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Abstract. Artificial intelligence (AI) is widely used in healthcare to predict disease. Cardiovascular diseases (CVDs) remain the leading
cause of death worldwide, so early detection is vital for lowering the cost of treatment and improving patient survival. Many classification
techniques have been designed for CVD prediction, but high prediction accuracy is still difficult to achieve. The main goal of this study is
to increase the accuracy of CVD prediction with advanced AI techniques. Because CVD poses a great threat to the global population and
early identification of patients is important, the study examines machine learning (ML) and deep learning (DL) algorithms for predicting
CVD from electronic health records (EHRs). The predictive capability of conventional AI algorithms was estimated and compared on a
large EHR dataset. According to the results, the proposed D-t-SNE method performed better than the ensemble models it was compared
with.
Keywords. Medical data mining; electronic health records; data-driven healthcare; deep learning; gradient boosting; CatBoost; digital
health; personalized healthcare; precision medicine

I. Introduction
Heart disease is one of the major contributors to mortality,
so effective strategies for addressing it are important. Con‐
ventional risk assessment methods have played an important
part in the prevention and management of cardiovascular
disease, but they have drawbacks that limit their effi‐
cacy [1]. One major drawback is their dependence on a few
demographic and primary health factors. Their accuracy is
limited when they are applied to populations with varied ge‐
netic backgrounds, environmental conditions, and health
services. Conventional risk assessment also ignores the fact
that risk changes over time with lifestyle, newly acquired
medical conditions, and environmental conditions [2].

Conventional methods have mainly identified people at
risk from the presence of risk factors, but they do not rec‐
ommend how those factors could be modified or which pre‐
vention strategies suit an individual  [3]. A more thorough,
dynamic, and customized risk assessment that examines
each person's risk profile could improve cardiovascular out‐
comes across populations. Traditional risk estimators follow
a one-size-fits-all strategy and ignore the traits of different
populations, although lifestyle plays a large role in defining
cardiovascular risk  [4]. A hybrid risk assessment tool
should therefore address four areas. Personalization: risk
categories are tailored to individual characteristics and
lifestyle decisions, so that recommendations can be given.
Modifiable factors: individuals can recognize the risk fac‐
tors they are able to change and take control of their health

management. Combined strengths: several estimators are
combined, so a larger number of risk factors is considered
and accuracy improves [5]. Efficiency: the tool is designed
to work efficiently in modern healthcare settings.

II. Related Work
Peng and colleagues  [6] introduced the XGBH method,
which uses the histogram technique to capture the critical
factors and improve prediction performance. Their results
on the Chinese Shangui dataset and a Kaggle dataset
showed a significant improvement in prediction accuracy
when body mass index (BMI) was included.

Pal and colleagues  [7] used a University of California
sample to evaluate the multilayer perceptron (MLP) and k-
nearest neighbors (KNN) techniques. After outliers and
missing values were handled, the MLP gave better predic‐
tion accuracy than KNN. Rezaianzadeh and colleagues [8]
examined the connection between gender-specific death
rates in a southern Iranian city and modifiable cardiovascu‐
lar risk factors such as high blood pressure, diabetes, and al‐
cohol consumption, using log-rank tests and bias-reduced
Cox regression analysis. Vaduganathan and colleagues  [9]
stressed the relevance of modifiable and non-modifiable risk
factors in the development of cardiovascular disease.
Blankenberg and colleagues [10] identified five major mod‐
ifiable risk factors that contribute to the global burden of
cardiovascular disease, and they used Cox regression mod‐
els to estimate ten-year cardiovascular risk from disease
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incidence and mortality. Peng and colleagues [6] also found
that cholesterol level, blood pressure, and age have a large
effect on cardiovascular disease prediction, and that adding
BMI to the XGBH model improved model stability and pre‐
diction accuracy. Zhou and colleagues [11] proposed the P-
CARDIAC model for the Chinese population and stressed
the need to account for medication interactions and popula‐
tion characteristics.

III. Research Methodology
The workflow of the study is shown in Fig. 1. The first step
is to gather large amounts of data that cover lifestyle, ge‐
netic, and environmental factors [12]. The data are then pre‐
processed to make them reliable. Structuring the data allows
meaningful analysis and the identification of cardiovascular
disease trends in different population groups.

Fig. 1. Workflow diagram.

Sophisticated analytical tools are needed to analyze com‐
plex health data and make predictions. Evaluation increases
the accuracy of the predictions and makes them useful for
action. User feedback also improves accuracy, because
it keeps the predictions up to date with current public
health trends [13].

The predictions are tested to check the accuracy of the
predictive tools, and intensive testing is intended to main‐
tain accuracy regardless of the amount of data available.
Adaptive evaluation methods improve the interventions that
follow from the predictions, which benefits the health of
individuals and groups. Effective data collection, evalua‐
tion, reporting, testing, and adaptive evaluation build trust
among individuals and promote healthy behavior [14]. Col‐
laboration among stakeholders in data collection can im‐
prove individual cardiovascular health and, in turn, public
health outcomes.

A. Compared Models
The ML and DL models compared in this study compute
the prediction  as follows. For LightGBM, gradient boost‐
ing, and CatBoost,  is the output of the th of  base
learners for the input , and  is its weight.
LightGBM:

TabNet:

Gradient boosting:

Random forest, with  trees :

CatBoost:

AdaBoost, with classifier weights :

LSTM, where  and  are the input and hidden state at step
,  and  are weight matrices, and  is the bias:

B. Proposed Work
Fig. 2 shows the overall flow of the proposed method, and
Algorithm 1 gives the D-t-SNE procedure. First, the Cleve‐
land dataset is imported, and data cleaning removes super‐
fluous records. To increase the efficacy and reliability of the
classifier, feature extraction and fusion by two deep convo‐
lutional neural network (CNN) models identify a useful set
of features. The dimensionality is then reduced with the
proposed D-t-SNE, which also reduces the data storage
space. D-t-SNE was introduced to improve classifier
performance in heart disease prediction by eliminating
superfluous data.

Algorithm 1. D-t-SNE

Input: dataset , perplexity perp, learn‐
ing rate , number of iterations , and momentum 

Output: low-dimensional dataset 

1: Compute the high-dimensional similarities with perplexity perp

2: Build the matrix  of high-dimensional similarities
3: Initialize  from 

4: for  to  do
5: Compute the low-dimensional similarities

6: Build the matrix 
7: Estimate the gradient 

8: Set 

9: end for
10: Output the low-dimensional dataset 

A hyperparameter-tuned MLP (H-MLP) is then used for
classification. Neural networks such as MLPs, recurrent
neural networks (RNNs), and CNNs are widely used for this
task. Hyperparameters govern how the model parameters
are learned, so different hyperparameter values produce dif‐
ferent model parameters for the same data. Hyperparameter
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tuning identifies the best set of hyperparameter values and
applies the algorithm with them, which reduces computa‐
tion time and helps in visualizing the data. The H-MLP

classifies each record by the presence or absence of the dis‐
ease. Finally, the trained model makes the predictions, and a
performance analysis measures the efficiency of the system.

Fig. 2. Proposed method.

IV. Results and Discussion
This study proposes a CVD prediction system intended to
improve healthcare management and patient outcomes. Data
from a heterogeneous population are collected, and varied
health information forms a large database for analysis. The
database includes many cardiovascular risk factors, such as
demographic, lifestyle, and clinical information, which are
used to detect patterns of cardiovascular risk and predict the
disease.

Data preprocessing was important for detecting and cate‐
gorizing the major risk indicators and for lowering the like‐
lihood of incorrect predictions. The process also includes
approaches for continuous evaluation, which make it sensi‐
tive and adaptable to new information. The proposed model
was designed to keep its prediction accuracy over time
when it deals with large amounts of dynamic, changing
healthcare data. Tests showed the efficacy of the method
under different data conditions, which is valuable in real-
time healthcare applications where data quality, data avail‐
ability, and patient information can change quickly.

Different ML and DL methods were applied to identify
the disease, and their performance was compared (Fig. 3).
LightGBM, a fast gradient boosting framework for large
volumes of data, achieved 85.4% accuracy. TabNet, which
uses attention to extract the significant features from tabular
data, achieved 84.2%. Gradient boosting, which trains se‐
quential weak learners on past errors, achieved 83.6%. Ran‐
dom forest, which combines many decision trees to improve
stability and reduce overfitting, achieved 82.9%. CatBoost,

which handles categorical features with minimal prepara‐
tion, achieved 86.1%. AdaBoost, which combines weak
classifiers and focuses on misclassified instances, achieved
81.7%. The long short-term memory (LSTM) network, a re‐
current neural network for sequence prediction, achieved
88.3%. D-t-SNE performed better than all the other models,
with 96.68% accuracy, 96.79% sensitivity, 96.51% speci‐
ficity, 97.27% precision, 96.89% F1 score, and 93.24%
Matthews correlation coefficient (MCC).

Fig. 3. Accuracy (%) of the compared models.

V. Conclusion
Identifying cardiovascular disease is a major problem in
healthcare, and predicting heart disease accurately is diffi‐
cult. This paper applied several ML techniques to the pre‐
diction of cardiac disease. Large volumes of data are hard
for such models to handle, so a stacked ensemble method
was proposed that improves performance without requiring



Conf. Proc. Sci. Manag., vol. 1, no. 2, 2026 Clinical Decision Support for Cardiovascular Disease Prediction

4

a high-dimensional dataset. Heart disease can be predicted
accurately with a DL model, which can help doctors treat
patients. The proposed system reached an accuracy of
96.68% and performed better than the traditional ap‐
proaches, allowing early detection and intervention through
varied data types and analysis. The approach shows how
collaboration can help reduce CVD cases. Future work will
extend the system with the Internet of Things (IoT).
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