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ABSTRACT

Because CVD is among the leading causes of death worldwide, early risk prediction is particularly important. This work
employs a mixed dataset and differentiates between three types of variables, clinical/lifestyle, and ECG-based ones, aiming
at analyzing four DLMs namely- MLP, LSTM, CNN, and ViT. The case for the relevance to PTB Using the ECG portion
of the PTB-XL and combining it with UCI Heart Disease features; this resulted in 22 multimodal predictors down the first
level. We evaluated the model performance using accuracy, precision, recall, F1-score, and AUC. The results indicate that
all architectures perform well (Accuracy > 0.97, AUC > 0.99). LSTM obtained the optimal overall balance (Accuracy =
0.99, Recall = 0.98, F1 = 0.98), though CNN had slightly lower recall, (Recall = 0.97), and ViT reached perfect accuracy
(1.00) with slightly lower recall (0.90). SVM joint analysis of three modalities as an example, the hybrid method has shown
the feasibility of deep learning in early CVD diagnosis and decision support by means of boosting robustness and clinical
relevance as compared to single-modality studies.
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INTRODUCTION

As a key diagnostic tool, the electrocardiogram (ECG) is
commonly used in clinical practice because it assesses the
electric activity of the heat and is non- invasive® 2. Its
application involving a variety of cardiovascular disease
makes it a cornerstone in the identification and treatment of
heart diseases®. Nevertheless, the manual interpretation of
ECG signals is usually takes a lot of time as it depends on
human resources and is vulnerable to inter-observer
variability and human errors*. This has motivated the
exploration of automated ECG analysis techniques,
particularly those leveraging the capabilities of machine
learning (ML) and deep learning (DL) °. Recently, heart
diseases (more popularly cardiovascular disease (CVD)
have become the primary cause of death worldwide®. With
more than 18 million fatalities annually roughly 32% of all
deaths globally CVD (as shown in Figure 1) remains the
leading cause of mortality globally’. With prompt diagnosis
and treatment, a sizable percentage of these fatalities could
be avoided. Therefore, the medical and data science
community have made it a top priority to reliably forecast
CVD risk prior to the commencement of key events, such
myocardial infarction.

Models like Convolutional Neural Networks (CNNs), Long
Short-Term Memory networks (LSTMs), and Vision
Transformers (ViTs) are now capable to outperform than the
traditional techniques in a variety of biomedical tasks
because to recent developments in DL architectures. While
LSTMs are well-suited for modelling sequential
dependencies in physiological signals across time’, CNNs
have demonstrated great accuracy in identifying
arrhythmias and myocardial infarctions by learning local
patterns in ECG data® With their capacity to simulate long-
range feature dependencies through self-attention
mechanisms, ViTs which were first proposed for image
recognition tasks’ have recently been applied to tabular and
time-series  medical data, providing enhanced
performance!®. However, the bulk of earlier studies on
ECG-based CVD prediction focused mostly on examining
the raw waveform data or, occasionally, a limited set of
clinical factors. While these approaches sometimes work,
they often miss the complexity and heterogeneity of
cardiovascular disease. In fact, electrophysiological
perturbations observed in ECG are far from being the only
source for CVD. Instead, it’s a multifactorial condition that
is impacted by several factors such as demographics (age,
sex), behavioral (drinking, smoking) and lifestyle (physical
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activity)  patterns,
hypertension).

comorbidity  (diabetes, obesity,
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Figure 1: Global Overview of CVD and its Risk Factors!

For instance, an ECG can diagnose electrical abnormalities,
such as arrhythmias or ST-segment elevation, but it cannot
autonomously diagnose risk factors that are attributable to
metabolic or lifestyle components. As per research, the
early identification and classification of CVD risk, lifestyle
markers such as BMI, level of physical activity, dietary
habits, sleep duration, and stress could be significantly
possible!>!3, Similarly, comorbidities such as diabetes or
chronic renal disease and genetic risk factors such as family
members with heart disease often interact to accelerate the
progression of the disease and impact patients’ prognosis'.
As aresult, the models which rely solely on the ECG signals
or the lack of clinical indicators may either be overfitted to
some data patterns or lack of generality over large patient
populations. As such, it is hypothesized that hybrid
predictive models that integrate these disjoint factors into a
single model will be well suited for learning from both static
contextual (eg., demographic) and temporal physiological
patterns using deep learning algorithms. This
comprehensive approach allows for better modelling of
patient heterogeneity and as well, improves the
interpretability and clinical utility of predictions in applied
settings.

Furthermore, time series such as ECG signals, tabular
clinical information and categorical lifestyle features can all
be combined along with one another through deep learning
series such as CNNs, LSTMs, or Transformers. Recent
evidence has shown that these multimodal fusion methods
systematically improve prediction accuracy, especially in
complex disorder such as coronary artery disease or heart
failure!>!6, Taking this broader perspective, we propose to
develop a hybrid dataset that integrates key clinical and
lifestyle factors with ECG derived dynamic information to
bridge the gap between signal-driven and context-aware

modelling in the current study. We propose a
comprehensive comparison on the empirical performance
of four types of deep learning models namely-MLP, LSTM,
CNN, and ViT trained and tested on hybrid dataset, which
includes clinical and lifestyle features in addition to ECG-

based features to enable reliable prediction of
cardiovascular risks.
LITERATURE SURVEY

In addition, heart diseases or CVD is still the principal
reason of death globally by the findings of World Health
Organisation (WHO) and is taking millions of lives per year
annually (Figure 1)’. With the growing amount of
healthcare data available from clinical, wearable, and
lifestyle-related platforms, researchers can now examine
complex predictive models for early CVD identification
and prevention. Traditional approaches for risk scoring
models like Framingham Risk Score!” that predicated on
clinical factors such as age, cholesterol level, blood pressure
and status of smoking, however, often suffer from lack of
personalisation and inability to capture evolving
physiologic status. Early diagnosis and prediction are vital
for risk reduction and preventive measures against CVD. It
is studies that several computational models have been
proposed for modelling and prediction of cardiovascular
events from medical data in history.

There are also several works using structured clinical data
such as UCI Heart Disease dataset which consist of among
other properties age, sex, cholesterol level, resting blood
pressure, exercise induced angina and chest pain type's.
Using this dataset to tell beforehand the presence of CVD
has been attempted and accomplished by classical machine
learning methods. For instance, on the Cleveland subset of
the UCI data, Gudadhe et al.!° observed that Support
Vector Machine (SVM) and decision tree-based models

IJDDT, Volume 16 Issue 2, 2026

Page: 8 8



Deep Learning Models Performance Analysis for Cardiovascular Disease Using an ECG Based Dataset.

could achieve high accuracy. These approaches are
restricted by feature engineering and linear or independent
assumptions between variables, and they often only
consider a limited number of features. The advent of large,
easily accessible ECG databases set like PTB-XL* made
deep learning models to directly learn patterns from raw
ECG signals. In ECG waveforms, CNNs and LSTMs are
especially good at identifying temporal and spatial
relationships. Strodthoff et al.>° achieved state-of-the-art
results in multi-label ECG classification on the dataset of
PTB-XL using CNNs. Likewise; Raghunath et al?!
reported that deep learning model can detect subtle signs of
LF from raw ECGs even for asymptomatic patients.

While ECG models’ performance is high, they often omit
contextual information that is important for the CVD risk
prediction at the individual level, e.g., demographics,
comorbidities, life style. Recent work has shown that
adding signal-based data to the clinical features has
improved the generalisation and interpretability of the
models. To improve prediction accuracy of CVD, Zhang et
al.?%, they suggested a multimodal model using neural
network and ECG waveforms and clinical demography
features. This approach is consistent with the real-world
situation, where lifestyle factors (every day smoking,
alcohol consumption), metabolic markers (diabetes, body
mass index) and genetic disorders have a major effect on
CVD risk and are not only determined by the ECG patterns.
Moreover, to classify subjects with HF, Ali et al.?
introduced a hybrid model that was built by integrating
EHR data and variables obtained from ECG. Their results
support the notion that multimodal input performs better
than single-modality models.

Originally developed for use in image classification®,
Vision Transformers (ViTs) have recently been modified for
use with sequential and time-series biological data. By
applying self-attention methods and segmenting input data
into patches (or tokens), ViTs enable the model to capture
long-range dependencies. ViTs have been applied to ECG
signals in cardiac research by considering segments as 1D
patches®*. ViTs show potential performance and robustness,
especially when paired with clinical metadata, even so
research is yet in its infancy stages®>?’.

There is little research combining clinical data, ECG
signals, and lifestyle information into a unified predictive
framework, despite the fact that each modality provides
distinct insights. The majority of earlier models either
concentrate on structured clinical data or ECG waveform
classification. Few researches investigate how deep
learning model performance can be improved by using a
fully hybrid dataset, such one built from PTB-XL ECG
signals and enhanced with clinical and lifestyle variables
from datasets like UCI. The potential of deep multimodal
learning was highlighted by recent research by Lin et al.%,
which showed that deep learning framework trained on 12-
lead ECGs could predict cardiovascular mortality. By
assessing and contrasting the performance of MLP, LSTM,
CNN, and ViT models on a fused dataset intended to capture
the intricacy of actual CVD risk variables; this study seeks
to close that gap.
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RESEARCH METHODOLOGY

In order to assess the effectiveness of many architectures
like-MLP, LSTM, CNN, and ViT for CVD prediction, we
created a hybrid dataset and put a deep learning pipeline
into place. The four primary parts of the methodological
framework are data composition, Pre-processing of data,
Model Selection and architecture, and Evaluation as shown
in Figure 2.

Dataset Composition

By combining complementing data from two publicly
accessible sources namely- PTB-XL ECG dataset?® and the
UCI Heart Disease

dataset!8, 1375 patient records were created in order to
create a hybrid dataset that is indicative of actual
cardiovascular disease with 22 features.

While the UCI dataset contributed crucial demographic and
clinical variables like sex, age, blood pressure, cholesterol
level, and other known CVD predictors, the PTB-XL
dataset offered comprehensive ECG-derived features like
heart rate variability, ST-segment characteristics, and
resting ECG outcomes. In order to harmonise patient
profiles across both datasets, data records were merged
based on similar or common characteristics (e.g., age, sex,
and ST slope). This allowed for the creation of enriched,
multifactorial examples that accurately depict the intricate
aetiology of cardiovascular disorders!* !>, A more thorough
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assessment of deep learning models on diverse inputs from by this fused dataset. The dataset integrates features from
the signal, clinical, and lifestyle domains was made possible  three distinct categories as provided in Tablel.

Table 1: Description of Features

(OF:17:01) Feature Description
jc;n Age of Patient
Gender
e (1 =Male,
A 0 = Female)
&5 Type of Chest Pain (1-4)
an
wn £ Resting Blood Pressure
A @
m 2
E Serum Cholesterol (mg/dl)
O
Clinical Features:
These features are commonly found E Fasting Blood Sugar (>120 mg/dl)
in real-world Electronic Health o
Record (EHR) systems and are -0 .
frequently used in CVD diagnostics é 8 Resting ECG Outcomes
<
= Maximum Heart Rate Achieved
=
~
g, ST depression
i)
'64
— :g)« Slope of ST segment
N »n
Z Heart Rate Variability (ms)
)
E Body Mass Index
an)
g
g » 1 = Smoker,
R 0 = Non-Smoker
g s
[72M7p]
8
3 E‘ 1 = Regular,
< é 0 =None
Q
Lifestyle Aspects < 3 o
Cardiovascular risk is greatly Level
influenced by lifestyle decisions and _ (
behaviours. s 2 1=Sedentary,
'z .2 2= Moderate,
=9 g
A < 3= Active)
" 1= Low,
§ % 2= Medium,
7 4 3=High
=
2
& ‘g Average Hours Per Day
(5]
wnA
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Target Variable
The risk of CVD was represented
by a binary outcome variable

Pre-processing of Data

To guarantee consistent model training dynamics, Using
Min-Max Scaling all numerical features normalized to [0,1]
range. One-hot encoding has been used for categorical data
like sex, smoking status, and physical activity. In order to
replicate clinical data inconsistencies, missing values (if
any) were simulated and imputed using the mode for
categorical features and the median values for numerical
ones. To assess model performance in a controlled and
repeatable way, the complete dataset was portioned into

> 1 = Poor,
.«E; é 2 = Average,
AT 3 =Good
R
8 Blood Oxygen Saturation
o
E‘
8
£ Breaths Per Minute
20
SIS
&
o
2
8 Z\ 1= YGS,
'—ds) 8 0=No
=g
= Heart disease presence
g:n (1=Yes,
& 0 =No)

training (80%), validation (10%), and testing (10%) subsets
at random.

Deep Learning Models Architecture

We used the TensorFlow / Keras and PyTorch frameworks
to implement four cutting-edge DL models namely-MLP,
LSTM, CNN, and ViT in order to assess the predictive
power of various neural architectures for CVD diagnosis.
To guarantee a fair and consistent comparison, the same
dataset used to train each model. Description of every
model is given below in Table2:

Table 2: DL Model & Architectural Framework

Model Architecture

Multilayer The network was made up of:
Perceptron

(MLP)

It is a common
feed-forward
design
appropriate
for tabular
data, served as
the baseline
classifier 3°

make up the hidden layers.

after each dense layer.

Input: 25 neurones make up the input layer, which corresponds to the input
features. Three fully connected dense layers with 128, 64, and 32 neurones each

Activation Function: ReLU (Rectified Linear Unit), activation function
applied for all hidden layers, this activation function adds non-linearity.
Dropout Rate: To reduce overfitting, dropout layers are applied at a rate of 0.3

Output: The output layer consists of a single neurone that produces a binary
classification output (0 or 1) by sigmoid activation.

When temporal correlations are not dominating, the MLP design works well for
learning intricate feature interactions '
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Long Short
Memory
(LSTM)
Long-range
dependencies
in  sequential
data are
intended to be
captured by
LSTM
networks, a
specialised
type of
recurrent
neural
networks
(RNNGs).
Despite being
primarily
static tabular
data, the
dataset can
benefit from
temporal
modelling
because ECG-
derived
metrics like
heart rate

variability and
ST slope show
time-
dependent
behaviour 32
Convolution
Neural
Network
(CNN)

In this case, we
used a 1D CNN
to process
ECG-derived
features and
extract
localised
patterns across
feature

sequences,
while  CNNs
are usually
applied to
picture or
time-series

data. This is

comparable to
filtering ECG
waveforms to
identify signal
segments that

The components of the LSTM architecture were:

Input: The input was moulded into time-series sequences with fixed-length
windows using certain features that were extracted from the ECG.

LSTM Layers: Two 64-unit stacked LSTM layers that can recognise temporal
changes.

Dropout and Recurring Dropout: To enhance generalisation and avoid
overfitting, set at 0.2.

Dense layers: For binary classification, a last dense layer with sigmoid
activation was employed.

In order to replicate how a doctor could interpret ECG patterns over time, this
architecture was created to mimic both short- and long-term temporal
dependencies 3.

The CNN architecture consisted of:

1D Convolutional Layers: ReLU activation, kernel size of 3, and two
convolutional layers with 32 and 64 filters, respectively.

Max Pooling: To minimise feature dimensionality and computation, a pooling
layer of size two was employed.

Dense layers and flattening: Before arriving at the output sigmoid neurone, the
output was flattened and moved through layers that were all fully linked.
Dropout: To prevent overfitting, 0.3 was used.

CNNs were thought to be useful for analysing small feature groupings,

particularly input related to ECGs, and they are particularly good at collecting
local correlations .
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point to
anomalous

cardiac events.
34,35

Vision
Transformer
(ViT)

A more recent
development,
the ViT
architecture
uses
transformer
encoder
mechanism,
which was first
created for
natural
language
processing,
analyse
structured and
visual input 3.

the

to

ViT models
global inter-
feature
connections
without the
need of

recurrence or
convolution, in

contrast to
CNNs or
LSTMs 37
Model
Optimization
Procedure
The Binary
Cross-Entropy
loss- function,
was used to
train all
models.

We used the
Adam
optimiser®® 4
with a 32 batch

size and 0.001
learning rate.

To prevent
overfitting, a
validation-
based
checkpoint
mechanism
and early
halting  with

The architecture of ViT includes:

Patching input: Every patient record (i.e., 25 features) was divided into
embeddings or fixed-size "patches" (e.g., 5 features per patch).

Transformer encoder layers: To develop deep contextual representations,
feed-forward and multi-head self-attention layers were included.

Positional encoding: Used to keep feature embeddings in order.

Output: For binary classification, the final class token embedding was run
through a fully linked layer.

ViT is especially effective in heterogeneous datasets because it provides a non-
sequential, attention-based method that may capture intricate feature
dependencies 8.

N ) o~
L=-1mr2 3 [ylog®) + (1 - y)log (1~ 3]

Where,
y; is the true label and
¥; is the predicted probability for sample i

Grid search was used for hyperparameter tweaking over the following to
guarantee peak performance:

The rate of learning is [0.01, 0.001, 0.0001]

Rates of dropout: [0.2, 0.3, 0.5]

Size of batch: [16, 32, 64]

The number of units or layers varies depending on the model design.
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patience of 10
epochs  were
employed. A
maximum  of
100 epochs
were used to
train each
model.

RESULTS AND EVALUATION

On the hybrid ECG, clinical and lifestyle dataset, the experimental results show that all four DL models MLP, LSTM,
CNN, and ViT performed remarkably well, attaining high accuracy, precision, recall, F1-score, and AUC values ( > 0.94
across all measures), as indicated in Table 3 and Figure 3. This illustrates how well the dataset was designed and how well
multimodal features were integrated for the prediction of CVD.

Table 3: Model Performance Comparison

g 5 =
) 5 Z] = S
T g g g ? S
(>}
> < & 2 = <
MLP 097 096 092 094 099
LSTM 099 097 098 098 | 0.99

CNN 098 094 097 095 | 099

ViT 0.98 1.00 | 0.90 | 0.95 1.00

Model Comparison

- Accuracy
W= Precision
B Recall
. Fl

. AUC

g o =
J £ ~ s

Figure 3: Model Performance Chart

With an F1-score of 0.94 and an accuracy of 97%, the Multilayer Perceptron (MLP) demonstrated its capacity to understand
intricate feature relationships. But compared to other models, its recall (0.92) was marginally poorer, indicating that MLP
might overlook a small number of positive instances (patients at risk for CVD). At 99% accuracy, 0.98 F1-score, and 0.99
AUC, the LSTM network produced the best overall performance. Its high sensitivity in identifying CVD cases is indicated
by its superior recall (0.98), which makes it particularly appropriate for clinical settings where reducing false negatives is
crucial. This is a demonstration of the capability of LSTM for predict sequential dependencies by temporal parameters
derived from ECG, such as heart rate variability. It was shown that the CNN had a good performance in solving the problem
to extracting the local feature patterns from the ECG data and clinical indicators fast, which leads to an accuracy of 98%
and a recall of 0.97. Strong diagnostic sensitivity is ensured by its high recall, while a little inclination towards false
positives is shown by its somewhat poorer precision (0.94) when compared to LSTM. The Vision Transformer (ViT)
recognised actual positive CVD patients flawlessly and without false alarms, demonstrating exceptional precision (1.00).
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Its significantly poorer recall (0.90) suggests that it failed to notice a tiny percentage of positive cases. However, ViT
represent good discriminative capacity across thresholds with an AUC of 1.00, which makes it a viable option for practical
implementation. All things considered, the LSTM model performed the best because it balanced all measures, especially
its high recall and Fl-score. Although they both performed competitively, CNN and ViT displayed minor recall and

precision trade-offs.

The findings demonstrate that deep learning models trained on hybrid datasets that combine clinical, lifestyle, and ECG
variables can outperform conventional machine learning techniques in CVD risk assessment, achieving nearly flawless
predictive accuracy, as documented in earlier research. The superiority of these models is demonstrated when contrasted

with previous research as provided in Table 4.

Table 4: Comparison with Earlier Studies
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CONCLUSION

The results of this investigation are very important from a
clinical standpoint. The prediction models are guaranteed to
reflect the complex character of cardiovascular disease
(CVD) by the integration of clinical, ECG-derived, and
lifestyle factors. Our hybrid dataset reflects real-world
patient records, where cardiologists must simultaneously
take into account biological, behavioural, and lifestyle risk
factors, in contrast to previous research that solely relied on
ECG signals or restricted clinical criteria. Because it may
reduce false negatives, the LSTM model which has 99%
accuracy and 0.98 recall is very useful in a clinical situation.
In actuality, failing to notice a high-risk patient could result
in a potentially fatal incident, such a myocardial infarction
that goes unnoticed. Cardiologists may find that LSTM-
based systems serve as trustworthy early warning tools by
guaranteeing the identification of almost all true positive

CVD cases, which could lead to better outcomes through
prompt therapies.

In contrast, the CNN and MLP models show strong and
understandable performance with balanced F1-scores
(0.94-0.95) and accuracies of 97-98%. These models have
the potential to be more computationally efficient than
LSTM and ViT, which makes them attractive options for
use in wearable technology or mobile health applications
where real-time prediction and resource efficiency are
crucial. Together, these findings imply that clinical decision
support systems (CDSS) in hospitals and telemedicine
platforms may use deep learning models trained on hybrid
datasets. Such systems could assist in prioritising high-risk
individuals for additional diagnostic tests (such as
echocardiography or angiography) and longitudinally
monitoring  lower-risk patients by offering risk
classification of patients.
This study shows that combining clinical data (such as age,
blood pressure, cholesterol, etc.), ECG-derived features
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(such as ST slope, HRV, Thalach, Oldpeak, etc.), and
lifestyle factors (such as smoking, drinking, stress, sleep,
etc.) into a single predictive framework produces better
results than using data from multiple sources. The complex
nature of cardiovascular health is well captured by the
hybrid dataset, which makes the derived models both
accurate and therapeutically meaningful.

The findings support the notion that deep learning
architectures, particularly LSTM and ViT, are capable of
producing extremely accurate predictions for the risk
stratification of CVD. Such models can be integrated into
healthcare systems to facilitate proactive intervention
methods, individualised risk assessment, and early
detection by utilising hybrid datasets. This will ultimately
lower the morbidity and mortality rates linked to
cardiovascular disease.

FUTURE WORK

While the current study demonstrates the potential of hybrid
deep learning models integrating ECG, clinical, and
lifestyle features for accurate cardiovascular disease (CVD)
prediction, there remain several promising directions for
future research and practical enhancement:

Extension to Large-Scale, Multi-Center Datasets: A
hybrid dataset of 1,375 records combined from PTB-XL
and UCI sources was used in this analysis. To evaluate the
generalisability of the suggested models across populations,
ethnic groups, and healthcare systems, future research
should validate them on larger, multi-center, and
demographically diverse datasets. Such validation would
allow domain adaptation for global CVD risk prediction
and assist in identifying biases resulting from sampling,
class imbalance, or regional health disparities.
Interpretable and Explanatory Deep Learning (XAI):
Black-box models, such as LSTM and ViT, can present
interpretability issues in clinical settings despite their high
predictive accuracy. To visualise how features like blood
pressure, HRV, and stress contribute to prediction
outcomes, future research should use Explainable Al
frameworks like Grad-CAM, SHAP (SHapley Additive
exPlanations), or attention heatmaps. In addition to
facilitating model integration into clinical decision support

systems (CDSS), such interpretability can increase
physician trust.
Attention Optimisation and Multimodal Fusion:

Independent deep learning architectures were used in the
current study for comparative analysis. Creating hybrid or
ensemble architectures, like CNN-LSTM, LSTM-
Transformer, or ViT-attention fusion networks, to
collaboratively learn spatial, temporal, and contextual
dependencies would be a logical next step. The
interpretability and resilience of multimodal fusion may be
further improved by sophisticated attention mechanisms
(such as transformer encoders and cross-modal attention)
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