method based on Manta ray foraging 

optimization”, Expert systems with applications, vol. 181, pp. 115131, Nov. 2021. 

[5] Muzammil, Muhammad Ali, Saman Javid, Azra Khan Afridi, Rupini Siddineni, Mariam Shahabi, Muhammad Haseeb, F. N. U. Fariha, Satesh Kumar, Sahil Zaveri, 

and Abdulqadir J. Nashwan. "Artificial intelligence-enhanced electrocardiography for accurate diagnosis and management of cardiovascular diseases." Journal of 

electrocardiology 83 (2024): 30-40. 

[6] Xia, Biao, Nisreen Innab, Venkatachalam Kandasamy, Ali Ahmadian, and Massimiliano Ferrara. "Intelligent cardiovascular disease diagnosis using deep learning 

enhanced neural network with ant colony optimization." Scientific Reports 14, no. 1 (2024): 21777. 

[7] Alsayat, Ahmed, Alshimaa Abdelraof Mahmoud, Saad Alanazi, Ayman Mohamed Mostafa, Nasser Alshammari, Majed Abdullah Alrowaily, Hosameldeen Shabana, 

and Mohamed Ezz. "Enhancing cardiac diagnostics: A deep learning ensemble approach for precise ECG image classification." Journal of Big Data 12, no. 1 (2025): 7. 

[8] T. Ullah, S. I. Ullah, K. Ullah, M. Ishaq, A. Khan, Y. Y. Ghadi, and A. Algarni, “Machine Learning-Based Cardiovascular Disease Detection Using Optimal Feature 

Selection”, IEEE Access, vol. 12, pp.16431-16446, Jan. 2024. 

[9] D. S. Khafaga, E. M. El-kenawy, F. K. Karim, S. Alshetewi, A. Ibrahim, A. A. Abdelhamid, and D. L. Elsheweikh, “Optimization of Electrocardiogram Classification 

Using Dipper Throated Algorithm and Differential Evolution”, Computers, Materials &amp; Continua, vol. 74, no. 2, Feb. 2023. 

[10] A. Diker, Y. Sönmez, F. Özyurt, E. Avcı, and D. Avcı, “Examination of the ECG signal classification technique DEA-ELM using deep convolutional neural network 

features”, Multimedia Tools and Applications, vol. 80, pp. 24777-24800, Jul. 2021. 

[11] A. L. Golande, and T. Pavankumar, “Optical electrocardiogram based heart disease prediction using hybrid deep learning”, Journal of Big Data, vol. 10, no. 1, pp. 139, 

Sep. 2023. 

[12] R.R. Sarra, A. M. Dinar, M. A. Mohammed, M. K. Abd Ghani, and M. A. Albahar, “A robust framework for data generative and heart disease prediction based on 

efficient deep learning models”, Diagnostics, vol. 12, no. 12, pp. 2899, Nov. 2022. 

[13] S. Krishnan, P. Magalingam, and R. Ibrahim, “Hybrid deep learning model using recurrent neural network and gated recurrent unit for heart disease prediction”, 

International Journal of Electrical &amp; Computer Engineering, vol. 11, no. 6, pp. 2088-8708,  Dec. 2021. 

[14] Y. Fang, J. Shi, Y. Huang, T. Zeng, Y. Ye, L. Su, D. Zhu, and J. Huang, “Electrocardiogram signal classification in the diagnosis of heart disease based on RBF neural 

network”, Computational and mathematical methods in medicine, no. 1, pp. 9251225, 2022. 

[15] U. Riaz, S. Aziz, M. U. Khan, S. A. Ali Zaidi, M. Ukasha, and A. Rashid, “A novel embedded system design for the detection and classification of cardiac disorders”, 

Computational Intelligence, vol. 37, no. 4, pp. 1844-1864, Nov. 2021. 

Page 388



 
 
 

 
 

 

ITEGAM-JETIA, Manaus, v.12 n.61, p.378-389, September/October, 2026. 

 

 

[16] E. Essa, and X. Xie, “An ensemble of deep learning-based multi-model for ECG heartbeats arrhythmia classification”, IEEE Access, vol. 9, pp. 103452-103464, Jul. 

2021. 

[17] F. A. Al-Yarimi, N. M. Ali Munassar, and F. N. Al-Wesabi, “Electrocardiogram stream level correlated patterns as features to classify heartbeats for arrhythmia 

prediction”, Data Technologies and Applications, vol. 54, no. 5, pp. 685-701, Nov. 2020. 

[18] G. S. Nijaguna, N. Dayananda Lal, P. B. Divakarachari, R. P. De Prado, M. Woźniak, and R. K. Patra, “Feature selection using selective opposition based artificial 

rabbits optimization for arrhythmia classification on Internet of medical things environment”, IEEE Access, vol. 11, pp. 100052-100069, Sep. 2023. 

[19] A. Tyagi, and R. Mehra, “Intellectual heartbeats classification model for diagnosis of heart disease from ECG signal using hybrid convolutional neural network with 

GOA”, SN Applied Sciences, vol. 3, no. 2, pp. 265, Feb. 2021. 

[20] R. C. Ripan, I. H. Sarker, M. H. Furhad, M. M. Anwar, and M. M. Hoque, “An effective heart disease prediction model based on machine learning techniques”, In 

International Conference on Hybrid Intelligent Systems, pp. 280-288, Dec. 2020. 

 

Page 389


