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Abstract— This study introduces an efficient heart attack detection system that combines ECG 
monitoring and pulse rate sensors to enhance diagnostic accuracy. Leveraging data from both 
sources, the system applies machine learning algorithms—including K-Nearest Neighbors 
(KNN), Support Vector Machine (SVM), and Random Forest (RF)—to classify ECG patterns 
into normal and myocardial infarction categories. Additionally, an ensemble model integrating 
these algorithms was developed to further improve prediction performance. The ensemble 
approach captures complementary strengths from each classifier, resulting in robust and 
reliable classification outcomes in both training and testing stages. Future implementation of 
this model on a wearable device aligned with the Internet of Medical Things (IoMT) could 
enable real-time, continuous health monitoring, providing early alerts for heart attack 
symptoms and enhancing patient outcomes through proactive care and reduced need for 
hospital visits. This work demonstrates the potential of machine learning and IoMT-enabled 
wearables to advance cardiovascular monitoring and support critical, timely interventions  
 
Index Terms— Heart attack prediction, Random Forest, KNearest Neighbors, SVM,Machine 
learning. 

I. INTRODUCTION 

The identification of heart attacks in younger individuals has become an increasingly important focus within the 
medical community, as cardiovascular diseases, once thought to primarily affect older adults, are now being 
detected more frequently among younger populations. A heart attack, medically referred to as myocardial 
infarction, occurs when the blood supply to a section of the heart muscle is obstructed, leading to tissue damage. 
In younger demographics, heart attacks are often linked to underlying conditions such as congenital heart 
defects, high cholesterol levels, smoking, obesity, or the use of certain drugs. Prompt recognition of cardiac 
events in youth is critical, as symptoms may differ significantly from those experienced by older patients. While 
chest pain remains a hallmark symptom in adults, younger individuals may present more subtle signs, including 
shortness of breath, fatigue, or discomfort in the jaw, neck, or arms. Recent advancements in artificial 
intelligence (AI) and machine learning (ML) have opened new avenues for enhancing the accuracy and 
efficiency of cardiac diagnostics. These technologies enable the automated analysis of complex ECG waveforms 
and pulse rate patterns, supporting early and accurate detection of myocardial infarction with minimal reliance 
on manual interpretation. The integration of a pulse rate sensor alongside ECG monitoring further improves 
diagnostic accuracy by providing complementary physiological insights, such as real-time heart rate variability 
and circulatory response.  
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This dual-sensor approach enhances the system’s ability to recognize abnormal cardiac events, particularly in 
ambiguous or early-stage cases. In this work, we propose the development of an embedded system that integrates 
both ECG and pulse rate sensors to facilitate continuous monitoring, early detection, and timely alerting of 
potential heart attacks. Designed to be compact, portable, and suitable for wearable deployment, the system aims 
to empower individuals—especially those at higher risk—with proactive cardiac health monitoring, even outside 
of clinical settings. The remainder of this paper is organized as follows: Section II reviews relevant literature and 
recent advancements in ECG-based heart attack detection. Section III outlines the methodology used for system 
design, sensor integration, classification using ensemble machine learning. Section IV presents the experimental 
results, performance analysis, and discussion. Finally, Section V concludes the study and suggests potential 
directions for future work, including clinical validation and real-time deployment enhancements. 

II. RELATED WORKS 

T. DivyaSree et.al in [1], presents an efficient approach to monitoring cardiac activity through the AD8232 chip. 
This technology captures and processes the heart’s electrical signals to track heart rate and detect abnormalities. 
The paper highlights potential applications in remote patient monitoring and early detection of cardiac issues. 
The AD8232 chip offers several advantages, such as compact size, high performance, ease of integration, and 
cost-effectiveness, making it suitable for portable healthcare devices and heart attack detection systems. Arun 
Prasath et.al in [2], explores the use of IoT (Internet of Things) technology to create a system for heart rate 
monitoring using pulse sensor. The system utilizes cloud computing for data storage, processing, and analysis, 
making it scalable and accessible. The authors highlight the future potential for wearable devices that provide 
continuous monitoring, as well as the integration of telemedicine platforms for remote consultations and 
diagnoses. Key advantages of this system include early detection of cardiac abnormalities and an alert 
mechanism designed to notify emergency services promptly. In [3], Srinivasa Reddy Dasarapalli et.al focuses on 
utilizing signal processing techniques to extract features from ECG signals, followed by machine learning 
algorithms for accurate diagnosis. The future scope of this research includes developing real-time detection 
systems and exploring artificial intelligence integration for wearable devices that provide continuous monitoring. 
This system offers several advantages, including improved efficiency, enhanced accessibility, and robust 
performance in diagnosing heart disorders. Gnaneswari G. et.al in [4] highlights the use of data analytics and 
machine learning applications in healthcare to enhance heart disease diagnosis. The paper explores the future 
scope of developing real-time monitoring devices that enable early detection and timely intervention. 
Additionally, the author discusses the potential for improving predictive models to provide accurate and timely 
heart attack predictions. Key advantages of this approach include early prediction of heart attacks, reduced 
healthcare costs, and improved accessibility to healthcare services. The studies conducted in [5], details the 
potential of deep learnng techniques in diagnosing cardiovascular diseases (CVDs) such as congestive heart 
failure (CHF), coronary artery disease (CAD), and myocardial infarction (MI) using electrocardiogram (ECG) 
signals and echocardiogram (ECHO) images, with high accuracy and reliability. An open-source algorithm for 
classifying ECG images using a fine-tuned InceptionV3 model was adopted in [6]. In [7], a system is designed to 
monitor a person’s heartbeat and send alerts if the heartbeat crosses the set limit, aiming to detect heart attacks, 
utilizing a heartbeat sensor, microcontroller, and GSM. The study conducted in [8] is an initial trial of a three-
lead wearable electrocardiogram (ECG) monitoring device during a full marathon, demonstrating its potential for 
preventing sudden cardiac arrest during short-term exercise and homebased cardiac rehabilitation.In [9] the 
paper proposed M2ECG, a deep learning-based method to estimate ECG signals from wearable 
mechanocardiogram (MCG) data, enabling continuous and non-invasive heart monitoring.In [10] This involves 
developing a wearable multi-sensor system capable of realtime cardiovascular health monitoring by integrating 
multiple biosignals for early detection of cardiac abnormalities. Uchiyama et al. [11] proposed a deep learning-
based approach using an end-to-end convolutional neural network on 12-lead ECG image data from the PTB 
Diagnostic ECG Database, achieving an impressive accuracy of 99.82% in detecting myocardial infarction. 
While this method sets a high performance benchmark, it involves considerable computational overhead due to 
the complexity of deep learning architectures. Likith Reddy et al.’s interpretable multi-channel model (IMLE-
Net)[12] achieved a macro ROC-AUC of 0.9216 on PTB-XL with explainable features learned across beat, 
rhythm, and channel levels. Another recent study employing a hybrid CNN-VAE model[13] reported a 98.51% 
accuracy with 97.95% F1-score across PTB-XL’s 23 classes. Although these models demonstrate superior 
performance over traditional ensemble methods, their computational demands are considerable, motivating our 
choice of a lighter ensemble approach that maintains competitive accuracy with significantly lower complexity. 
We utilize different learning algorithms such as k-Nearest Neighbors (KNN), Support Vector Machines (SVM), 
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and Random Forest, which have been widely recognized for their effectiveness in classification tasks. These 
algorithms are applied to datasets containing two distinct classes: normal and abnormal, where the abnormal 
class includes cases of myocardial infarction and other heart-related issues. By comparing the performance of 
these algorithms, we aim to identify the most suitable model for early detection of heart abnormalities. Our 
approach involves integrating various sensors to collect real-time ECG data, which is then processed and 
analysed using the aforementioned learning models. The goal is to predict the onset of heart conditions, 
providing timely alerts that could potentially save lives. This paper presents a comprehensive comparison of 
these algorithms, discussing their strengths and limitations in the context of ECG signal analysis, and highlights 
the potential for different learning methods to revolutionize the field of cardiac health monitoring. Our 
ensemble-based method (KNN, SVM, RF) aims to achieve competitive accuracy with significantly reduced 
computational cost, making it more suitable for resource-constrained and realtime applications. 

III. METHODOLOGY 

The methodology for ECG signal classification involves multiple stages, beginning with data preprocessing, 
where ECG data is collected from publicly available datasets and segmented into two classes: normal and 
abnormal (myocardial infarction). Data cleaning is conducted to address missing values, outliers, and 
inconsistencies, thereby ensuring that the dataset is organized and trustworthy. Feature extraction is then carried 
out using signal processing techniques to identify key ECG characteristics such as heart rate, peak amplitudes, 
QRS complex intervals, and waveform morphology, which are essential for accurate classification. Machine 
learning models, including K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Random Forest 
(RF), are employed to classify ECG signals. KNN, a non-parametric algorithm, categorizes data based on the 
similarity of data points, with the optimal value of K determined to balance accuracy and computational 
efficiency. SVM, a supervised learning algorithm, utilizes a radial basis function (RBF) kernel to handle non-
linear ECG data separation, making it effective for detecting heart abnormalities. Random Forest, an ensemble of 
decision trees, aggregates results from multiple trees to enhance classification robustness and reduce the risk of 
overfitting. To further improve accuracy and reliability, an ensemble learning approach is implemented by 
combining KNN, SVM, and RF using techniques such as soft voting and stacking. This integration leverages the 
strengths of each model, enhancing adaptability to varying ECG signal patterns and reducing misclassification 
rates. The models are then evaluated using performance metrics such as accuracy, precision, recall, F1-score, and 
ROC-AUC to assess their effectiveness. By following this structured approach, the methodology ensures an 
efficient and reliable classification of ECG signals, contributing to improved detection of myocardial infarction 
and better healthcare outcomes.  

 
Fig. 1. Block diagram for ECG Monitoring system. 

The AD8232 is a compact ECG sensor widely utilized for monitoring heart activity, particularly in portable 
devices. In a standard three-lead configuration, the electrodes are connected to the right arm, left arm, and right 
leg, with the final lead serving as a reference ground. This setup minimizes distortion, providing a clearer 
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representation of the heart’s electrical activity. This sensor incorporates instrumentation amplifiers designed to 
enhance the available ECG signals while employing filters to eliminate extraneous noise, resulting in clean and 
interpretable ECG data for subsequent analysis. For the AD8232, heart rate measurement is linked to the 
assessment of the R-wave within the QRS complex. The calculation of heart rate can be executed efficiently by 
determining the intervals between R-wave peaks, using the formula: Heart Rate (bpm) = 60 / Average R-R 
interval (in seconds). This capability allows for real-time heart rate monitoring, which is advantageous from both 
clinical and personal health management perspectives. An individual’s heart function can be tracked using an 
ECG, which allows for the determination of how the heart muscles contract and relax. When looking at an 
electrocardiogram, three essential waves can be noted: atrial depolarization is captured by the P-wave, 
ventricular depolarization is marked by the QRS complex, and the Twave shows the process of their 
repolarization.  
For most ECG readings, the measured amplitude ranges between 0.5 mV and 3mV, with a frequency range of 
0.05Hz to 100Hz. To enhance reliability in heart attack detection, a pulse rate sensor is employed alongside ECG 
monitoring. The AD8232 ECG sensor is a compact and efficient module designed to monitor the electrical 
activity of the heart, referred to as an electrocardiogram (ECG). It detects the heart’s subtle electrical signals via 
three electrodes placed on the body. These signals are subsequently amplified and filtered to eliminate any noise, 
resulting in a precise analog ECG output. This sensor is frequently utilized in health monitoring and diagnostic 
equipment due to its ability to deliver accurate and comprehensive information regarding heart function. Its 
small form factor and low power requirements render it ideal for wearable technology and ongoing heart 
monitoring applications.  
This dual approach leverages ECG data to monitor electrical heart activity, while the pulse rate sensor provides 
real-time information on blood flow and heart rate variability. By integrating data from both sources, the 
detection system can identify irregular patterns more accurately, offering a more comprehensive view of cardiac 
health and improving early detection rates. 

Algorithm: Heart Attack prediction using various algorithm 
Initialization:    
 Load ECG datasets 
Preprocessing: 
 The ECG data is sourced from datasets that are publicly available, and where it is split into 

“normal” and “abnormal” (myocardial infarction) classes, and suitable for cleaning and 
accuracy purposes. In order to classify the data, the signal processing methods are then used to 
extract the relevant features; heart rate, peak amplitude and QRS intervals. 

Model Training using KNN: 
 KNN is a basic, non-parametric algorithm that classifies data by similarity. KNN can handle 

small datasets fairly well and since it is memorization-based, on a large dataset it can be very 
slow. Classification accuracy in KNN depends on an appropriate selection of K value. 

Model Training using SVM: 
 SVM is a supervised algorithm that employs an RBF(radial basis function) kernel to 

distinguish non-linear ECG data by searching for an optimal hyperplane. SVM performs 
adequately in both binary and high-dimensional classifications but must be carefully adjusted 
to avoid overfitting when it encounters data with noise. 

Model Training using Random Forest: 
 Random Forest (RF) is an ensemble method that builds multiple decision trees from random 

data subsets of the training dataset and then uses majority voting to classify 
an ECG. It has shown high accuracy, robustness, and it is better than using a single  decision 
tree, but its interpretability is less than that of other, simpler models. 

Model Training using Ensemble method: 
 Ensemble methods involve combining multiple base models to achieve improved predictive 

performance over individual models. The effectiveness of ensemble methods is, in part, a 
function of the diversity between the models and utilizes techniques such as majority voting 
for classification and averaging for regression. 

Evaluation:  
 Compute Accuracy, Precision, Recall, and F1-score. 
Output: 
 Display predicted rating and success category. 
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IV. RESULTS AND DISCUSSION 

The PTBDB ECG dataset available on Kaggle [14], serves as a valuable resource for identifying patients 
involved in heartattack research conducted by my organization. This dataset is primarily categorized into two 
classes: normal and myocardial infarction. It is further segmented into training datasets and test samples, each 
containing ECG data labeled accordingly. The study population comprises 8,405 cases of myocardial infarction 
and 3,238 normal cases, which are utilized to train a machine learning model aimed at differentiating between 
heart attacks and normal heart conditions. Additionally, the test set includes 2,101 cases of myocardial infarction 
and 808 normal cases, providing a means to evaluate the model’s predictive accuracy on previously unseen data. 
Both datasets are skewed towards myocardial infarction cases, aligning with the study’s objective of developing 
an automated diagnostic system based on ECG signals. In this research, we concentrated on identifying 
irregularities in cardiac activity by utilizing data from heart rate sensors and ECG signals, which were analyzed 
through various machine learning techniques. Initially, the output from the heart rate sensor was examined 
against a predetermined threshold to identify potential heart irregularities, such as arrhythmias or abnormal heart 
rhythms. This initial analysis enabled us to highlight any atypical heart rates that might suggest an underlying 
cardiac condition. Subsequently, the ECG signals were evaluated using three distinct machine learning 
algorithms: K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Random Forest. Each algorithm 
was employed to classify the ECG data and assess the risk of a heart attack or the presence of abnormal heart 
function.  
To evaluate the efficacy of these algorithms, we employed a range of assessment metrics, including accuracy, 
precision, recall, F1 score, and the area under the ROC curve (AUC). Confusion matrices were created to 
illustrate the true positives, false positives, true negatives, and false negatives for each classifier, offering a 
comprehensive view of the classification performance of each algorithm. ROC curves were utilized to analyze 
the balance between sensitivity and specificity for each model, while precision-recall curves provided additional 
insights into the relationship between precision (the ratio of true positives to the total number of positive 
predictions) and recall (the ratio of true positives to the total number of actual positives). These metrics are 
crucial for comprehending not only the accuracy of the models but also their ability to maintain a balance 
between precision and recall, particularly in medical diagnostics where false negatives can lead to serious 
repercussions. 

  
Fig. 2. Training ROC curve using Ensemble Method            Fig. 3. Precision curve for Ensemble Method 

To further enhance prediction accuracy, the KNN, SVM, and Random Forest (RF) algorithms are combined in 
an ensemble classifier approach. By leveraging the strengths of each method, the ensemble model compensates 
for individual weaknesses and delivers more robust results. The KNN provides local neighborhood insights, 
SVM contributes strong boundary-based classification, and RF adds the advantage of aggregating multiple 
decision trees to minimize overfitting and improve generalization. Figures 2 to 6 illustrate the performance of the 
ensemble method: Figure 2 shows the training ROC curve, Figure 3 presents the precision curve, Figure 4 
displays the confusion matrix, Figure 5 illustrates the recall curve, and Figure 6 shows the F1-score curve. These 
figures collectively demonstrate that the ensemble classifier achieves higher accuracy, sensitivity, and specificity 
compared to any single algorithm by integrating diverse patterns and reducing the impact of individual model 
biases, ultimately leading to more reliable and consistent classification results across both training and testing 
sets. 
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Fig. 4. Confusion matrix for ensemble method                           Fig. 5. Recall curve for ensemble method 

 
Fig. 6. F1-Score of Ensemble method 

TABLE I: PERFORMANCE METRICS OBTAINED FOR DIFFERENT METHODS 

 

TABLE II: PERFORMANCE COMPARISON WITH EXISTING WORKS 

 

Table I provides a comparative evaluation of the three algorithms based on the previously discussed performance 
metrics. Both SVM and the ensemble classifier, which integrates KNN, SVM, and Random Forest, demonstrated 
superior performance across all metrics, with notable improvements in accuracy, sensitivity, and specificity. This 
integration yields the highest performance, suggesting the ensemble approach as the optimal choice for reliable 
classification in this context. To make a final decision, the ECG results are evaluated alongside the pulse rate 
sensor output. By combining these two sources, the system can assess both electrical heart activity and blood 
flow characteristics, enhancing the accuracy and reliability of cardiac health monitoring. This integrated 
approach helps in identifying subtle indicators of irregularities, providing a more comprehensive analysis for 
effective heart attack detection. 
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Table II summarizes the performance metrics of selected machine learning algorithms from the referred works 
identified through the literature review process. These studies were assessed based on their effectiveness in 
ECG-based cardiac abnormality detection. In particular, the reported results for the K-Nearest Neighbors (K-
NN) algorithm showed an accuracy of 99.74% and an F1 Score of 99.20%, serving as strong evidence of its 
reliability in classification. The ensemble (stacked) method also demonstrated high performance, with an 
accuracy of 98.70%, balanced with a precision of 99.00% and a recall of 98.40%. On the other hand, the 
Random Forest method achieved a decent accuracy of 98.00%, though it lacked detailed performance metrics in 
the referred work. Based on the findings of these studies and their reported metrics, it is evident that the 
development of a proposed systemic model for ECG signal classification can be strongly supported and justified. 

V. CONCLUSION AND FUTURE SCOPE  

In this work, we developed an ensemble-based machine learning model integrating K-Nearest Neighbors, 
Support Vector Machine, and Random Forest to classify ECG images into two categories: normal and 
myocardial infarction. The model displayed strong performance, achieving notable accuracy during both training 
and testing phases. By combining the strengths of these classifiers, the ensemble approach enhances the model’s 
robustness and reliability—key attributes when handling sensitive medical data. This integration enables the 
model to make more accurate predictions, which is crucial in medical contexts where precision directly impacts 
patient outcomes. Looking ahead, an exciting avenue for future development involves integrating this ML model 
into a wearable device capable of continuous real-time ECG monitoring. Such a device could record ECG 
signals constantly, using the trained model to identify early warning signs of potential abnormalities and alert 
users to patterns that may indicate heart attack symptoms. This system could alert both the patient and healthcare 
providers for timely intervention, ultimately enhancing response times and potentially saving lives. This vision 
aligns with the Internet of Medical Things (IoMT), offering a long-term, non-invasive, and portable solution for 
cardiovascular monitoring. By enabling seamless, continuous monitoring outside clinical settings, this wearable 
could enhance early detection, reduce hospital visits, and empower proactive health management. The 
deployment of this machine learning model on a wearable device would represent a significant step forward in 
accessible and effective cardiac care. 
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