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Abstract

Heart failure, atherosclerosis, coronary artery disease, cardiomyopathies, arrhythmic disorders, valve diseases, and other cardiovascular
diseases (CVDs) are the main causes of illness and death around the world. This work presents a practical method that uses deep learning to
detect cardiac problems early using electrocardiogram (ECG) readings. It uses the ECG Heartbeat Categorization Dataset of Kaggle based
on the MIT-BIH Arrhythmia Database which has more than 109,000 labeled ECG segments in five classes of heartbeats. Extensive data
preprocessing is done, such as data cleaning, Z score normalization, one-hot encoding, and recursive feature elimination (RFE) of feature
selection. As a measure to deal with a sharp disparity in the classes, the ADASYN oversampling method is used, with a balanced dataset
being obtained. After that, a Recurrent Neural Network (RNN) is trained on the time-dependent nature of electrocardiogram (ECG) signals
in order to identify heartbeats accurately. The accuracy (ACC), precision (PRE), recall (REC), F1-score (F1), and loss are the measures
used to assess the performance of the model. With scores of 96.06% for accuracy, 90.0% for precision, 93.1% for recall, and 91.0% for F1-
score, the suggested RNN model shows good performance, suggesting balanced and reliable categorization. Early cardiac problem
detection and clinical decision-making may benefit from the proposed RNN technique, since it beats both conventional ML algorithms and
rival deep learning architectures.

Keywords: Cardiovascular Diseases, ECG Signal Analysis, Arrhythmia Classification, Deep Learning, Early Diagnosis, Clinical Decision
Support.
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I. INTRODUCTION

The healthcare industry contributes greatly to emissions and wastages of carbon. Plastic, paper, and electronic waste are
some of the non-biological waste that form a substantial part of the waste. Plastic production and incineration is estimated to
have produced 850 million tons of greenhouse gases, and it is likely to reach 2.8 billion tons by 2050. The healthcare sector has
been known to be a significant source of the climate crisis, which is cited as the biggest threat [1] to the health of the 21st
century [2]. Technological progress and information systems are reshaping industries, including healthcare, with an eye
towards integrated systems. Improving healthcare quality while reducing costs is the primary goal of most healthcare system
reforms. There is a dearth of sufficient systems among healthcare professionals and institutions to implement strategic change
[3]. Therefore, they are under a great deal of pressure to make use of IT.

Cardiology is a wide field of clinical medicine including clinical research, associated with cardiovascular disease and
stroke. There has been rapid progress in understanding of cardiovascular diseases [4], with advances in epidemiology,
pathophysiology, clinical studies, data science, artificial intelligence and health economics and modelling. Myocardial
structural and functional defects that impede ventricular filling or blood ejection cause the clinical condition known as heart
failure (HF). Although heart failure can be caused by pericardial, myocardial, endocardial, heart valve, or severe vascular
dysfunction, the most common cause is a decrease in left ventricular myocardial function [5]. Inherited heart failure causes
include ventricular remodelling, increased haemodynamic overload, ischaemia-related dysfunction, aberrant myocyte calcium
cycling, inappropriate extracellular matrix proliferation, accelerated apoptosis, genetic mutations, and excessive neuro-humoral
stimulation.

A myocardial infarction risk can be kept to a minimum by finding cardiovascular ilinesses (CVDs) quickly and correctly.
Due to the complexity, lack of clarity, and nonlinearity of the relationships between CVD variables, artificial intelligence tools
are necessary. Predicting and categorising CVDs are made easier using these technologies. Arrhythmia, problems with blood
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vessels, heart failure, myocardial infarction, strokes, and other cardiac abnormalities are all part of CVDs, which are among the
top causes of death globally. Some groups estimate that more than 17 million people died from these causes in 2019,
accounting for nearly 30% of all deaths globally that year. Therefore, in healthcare, especially for CVDs, it is crucial to detect
diseases quickly and accurately and identify the main risk factors. A number of algorithms for risk prediction have been
proposed, with regression methods integrating data through known risk factors being the most common. To make matters
worse, current approaches fail to account for the nonlinear nature and complexity of risk variables, which significantly impact
CVD prediction even when these factors do not interact with each other.

Al and ML have the potential to reduce mortality by predicting heart attacks using a patient's health and medical history.
ML is a versatile approach with many potential uses. Its effect on the detection of cardiac diseases is also shown. The use of
ML to forecast heart attacks was the subject of several studies. ML has the ability to provide accurate forecasts and decision-
supporting capabilities [6]. In order to learn from past data and create predictions based on current data, ML algorithms are
employed. Algorithms can process big data, allowing for the extraction of valuable insights. Deep learning in medical settings
that can be rare by nature is limited by nature and is not dependent on the amount of training data. The hypothesis is that
through the input data that was filtered according to clinical guidelines, that is, through the choice of five unique perspectives
of the cardiac examination, the algorithms could be made to recognize diagnostic clues even in case of a limited size database.

A. Motivation and Contribution of Paper

Conventional statistical methods fail to give a fair representation of the time patterns of electrocardiograms (ECGS) in
imbalanced and rare cases, and the nonlinear and complex nature of cardiac risk factors makes cardiovascular disease diagnosis
a challenging task. Current diagnostic measures do not always yield early diagnosis which is reliable and hence heightens
clinical risk and health care burden. The study is guided by the necessity of smart and data-driven decision support systems
based on deep learning to model the dynamics of ECG effectively, enhance diagnostic ACC, provide timely clinical
intervention to manage cardiovascular diseases sustainably and efficiently. The key contributions of the study are listed below:

e An efficient method for classifying arrhythmias using deep learning and a large ECG heartbeat classification dataset
derived from the MIT-BIH Arrhythmia Database.

o Development of a comprehensive preprocessing pipeline incorporating data cleaning, Z-score normalization, one-hot
encoding, and RFE-based feature selection.

e The ADASYN oversampling technique effectively improves minority class representation while handling extreme class
imbalance.

e A RNN used to model temporal variations in ECG based heartbeat classification.

e Testing the model's stability and balance on a large scale using conventional metrics like REC, ACC, PRE, F1, and loss.

B. Significance of the Study

The research has value because it shows how recurrent neural networks can be used to predict temporal relationships in the
ECG signal with strong ACC and early detection of heart diseases. The proposed method overcomes major issues related to
data imbalance and sophisticated variability of signals that tend to hinder clinical analysis of ECGs, including the need to
balance the classes with the adaptive use of ADASYN and the element of selecting the features that enhance the analysis of the
data. The obtained high classification performance shows that the model may be valuable to clinicians by enabling them to
detect cardiac abnormalities at an early stage and with high reliability to ensure timely intervention and better patient
outcomes. In addition, the relative excellence of the RNN, compared to the traditional and hybrid models, indicates its
appropriateness in real-world, sequential healthcare data, which can advance intelligent and data-driven clinical decision
support systems.

C. Structure of paper

The following is the outline of the paper: In Section I, take a look at what is already known about how to spot heart
problems early. Section 111 defines the recommended methodology that implemented which entail the description of the data
and the implementation of the model. In the section IV, the results and main findings of the experiment are provided. In the
end, Section V provides the conclusion of the study, outlining its limitations and providing future research directions.

Il. LITERATURE REVIEW

This is a literature review that gives an in-depth insight into the available literature and evidence regarding Early Diagnosis
of Heart Conditions. Table | presents the methods, database, outcomes, limitations and future direction of the literature.

Gupta et al., (2019) In this regard, KNN utterly dominates its rivals, which comprise RF, DTs, NBs, and SVM. The
findings are further validated by creating a prototype. In order to track a person's vitals and identify potential risk factors for
cardiovascular disease, the prototype used a network of sensors. Making use of the previously trained model to forecast a
person's risk of cardiovascular disease is an attainable objective. Their approach has a high predictive ACC of 88.52% and
allows proactive health monitoring data, both of which are substantial benefits to humans [7].
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Mohan, Thirumalai and Srivastava, (2019) presented a new approach to improve the accuracy of cardiovascular disease
prediction using machine learning to identify important characteristics. Use a variety of feature combinations and established
categorisation approaches to establish the foundation for the prediction model. They achieved an ACC of 88.7 % while
predicting the occurrence of cardiac disease using a HRFLM [8].

Raihan et al., (2018) ML methods are better at making predictions than any other type of system. Forecasting the likelihood
of tachycardia is the primary objective of this approach. Use methods like Neural Networks, Support Vector Machines,
AdaBoost, Bagging, K-NN, and Random Forests to predict when ACS betrayed. Both AdaBoost and Bagging achieve high-
grade exactness, with 75.49% and 76.28% respectively. For Bagging techniques, AdaBoost has a REC of 0.763 and a PRE of
0.741, while for Bagging techniques it is 0.75 and 0.755, respectively [9].

David and Belcy, (2018) The major objective of this extensive research is to identify the best classification system for
reliably differentiating between healthy and unhealthy persons. This allows for the saving of lives to occur as quickly as
possible. The algorithms' performance evaluated in a testing environment that has been set up using the UCI machine learning
repository's cardiac disease benchmark dataset. With an ACC of 81%, the RF approach outperforms other algorithms when it
comes to heart disease prediction [10].

Karayilan and Kilig, (2017) Conventional methods of diagnosis fall short when it comes to this type of sickness. The
conventional method of diagnosing heart disease is outperformed by a medical diagnosis system built on ML. The paper details
a method for predicting the start of cardiac problems using an ANN and the backpropagation algorithm. After being trained
with thirteen clinical features and the backpropagation approach, the neural network achieved a 95% ACC rate in detecting the
presence or absence of heart disease. [11].

Miao, Miao and Miao, (2016) The tested models for CCF, HIC, LBMC, and SUH had accuracies of 80.14%, 81.1%,
88.1%, and 96.7%, respectively. The levels of accuracy were higher than those found in earlier studies. Patients around the
world, particularly in underdeveloped nations and places with a shortage of cardiac disease diagnostic experts, can benefit from
the reliable and accurate diagnoses provided by the well-established ensemble learning prediction and classification models for
coronary heart disease [12].

Research Gap: Although the situation has greatly improved in predicting heart disease, there is still a number of uncovered
gaps. The majority of existing approaches rely on static and feature-based models, which are inadequate for describing the
intricate temporal patterns and nonlinearities present in natural physiological signals. There are still issues of imbalance in
classes, a lack of generalization and poor treatment of rare clinical cases. This demonstrates the importance of powerful,
temporally conscious deep learning systems that can combine powerful feature selection and effective balancing to ensure
sound early detection

TABLE I. SUMMARY OF RECENT STUDIES ON EARLY DIAGNOSIS OF HEART CONDITIONS
Reference Methodology Dataset Key Findings Challenges Future Scope
Gupta et al. | KNN compared with | Sensor-based health | KNN outperformed other | Limited scalability and | Integration with larger
(2019) RF, DT, SVM, NB; | monitoring data models ~ with  88.52% | reliance on  sensor | clinical datasets and real-
prototype using accuracy; enabled | accuracy time deployment
health sensors proactive health
monitoring
Mohan et al. | HRFLM and feature | Heart disease | Improved prediction | Feature dependency and | Automated feature
(2019) combinations dataset (clinical | accuracy to 88.7% using | model complexity selection and deep
features) hybrid model learning integration
Raihan et al. | ML models: NN, | Acute Coronary | Best accuracy achieved by | Lower accuracy and | Advanced ensemble and
(2018) SVM, AdaBoost, | Syndrome (ACS) | Bagging (76.28%) and | difficulty handling | deep learning models for
Bagging, KNN, RF dataset AdaBoost (75.49%) complex patterns higher precision
David & | Comparative analysis | UCI Heart Disease | RF achieved 81% | Limited dataset size and | Use of balanced datasets
Belcy (2018) of ML classifiers dataset precision, outperforming | imbalance and  hybrid learning
others models
Karayillan & | Artificial Neural | Clinical dataset | Achieved high accuracy of | Risk of overfitting and | Use of recurrent and deep
Kilig (2017) Network with | with 13 features 95% in heart disease | lack of temporal | neural networks
backpropagation prediction modeling
Miao et al. | Ensemble learning | Multiple heart | Achieved accuracies up to | Dataset heterogeneity | Explainable Al  and
(2016) classification models | disease datasets | 96.72%, surpassing prior | and interpretability broader validation across
(CCF, HIC, LBMC, | studies populations
SUH)

28



Journal of Contemporary Science and Technology

Management

SCIENCE'AND. //
TECHNOLOGY
MANAGEMENT

Volume 02, Issue 01, March 2026

I1l. METHODOLOGY

The actual procedure starts by obtaining the dataset of the ECG heartbeat categorization available on Kaggle and
undergoing it through the data pre-processing procedure consisting of data cleaning, Z-score normalization, one-hot encoding,
and feature selection. In order to deal with class imbalance, data balancing of ADASYN is used. The processed data is then
split into two parts: the training data, which makes up 70% of the total, and the testing data, which makes up 30%. The
suggested RNN model is trained with the training data and then assessed using metrics like loss, ACC, PRE, REC, and F1. At
last, the evaluation results are produced to determine the model's efficacy. The general workflow is shown in Figure 1.

ECG Heartbeat Data Preprocessing
Categorization Dataset Data Cleaning, Z-score
sourced from Kaggle Normalization, One-hot
Encoding, RFE-Feature
Selection

ADASYN for Balancing

e | > Proposed
( Data Splitting Recurrent Neural

r—*—\ Network

Train: . 200
70% ] Test: 30% |

Performance Evaluation P

using accuracy, <«

precision, recall, f1-
score and loss

\ 4

Results

Fig. 1. Flowchart Diagram for Early Diagnosis of Heart Conditions

The steps of the flowchart are thoroughly explained below:

A. Data Collection and Visualizations

In this work, ECG Heartbeat Categorization Dataset of Kaggle, based on the MIT-BIH Arrhythmia Database, that is pre-
processed ECG segments where heartbeat classes are categorized into five and has more than 109, 000 samples to classify
arrhythmia data is used. The EDA of the dataset is shown below:

Normal Anomaly
10- — Case1118 | - — Case 1118
— Case 2814 — Case 2814
0.8 -
0.6 -
0.4-

0.0 -

' l ] ' ' ' ] [ ' '
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175

Fig. 2. ECG Signal Samples One From the "Normal" Dataset and the Other From the “Anomaly" Dataset.

Figure 2 presents ECG signals in a normal and abnormal heartbeat, where normal signals have regular shapes, whereas
abnormal signals have irregular shapes and amplitude changes and can be easily distinguished between normal and illnesses.
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Fig. 3. Heartbeat Classes Distribution

Figure 3 shows the classes of heartbeat in the dataset. It presents a high degree of imbalance in terms of classes with normal
heartbeats being the most common samples with many other abnormal classes being much rarer with premature ventricular
contractions, atrial premature beats and fusion beating. The lack of balance reflects the difficulty of precisely identifying rare
cardiac diseases and the significance of effective learning models to be used to diagnose the condition at an early stage.

Fig. 4. Imbalanced Distribution in the Dataset

Figure 4 shows a donut chart of the distribution of the categories of heartbeat by the classes. The plot shows that the normal
heartbeats are dominant in the dataset whereas the abnormal classes, that is, fusion beats, premature ventricular contractions,
atrial premature contractions and paced beats are much lower in the dataset, determination of the class imbalance in the dataset.

B. Data Preparation

Cardiovascular datasets used in ML models rely heavily on data pre-processing. It starts by cleaning data, normalizing data,
and selecting RFE-features.

e Data Cleaning: Resolving issues with inconsistent or missing data. When data from wearable devices or electronic
health records (EHRS) is missing, imputation and similar techniques fill in the blanks with more commonly used values,
such as the median, mean, or prediction scores.

e Z-score normalization: Data is normalised to ensure that all variables are scaled to the same ranges, preventing
outliers like heart rate and blood pressure from influencing ML models. Utilise a method such as z-score normalisation
to train a model using features with a mean of 0 and a standard deviation of 1. Its definition is in Equation. (1):
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g =1* (1)
Each feature's distribution becomes one with a mean of 0 and a standard deviation of 1 after this transformation.

e One-Hot Encoding: ML algorithms can make use of numerical formats created by converting categorical data, which
is otherwise non-numerical, into a numerical representation. Each category of each categorical feature is given its own
new binary column by the one-hot encoding.

e RFE-Feature Selection: RFE algorithm was proposed where gene selection in disease classification was involved.
RFE uses the recursive method, which is a backward feature elimination. RFE has proven itself as a useful feature
selection method, which presents the benefits of dimensionality reduction, better model ACC and interpretability, and
higher computational efficiency compared to exhaustive feature assessments.

C. ADASYN for Balancing the Class Distribution

One synthetic oversampling method that uses SMOTE is ADASYN. The goal of ADASYN is to generate synthetic
examples for harder-to-learn minority class cases. It does this by adaptively changing the distribution of synthetic samples
according to the instances' density distribution. As part of its synthetic sample generation process, ADASYN estimates the
minority class instances' density distribution and gives preference to those with a lower density. This highlights the areas that
need more attention since synthetic sample generation is focused on instances that are hardest to understand. The limitation of
SMOTE that ADASYN has been created to overcome is that the sample synthesis is adjusted adaptively in situations where the
imbalance between the two classes is more extreme or where the minority class examples are scattered in intricate structures.
ADASYN attempts to find a more optimal balance between overfitting and oversampling the minority population. Figure 5
shows the balanced data distribution.

=

Fig. 5. Balanced Distribution in the Dataset

Figure 5 displays a balanced distribution of the classes with the help of donut chart and each heartbeat category is equally
contributing to the total number of heartbeats. Such a representation helps to show the impact of data balancing algorithms,
where there equal representation of the classes and the bias is minimized when training the model to boost and fair
classification.

D. Data Splitting

The standard split between training and test sets in a dataset is 70:30, with the former used to train the model and the latter
for testing.
E. Proposed Model: Recurrent Neural Network (RNN)

An RNN may learn the dynamics of sequential data because it is a neural network architecture with cyclic connections. The
buried layer of an RNN contains several nodes. In Figure 6, can observe that each node can produce its own hidden state h,
and output y, by applying the following Equations to its current input x; and its past hidden state h,_;. two (2)-(3):
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with Wy, U, and W,, representing the weights for the link between hidden and input, hidden and output, and hidden and
hidden, respectively. The hidden state bias term is by, while the output state bias term is b,,. Furthermore, every node is linked
to an activation function F [13]. Rectified linear unit (ReLU), sigmoid, and hyperbolic tangent are common examples of
element-wise non-linearity functions.
A
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Fig. 6. Schematic Diagram of an RNN

F. Model Performance Assessment

The suggested models were evaluated using four popular metrics: binary and multi-class classification:

Accuracy: The sum of all correct guesses divided by the total number of predictions. This can be seen in the Equation as a
mathematical representation. (4):

TP+TN
TP+TN+FP+FN (4)

Precision: Refers to the count of genuine samples among the ones that are classified as positive. Equation (5) depicts the
formula:

Accuracy =

TP
TP=FP

Precision =

&)

Recall: A class's REC is the percentage of correctly sampled items from that class. As demonstrated in Equation (6), the
total REC is calculated by averaging the RECs for all classes:

TP (5)

TP+FN
F1-Score: The PRE and REC are balanced out by a weighted harmonic mean. It is formulated in Equation (7):

Recall =

2TP
F1 —score = ——— @)
2TP+FP+FN

Loss: Loss is a scalar operation that measures the distance between the model predictions and the actual targets of one
example (or batch) to provide a guide (optimization) to the training process.

IV. RESULTS ANALYSIS AND DISCUSSIONS

An 8GB RAM, 2.30GHz Intel Core i5 8th generation computer is used for the experiment. The Anaconda Python 3.7
environment is utilised, together with the IDEs Spyder and Jupyter Note Book. The results of the RNN model for the early
detection of cardiac problems are shown in Table II. The model has high ACC (96.06%), which shows that it has great overall
prediction strength. The summarized REC (93.0) of positive cases indicates successful identification of positive cases, whereas
the PRE (90.0) and F1 of positive cases (91.0) indicates a balanced and dependable classification characteristic, which can be
used in clinical decision-making during its initial phase.

TABLE I1. MODEL PERFORMANCE FOR EARLY DIAGNOSIS OF HEART CONDITIONS
Metrics RNN
Accuracy 96.06
Precision 90.0
Recall 93.0
F1-Score 91.0
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Fig. 7. Accuracy of the RNN Model

Figure 7 shows the relationship between the number of epochs and the account-based cost (ACC) in training and validation.
The suggested model learns consistently, converges well, and performs well at generalisation, as shown by the nearly identical
training and validation curves, and by the rapid increase in ACC from the beginning stages, which nearly approaches 96.

—— Loss
- Validation Loss
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Fig. 8. Loss Curve of the RNN Model

Figure 8 displays the training and validation loss curves across the epochs. It can be observed that the loss decreases
significantly during the initial training stages and then stabilises afterwards. Training and validation loss is close, which means
that the proposed model is trained successfully with a minimum overfitting rate and a good generalization rate.
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Fig. 9. Confusion Matrix of the RNN Model

A high degree of classification, together with high numbers of true negatives (16,734) and true positives (2,090), are shown
in Figure 9, which is the confusion matrix of the proposed model.

A. Comparative Analysis

Table Il shows a comparative analysis of the model ACC of early diagnosis of heart conditions. The RNN model
outperformed all other models benchmarking models likely 1D-CNN, and RF with a 96.06 % accuracy rate, making it the best
choice for learning health data's temporal connections.
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TABLE III. COMPARISON OF EARLY DIAGNOSIS OF HEART CONDITIONS
Models Accuracy
1D-CNN [14] 86%
RF (Model 2) [15] 80.65
RNN 96.06

The experimental findings show that the proposed RNN-based solution is an effective learning solution to identify temporal
patterns in electronic health records resulting in trusted early prediction of cardiac problems. The trends of training and
validation strategies show that there is no significant overfitting with convergence maintained at a stable rate. Clinical decision
assistance and sequential analysis of health data are two areas where the RNN model has shown to be more effective than other
deep learning architectures and more conventional machine learning methods.

V. CONCLUSION AND FUTURE WORK

The capacity to identify people who are at risk of CVD is a crucial aspect of preventive cardiology. At present, professional
recommendations advise using risk prediction models that rely on a small set of variables that do not always work well with all
patient populations. In this study, show that by utilising ECGs, a deep learning-based system may successfully identify cardiac
problems in their early stages. The proposed system is able to capture hidden and the complex patterns found in cardiac signals,
which are usually missed in the traditional diagnostic data, by using the time modeling ability of a RNNs. The experimental
findings suggest the robust and consistent performance and a high percentage of 96.06 classification ACC, as well as equalized
values of PRE, REC, and F1 of the proposed RNN model. These findings corroborate that the model is capable of correctly
differentiating between normal and non-normal heartbeats, even when there is a lack of signal balance and variability. The
RNN model outperforms both conventional machine learning techniques and various other DL architectures, according to the
comparative study. Competing with more conventional deep learning architectures and more conventional machine learning
approaches.

Further development of the work will entail generalizing the suggested RNN architecture with other more sophisticated
models such as LSTM and attention models, introducing multi-lead ECG and real-time streaming input, and testing the model
on various clinical datasets to increase its strength, interpretability, and applicability to real-life clinical decision support
systems.
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