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Abstract  

The accurate classification of electrocardiogram (ECG) signals is vital for the early detection and diagnosis of 

cardiovascular diseases. This study evaluates and compares the performance of various Machine Learning (ML) and 

Deep Learning (DL) models in classifying ECG signals into normal and abnormal categories. A comprehensive set of 

models, including logistic regression, support vector machines (SVM), random forests, k-nearest neighbors (KNN), 

1D/2D/3D convolutional neural networks (CNNs), denseNet, efficientNet, and long short-term memory (LSTM) 

networks, was implemented and tested on a benchmark ECG dataset. The models were assessed using standard 

metrics. Among all models, 1D-CNN and efficientNet achieved the highest classification accuracy (99.0%), closely 

followed by Random Forests and 3D-CNN (98.9%). The findings highlight the effectiveness of DL frameworks in 

capturing complex temporal patterns in ECG signals, making them suitable for real-time, automated cardiac 

diagnostics.   
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1. Introduction   

The classification of ECG signals is essential for the prompt identification and treatment of cardiovascular diseases 

(CVDs), which continue to be the number one cause of death globally, accounting for nearly 18 million deaths annually 

[1]. With its widespread use, ECG facilitates the diagnosis of arrhythmia, myocardial infarction, and various other 

cardiac disorders, aiding in more than 70% of cardiac diagnoses worldwide [2]. Despite its clinical significance, 

conventional interpretation of ECGs still relies heavily on expert cardiologists, resulting in inconsistencies and 

interobserver variability, particularly in under-resourced clinical settings [3].  

Advancements in artificial intelligence (AI), machine learning (ML), and deep learning (DL) have significantly 

enhanced the precision and reliability of ECG evaluation. These technologies enable efficient population screening 

and real-time health monitoring through wearable devices, leveraging the objective classification and strong 

signalprocessing capabilities of ML and DL models [4],[5]. As noted by [6], research in AI-based ECG classification 

has more than doubled in the past five years, underscoring the urgency for automation and rapid cardiac diagnosis.  

2. Literature Survey   

Recent advancements in technology have enhanced the classification of automated ECG signals. Arrhythmia detection 

systems were traditionally built with algorithmic techniques like decision trees, SVM, and k-NN. Unfortunately, these 

systems often relied on manually crafted features, and their signal dynamics' generalizability was poor [7], [8].  

In response to these concerns, deep learning (DL) models have begun to develop rapidly. Models based on CNNs, 

RNNs, and LSTM networks have consistently proven to be more effective than traditional ML algorithms and can 

now directly extract relevant spatiotemporal features from raw ECG data [9], [10], [11].  

The classification accuracy has increased with CNN-LSTM and residual networks because of their capability to 

spatially hierarchically and temporally decode dependencies [12], [13]. Noise reduction is achieved through 

preprocessing techniques like wavelet transform, empirical mode decomposition, and baseline wander correction, 

which are integrated into model pipelines [12], [11]. Heterogeneous ECG datasets have shown greater adaptability 

and robustness with ensemble and transfer learning [14], [15].  

Other XAI techniques have also been developed that focus on the model’s visualization for borders and representations 

like Grad-CAM and SHAP that allow model-learned bounds and representational visualization [16], [17]. Addressing 

data imbalance, which is common in clinical ECG datasets, has been tackled with methods like the Synthetic Minority 
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Oversampling Technique (SMOTE), data augmentation, and class weighting. These approaches help improve how 

well models generalize [18], [19]. The existence of large, annotated, open-access datasets like PTBXL and MIT-BIH 

has also made it easier to reproduce results, conduct comparative evaluations, and speed up progress in ECG signal 

modeling [20], [21]. Additionally, there is increasing interest in using lightweight deep learning models in wearable 

and energy-efficient platforms for real-time cardiac monitoring [22], [23]. However, significant challenges remain, 

especially regarding cross-population generalization, multi-lead integration, and the clinical validation of predictive 

models [24].  

3. Proposed Method   

In this study, we propose a robust and comprehensive ECG signal classification framework that integrates both 

traditional ML algorithms and advanced DL architectures to achieve high classification performance. The ECG dataset 

used in this work comprises labeled signal segments corresponding to various cardiac conditions. Each ECG signal 

sample was pre-processed and formatted appropriately to suit both 1D signal input for CNN/LSTM models and 2D 

formats (e.g., spectrograms) for convolutional analysis. The complete flow of the proposed methodology is illustrated 

in Figure 1, which includes ECG signal acquisition, preprocessing, model training, and evaluation.   

 

                                                                                         Figure 1: Process Flow.   
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3.1. Dataset Description   

The ECG dataset consists of the ECG readings of patients. The dataset consists of 5 rows and 141 columns. Each row 

corresponds to a single complete ECG of a patient. Every single ECG is composed of 140 data points(readings). 

Columns 0-139 contain the ECG data point for a particular patient. These are floating point numbers and the label 

shows whether the ECG is normal or abnormal. It is a categorical variable with value either 0 or 1. Each   

ECG signal is a time-series recording of electrical activity of the heart, sampled uniformly and segmented for 

classification. An example of the dataset structure and corresponding ECG waveform samples for each class   

is provided in Figure 2, and Figure 3 respectively. For more details, refer to the dataset available at Kaggle.   

  

                                               Figure 2: Represents the first 5 rows and the columns of the dataset.   

  

 

Figure 3: Sample ECG signals.  

 

 

 

https://www.kaggle.com/datasets/devavratatripathy/ecg-dataset
https://www.kaggle.com/datasets/devavratatripathy/ecg-dataset
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3.2. Traditional ML Algorithms   

The proposed methodology focuses on the classification of ECG signals using a combination of traditional ML models 

and advanced DL architectures. The ECG dataset is first pre-processed to ensure consistency and remove missing or 

corrupted values. For all models, the raw ECG signals are either directly used or transformed into fixed-length vectors 

suitable for input into respective classifiers.   

To classify ECG signals accurately, we implemented a variety of machine learning (ML) algorithms. Each method 

brings distinct strengths in pattern recognition and signal modeling. Below, we describe each algorithm along with its 

mathematical foundations.   

3.2.1. (a) K-Nearest Neighbors (KNN)   

KNN classifies a sample based on the majority label among its k nearest neighbours using Euclidean distance [25]. 

KNN is a non-parametric, instance-based learning algorithm that classifies an input sample based on the majority label  

among  its  k  nearest  neighbors.  The  distance  metric  is  typically  the  Euclidean  distance:  

 

where, d(x, xi) is the distance between point x and point xi, xj is the j-th feature (coordinate) of point x, xij is the j-th 

feature (coordinate) of point xi, and n is the number of features (dimensions) .  

The predicted label yˆ is computed as:   

 

  

This formula finds the class c that is most common among the k nearest neighbors of input x. For each possible class 

c, it counts how many of the k nearest neighbors belong to class c. Then, it assigns to yˆ the class c with the highest 

count.   
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3.2.2. (b) Random Forest (RF)   

RF is an ensemble approach that constructs several decision trees and combines their outputs. Multiple decision tree 

outputs are aggregated to determine an RF classifier’s prediction for a given input instance x [26]. In an ensemble 

classification model consisting of T base learners (e.g., decision trees), the final predicted label ŷ is obtained by 

majority voting over the individual predictions: 

 

  

where, ht(x) represents the prediction of the tth base classifier for input x, T is the total number of classifiers in the 

ensemble, mode(·) returns the class label that occurs most frequently among the predictions.  

This majority voting strategy helps improve classification accuracy and robustness by aggregating decisions from 

multiple models, thereby reducing variance and mitigating overfitting.   

3.2.3. (c) Logistic Regression (LR)   

LR uses the sigmoid function to estimate the probability of a binary outcome [27]. The sigmoid (logistic) function is 

used in LR to model the likelihood that a given input x belongs to the positive class y = 1, and it is defined as follows: 

In logistic regression, the probability that the binary target y  {0, 1} equals 1 given an input vector x  Rn is modelled 

as:   

 

where, w  Rn is the weight vector, b  R is the bias term, yˆ  (0, 1) is the predicted probability after applying the 

sigmoid activation function. To train the model, the binary cross-entropy (log loss) is commonly employed as the 

objective function, which penalizes the deviation between the predicted probability yˆ and the true label y:   
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This loss function encourages the predicted probability to approach the true binary class label, with greater penalties 

for confident but incorrect predictions.   

3.2.4. (d) Support Vector Machine (SVM)   

The goal of the supervised learning algorithm SVM is to determine the best hyperplane for maximally separating data 

points from various classes. In its basic form for linearly separable data, SVM seeks to solve the following optimization 

problem [28].  

 

In this formulation, xi is the input feature vector of the i-th data sample, w and b are the weight vector and bias term, 

respectively. The term 12 w 2 is minimized to maximize the margin, which is the distance between the hyperplane and 

the nearest data points (support vectors). The constraint yi(wT xi+b) ≥ 1 ensures that each point lies outside or on the 

margin boundary. Once the model is trained, prediction for a new input x is performed using the decision function and 

is stated as:   

 

Here, the sign of the decision function determines the class label, if the result is positive, the input is classified as +1 

and if negative, it is classified as −1.   

3.2.5. (e) Gradient Boosting (GB)   

GB is an ensemble learning technique that builds predictive models in a sequential manner by combining the outputs of 

weak learners typically decision trees to minimize the overall prediction error. At each iteration m, the model updates 

its prediction function by adding a new base learner h_m(x), scaled by a learning rate γ_m. This process is 

mathematically represented as Friedman (2001) [29]. 

 

  



Journal of Computational Analysis and Applications                                                                         VOL. 33, NO. 8, 2024  

                                                                                                                10.48047/jocaaa.2024.33.08.207  

                                                                                     5689                                Viksit Kumar Gautam et al 5682-  

  

In the above equation, Fm−1(x) is the ensemble model from the previous iteration. The key idea behind gradient boosting 

is to fit hm(x) to the residuals or negative gradients of the loss function with respect to the prediction of the current 

model. By doing so, the algorithm gradually corrects the errors made by previous models, improving performance 

step-by-step.   

3.3. Deep Learning (DL) Algorithms   

In automatic feature extraction and classification tasks, DL models have demonstrated impressive performance, 

especially for biomedical signals such as ECG. DL architectures do not require handcrafted features, in contrast to 

traditional machine learning techniques, as they learn hierarchical representations straight from raw input data. 

Because of this, they are especially well-suited for ECG classification, where intricate temporal patterns and minute 

variations in waveform shape are crucial distinguishing characteristics. Below is a description of the DL models used 

in this framework.   

3.3.1. (a) 1D Convolutional Neural Network (1D-CNN)   

Sequential data, like time-series signals, audio waveforms, or text, is the main application for 1D CNNs [30]. 

Convolutional filters are used in this architecture to extract features from local sequences by sliding across one 

dimension, usually time or position.. Activation functions and pooling layers come after layers like Conv1D in the 

architecture, which ultimately leads to dense layers for regression or classification.   

A 1D convolutional layer computes the output at position i in layer l using the following equation:   

 

                              

    where i+j−1 is the input activation from the previous layer at index i + j − 1, ω[l]
j  is the jth weight in the convolutional 

filter at layer l, β[l]is the bias term associated with the filter, ϕ(·) is the activation function (e.g., ReLU, sigmoid), K 

denotes the kernel size (number of weights).   

The expression computes a weighted sum over a local segment of the input sequence (a sliding window), adds a bias, 

and applies a nonlinear activation to produce the output at each position.   
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3.3.2. (b) 2D Convolutional Neural Network (2D-CNN)   

The most popular and extensively used kind of CNNs is 2D ones. They use 2D convolutional kernels to process data 

with two spatial dimensions: height and width. Every filter gains the ability to recognize distinct spatial patterns, 

including corners, edges, and textures. Conv2D layers, nonlinear activations (like ReLU), pooling layers to lower 

dimensionality, and dense output layers are all common components of a 2D CNN architecture. The data is first 

transformed into 2D matrices (such as spectrograms) and convolved over height and width while dealing with the 

ECG signals [31]. The output of a 2D convolutional layer at position (p, q) in the lth layer can be defined as:   

  

 

p+u, q+vis the input activation from the previous layer [l − 1] at spatial position (p+u, q +v), θ[l]
u,v is the convolution 

kernel weight at position (u, v) in layer l, β[l]is the bias term associated with the filter, ϕ(·) is the non linear activation 

function, K × K is the filter size (assuming a square kernel for simplicity), y[l]
p,q is the output at position (p, q) after 

applying convolution and activation.   

This formulation describes the convolution operation as a weighted summation over a local region of the input (also 

called the receptive field), followed by the addition of a bias and the application of an activation function ϕ(·). The 

sliding window moves across the input feature map to produce the full output feature map of the convolutional layer.   

3.3.3. (c) 3D Convolutional Neural Network (3D-CNN)   

By convolving over three dimensions, height, width, and depth, 3D CNNs expand on the idea of 2D CNNs. These 

dimensions are frequently used to represent time or multiple channels, as in MRI or CT scans. For tasks like 3D 

medical imaging, where the volumetric or temporal continuity between frames or slices is essential, they are 

particularly effective.   

3D CNNs use cube-shaped kernels that move across the input volume to simultaneously capture temporal and spatial 

features [32]. 3D CNNs are applied to spatial-temporal ECG data.   
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where the output at position (i, j, k) in layer l is computed by applying a 3D filter across the depth, height, and width 

of the input from the previous layer. Each filter weight w(l) value x(l−1) m,n,o is multiplied by the corresponding input  

i+m,j+n,k+o, and the results are summed. A bias term bl is added, and the result is passed through an activation function f.   

3.3.4. (d)Densely Connected Convolutional Networks (DenseNet)   

DenseNet is a convolutional neural network architecture that introduces direct connections between any two layers 

with the same feature-map size. In a traditional CNN, each layer feeds into the next one sequentially. In DenseNet, 

however, each layer receives inputs from all previous layers, and its output is passed on to all subsequent layers [33]. 

DenseNet connects each layer to all previous ones to enhance feature propagation:   

  

where Hl is a composition of batch normalization, ReLU, and convolution operations. Each block in DenseNet contains 

several layers, and these blocks are separated by transition layers that down sample the feature maps. DenseNet has 

been widely used in tasks ranging from image recognition to medical imaging because of its strong performance and 

parameter efficiency.   

3.3.5. (e) EfficientNet   

EfficientNet is a family of CNN architectures that aim to optimize both accuracy and efficiency. EfficientNet uses a 

compound scaling method to scale all three dimensions uniformly and systematically. Starting from a small baseline 

model (EfficientNet-B0), the architecture scales up to larger versions (EfficientNet-B1 to B7) by using a compound 

coefficient that balances the scaling of depth, width, and resolution. EfficientNet is built on a backbone called MBConv 

(Mobile Inverted Bottleneck Convolution), which is highly optimized for both speed and performance [34].  

EfficientNet scales network dimensions using compound scaling:   
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with the constraint: α · β2· γ2 ≈ 2   

3.3.6. (f) Long Short-Term Memory (LSTM)   

LSTM networks, a variant of recurrent neural networks (RNNs), are specifically designed to learn long-term temporal 

dependencies in sequential data such as ECG signals. Unlike standard RNNs, which often suffer from vanishing or 

exploding gradients during training, LSTMs employ memory cells and gating mechanisms—input, forget, and output 

gates—to retain relevant information across long sequences [35].  

In ECG classification, LSTM networks are capable of capturing temporal patterns that span multiple cardiac cycles, 

which is critical for identifying arrhythmias or irregularities such as atrial fibrillation and ventricular tachycardia [36]. 

The model inputs are typically sequences of ECG signal windows or heartbeat segments, which are processed through 

one or more LSTM layers to produce class probabilities.  

Several studies have demonstrated the superior performance of LSTM-based architectures in classifying ECG signals 

compared to traditional ML techniques, especially in noisy and multi-class environments [37]. Moreover, hybrid 

models combining LSTM with CNNs have been used to extract both spatial and temporal features from ECG signals, 

significantly improving classification accuracy in multi-lead datasets [38].  

Despite their effectiveness, LSTMs are computationally more demanding than feedforward networks and may require 

careful hyperparameter tuning and regularization techniques to avoid overfitting, especially in smaller datasets [39].  

An efficient formulation of the Long Short-Term Memory (LSTM) cell uses vectorized operations, where all gates are 

computed simultaneously through a single matrix multiplication:   
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Table 1: Performance Comparison of ML and DL Models on ECG Signal Classification   

 

 

 

 

 

 

 

 

 

 

 

 

Here, xt ∈ Rm is the input vector, ht−1 ∈ Rn is the previous hidden state, and W ∈ R4n×(n+m) is the concatenated weight 

matrix for all gates. b ∈ R4n is the corresponding bias vector. The functions σ and tanh represent the element-wise 

sigmoid and hyperbolic tangent functions, respectively. The operator ⊙ denotes the Hadamard (element-wise) 

product.   

This vectorized formulation improves computational efficiency and aligns with how LSTM cells are typically 

implemented in deep learning libraries.   

3.4. Evaluation Metrics   

All models are evaluated using classification reports and confusion matrices. The metrics include Accuracy, Precision, 

Recall, and F1-score. This help assess the performance across all ECG classes and ensure both ML and DL models are 

compared fairly under the same experimental conditions.   

Model   Accuracy (%)   Precision   Recall   F1-Score  

Logistic Regression 

 SVM   

Random Forests   

KNN   

1D-CNN   

2D-CNN   

3D-CNN   

DenseNet   

EfficientNet   

LSTM   

98.200   

98.900   

98.900   

98.500   

99.000   

98.300   

98.900   

96.000   

99.000   

97.800   

0.980   

0.985   

0.990   

0.985   

0.990   

0.985   

0.990   

0.955   

0.985   

0.980   

0.985   

0.990   

0.990   

0.980   

0.990   

0.980   

0.990   

0.965   

0.985   

0.975   

0.980   

0.990   

0.990   

0.985   

0.990   

0.985   

0.990   

0.965   

0.985   

0.975  
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4. Results and Discussion   

The classification performance of various ML and DL models for ECG signal analysis is summarized in Table 1, and 

their respective confusion matrix plots are shown in Figure 5. Among traditional ML models, SVM and RF 

demonstrated superior accuracy (98.9%), precision (0.990), and recall (0.990), reflecting their robustness in handling 

complex and high-dimensional data. L also performed well, achieving 98.2% accuracy with a precision of 0.980.   

For distance-based classification, KNN yielded 98.5% accuracy, slightly trailing SVM, but still maintaining high 

precision (0.985). These results confirm the effectiveness of classical classifiers in capturing discriminative signal 

patterns.   

In the deep learning category, 1D-CNN, 3D-CNN, and EfficientNet achieved the highest accuracy (99.0%), 

demonstrating the potential of automatic feature extraction. Both 1D-CNN and 3D-CNN obtained the best F1-score 

(0.990), indicating excellent balance between precision and recall. The success of these models highlights the 

importance of temporal and spatial feature learning in biomedical signal classification.   

2D-CNN achieved slightly lower accuracy (98.3%) compared to 1D and 13 3D variants, suggesting that 2D 

convolution may not fully capture the temporal dynamics inherent in ECG signals. DenseNet reported relatively lower 

accuracy (96.0%), possibly due to overfitting or sub-optimal representation of time-series features. LSTM, although  

 

 

 

 

 

 

 

 

                                                          Figure 4: Model accuracy comparison.   

 



Journal of Computational Analysis and Applications                                                                         VOL. 33, NO. 8, 2024  

                                                                                                                10.48047/jocaaa.2024.33.08.207  

                                                                                     5695                                Viksit Kumar Gautam et al 5682-  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Confusion Matrix for (a)KNN, (b)Random Forest, (c)Logistic Regression, (d)SVM, (e)1d-CNN, 

(f)2d-CNN, (g)3D-CNN, (h)DenseNet, (i)EfficientNet, (j)LSTM.   

designed for sequential data, achieved 97.8% accuracy, indicating that its temporal modeling capability is beneficial,  

though not outperforming CNN-based models in this setting.    

Overall, deep learning architectures, particularly 1D-CNN, 3D-CNN, and EfficientNet, consistently outperformed 

traditional models, affirming their suitability for ECG signal classification tasks.   

5. Conclusion   

This research presented a detailed comparative analysis of multiple ML and DL models for ECG signal classification. 

Based on experimental results, DL models such as 1D-CNN, 3D-CNN, and EfficientNet outperformed traditional ML 

algorithms in terms of accuracy, precision, recall, and F1-score, with 1D-CNN and EfficientNet achieving the highest 
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accuracy of 99.0%. Random Forests and SVM also showed competitive performance among ML models, highlighting 

their continued relevance for ECG classification tasks. However, DL models demonstrated a stronger ability to learn 

from raw signal data without extensive manual feature engineering. The superior performance of convolutional models 

emphasizes their potential for real-time, scalable, and automated cardiac diagnostics. Future work will focus on 

optimizing model architectures, expanding to multi-class classification tasks, and deploying these models in edge 

devices for real-time monitoring applications.   
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