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Abstract- Heart disease is a major cause of mortality worldwide, making early and accurate diagnosis essential. A

making.

multimodal framework for heart disease classification is presented through the integration of electrocardiogram
(ECG) signals and clinical data. ECG recordings are obtained from the PTB-XL dataset, which includes clinical
attributes such as age, gender, and diagnostic labels. A Residual Neural Network (ResNet) is employed to extract
discriminative features from ECG signals, while Bidirectional Encoder Representations from Transformers (BERT) is
utilized to encode clinical text data and capture contextual dependencies. The extracted features are fused using a
fully connected architecture to enhance classification performance. Experimental results demonstrate an accuracy
of 96.77%, indicating improved performance over unimodal approaches and supporting reliable clinical decision-
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I. INTRODUCTION

Heart disease is one of the leading causes of death
worldwide and poses a major challenge to
healthcare systems. Early and accurate diagnosis is
essential to reduce mortality rates and improve
patient outcomes. Electrocardiogram (ECG) signals
are widely used for detecting heart abnormalities, as
they provide important information about the
electrical activity of the heart. In addition to ECG
signals, clinical data such as age, sex, diabetes status,
and cholesterol levels also play a significant role in
identifying heart disease. In traditional methods,
doctors manually analyze ECG signals along with
patient information to diagnose heart conditions.
This process can be time-consuming and may lead
to errors due to the complexity of ECG patterns.

To overcome these issues, machine learning
techniques have been introduced for automated
heart disease detection. However, many existing
systems rely only on ECG signals and ignore clinical
data, which limits their ability to provide accurate
predictions. With the advancement of deep learning,
models such as Convolutional Neural Networks
(CNNs) and Residual Neural Networks (ResNet) have

shown strong performance in analyzing ECG signals.
These models can automatically extract important
features from raw data without manual intervention.
However, using ECG data alone may not fully
represent the patient's health condition, as
important clinical factors are not considered.

To address this limitation, this work proposes a
multimodal heart disease classification system that
combines ECG signals with clinical data. In the
proposed approach, a ResNet model is used to
extract meaningful features from ECG signals, while
Bidirectional ~ Encoder  Representations  from
Transformers (BERT) is used to process clinical data
and capture relevant patient information. The
features obtained from both models are then
combined using a fusion technique to improve
classification accuracy.

The proposed system is evaluated using the PTB-XL
dataset, which provides high-quality ECG signals
along with clinical information. Experimental results
show that the model achieves an accuracy of 96.77%,
outperforming  traditional and  single-modal
approaches. This demonstrates that integrating ECG
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signals with clinical data leads to better performance
and more reliable heart disease detection.

Overall, the proposed method provides an effective
and practical solution for early diagnosis of heart
disease and can support healthcare professionals in
making accurate clinical decisions.

Il. LITERATURE SURVEY

Previous research in heart disease classification has
widely used machine learning techniques such as
Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), and Decision Trees. These
methods depend on manual feature extraction from
electrocardiogram (ECG) signals and provide
moderate accuracy. However, they are limited in
handling complex patterns present in ECG data.

To improve performance, deep learning approaches,
particularly Convolutional Neural Networks (CNNs),
have been applied for automatic ECG analysis. CNN
models can learn important features directly from
raw signals, reducing the need for manual
processing. Advanced architectures such as Residual
Neural Networks (ResNet) further enhance
performance by enabling deeper networks and
improving feature extraction.

Recent studies have also explored hybrid models
that combine CNNs with techniques such as
recurrent neural networks (RNNSs), attention
mechanisms, and transformer-based models. These
approaches aim to capture both spatial and
temporal information in ECG signals and have shown
better accuracy compared to traditional methods.

l1l. METHODOLOGY

Proposed System

The proposed system presents a multimodal
approach for heart disease classification by
combining electrocardiogram (ECG) signals with
clinical data. The main objective is to improve the
accuracy and reliability of heart disease detection by
utilizing both physiological signals and patient-
specific information.

In this system, ECG signals are obtained from the
PTB-XL dataset and used as the primary input. These
signals are processed using a Residual Neural
Network (ResNet), which automatically extracts
important features from the ECG waveforms. ResNet
is capable of learning complex patterns in the data
and overcomes the limitations of traditional
methods by eliminating the need for manual feature
extraction.

At the same time, clinical data such as age, sex,
diabetes status, and cholesterol levels are used as
additional inputs. These features provide important
context about the patient’s health condition. The
clinical data is processed using Bidirectional Encoder
Representations from Transformers (BERT), which
captures meaningful relationships and patterns
within the data.

After feature extraction, the outputs from the ResNet
and BERT models are combined using a feature
fusion technique. This step integrates both ECG-
based features and clinical information into a single
representation. The fused features are then passed
through fully connected layers for classification.

Finally, the system predicts whether a patient has
heart disease or not. By combining multiple data
sources, the proposed model achieves higher
accuracy and better performance compared to
existing single-modal approach

ECG Feature Extraction using ResNet

ECG signals obtained from the PTB-XL dataset are
used as input for feature extraction. A Residual
Neural Network (ResNet) is employed to
automatically learn hierarchical and discriminative
features from the ECG signals. The use of residual
connections allows efficient training of deep
networks and helps capture complex patterns
associated with various cardiac conditions.

Clinical Data Processing using BERT

Clinical data, including attributes such as age, sex,
diabetes status, and cholesterol levels, are processed
using Bidirectional Encoder Representations from
Transformers (BERT). BERT encodes the input data
into meaningful representations by capturing
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contextual  relationships, enabling effective
utilization of patient-specific information in the
classification process.

Multimodal Data Fusion and Advantages

The feature vectors obtained from the ResNet and
BERT models are combined using a feature-level
fusion technique. The fused features are then passed
through fully connected layers for final classification.
This integration improves the model's ability to
capture both signalbased and clinical characteristics
of heart disease.

By combining ECG and clinical data, the system
provides a more comprehensive representation of
patient health, leading to reliable and efficient heart
disease detection.
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Dataset Description:

The dataset used in this study is the PTB-XL dataset,
a large publicly available electrocardiogram (ECG)
dataset widely used for heart disease analysis. It
contains 21,837 ECG recordings collected from
18,885 patients, making it suitable for training deep
learning models.

Each ECG recording is 10 seconds long and recorded
using 12 leads, which provide detailed information
about the heart’s electrical activity. The signals are
available at 100 Hz and 500 Hz sampling rates,
ensuring high-quality data for analysis.

In addition to ECG signals, the dataset includes
clinical data (patient information). These features
include:

e Age - patient’s age

e Sex—male or female

e Diabetes — presence of diabetes

e Cholesterol — cholesterol level

These clinical features help provide additional
information about the patient’s health condition.

In the proposed system, ECG signals are processed
using the ResNet model to extract important
features, while clinical data is processed using BERT.
The combination of these two types of data
improves the accuracy of heart disease classification.

V. RESULTS AND DISCUSSION

The proposed multimodal framework was evaluated
using the PTB-XL dataset to assess its effectiveness
in heart disease classification. The model integrates
ECG signal features extracted using a Residual
Neural Network (ResNet) with clinical data processed
using Bidirectional Encoder Representations from
Transformers (BERT).

e The proposed model achieved an overall
classification accuracy of 96.77%, demonstrating
its strong capability in detecting heart disease.
The use of multimodal data significantly
improves performance compared to traditional
and single-modal approaches.

A. Results
The classification performance of the proposed
model is compared with existing methods, as shown
in Table 1.

Table: Comparison of Proposed Model with
Existing Methods

The results clearly indicate that the proposed
multimodal model achieves the highest accuracy
among all compared methods.
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Comparison of Proposed Model with Existing
Methods:

Method Accurac
y (%)

Traditional Machine 85.20

Learning (SVM, RF)

CNN-basedECG Model 91.80

ResNet(ECG only) 93.60

Proposed Multimodal (ResNet | 96.77

+ BERT)

B. Discussion

The improved performance of the proposed system
is mainly due to the integration of ECG signals with
clinical data. While ECG signals provide information
about cardiac activity, clinical attributes such as age,
sex, diabetes status, and cholesterol levels contribute
additional context for accurate diagnosis.

The ResNet model effectively extracts deep features
from ECG signals, and the BERT model captures
meaningful representations from clinical data. The
fusion of these features enables better
understanding of patient conditions, leading to
improved classification accuracy.

Existing System Disadvantages

Existing heart disease detection systems mainly use
traditional machine learning and depend only on
ECG signals. These systems require manual feature
extraction, meaning experts must select important
signal features by hand. This process is time-
consuming and may miss important patterns in the
ECG data.

Since these methods use only one type of data (ECG),
they ignore important clinical information such as
age, sex, diabetes, and cholesterol levels. Because of
this, the system cannot fully understand the patient's
condition. As a result, existing methods often
produce lower accuracy and do not perform well for
different types of patients, leading to poor
generalization.

Proposed System Advantages

The proposed system improves performance by
using a multimodal approach, which combines both
ECG signals and clinical data. This helps the model

understand both the heart's electrical activity and
the patient’s health condition.

A ResNet model is used to automatically extract
important features from ECG signals, eliminating the
need for manual work. At the same time, BERT
processes clinical data and captures meaningful
relationships between patient attributes.

By combining (fusing) these two types of features,
the system achieves a more complete understanding
of heart disease. This leads to higher accuracy
(96.77%),  better reliability, —and improved
performance across different patients. The system is
also more suitable for real-world medical
applications.

Future Enhancement

Although the proposed system achieves high
accuracy, there are several ways to improve it in the
future. More clinical features such as blood pressure,
smoking habits, and family medical history can be
added to give a better understanding of the patient’s
condition. This will help the model make more
accurate predictions.

The model can also be trained using larger and more
diverse datasets, which will improve its performance
for different types of patients. In addition, advanced
deep learning techniques and better feature fusion
methods can be used to further increase accuracy.
The system can be extended for real-time
monitoring by connecting it with wearable devices
like smartwatches that continuously record ECG
signals. This will help in early detection of heart
problems. Finally, developing a mobile or hospital-
based application can make the system easy to use
for doctors and patients in real-world healthcare
settings.

V. CONCLUSION

In this work, a multimodal framework for heart
disease classification has been developed by
combining electrocardiogram (ECG) signals with
clinical data. Traditional systems rely mainly on a
single data source, which limits their ability to fully
understand a patient’s condition. To overcome this,
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the proposed system integrates ECG signal analysis
with important clinical features such as age, sex,
diabetes status, and cholesterol levels.

A Residual Neural Network (ResNet) is used to
automatically extract meaningful patterns from ECG
signals, while Bidirectional Encoder Representations
from Transformers (BERT) processes clinical data to
capture patient-specific information. The fusion of
these features provides a more complete
representation of the patient’s health condition.

The model is evaluated using the PTB-XL dataset and
achieves an accuracy of 96.77%, which is higher than
traditional and single-modal approaches. This
demonstrates that combining multiple data sources
improves both accuracy and reliability.

Overall, the proposed system provides an effective
and practical solution for early heart disease
detection and can assist healthcare professionals in
making better clinical decisions.
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