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Introduction
According to World Health Organisation (WHO) reports [1], Cardiovascular Diseases (CVDs)  are still among the leading causes of death globally. In 2019, an estimated 17.9 million people died from CVD, representing 32% of all deaths worldwide. CVDs encompass a range of conditions, including coronary artery disease [2], hypertension [3] and heart failure [4], all of which can have devastating impacts on individuals and communities. Among these conditions, arrhythmias [5], which are irregular heartbeats, are particularly concerning. Arrhythmias can lead to serious complications such as stroke, heart failure, or sudden cardiac arrest if not properly managed. This emphasizes the need for comprehensive strategies to prevent and manage CVDs, including the detection and treatment of arrhythmias. Advancements in medical technology and treatment options, such as implantable devices like pacemakers [6] and defibrillators  , play a significant role in managing arrhythmias effectively . By focusing on the prevention and early detection of arrhythmias, alongside other cardiovascular conditions, it is possible to reduce the burden of CVDs and improve overall public health outcomes. 
The electrocardiograph, first invented  by Willem Einthoven in 1902 [7] , emerged as a powerful tool for the diagnosis of different CVDs.  An electrocardiogram (ECG) is a test that records the heart's electrical activity by placing electrodes on the skin to detect the impulses generated during the heart's contraction and relaxation phases [8], [9]. These impulses are graphically displayed as waves, each representing a different phase of the cardiac cycle. Clinicians utilize ECGs to diagnose various heart conditions, including arrhythmias, myocardial infarctions (heart attacks), and structural or functional abnormalities of the heart. Interpreting an ECG requires specialized training due to the nuanced patterns and subtle waveform changes that can indicate underlying cardiac issues, making it an essential tool in cardiology for diagnosing and monitoring heart health.
Typically, a standard 12-lead ECG [10], [11]  is employed as a diagnostic tool to evaluate the heart's electrical activity from multiple perspectives. It features 12 distinct views, or "leads," that offer unique angles of the heart's electrical signals. These leads are obtained by placing electrodes on specific body locations, enabling a thorough assessment of heart function. The 12 leads include six limb leads (I, II, III, aVR, aVL, aVF) and six precordial leads (V1-V6), each providing information about different regions of the heart's electrical activity. By analysing the patterns and variations in the electrical signals across these leads, healthcare professionals can detect abnormalities such as ischemia, infarction, arrhythmias, and conduction disorders with enhanced accuracy and specificity, facilitating the diagnosis and management of cardiac conditions.
The main purpose of ECG classification is to diagnose diseases by analysing ECG waves, especially the P wave, QRS complex and T wave [12]. These waves provide valuable information about the presence and type of diseases by different diagnostic methods (Fig 1).
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Figure 1. P, QRS and T waves by Barhatte et al.  [12]

Over the past few decades, the computerized identification of ECGs has emerged as a widely adopted practice, aiding cardiologists in categorizing extended ECG recordings.
Deep learning, leveraging its robust feature extraction capabilities, has achieved remarkable accuracy in the classification of ECG signals, serving as a potent computer-aided method in this domain [9], [13], [14]. 
One of the primary challenges in developing and implementing machine learning models for ECG classification is the limited availability of dataset sources, primarily due to the sensitive nature of the data. However, there are some publicly available datasets that are widely used in research of this type.  One of the most widely used and recognized datasets in the research is the MIT-BIH dataset [15].  This dataset consists of 23 randomly chosen recordings and 25 recordings selected for less common but significant arrhythmias, collected between 1975 and 1979. The recordings, digitized at 360 samples per second with 11-bit resolution, were annotated by multiple cardiologists. The database, containing approximately 110,000 annotations, has been freely available on PhysioNet since September 1999, with additional files posted in February 2005. 
Another widely used dataset in the field of ECG research is the PTB-XL dataset [16]. Collected using devices from Schiller AG over nearly seven years (from October 1989 to June 1996), the original database was acquired from Schiller AG, and full usage rights were transferred to the PTB. The records were curated and organized into a structured database as part of a long-term project at the Physikalisch-Technische Bundesanstalt (PTB). The access to the database remained restricted until 2019. During the public release process, the database was streamlined to improve usability and accessibility for the machine learning community, with waveform and metadata converted to open data formats compatible with standard software.
Although there are some other publicly available datasets such as INCART 12- lead Arrhythmia Database [17], or the Fantasia Database [18], a study by Xio et al. in 2023 [19] that compares the use of different datasets for ECG classification (Fig 2) finds that the use of these two databases is the most widespread, mainly due to their extensive and exhaustive documentation and the large number and variety of samples of which they are composed, allowing the classification of a wide range of conditions, which makes them very valuable for ECG research.
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Figure 2. Trend of different ECG Datasets used in the recent years for Deep Learning  ECG classification research by Xiao et al. [19]. 
In this study, two different datasets are utilized to assess a bagging-based ensemble model. The PTB dataset was used to evaluate binary classification performance, while the multiclass MITDB dataset was employed to assess multiclass classification performance. The TPB dataset provides to classes: Normal and Abnormal ECGs. The MITBIH dataset provides five classes: Normal Sinus Rhythm (NSR), Supraventricular Ectopic Beat (SEB), Ventricular Ectopic Beat (VEB), Fusion Beat (FB), and a class for the unknown beats (Q). 
A normal sinus rhythm (NSR) is the heart's regular rhythm, initiated by the sinoatrial (SA) node, with a heart rate between 60 and 100 beats per minute [20]. It features consistent time intervals between beats, with each heartbeat preceded by a normal P wave, a PR interval of 0.12 to 0.20 seconds, and a narrow QRS complex lasting less than 0.12 seconds. The T waves are appropriately upright in specific leads, the ST segment is flat and aligns with the baseline, and the QT interval is appropriately adjusted for the heart rate. This rhythm indicates healthy, regular electrical activity within the heart. 
Supraventricular ectopic beats are premature heartbeats originating above the ventricles, typically in the atria or the atrioventricular node. These beats are often benign and can occur in healthy individuals, but they can also be a sign of underlying cardiac conditions. They may cause the heart to beat irregularly or prematurely [21]. On an ECG, these beats are identified by examining the timing and morphology of the P-wave and the RR intervals. SVBs often have a shorter RR interval and an abnormal P-wave but a normal QRS complex. 
Ventricular ectopic beats are premature heartbeats that originate from the ventricles, the lower chambers of the heart. These beats are more concerning than supraventricular ectopic beats because they can be associated with more serious cardiac conditions, including ventricular tachycardia or ventricular fibrillation, which can be life-threatening if not treated. [22]. VEBs typically have a wide and bizarre-looking QRS complex without a preceding P-wave. They often occur earlier than expected and are followed by a compensatory pause. 
A fusion beat occurs when a normal heartbeat and an ectopic beat (either supraventricular or ventricular) coincide. The resultant ECG waveform is a combination of the two signals. Fusion beats are important to identify because they can indicate the presence of competing pacemaker activity in the heart [23]. A fusion beat is identified by detecting a QRS complex that has a combination of features from both normal and ectopic beats, indicating simultaneous activation of the ventricles by both normal and ectopic pacemakers. The 'Q' class in the MITBIH dataset is used for heartbeats that do not fit into the other categories and are not well-defined or are of unknown origin. This class might include noisy signals, artifact-induced patterns, or unclassifiable beats that the algorithm or annotator could not definitively categorize.
Critic on Deep Learning in ECG classification emphasising Ensemble models
The design of deep learning (DL) models plays a critical role in the pipeline of DL-based ECG classification. These models typically feature multi-level or multi-layer architectures, with each level or layer acting as a feature extractor that progressively refines the representation of signal characteristics. Depending on the key feature extractors within the neural networks, the DL classification models examined in the selected studies can be primarily categorized into several types: convolutional neural networks (CNNs) [24], [25], [26], [27], [28], long short-term memory (LSTM) [29], [30], [31]  and transformers [32], [33], [34], in addition to some studies some that have investigated the potential of combining the outputs of different models through ensemble learning techniques [35], [36], [37].

1.1 Aims and Objectives
The goal of this research is to develop a highly accurate deep learning bagging-based model for 12 lead ECG classification, focusing on four types of rhythms, to enhance diagnostic efficiency and accessibility in cardiac health monitoring. 
Hypothesis: ECG classification can be improved through the implementation of a bagging-based ensemble techniques applied to different deep learning models.
The objectives to achieve this aim include:
· Investigate recent research to understand current methods in ECG classification: Conduct a thorough literature review to explore recent advancements in ECG classification using ensemble techniques applied to deep learning. 

· Develop a bagging-based model combining different deep learning approaches for accurate arrhythmia classification. 

· Assess model performance against diverse rhythm types: Evaluate the model's performance across various heart rhythms to ensure robustness and generalization capability. Compile a comprehensive dataset encompassing different arrhythmia types, including Normal Sinus Rhythm, Atrial Flutter, Atrial Fibrillation, and Ventricular Fibrillation. 




Document Organisation
Related Work
This section examines the latest advancements in the development of Deep Learning models for ECG classification. The goal is to identify the most effective the most efficient Deep Learning models to be used in designing a bagging-based ensemble model.
In recent years, many studies have explored several approaches for designing and developing deep learning models for ECG classification.
A study by Mi et al. [24], focuses on preprocessing techniques for ECG data, particularly highlighting the use of the MIT-BIH Arrhythmia Database. It details the implementation of wavelet transform methods to enhance ECG signal accuracy, which is crucial for effective classification. The improved signal maps derived from this process are used to train a Back Propagation (BP) neural network, which is adept at recognizing and classifying various types of arrhythmias. These preprocessing steps are vital in ensuring that the data fed into machine learning models is of high quality, thereby improving the models' performance in detecting and classifying heart conditions accurately. 
A study by Ekİncİ et al. [25], explores the impact of various preprocessing techniques on the performance of deep learning models for ECG classification. It emphasizes filtering out Baseline Wander (BW) and Powerline Interference (PLI) noise. The study compares Short-time Fourier Transform (STFT) and Continuous Wavelet Transform (CWT) for feature extraction, finding that BW noise significantly affects classification accuracy. Using a low-complexity CNN with less than 90k parameters, the optimal preprocessing achieved an average F1-Score of 90.11%.
A research by Śmigiel et al.  [26], explores preprocessing techniques like filtering out baseline wander and powerline interference, and feature extraction using wavelet transform and entropy-based features. Three deep learning models were used: a convolutional network, SincNet, and a convolutional network with entropy-based features. The convolutional network with entropy features achieved the highest classification performance with an F1-Score of 90.11%, while the standard convolutional network offered the best computational efficiency.
In another 2024 publication by Z. Chen et al. [27], introduces a novel hybrid method to address imbalanced datasets by employing amplitude adjustment and weighted loss functions during model training. The study also enhances depth wise and pointwise convolutions into one-dimensional operations specifically tailored for ECG heartbeat signals, which reduces model complexity while maintaining accuracy, making it suitable for resource-constrained wearable devices. By combining imbalanced dataset mitigation techniques with hardware-efficient deep learning networks for arrhythmia classification, this approach improves dataset balancing and data compression. Compared to existing methods, it enhances performance while significantly reducing trainable parameters and computations in traditional CNN models.

Another research by S. Oh and M. Lee [28] proposes a shallow domain knowledge injection (SDK-Injection) method to improve CNN-based ECG pattern classification. Pre-processing techniques involve the application of a Savitzky-Golay filter for noise reduction through curve fitting-based smoothing. The pre-processed data is then subjected to SDK-injecting attention to embed shallow domain knowledge, focusing on important sub-patterns like the T wave, which are crucial for diagnosing conditions such as ischemia. The final step involves expanding the univariate ECG data into a multivariate format by adding variants, including the smoothed data, attention output, and smoothed attention output. This enriched input is fed into a CNN, enhancing its performance. The model was trained and tested on multiple ECG datasets, demonstrating significant improvements in accuracy, precision, sensitivity, specificity, and F1-score, especially in balanced datasets. The proposed method effectively leverages shallow domain knowledge to boost the classification accuracy of existing parameter-optimized CNN models for ECG analysis. 
Other research applied LSTM models for ECG classification:
A study by L. D. Sharma et al (2023) [29] , presents a method for classifying cardiac arrhythmias using ECG signals. The data processing techniques involve the use of Stationary Wavelet Transform (SWT) to preprocess the raw ECG signals, effectively decomposing them into various frequency sub-bands to remove noise and enhance the signal. The SWT is particularly beneficial because it preserves the length of the signal throughout the decomposition process, which is crucial for accurate reconstruction and analysis. Then, a Bi-directional Long Short-Term Memory (Bi-LSTM) network, which is compared against Recurrent Neural Networks (RNN) and Gated Recurrent Units (GRU). The Bi-LSTM model showed superior performance, achieving an overall accuracy of 99.72%, with high precision, sensitivity, and specificity across all classes of arrhythmias considered in the study. This performance significantly outperforms the RNN and GRU models, making the Bi-LSTM approach highly effective for the task of ECG-based arrhythmia classification.
Another research by M. Karri and C. S. R. Annavarapu (2023) [30], describes a real-time embedded system designed for QRS-complex detection and arrhythmia classification using Long Short-Term Memory (LSTM) networks, leveraging hybridized features. The data processing techniques include the use of Discrete Wavelet Transform (DWT) and Delta Sigma Modulation (DSM) for feature extraction, focusing on QRS detection and wavelet-based noise reduction. The ECG signals are preprocessed to remove noise, and critical features such as R peak, onset, and offset of P and T waves are extracted. These hybrid features are then fed into an LSTM model for arrhythmia classification. The system was tested using the MIT-BIH arrhythmia database, achieving impressive results with an accuracy of 99.64%, sensitivity of 99.87%, positive predictivity of 99.15%, and an F1 score of 98.18%. These metrics demonstrate the high effectiveness of the proposed system in accurately classifying arrhythmias in real-time on a low-power embedded device.
A study by S. Boda et al. (2023) [31] introduces an automated patient-specific ECG beat classification system using Long Short-Term Memory (LSTM)-based recurrent neural networks (RNNs). The data processing techniques include pre-processing the ECG signals to remove noise, followed by QRS complex detection using the Pan-Tompkins algorithm. The ECG signals are then segmented into individual beats, and temporal and morphological features are extracted. These features are combined with the LSTM network to capture the temporal dependencies in the ECG waveform for arrhythmia classification. The system was evaluated using the MIT-BIH arrhythmia database, achieving superior performance with an accuracy of 99.64%, sensitivity of 99.87%, specificity of 99.72%, and an F1 score of 98.36%. These metrics demonstrate the effectiveness of the LSTM-based approach in accurately classifying various types of arrhythmias, making it suitable for real-time, patient-specific ECG analysis in clinical settings.
Other well investigated approach is by applying transformer models to ECG classification tasks:
A study by H. El-Ghaish and E. Eldele (2024) [32], introduces "ECGTransForm," a deep learning framework designed for ECG arrhythmia classification, incorporating advanced data processing techniques and a novel machine learning model. The data processing involves segmenting ECG signals into discrete windows, normalizing the amplitude, detecting R-peak candidates, and segmenting signals into fixed lengths using zero-padding. The proposed model, ECGTransForm, leverages Multi-scale Convolutions to capture spatial features at various scales, a Channel Recalibration Module to refine feature representation by considering interdependencies across channels, and a Bidirectional Transformer (BiTrans) to capture temporal dependencies from both past and future contexts. Additionally, the model uses a Context-Aware Loss function to address class imbalance by dynamically adjusting class weights. The model was evaluated on the MIT-BIH and PTB Diagnostic ECG databases, achieving impressive results, including an accuracy of 99.35% and a macro-average F1-score of 94.26% on the MIT-BIH dataset, outperforming several state-of-the-art methods.
In 2023, Y. Dong et al. [33] presented an arrhythmia classification model based on a Vision Transformer (ViT) with deformable attention, termed CNN-DVIT. The data processing includes the use of spatial pyramid pooling to handle varied-length ECG signals, allowing the model to process inputs of different sizes effectively. The machine learning model combines convolutional neural networks (CNNs) for feature extraction and a Vision Transformer with deformable attention for robust classification. The model achieved an F1 score of 82.9% on the CPSC-2018 dataset, outperforming other transformer-based models in ECG arrhythmia classification.
Another study by A. Varghese et al. (2023) [34],  presents a method for classifying ECG arrhythmias using a transformer-based model, specifically DistilBERT. The data processing includes denoising ECG signals with Butterworth filters and segmenting them around the R peak. The Synthetic Minority Oversampling Technique (SMOTE) is used to balance the dataset. The model, which omits the input embedding step, achieved remarkable results on the MIT-BIH dataset with an accuracy of 99.92%, and precision, recall, and F1-score all at 0.99, along with a ROC-AUC score of 0.999. These metrics demonstrate the model's high performance in classifying various arrhythmias.
Furthermore, different studied have applied ensemble techniques to different DL models:
In a 2024 paper by Morteza Maleki [35], a model utilizing Wavelet transformation is presented for feature extraction from ECG signals. This approach enhances the classification accuracy of various cardiovascular diseases using machine learning techniques by capturing both time and frequency information, which aligns well with the complex nature of ECG signals. The study underscores the effectiveness of wavelet-based feature extraction, emphasizing the importance of selecting appropriate wavelets and optimizing feature extraction depth for better classifier accuracy. Notably, Random Forest and Gradient Boost classifiers showed superior performance, demonstrating their ability to handle complex patterns and large feature sets derived from wavelet transformations. This advancement promises to enhance the reliability of automatic ECG analysis systems in clinical settings.
A recent study by W. Ji and D. Zhu [36] presents a new method by integrating Convolutional Neural Network (CNN) and Gated Recurrent Unit (GRU) at the initial signal processing stage for analysing simulated signals. Initially, the signal undergoes processing with a Butterworth high-pass filter to minimise power line noise interference, followed by wavelet transform to reduce electromyographic interference. One-dimensional CNN is employed for automatic feature extraction, while the fusion of GRU with CNN addresses the limited time dependency inherent in CNN networks for ECG signals. Acknowledging potential long-term dependencies in ECG signals, recurrent neural networks such as GRU can capture these, enhancing classification accuracy and bolstering the network's resistance to noise. Consequently, the model gains improved insight into and captures temporal relationships within different segments of the ECG signal, thereby augmenting classification accuracy.
The study by Plawiak and Acharya (2020)  [37] introduces an ECG classification system employing various preprocessing methods and genetic algorithms for optimization. Preprocessing involves gain reduction, constant component reduction, and three normalization techniques: standardization, rescaling, and no normalization. Evaluation metrics include accuracy, specificity, sensitivity, false positive rate, positive predictive value, Fleiss' Kappa, optimization time, training time, classification time, and the acceptance feature coefficient. The results demonstrate that normalization and preprocessing significantly impact classifier performance, with Random Forest and Gradient Boost classifiers showing superior performance in handling complex patterns and large feature sets derived from these preprocessing methods, promising advancements in automatic ECG analysis systems' reliability in clinical settings. 
The analysis of various studies reveals that commonly used models like CNN, LSTM, and Transformer consistently achieve high accuracy and efficiency in ECG classification. Some studies have also explored ensemble learning by combining multiple models, resulting in enhanced performance. This study, therefore, proposes a model that applies bagging techniques to these three prevalent models in ECG classification to assess whether their combined application can lead to improved outcomes.

Methodology
As highlighted in the literature review, the most effective ECG classification results are achieved using three types of deep learning models: CNN models, LSTM models, and transformer-based models. However, the results obtained leave room for improvement. Therefore, this study focuses on the development of a model that applies bagging techniques combining predictions from the three types of models.
To evaluate the model's efficiency in different environments, the experiment first conducts binary classification on the PTBDB dataset, followed by multiclass classification on the MITBIH dataset.




1.2 Dataset processing

The experiment is conducted on two distinct datasets to evaluate the efficiency of binary and multiclass classification.

3.1.1 PTBDB dataset for binary classification 

The PTB Diagnostic ECG Database, hosted on PhysioNet andcurated by the Physikalisch-Technische Bundesanstalt, includes 549 high-resolution 15-lead ECG recordings from 290 subjects, ranging in age from 17 to 87. These subjects include both healthy individuals and patients with various heart conditions, such as myocardial infarction, cardiomyopathy, and arrhythmias. The ECGs are digitized at 1000 samples per second with detailed clinical summaries available for most records. This dataset is primarily used for research, algorithmic benchmarking, and teaching in the field of cardiology. It is available on Kaggle [38] as two separate CSV files: one with normal ECG samples and the other with abnormal ECG samples.

The first step is to merge both csv files in one single data frame using: 
full_ptb=pd.concat([ptb_normal,ptb_abnormal],axis=0)
The resulted dataset consist in __ rows and 188 columns.
The resulting data frame must then be randomly shuffled and further divided into training and test data sets:
full_ptb_shuffled = full_ptb.sample(frac=1).reset_index(drop=True)
The last row (index 187) holds the classes 0 for normal ECG and 1 for abnormal ECG. 
The initial number of classes is imbalanced, containing 10506 abnormal samples and 4046 normal samples:
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Figure 3. Initial balance of the PTBDB dataset

Therefore, the number of abnormal samples must be reduced to fit the number of normal samples:
df_1=(full_ptb_shuffled[full_ptb_shuffled[187]==0]).sample(n=4046,random_state=42)
df_2=(full_ptb_shuffled[full_ptb_shuffled[187]==1]).sample(n=4046,random_state=42)
full_ptb_shuffled_balanced=pd.concat([df_1,df_2])

[image: A red and green flag

Description automatically generated]
Figure 4. Balanced dataset.
We then plot an ECG sample of each category using the plot library tools: 
row = 4
# Extract the signal from the chosen row
ECG_signal = full_ptb_shuffled_balanced.iloc[row, : -1]
# Plot the signal
plt.figure(figsize=(15, 5))
plt.plot(ECG_signal)
plt.title(f"Signal from row {row}")
plt.show()
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Figure 5. Normal ECG signal from PTBDB
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Figure 6. Abnormal ECG signal from PTBDB

The dataset is then divided in training, test and validation datasets.
#Split dataset in train, test and validation dataset
# Step 1: Split the DataFrame into training+validation and testing datasets
train_val_df, test_df = train_test_split(full_ptb_shuffled_balanced, test_size=0.2, random_state=42)
# Step 2: Split the training+validation dataset into training and validation datasets
train_df, val_df = train_test_split(train_val_df, test_size=0.25, random_state=42)  # 0.25 * 0.8 = 0.2 of the original data
# Display the shapes of the resulting DataFrames
print("Training DataFrame shape:", train_df.shape)
print("Validation DataFrame shape:", val_df.shape)
print("Testing DataFrame shape:", test_df.shape)


3.1.2 MITBIH dataset for multiclass classification

The MIT-BIH Arrhythmia Database [39], available on PhysioNet [15], is a comprehensive collection of 48 half-hour ECG recordings from 47 subjects. It includes both normal and abnormal heart rhythms, making it a vital resource for the development and evaluation of arrhythmia detection algorithms. Each recording is sampled at 360 Hz, with annotations provided for each beat and rhythm. The dataset is widely used in biomedical research for training and testing machine learning models aimed at detecting cardiac arrhythmias The dataset categorizes ECGs into five classes: Normal Sinus Rhythm, Supraventricular Ectopic Beat, Ventricular Ectopic Beat, Fusion Beat, and a category for unknown beats. These are labelled as follows: 'N' for Normal, 'S' for SEB, 'V' for VEB, 'F' for FB, and 'Q' for unknown beats, with corresponding numerical labels [0, 1, 2, 3, 4]. It is available on Kaggle [38] as two separate CSV files: one for the training dataset and another for the test dataset.

The first step is to import both csv files into panda data frames: 
mitbih_train = pd.read_csv("/content/drive/MyDrive/UWTSD_MSc_SE_and_AI/Dissertation/ECG Datasets/mitbih_train.csv")
mitbih_test = pd.read_csv("/content/drive/MyDrive/UWTSD_MSc_SE_and_AI/Dissertation/ECG Datasets/mitbih_test.csv")

The last row (index 187) holds the classes 0, 1, 2, 3 and 4 for different ECG signals. 
The initial number of classes is imbalanced in the training dataset, containing a large number of normal ECG samples than the other classes: 
mitbih_train[187]=mitbih_train[mitbih_train.columns[187]].astype(int) # Use the correct column index from the DataFrame
balance=mitbih_train[mitbih_train.columns[187]].value_counts()
print(balance)

0.000000000000000000e+00.88
0.0    72470
4.0     6431
2.0     5788
1.0     2223
3.0      641
Name: count, dtype: int64
The class distribution is visualized using a bar chart:
# Sample data
# 0 - “N” for normal heartbeats.
# 1 - “S” for supra-ventricular premature.
# 2 - “V” for ventricular escape.
# 3 - “F” for fusion of ventricular and normal.
# 4 - “Q” for unclassified heartbeats
labels = ['n', 'q', 'v', 's', 'f']
colors = ['red', 'green', 'blue', 'skyblue', 'orange']
# Create a figure with a specific size
plt.figure(figsize=(20, 10))
# Create a bar chart
plt.bar(labels, balance, color=colors)
# Add titles and labels
plt.title('Bar Chart of Categories', fontsize=20)
plt.xlabel('Categories', fontsize=15)
plt.ylabel('Values', fontsize=15)
# Display the chart
plt.show()
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Figure 7. Initial balance of the MITBIH training dataset

Therefore, the data must be reorganized to balance the number of samples of each class:
from sklearn.utils import resample
df_1=mitbih_train[mitbih_train[187]==1]
df_2=mitbih_train[mitbih_train[187]==2]
df_3=mitbih_train[mitbih_train[187]==3]
df_4=mitbih_train[mitbih_train[187]==4]
df_0=(mitbih_train[mitbih_train[187]==0]).sample(n=20000,random_state=42)
df_1_upsample=resample(df_1,replace=True,n_samples=20000,random_state=123)
df_2_upsample=resample(df_2,replace=True,n_samples=20000,random_state=124)
df_3_upsample=resample(df_3,replace=True,n_samples=20000,random_state=125)
df_4_upsample=resample(df_4,replace=True,n_samples=20000,random_state=126)mitbih_train_df=pd.concat([df_0,df_1_upsample,df_2_upsample,df_3_upsample,df_4_upsample])
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Figure 8. Balanced MITBIH training dataset bar chart.

Then, an ECG sample of each category is plotted using the matplotlib: 
#Display table with some examples
examples=mitbih_train_df.groupby(187,group_keys=False).apply(lambda mitbih_train_df : mitbih_train_df.sample(1))
 plt.plot(examples.iloc[0,:186])
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Figure 9. Normal ECG signal from MITBIH training dataset
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Figure 10. SEB ECG signal from MITBIH training dataset. 
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Figure 11. VEB ECG signal from MITBIH ECG dataset.
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Figure 12. FB ECG signal from MITBIH training dataset.
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Figure 13. Unknown ECG signal from MITBIH training dataset.




Then, the values of X_train, X_test, y_train and y_test must be defined and reformatted to fit the NNs.

target_train = mitbih_train_df.iloc[:, 187] # Select column at index 187 mitbih_test_df = mitbih_test target_test = mitbih_test_df.iloc[:, 187] # Select column at index 187 y_train = to_categorical(target_train) y_test = to_categorical(target_test) 
X_train=mitbih_train_df.iloc[:,:186].values X_test=mitbih_test_df.iloc[:,:186].values X_train = X_train.reshape(len(X_train), X_train.shape[1],1) X_test = X_test.reshape(len(X_test), X_test.shape[1],1)
The target labels (heart beat classes) are selected from the 187th column of both the training (mitbih_train_df) and test (mitbih_test_df) datasets. These labels are then converted to one-hot encoded format using to_categorical. The features (X_train and X_test) are extracted from all columns except the last (up to column 186) and reshaped to include a single channel to fit models’ requirements. 
4.2 Base Deep Learning models
Three base models have been developed, inspired by the most effective approaches identified in the literature review.
4.2.1 CNN model
The CNN_model defines a CNN model that creates and trains a Convolutional Neural Network (CNN) for a classification problem. 
The model architecture is defined as follows:
· The input shape is determined by X_train.shape[1], representing the number of features per sample.
· The model has two 1D convolutional layers (Convolution1D) with ReLU activation, each followed by batch normalization (BatchNormalization) and max-pooling layers (MaxPool1D).
· The output of the final convolutional layer is flattened (Flatten), then passed through two fully connected (dense) layers with 64 and 32 units, respectively.
· The final layer (Dense) contains either 2 units with a softmax activation function for binary classification or 5 units with a softmax activation function for multi-class classification, depending on the specific task.
· The model is compiled with the Adam optimizer, categorical cross-entropy loss, and accuracy as the evaluation metric.
· Early stopping (EarlyStopping) is used to stop training if the validation loss does not improve for 3 consecutive epochs.
· ModelCheckpoint saves the best model based on the validation loss.
· The model is trained for 5 epochs with a batch size of 32, using the training data (X_train, y_train) and validating on test data (X_test, y_test).
The final trained model is saved to a file, and the training history, which includes metrics like loss and accuracy over epochs, is stored as a JSON file. The function returns both the trained model and the training history, allowing for further analysis and use in subsequent tasks.
4.2.2 LSTM model
The LSTM_model function defines a model that creates and trains a Long Short-Term Memory (LSTM) neural network for ECG classification. The model architecture is defined as follows:
· The input shape is determined by the number of time steps (timesteps) and the number of features (input_dim) per sample.
· The model consists of two LSTM layers. The first LSTM layer has 64 units and returns sequences (meaning it passes the entire sequence to the next LSTM layer). The second LSTM layer also has 64 units and does not return sequences.
· Each LSTM layer is followed by batch normalization to stabilize and accelerate the training process.
· After the LSTM layers, there are two dense (fully connected) layers with 64 and 32 units, respectively, using ReLU activation.
· The final layer (Dense) contains either 2 units with a softmax activation function for binary classification or 5 units with a softmax activation function for multi-class classification, depending on the specific task.
· The model is compiled using the Adam optimizer, categorical cross-entropy loss (appropriate for multi-class classification), and accuracy as the evaluation metric.
· The callbacks define the Early Stopping stops training if the validation loss doesn't improve for 8 consecutive epochs, and the Model Checkpoint saves the best model during training based on the validation loss.
· The model is trained for 5 epochs with a batch size of 32, using the provided training and validation data.
The final trained model, including its architecture, weights, and optimizer state, is saved to a file, while the training history, capturing metrics like loss and accuracy over the epochs, is stored as a JSON file. The function then returns both the trained model and the training history, allowing for further analysis or use in subsequent tasks.

4.2.3 Transformer-based model
The transformer_encoder function defines a model that creates and trains a transformed-based neural network for ECG classification. The model is defined in three steps:
The transformer encoder function implements Layer Normalization and Multi-Head Attention layers are applied to the inputs, followed by a residual connection and feed-forward layers using Conv1D. This is repeated for a specified number of transformer blocks.
The Model Architecture is defined as follows:
· The model begins with an input layer, passes through several transformer encoder blocks, and is followed by a global average pooling layer.
· Fully connected (Dense) layers with dropout are added before the final softmax layer for classification.
· The model is compiled with the Adam optimizer and categorical cross-entropy loss.
· Early stopping and model checkpoint callbacks are used during training to prevent overfitting and save the best model.
After training, the entire model and its training history are saved to files for future use. The train_and_save_transformer_model function is responsible for compiling, training, and saving the model along with its training history. This setup is designed to efficiently handle time-series data, leveraging the power of transformers for capturing complex patterns and dependencies.

1.3 Bagging technique implementation
To apply bagging technique, a bagging ensemble model is created by averaging the predictions from three different models: CNN, LSTM, and Transformer. evaluates the performance of a bagging ensemble model by first converting the predicted probabilities (ensemble_multi_predictions) and the true labels (y_test) into class labels using np.argmax. It then calculates four key metrics: accuracy, precision, recall, and F1 score, using the accuracy_score, precision_score, recall_score, and f1_score functions from sklearn.metrics, with a weighted average for multi-class data. Finally, the metrics are printed out, providing a comprehensive assessment of the model's performance.











 Design and Implementation
For this experiment, a variety of essential libraries have been used for data manipulation, visualization, machine learning, and deep learning.
· NumPy and Pandas: Handle data arrays and dataframes.
· Matplotlib and Seaborn: Create plots and visualizations.
· Scikit-learn: Provides tools for model selection, evaluation, and machine learning algorithms like RandomForestClassifier.
· TensorFlow and Keras: Frameworks for building and training deep learning models, with utilities for defining neural network layers, handling callbacks, and saving/loading models.
· Warnings: Suppress warnings for a cleaner output.
This code was executed in Google Colab using a T4 GPU runtime, which accelerates the training of deep learning models.

Results and Discussion

The results obtained were based on a limited number of epochs for each model due to the technical constraints of Google Colab. While Colab offers substantial computational resources, training complex models like those required for the MITBIH dataset can be time-consuming due to the complexity and size of the data, leading to extended training times.

1.4 Results of binary classification on PTB dataset
The binary classification experiment conducted using the PTB dataset yielded the following results across ten epochs for each model:
The CNN model performed exceptionally well in the binary classification task, achieving an accuracy of 95.18%. The precision and recall are closely aligned, indicating that the model has a balanced performance in terms of predicting both classes accurately. The F1 score of 0.9518 confirms this balance, showing that the model handles false positives and false negatives effectively. The model shows significant improvement after the third epoch, where accuracy jumps from around 68.99% to 93.47%, with corresponding improvements in loss. This suggests that the model required a few epochs to start converging effectively. The validation accuracy stabilizes around 95% by the 10th epoch, indicating that the model generalizes well to unseen data.



The LSTM model did not perform as well as the CNN model in binary classification. With an accuracy of 67.08%, the model's performance is modest. The higher precision (74.20%) compared to recall (67.08%) suggests that while the model is good at identifying true positives, it misses a significant number of actual positives, leading to a lower recall. The F1 score reflects this imbalance. The model shows steady but slow improvement over the epochs. However, it struggles to reach higher accuracy, plateauing around 70%. This indicates that the LSTM might be less effective at capturing the temporal dependencies in this binary classification task compared to CNN.
The Transformer model performed the worst among the three models in binary classification, with an accuracy of 57.01%. The precision and recall values are both low, indicating that the model struggles with both classes, leading to a poor F1 score of 0.5497. This suggests that the Transformer model might not be well-suited for this particular task or might require further tuning or more data to perform effectively. The model shows minimal improvement over epochs, with accuracy lingering around 50-60%. The validation accuracy remains low, indicating poor generalization.
The Bagging ensemble model, which combines the predictions of the three models, performed very well with an accuracy of 92.90%. The ensemble approach seems to mitigate the weaknesses of the individual models, leading to a balanced and high performance across all metrics. The slight drop in performance compared to the CNN could be due to the weaker performance of the LSTM and Transformer models diluting the ensemble's overall effectiveness.

Table 1. Metrics for binary ECG classification on PTB dataset
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	CNN
	0.9518
	0.9533
	0.9518
	0.9518

	LSTM
	0.6708
	0.7420
	0.6708
	0.6466

	Transformer
	0.5701
	0.5897
	0.5701
	0.5497

	Bagging Ensemble
	0.9290
	0.9356
	0.9290
	0.9288











1.5 Results of multiclass classification on MITBIH dataset

The multiclass classification experiment conducted with the MITBIH dataset produced the following results over ten epochs for each model:
For multiclass classification, the CNN model continues to perform exceptionally well, with an accuracy of 96.74%. The high precision, recall, and F1 scores indicate that the model effectively discriminates between multiple classes, handling the complexity of the task with ease. The model shows strong performance from the first epoch, with accuracy improving steadily and validation accuracy remaining high, confirming good generalization. The final validation accuracy of 96.74% is consistent with the test accuracy, showing that the model is robust and well-trained.
In the multiclass setting, the LSTM model performs better than in binary classification but still lags behind the CNN. An accuracy of 79.20% is respectable, and the high precision suggests that when the model makes a positive prediction, it is often correct. However, the recall is lower, which means it fails to identify a significant number of true instances across multiple classes. The F1 score of 0.8472 shows a decent but not outstanding balance. The model's performance improves over the epochs, but it seems to plateau earlier than the CNN. This suggests that while LSTM can capture some of the temporal dependencies in multiclass tasks, it might not be as effective as CNN in handling the spatial features inherent in ECG data.
The Transformer model performs poorly in the multiclass classification task, with an accuracy of only 16.87%. The precision is relatively high at 77.69%, but the recall is very low, indicating that the model is failing to identify true instances across most classes. The low F1 score reflects the poor overall performance. This result suggests that the Transformer model is not effective in handling this type of ECG data for multiclass classification. The model's performance shows minimal improvement over epochs, with validation accuracy remaining low. The loss values suggest that the model is not learning effectively from the data, possibly due to inadequate feature extraction or model complexity issues. 
The Bagging ensemble model also performs very well in the multiclass classification task, with an accuracy of 95.78%. This model balances the strengths of the individual models, resulting in high precision, recall, and F1 scores. While it slightly underperforms compared to the CNN, it still provides robust results, likely benefiting from the diversity of the models in the ensemble.

Table 2. Metrics for binary ECG classification on MITBIH dataset
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	CNN
	0.9674
	0.9717
	0.9674
	0.9689

	LSTM
	0.7920
	0.9321
	0.7920
	0.8472

	Transformer
	0.1687
	0.7769
	0.1687
	0.2184

	Bagging Ensemble
	0.9578
	0.9683
	0.9578
	0.9616




Conclusions and Recommendations (Future work)
Overall, the CNN model consistently outperformed the LSTM and Transformer models in both binary and multiclass ECG classification tasks, demonstrating a strong capability in handling the complexities of ECG data. For binary classification, the CNN achieved an impressive accuracy of 95.18%, with a precision of 95.33%, recall of 95.18%, and an F1 score of 95.18%. These metrics indicate that the CNN model effectively balances precision and recall, making it highly reliable for binary ECG classification.
In contrast, the LSTM model, while showing reasonable performance, struggled with recall, particularly in the multiclass classification task. Specifically, in binary classification, the LSTM had an accuracy of 67.08%, precision of 74.20%, recall of 67.08%, and an F1 score of 64.66%. This discrepancy between precision and recall suggests that the LSTM model may have difficulties capturing the full range of features necessary for accurate classification, leading to a higher number of false negatives.
The Transformer model performed poorly across both tasks, with an accuracy of 57.01% in binary classification and a notably low 16.87% in multiclass classification. Its low F1 scores of 54.97% for binary and 21.84% for multiclass tasks indicate significant challenges in both precision and recall. These results suggest that the Transformer model, in its current configuration, is not well-suited for this type of ECG data and may require substantial tuning or redesign to improve its performance.
The Bagging ensemble model, which combines the predictions of the CNN, LSTM, and Transformer models, demonstrated strong performance, particularly in the multiclass classification task. For binary classification, the Bagging model achieved an accuracy of 92.90%, with precision and recall both at 93.56% and 92.90%, respectively. In multiclass classification, it recorded an accuracy of 95.78%, precision of 96.83%, recall of 95.78%, and an F1 score of 96.16%. These metrics highlight the ensemble model's ability to mitigate the weaknesses of individual models, leading to more robust and reliable performance.
In conclusion, the CNN model stands out as the most effective model for ECG classification tasks, particularly when dealing with complex and high-dimensional data. The Bagging ensemble approach further enhances performance by leveraging the strengths of multiple models, making it a viable strategy for improving classification accuracy and robustness. However, the LSTM and Transformer models may require further tuning or alternative configurations to achieve better results, particularly in capturing the intricate features of ECG data.
To enhance the performance and applicability of your ECG classification models, further work should focus on optimizing and fine-tuning the LSTM and Transformer models, exploring advanced CNN architectures, and applying sophisticated data augmentation and preprocessing techniques. Additionally, experimenting with diverse ensemble strategies, such as Boosting or Stacking, and incorporating other models like SVMs or Random Forests could improve overall accuracy. Leveraging transfer learning, enhancing model interpretability through Explainable AI techniques, and conducting a detailed error analysis are also critical steps. Moreover, validating models across different datasets, optimizing for real-time deployment, and integrating clinical metadata will ensure robustness and practical utility in clinical settings. Lastly, incorporating longitudinal analysis for temporal consistency could further improve predictive capabilities.

Reflection (Personal Reflections on the Projects)
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