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It is acknowledged that Heart attacks require immediate and accurate diagnosis to ensure
patient survival. For this purpose, this paper endeavors to presents a solution that utilizes
Electrocardiogram (ECG) signals, a widely used tool for assessing heart health, to directly
diagnose patients. While ECGs capture the heart's electrical activity over time, classifying
these signals into specific heart conditions remains a challenge. Given the high mortality
rate associated with cardiovascular diseases, researchers are developing automated
classification methods to enhance diagnostic accuracy. This work introduces a Bidirectional
Long Short-Term Memory (BLSTM) neural network model for ECG signal classification
and arrhythmia detection. The model is trained using the MIT-BIH dataset, which contains
five classes representing various cardiac conditions. To address class imbalances, re-
sampling techniques are applied during data preprocessing. A multi-class classification
approach is then implemented to accurately identify the specific type of disease. Our
proposed BLSTM model demonstrates remarkable performance, achieving a 98.25%

accuracy in classifying the five distinct arrhythmias.

1. INTRODUCTION

Cardiovascular disease (CVD) is the top cause of death
worldwide, according to the World Health Organization
(WHO) [1, 2]. This means we need better ways to classify
ECG signals. An ECG is a recording of the heart's electrical
activity [3]. It helps identify problems in heartbeats and can
also measure things like stress.

Classifying heart rhythm problems is important for medical
devices that monitor health. ECG monitoring is useful for
spotting changes in heart function. With digital ECGs, using
computers to analyze standard 12-lead ECGs has become a
key part of diagnosing health issues [4, 5]. However,
traditional algorithms have limitations, which makes them less
effective as standalone diagnostic tools.

Artificial intelligence (AI) is changing how we classify
ECG signals by improving accuracy and efficiency.
Traditional ECG analysis often requires manual work and
basic machine learning (ML), which can take time and be
prone to mistakes. Al, especially with deep learning (DL)
models like convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), including Long Short-
Term Memory (LSTM) networks, can automatically find
important features in raw ECG data. This helps detect subtle
patterns that humans might miss. These AI models, trained on
large datasets, are very good at identifying various heart
conditions, such as arrhythmias and heart attacks, often more
accurately than traditional methods. Al can also analyze ECG
data in real-time, making it valuable for ongoing monitoring
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and quick diagnosis, especially when used in wearable devices.
This feature is crucial for providing timely alerts and
interventions, potentially saving lives. Additionally, Al can
deliver high-quality diagnostics to large groups of people,
including those in remote areas, using portable devices and
cloud services.

Al also helps in personalized medicine by customizing ECG
analysis for individual patients, improving diagnosis and
treatment plans. Moreover, integrating Al with electronic
health records (EHRs) allows for better analysis of patient
information, leading to improved outcomes. In research, Al
can process large amounts of ECG data to find new markers
and patterns related to heart diseases, helping drive new ideas
in prevention and treatment. Overall, Al is transforming ECG
signal classification, changing how we monitor and manage
heart health.

In this line of thought, this paper focuses on using a RNN
called BLSTM for ECG classification. As unlike regular
RNNs, ECG classification has unique challenges. In this
endeavor, we explain how we created a deep DL model with a
BLSTM network to classify arrhythmias in individual
heartbeats. The BLSTM model can read sequences in both
directions, capturing more important information and reducing
issues with sequence analysis. BLSTM networks have shown
success in tasks like speech recognition, translation, and time
series prediction.

Finally, we share results from the publicly available MIT-
BIH Arrhythmia database. The rest of this paper is organized
as follows: Section 2 reviews related research in ECG
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classification using Al. Section 3 describes the dataset used,
followed by preprocessing steps in Section 4. Section 5
explains the BLSTM model architecture. Section 6 presents
the classification results and their interpretation. Section 7
compares our findings with existing studies on ECG
classification using BLSTM and similar methods. Finally,
Section 8 concludes by summarizing the key findings,
highlighting the contribution of the BLSTM model, and
suggesting future research directions.

2. RELATED WORK

Many studies have focused on using artificial intelligence
(AI) techniques for classifying ECG signals, often using the
MIT-BIH arrhythmia dataset. Researchers have tried different
methods, including:

Artificial Neural
classification [3].

Convolutional Neural Networks (CNNs) for feature
extraction [6, 7].

Hybrid CNN-LSTM models to utilize both spatial and
sequential information in ECG signals [8, 9].

Beyond the MIT-BIH dataset, other researches have looked
at classifying cardiac arrhythmias using both traditional ML
[10-13] and deep learning techniques [14-19]. Although these
studies show that Al can be effective in ECG analysis, there
are few studies specifically using BLSTM networks on the
MIT-BIH dataset for arrhythmia classification. This paper
aims to fill that gap.

For example, Jambukia et al. [14] discussed the importance
of early and accurate ECG classification for diagnosing and
planning treatment for heart diseases. They outlined key steps,
including preprocessing, feature extraction, normalization,
and classification.

Similarly, another study [15] compared backpropagation
with multi-layer perceptrons (MLP) and Kernel-Adatron with
support vector machines (SVM) for ECG classification,
highlighting the importance of preprocessing and wave
transformation techniques (like DWT, DCT, CWT) in
improving results.

Shimpi et al. [16] used the UCI ML Repository dataset to
classify ECG data into sixteen arrhythmia types and explored
different methods for improving classification accuracy,
including dimensionality reduction and clustering.

Alfaras et al. [17] introduced an Echo State Network for fast
ECG arrhythmia classification, testing it on the MIT-BIH and
AHA databases. Devi et al. [18] developed an IoT-enabled
ECG monitoring system that analyzes raw ECG signals using
statistical features.

Sahoo et al. [19] reviewed current methods for detecting
cardiac arrhythmias with ECG signals, covering signal
decomposition, feature extraction, and ML techniques for
automated detection.

Sraitih et al. [20] created an automatic classification system
that improves detection of rare arrhythmia types without
needing feature extraction. They tested SVM, KNN, Random
Forest, and an ensemble on real ECG data from the MIT-BIH
database.

Ebrahimi et al. [21] reviewed recent DL methods for ECG
classification, including techniques like Deep Belief Networks,
CNNs, RNNs, LSTMs, and Gated Recurrent Units (GRU).

Murat et al. [22] examined DL methods for ECG arrhythmia

Networks (ANNs) for general
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detection, discussing challenges and popular trends. Izci et al.
[23] proposed a new 2D CNN architecture for accurately
classifying five arrhythmia types using the MIT-BIH dataset.

Isin et al. [24] used a transferred deep CNN (AlexNet) for
feature extraction followed by a simple neural network for
classifying three cardiac conditions. Huang et al. [25]
introduced an intelligent ECG classifier using Fast
Compression Residual CNNs for precise arrhythmia
classification.

Cui et al. [26] combined traditional feature extraction
methods with 1D-CNN to improve classification accuracy,
testing it on the MIT-BIH benchmark database. Liu et al. [27]
reviewed DL applications in ECG diagnosis, focusing on four
main algorithms and their strengths and weaknesses.

Sannino and De Pietro [28] proposed a new DL approach
for ECG beat classification on the MIT-BIH dataset.

Aldossary et al. [29] suggested a classification process for
MIT-BIH ECG signals following the AAMI standard, which
is crucial for early heart disease detection. Their method
involved preprocessing raw ECG signals and using a Double
Layer Bi-LSTM model for classification, showing improved
performance metrics.

Salem et al. [30] looked at identifying and classifying four
ECG patterns through transfer learning, applying knowledge
from image classification to ECG signals.

Bi-LSTM networks are more effective than traditional
LSTM:s because they analyze data in both directions—forward
and backward. This helps them understand the context better
and improves prediction accuracy, making them suitable for
tasks that depend on the entire sequence, such as language
translation and sentiment analysis. This dual perspective is
especially useful in tasks where context is important, leading
to better handling of complex data.

3. DATASET

This research leverages the MIT-BIH arrhythmia dataset
[30-32] to categorize five distinct arrhythmias, adhering to the
Association for the Advancement of Medical Instrumentation
(AAMI) EC57 standard. This standard promotes consistency
with classifications used in medical devices. The dataset
consists of 48 half-hour ECG recordings from 47 patients.
Each recording was digitized at 360 Hz per channel with 11-
bit resolution and includes two ECG leads (Lead II and Lead
V5) capturing a range of 10 mV.

For this work, we concentrated on Lead II ECGs. Following
extraction, these signals were processed (e.g., filtering,
normalization) to make them suitable for the BLSTM model.
The preprocessed ECGs were then divided into five
arrhythmia categories, as outlined in Table 1 and depicted in
Figure 1.

This dataset contains two CSV files, one for training and the
other for testing, with 109446 samples and 188 features
respectively (see Table 2).

Table 1. The different categories of arrhythmias

Beat Type Target  Number of Samples
Normal (N) 0 72494
Supraventricular ectopic (S) 1 2188
Ventricular ectopic (V) 2 5788
Merger (F) 3 613
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Figure 1. The different beats plotted from database

Table 2. Description of the files containing the dataset

File Name Features Type
mitbih_train.csv 188 Float64
mitbih _test.csv 188 Float64
4. DATA PREPROCESSING

Before presenting a preview of the data, it is essential to
import the dataset. As we will be working in a virtual lab, we
will use Google Drive to import the data.

4.1 Multi-class classification

This study aims to identify the specific type of cardiac
arrhythmia using multi-class classification. To achieve this,
we utilize the dataset in its original form, where each class
represents a distinct arrhythmia:

Class 0: Normal Heartbeats

Class 1: Ectopic Supra-ventricular Beats

Class 2: Ectopic Ventricular Beats

Class 3: Fusion Beats

Class 4: Unknown Beats

The dataset consists of 109,446 rows, representing
individual ECG samples. Each sample has 188 columns. The
first 186 columns contain various features extracted from the
ECG signal, while the final column (187) represents the target
class label. During multi-class classification, this target
variable can take values ranging from 0 to 4, corresponding to
the specific arrhythmia class as defined earlier.

4.2 One hot encoding

With a purpose to enhance the effectiveness of our multi-
class classification model, we will employ a technique called
one-hot encoding (Figure 2). This method transforms each
class within the target variable ("Label") into a unique binary
vector. The length of each vector reflects the total count of
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distinct classes within the target variable. Each vector will
have a single element set to 1, representing the class of the
target variable for that specific observation. All other elements
in the vector will be set to 0.

o ) (1,0,0,0,0]
-1 ) [0,1,0,0,0]
2 ) (0,0,1,0,0]

3 ) [0,0,0,1,0]
s ) (0,0,0,0,1]

Figure 2. One-hot encoding

For instance, consider an observation belonging to class 0.
The corresponding one-hot encoded vector would be [1, 0, 0,
0, 0]. Here, the value 1 at the first position signifies class 0,
while the remaining positions are set to 0, indicating it doesn't
belong to any other class.

One-hot encoding simplifies the classification task for the
model by representing categorical data (class labels)
numerically in a way that the model can easily understand and
utilize during the learning process.

4.3 Data presentation

Before implementing the BLSTM model, we will explore
the characteristics of the dataset by classifying and visualizing
the data according to its category. This visualization (see
Figure 3) will provide insights into the distribution of data



points across the different arrhythmia classes. Examining this
visual representation can help us understand any potential
imbalances or patterns within the data that might influence the
model's performance.

Normal beats

Fusion beats
Supraventricular
ectopic beats

Ventricular ectopic beats

Unknown beats

Figure 3. Types of beats with their percentage
4.4 Re-sampling technique

Our dataset may have an uneven distribution of data points
across different arrhythmia classes. This imbalance can
negatively affect the performance of our multi-class
classification model. To tackle this issue, we will use a
technique called re-sampling.

Re-sampling techniques are important in data analysis and
ML. They help improve model performance, especially with
imbalanced datasets. Common re-sampling methods include:

Bootstrapping: This method involves repeatedly sampling
from the original dataset to create new samples. It allows for
robust estimation of statistics like means and confidence
intervals without relying on strict assumptions about the data.

Cross-validation: Cross-validation splits the dataset into
multiple sections, training the model on some while testing on
others. This is repeated several times to assess the model's
generalization and minimize overfitting.

In cases of imbalanced datasets, we use oversampling and
undersampling to balance the classes:

Oversampling: Oversampling methods, such as SMOTE,
generate synthetic samples for the minority class to improve
the model's learning from these examples.

Undersampling: This reduces the majority class's sample
count. While it can help balance the dataset, it must be
managed carefully to avoid losing important information.

These re-sampling strategies improve fairness and accuracy
in tasks like fraud detection and medical diagnosis, making the
models more robust. However, they have limitations. For
example, cross-validation and bootstrapping can be
computationally intensive, especially with large datasets.
Oversampling might lead to overfitting if the synthetic data
doesn’t accurately reflect the true distribution.

In this study, we will use the sklearn resample library in
Python. This library offers strong re-sampling functions for
arrays and sparse matrices. The default method in sklearn
resample uses bootstrapping to create a more balanced dataset
for training our BLSTM model (as shown in Figure 4).

By addressing class imbalance, we aim to enhance the
model's learning across all arrhythmia categories, ultimately
leading to more accurate classification results.

ormal beats

Ventricularectopic
beats

usion beats

Supraventricular
ectopic beats

Figure 4. Types of beats with their percentages after re-
sampling technique

5. IMPLEMENTATION

We present a meticulous approach to ECG signal
classification for arrhythmia detection. We prioritize several
key steps to ensure the model's effectiveness:

*We address potential class imbalances within the dataset
using re-sampling techniques. This ensures the model is
exposed to a representative distribution of all arrhythmia types,
mitigating bias towards overrepresented classes.

Input_BLSTM
Bidirectional 1
MIT-EIH ARRHYTHMIA
dataset
| "
Bidirectional 2
Balanced dataset
L 4
3
Y
Dense
One-Hot-encoding \ J
L 4
i 3
Y
Dense_1
Build Model \ J
y
- "
h J Main Output
. (Dense)
Fit Model l J
hd Classification
Test and Result

ITYS!

Figure 5. Diagram of the used BLSTM model



*Categorical data (class labels) is preprocessed using one-
hot encoding. This transforms these labels into numerical
vectors, enabling the model to understand and utilize them
efficiently during the learning process.

*After training on a balanced dataset, the BLSTM model is
rigorously tested on unseen data to evaluate its generalization
and ability to classify arrhythmias accurately in real-world
settings.

Figure 5 wvisually summarizes the entire workflow,
encompassing the construction and evaluation of a reliable and
precise model for cardiac arrhythmia classification.

This figure presents the core components of a ML pipeline
for arrhythmia classification. On the left, data preprocessing
begins with the MIT-BIH-ARRHYTHMIA dataset, which
undergoes balancing and One-Hot encoding to prepare it for
modeling. The model is then built, fitted, and tested to generate
results. On the right, the model architecture features a BLSTM
layer as the input, followed by two Bidirectional layers
(Bidirectional 1 and Bidirectional 2). Two Dense layers
(Dense and Dense 1) precede the main output, which is
another Dense layer, and finally, a Classification layer predicts
5 classes (0 to 4).

This design is clearly aimed at capturing the intricate
temporal patterns in ECG data, with BLSTM and bidirectional
layers focusing on both past and future dependencies in the
signal. The preprocessing steps are especially critical given the
common class imbalance in medical datasets, ensuring robust
model performance. The five-class output structure indicates a
targeted approach for identifying distinct types of cardiac
arrhythmias, demonstrating the model's depth and
sophistication in handling complex medical diagnoses.

One-hot encoding is a technique for representing
categorical data using binary vectors. Each category is
represented by a vector where all values are zero, except one
which is one, corresponding to the specific category. This
method is commonly used in ML to convert categorical
variables into numerical data for algorithmic processing. One-
hot encoding thus facilitates data manipulation and improves

the performance of ML models in classification and prediction.

One-hot encoding offers the following advantages:

*Preservation of categorical information: It makes it
possible to represent in a distinct and unambiguous way the
different categories of a variable, which facilitates the
interpretation and analysis of the data.

*Elimination of ambiguity: By converting the categories
into binary vectors, it removes any confusion or erroneous
relationship between the categories, thus ensuring a clear and
unambiguous representation.

*Improved model performance: By transforming categorical
variables into numerical format, one-hot encoding allows ML
models to process these variables more efficiently, supporting
better pattern detection and precise decision making.

5.1 Model architecture

The proposed DL model architecture is a Multilayer
Perceptron (MLP) featuring two hidden layers of the BLSTM
type and two dense layers. The hidden BLSTM layers
implement the ReLU activation function for improved non-
linearity. In contrast, the output layer employs the "softmax"
activation function, well-suited for multi-class classification
problems.

Each BLSTM layer is configured with 256 neurons, while
the subsequent dense layers contain 128 neurons each. The
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specific number of nodes in the output layer is determined by
the classification task being performed.

The categorical cross-entropy loss function measures the
difference between the predicted and actual class probabilities.
The Adam optimizer is utilized to adjust the model's weights
and biases during the training process.

To train the model, it is fitted on the training data for a total
of 50 epochs. A batch size of 32 is used, where a batch
represents a subset of training samples used for a single
training iteration. The model's accuracy serves as the default
metric for monitoring performance during training.

Figure 6 represents a summary of the model used with the
total number of parameters as well as the trainable and non-
trainable parameters.

Layer (type) Output Shape Param #
inputs_lstm (InputlLayer) [ (None, 188, 1)] 2] T
bidirectional (Bidirectiona (None, 188, 512) £233s4

1)

bidirectional 1 (Bidirectic (None, 512) 1574912
nal)

dense (Dense) (None, 128) 65664
dense_1 (Dense) (None, 128) 16512
main_output (Dense) (None, &) 845

Total params: 2,186,117
Trainable params: 2,186,117
Non-trainable params: @

Figure 6. Summary of the BLSTM model

6. FINDINGS AND ANALYSIS

This section details the outcomes of our BLSTM DL model
configuration and training. Various tests were conducted to
identify the optimal hyperparameter settings. These
hyperparameters included, but were not limited to, the number
of nodes per layer, training epochs, optimizer function, and
activation function for hidden layers.

Model Accuracy

1.00 +

0.98 1

0.96 1

0.90 -

— Train
—— Validation

0.88 1

12

14 16

Epoch

Figure 7. The model’s accuracy as of function of an epoch
during training process



An iterative training approach was employed. The model
was trained on the training set while its performance was
monitored on the validation set. This process was repeated
with different hyperparameter configurations until a
combination was identified that yielded the best results in
terms of accuracy and loss. Finally, the model's performance
was evaluated on the unseen test set for confirmation.

The chosen hyperparameter configuration resulted in a
well-performing model, achieving an accuracy of 99.63% on
the training set and 98.17% on the validation set, as illustrated
in Figure 7. These findings demonstrate the model's
effectiveness in learning the patterns within the training data.

The results in Figure 8 depict the loss values obtained
during validation training. The training loss reaches
approximately 2.5%, while the validation loss reaches around
10.2%. This indicates that the model effectively learns from
the training data while maintaining generalization capability
to unseen data in the validation set.

Model loss

0.35 4 =
—— Train

—— Validation
0.30

0.25 1

0.20

loss

0.15 1

0.10 1

0.05 A

Epoch

Figure 8. The model’s loss as of function of an epoch during
training process

True label

Predicted label

Figure 9. Confusion matrix
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The success in achieving high accuracy without significant
overfitting is attributed to the use of L2 regularization. This
technique mitigates overfitting by limiting the model's
complexity and reducing its tendency to memorize the training
data. The relatively small gap (less than 0.1) between the
training and validation errors at the end of the training process
further supports this notion. This minimal difference suggests
the model avoids overfitting the training examples and
generalizes well to unseen data.

Figure 9 presents the confusion matrix for the Bi-LSTM
network, covering five classes. This matrix helps evaluate the
algorithms through metrics such as accuracy, precision, recall,
and the false positive rate [28].

We can observe that the high numbers along the main
diagonal of the confusion matrix indicate that our model
succeeded in accurately classifying ECG signals for different
classes.

In multi-class classification, obtaining true positive (TP),
true negative (TN), false positive (FP), and false negative (FN)
values differs from binary classification, as these metrics
cannot be directly derived. To calculate these values, we
define TP as the count where the actual and predicted values
match. For false negatives, the FN for a class is determined by
summing the corresponding row values, excluding the TP.
Conversely, the false positive count is calculated by summing
the corresponding column values, again excluding the TP.
Finally, the true negative count for a class is obtained by
summing all values in the relevant rows and columns,
excluding those associated with the specific class being
analyzed. This systematic approach allows for a
comprehensive evaluation of model performance in multi-
class scenarios.

In order to compute accuracy, sensitivity and specificity for
each one of the five classes representing different cardiac
conditions, we will first compute the following values: TP,
FN, FP and TN and we will second use the three formulas:

TP+TN
Accuracy = (D
TP+TN + FP+ FN

TP
Sensitivity = —— 2
4 TP+ FN 2)

TN
Specificity = —— 3
pecificity TN + FP 3)

The five classes under consideration are: N, S, V, F, and Q,
as detailed in Table 1. To evaluate the performance of our
classification model for the class "N," we calculate the values
of TP, TN, FP, and FN using the confusion matrix illustrated
in Figure 9. The values are as follows: TP (N) =0.99, FN (N)
=0.01, FP (N) = 0.21, and TN (N) = 2.78. Applying these to
the respective formulas, we derive the following metrics for
the class "N": Accuracy = 94.48%, Sensitivity = 99%, and
Specificity = 92.97%. A similar procedure is applied to
compute the metrics for the other classes (S, V, F, and Q). For
the class "S," the metrics are Accuracy = 97.19%, Sensitivity
= 86.86%, and Specificity = 99.75%. For the class "V," we get
Accuracy = 97.19%, Sensitivity = 96%, and Specificity =
98.74%. For the class "F," the results are Accuracy = 97.59%,
Sensitivity = 90%, and Specificity = 99.49%. Finally, for the
class "Q," the metrics are Accuracy = 99.79%, Sensitivity =
99%, and Specificity = 100%. Based on the confusion matrix



in Figure 9 and the results above, the average values for
accuracy, sensitivity, and specificity across all classes are
97.25%, 94.17%, and 98.25%, respectively. The classification
errors observed in the confusion matrix are relatively small,
reinforcing the reliability of our approach in classifying ECG
signals using LSTM. These encouraging results suggest that
our model has the potential for real-world applications in
aiding healthcare professionals with the detection and
diagnosis of cardiac abnormalities.

ECG signal classification has a significant impact on
clinical settings by improving the accuracy, efficiency, and
accessibility of cardiac care. Traditionally, interpreting ECG
signals requires considerable expertise and time, which can
lead to human error due to the complexity of the signals and
the subtlety of some cardiac conditions. However, integrating
advanced ECG classification systems, particularly those
powered by Al and ML, helps mitigate these challenges.

One of the primary benefits of ECG signal classification is
enhanced diagnostic accuracy. Al-based classification systems
are trained on large datasets, enabling them to recognize a
wide range of cardiac abnormalities, from common conditions
like arrhythmias to infrequent abnormalities that might be
missed by human eyes. This ability is essential for detecting
early signs of conditions like atrial fibrillation or myocardial
infarction, which require prompt intervention to prevent
serious outcomes. By providing more accurate and consistent
interpretations, Al-driven ECG classification reduces
diagnostic errors, leading to better patient outcomes.

Efficiency in clinical workflows is another significant
improvement brought by ECG signal classification.
Automated systems can rapidly analyze ECG signals,
delivering near-instant results. This speed is vital in
emergency settings, where quick decision-making can save
lives. For instance, in suspected heart attack cases, immediate
and accurate ECG analysis can expedite treatments like
thrombolysis or angioplasty, improving survival rates.
Automating ECG analysis greatly improves healthcare
productivity by enabling professionals to spend more time
focused on patient care.

Advanced ECG signal classification technologies
significantly improve remote monitoring and telemedicine.
Wearable devices equipped with ECG sensors can
continuously monitor patients, especially those with chronic
heart conditions, transmitting data to healthcare providers in
real time. Al algorithms analyze these signals and alert
clinicians to any abnormalities, enabling timely interventions
even when patients are not physically present in a healthcare
facility. This capability is particularly beneficial for managing
high-risk patients in rural or underserved areas, where access
to specialized cardiac care may be limited.

Personalized medicine is also advanced through ECG signal
classification. Al systems can tailor their analyses to
individual patients by considering historical ECG data and
other health records. This personalized approach leads to more
accurate diagnoses and treatment plans that suit each patient’s
unique health profile. For example, a patient with a history of
a specific type of arrhythmia can be closely monitored for that
condition, with the Al system learning from the patient’s
previous data to enhance future predictions and interventions.

Furthermore, integrating ECG signal classification with
EHRs offers a more holistic perspective of a patient's health,
allowing for better-coordinated care. Automated ECG
interpretation can be seamlessly added to EHRs, where it
combines with other diagnostic information to guide treatment
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decisions. This holistic approach supports more informed
clinical decision-making and enhances the overall quality of
care provided to patients.

In summary, ECG signal classification technologies
significantly enhance clinical settings by improving diagnostic
accuracy, speeding up workflows, enabling remote monitoring,
supporting personalized medicine, and facilitating integrated
care through EHRs. These advancements lead to better patient
outcomes, more efficient healthcare delivery, and expanded
access to cardiac care, ultimately transforming how heart
conditions are managed in modern medicine.

7. COMPARATIVE STUDY

We assessed the efficacy of our BLSTM classifier by
comparing its performance against a current ECG
classification model built in Matlab [32]. Our proposed
BLSTM model achieved promising results. Notably, it
attained an accuracy of 98.17%, signifying its ability to
precisely classify ECG signals. Additionally, the model
exhibited high sensitivity (94%), demonstrating its
effectiveness in identifying true positive cases (correctly
classifying arrhythmias). Furthermore, the impressive
specificity of 95.19% indicates the model's proficiency in
accurately recognizing true negative cases (correctly
classifying normal ECGs). These results highlight the BLSTM
model's strong capability for ECG signal classification.

The proposed BLSTM classifier achieved superior
performance compared to the reference approach described in
[29], which utilizes Matlab for implementation. The reference
model attained an accuracy of 93.9%, slightly lower than the
BLSTM model's 98.17% accuracy. This suggests the BLSTM
model exhibits better overall classification capability.

Figure 10 visually compares the performance of both
models using a histogram, further illustrating the advantages
of the BLSTM approach.

Similarly, the reference model's sensitivity of 90.16%
indicates it might miss a slightly higher proportion of true
positive cases (correctly classified arrhythmias) compared to
the BLSTM model's 94% sensitivity. However, it's noteworthy
that the reference model maintains a high specificity of
96.16%, implying good proficiency in identifying true
negative cases (correctly classified normal ECGs).

Performance comparison
100.0

I Rexy et al. [32]

I Our Proposed
975

Percentage (%)

85.0

82.5

Accuracy

Sensitivity
Metrics

Specificity

Figure 10. Performance comparison



8. CONCLUSION

In summation, this paper leverages BLSTM networks, a
type of RNN, for ECG signal classification. Unlike traditional
models, BLSTMs can analyze both past and future information
within a sequence. In the context of ECG signals, this allows
the model to consider the temporal context of the data
surrounding a specific point, leading to more accurate anomaly
detection (e.g., arrthythmias).

We employed this BLSTM approach to classify ECG
signals in the MIT-BIH dataset. This dataset contains five
categories: one for normal ECGs and four for different types
of abnormal ECGs. The positive results obtained demonstrate
the effectiveness of neural networks, particularly BLSTMs, in
processing and classifying ECG signals.

The use of Bi-LSTM networks in the classification of ECG
signals offers significant advancements in cardiac diagnostics
by effectively capturing both past and future contexts of the
signals. This capability enhances the accuracy of detecting
complex anomalies, improves sensitivity to temporal
dependencies, and increases robustness against noise and
artifacts. The ability of Bi-LSTM networks to handle variable
data lengths makes them an effective tool for real-time
monitoring and integrating multimodal data. This flexibility
supports rapid, personalized interventions tailored to
individual patient needs. By facilitating personalized medicine,
Bi-LSTMs enhance diagnosis and care, ultimately
transforming the management of heart disease. Future work
can focus on leveraging deep reinforcement learning to
develop advanced monitoring systems and enhance patient
care.
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