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This study presents a new hybrid deep learning framework that predicts the risk of cardiovascular disease
(CVD) by combining different techniques into one system. The methods used in the study are Long Short-
Term Memory (LSTM) autoencoders for temporal representation learning, hybrid feature fusion, stacked
ensemble learning, and uncertainty estimation via Bayesian methods. The proposed framework is to be
used for the early CVD risk stratification in order to achieve better predictive performance, clinical
acceptability and interpretability. The data source was the famous Framingham Heart Study dataset with
4,240 records and 16 clinical variables. The preprocessing steps performed were Hampel filtering for
outlier removal, mean imputation for missing value treatment and Min-Max normalization. In addition, the
use of Principal Component Analysis (PCA) facilitated the retention of the most important components
which explain the highest variance. In order to create a risk evolution scenario, a synthetic temporal
sequence was produced and then passed through the LSTM autoencoder, resulting in 32-dimensional latent

features. The temporal embeddings were concatenated with the PCA components to create a 41-

dimensional hybrid feature space. The problem of class imbalance was solved through the use of a Synthetic
Minority Over-Sampling Technique (SMOTE). A stacked ensemble classifier was composed of eXtreme
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Categorical Boosting
(CatBoost), and Gradient Boosting as base learners, and a Multilayer Perceptron (MLP) was trained as a
meta-learner. For uncertainty quantification, a separate Bayesian MLP model using Monte Carlo Dropout
was created. The stacked model performed with 96.06% accuracy, 97.67% recall, and 99.31% Area Under
the Curve - Receiver Operating Characteristic, thus surpassing single classifiers. Bayesian analysis
produced a mean predictive uncertainty of 0.087. Stratified risk assessment disclosed clinically relevant
clusters with a high degree of correspondence between the predicted and actual CVD incidence. This
interpretable concurrent AI model provides accurate CVD risk prediction that is suitable for daily clinical
and wearable monitoring use.

Povzetek: Studija predstavi hibridni globoko-uceci model (LSTM avtokodirnik, zdruzevanje znacilk in
ansambelsko ucenje), ki z visoko natancnostjo napoveduje tveganje za srcno-zilne bolezni ter omogoca
tudi oceno negotovosti napovedi za klinicno uporabo.
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1 Introduction

Cardiovascular diseases (CVDs) have been the main cause
of death in the world and are responsible for close to 32%
of all global deaths, which is about 17.9 million every
year, according to different sources [1], [2], [3]. CVDs are
the primary cause of death for over 43% of the total
population in every economic category: high-, middle-,
and low-income countries. This situation is confirmed by
the Global Burden of Disease Study [4], [5]. The
economic burden is also enormous, with an estimated

USD 3.7 trillion lost in the period from 2010 to 2015 [6],
[7]. In LMICs, these issues are aggravated by lack of
proper diagnostic facilities, leading to delayed diagnosis,
under diagnosis, and consequently mortality-to-incidence
ratios being higher [8], [9]. Future figures show that CVD
deaths will increase to 23.6 million in 2030, therefore the
need for scalable, interpretable and data-driven
approaches for early risk identification and stratification is
inevitable [10].
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Risk score calculators and other such traditional screening
methods used to be the only, although non-negligible,
components of CVD care but these instruments have
always suffered from limited usability owing to their
linear assumptions and static variables usage [11], [12].
Moreover, models like these are not very helpful in
pointing out the transition in risk over the time period.
Recently, machine learning (ML) and artificial
intelligence (AI) have been the powerful substitutes for
medical diagnosis and risk forecasting, which so far and a
little more than that, are capable of depicting nonlinear,
complex interactions between the heterogenic clinical
variables, namely, age, cholesterol, hypertension,
smoking, and diabetes, with great potential [13], [14],
[15]. In this regard, ensemble learning methods,
particularly stacking architectures which combine many
weak learners, have demonstrated- when compared to
individual models- better predictive accuracy and
generalization [16], [17], [18], [19].

Despite these advancements, there are still a number of
significant obstacles that need to be overcome. The vast
majority of the current frameworks treat the data of the
patients as static snapshots which ignore the changes over
time that could uncover slight shifts in risk [20], [21], [22].
Moreover, black-box models are so obscure that their
choices cannot be easily understood or trusted in the
medical setting [23]. Another major shortcoming is the
lack of predictive uncertainty estimation which is the very
thing that doctors require in order to determine the level
of confidence of Al-based decisions, especially when the
cases are not clear or are at the border [24], [25].

Several studies have investigated Mixture of Experts
(MoE) models for healthcare prediction tasks, but these
models need explicit gating mechanisms to direct inputs
toward particular specialized experts, which results in
increased architectural complexity and increased
sensitivity to expert assignment. The proposed framework
uses a stacked ensemble strategy that allows all base
learners to participate in final prediction, while a learned
meta-model performs stable integration of different
classifiers without routing through experts. The current
study combines temporal representation learning with
LSTM autoencoders and Bayesian uncertainty estimation,
which enables researchers to develop complete risk
models that exhibit better robustness and interpretability
and clinical reliability than existing MoE approaches.

In order to overcome the limitations, a new cardiovascular
risk prediction framework incorporating three major
innovations is proposed in this study: (1) temporal feature
learning through a Long Short-Term Memory (LSTM)
autoencoder for the extraction of dynamic risk trends from
the simulated sequential snapshots; (2) stacked ensemble
learning that integrates five diverse classifiers—XGBoost,
LightGBM, CatBoost, Gradient Boosting, and
AdaBoost—with a Multilayer Perceptron as the meta-
learner; and (3) Bayesian uncertainty quantification via a
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Monte Carlo Dropout-enabled neural network that offers
the prediction intervals for each output.

The model is trained and tested on the Framingham Heart
Study database, which is a commonly employed cohort
study for the development of cardiovascular risk models.
It includes Hampel filtration for the removal of outliers,
imputation with mean values for missing values, Min-Max
normalization, PCA for reducing dimensions, and
SMOTE for balancing classes. Accuracy, recall, precision,
Fl-score, and AUC-ROC are employed as common
metrics for measuring performance. Furthermore, the
model's estimate of uncertainty and risk stratification are
accounted for clinical interpretability.

By closing the gap between temporal representation,
ensemble classification, and uncertainty estimation, this
study provides an explainable Al-based approach for
screening CVD risk at an early time point. The model is
enabled to support clinicians to accurately and confidently
discriminate patients with high risk, and accordingly,
adopt more effective prevention strategies within high-
resource and resource-scarce healthcare environments.

2 Review of literature

Accurate forecasting of the risk of heart disease is
necessary for intervening at an early point and cutting
down deaths [26]. Early discovery allows timely
intervening and long-term observation, overcoming the
challenge of having no long-term observation by medical
specialists. Diagnosis of heart disease is commonly
performed by observation of signs and a medical check-
up. There are numerous factors that lead to one becoming
susceptible to contracting CVDs, including smoking,
aging, family history, high cholesterol, physical
inactiveness, high blood pressure, overweight, diabetes,
and stress [27]. Some may be reduced by simply
implementing a change of life style such as quitting
smoking, reducing body mass, being active, and
maintaining control over one's level of stress. Diagnosis
includes analysis of medical history, taking a medical
check-up, and wuse of imaging procedures like
electrocardiograms (ECGs), echocardiograms, cardiac
MRIs, and blood testing. Medical interventions for heart
disease include life style modifications, drugs, medical
interventions such as angioplasty and coronary artery
bypass, and implanted medical devices such as
pacemakers and defibrillators [28]. With increased
availability of information about patients in modern
medical care, prediction models for heart disease can now
be developed. Machine learning is an efficient method for
filtering through a lot of information and analyzing
datasets in many dimensions, converting information into
actionable information [29], [30].

Machine learning (ML) and deep learning (DL) have
transformed cardiovascular disease (CVD) risk studies
through the use of complex algorithms to detect
sophisticated patterns in big datasets that can escape
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traditional methodologies [3], [31]. The methods
mentioned here are aimed at revealing the hidden
relationships in clinical data which include both the
structured and unstructured parts of electronic health
records (EHRs) [32]. Then, deep learning goes one step
further with the Neural Network that imitate human
reasoning in trying to draw representations from the data,
and thus, offer a more accurate CVD patient risk
classification. ML and DL have been the major players in
personalized CVD risk prediction and care despite model
interpretability and overfitting issues [33].

Over the years, machine learning (ML) has gained
popularity in the field of cardiology, especially in
underprivileged areas, where the main purpose is to
ameliorate patient outcomes. The algorithms are
instrumental in detecting people who are most likely to
suffer from heart failure, which is one of the most
significant causes of death worldwide. In his research
Nagavallika (2022) proposed a hybrid model that
integrates random forest with linear modeling (HRFLM)
and records an accuracy of 88.7% in heart disease
prediction [34]. Along the same lines, Dimopoulos and his
colleagues (2018) tested K-Nearest Neighbor, Random
Forest, and Decision Tree models on the ATTICA dataset
and reported that Random Forest was superior to
HellenicSCORE, especially when tackling small datasets
[35]. More research has demonstrated the applicability of
different ML techniques. Professor Madhavi Tota et al.
(2022) in their experiments with SVM, KNN, RF, J.48,
and MLP models pointed out that imbalance in the
datasets would not only reduce predictive accuracy but
also make the models perform poorly, hence, one of the
things they did was to balance the datasets [36]. Jin et al.
(2018) proposed a two-layered neural network structure
for the purpose of eHRs analysis that made use of word
vectors and one-hot-coding as the temporal footprint of
lifestyle changes [37]. Kotia et al. (2023) delved into the
prediction of heart disease by means of ML and Python,
taking a dataset of 70,000 records for analysis, and
concluded that the amalgamation of Naive Bayes and K-
means clustering yielded greater accuracy than that of
decision trees [38].

Bhatt et al. (2023) Introducing a k-modes clustering model
with GridSearchCV customization along with 87.28%
accuracy through a multilayer perceptron [39]. On the
other hand, Shah et al. (2020) conducted a comparison of
several models on a dataset of 303 samples and 17
features, and KNN was the one that produced the greatest
accuracy of 90.8% [40]. The decision tree algorithm
combined with boosting performed really well, getting an
AUC of 0.88 [41]. In addition, Pires et al. (2020) utilized
various ML techniques and reached 87.69% as their best
accuracy for heart disease prediction [42]. Yuda Syahidin
et al. (2022) presented a deep model based on artificial
neural networks and realized 90% accuracy [43]. Wang et
al. (2023) indicated that the use of center loss in neural
networks enabled the better prediction of heart disease by
distinguishing features [44]. Hybrid ML methods have
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also been a great success. Azevedo et al. (2024) claim that
the performance advantages of using multiple algorithms
have been proven by both empirical and theoretical studies
[45]. The authors reported that their method was more
effective when SVM was paired with Naive Bayes [46].
The model of Rajendran and Vincent (2021), who
combined several ML techniques working together to
provide improved accuracy, is a typical case of ensemble
models often surpassing their individual algorithm
counterparts [47]. Mohapatra et al. (2023) built a stacked
classifier comprising ten different algorithms at base and
meta-levels, giving a remarkable accuracy of 92% with
very high precision, sensitivity, and specificity, thus
demonstrating once again the power of combining
heterogeneous ML models into one superior predictor
[18]. As summarized in Table 1, existing studies primarily
rely on static feature representations and deterministic
predictions, with limited integration of temporal learning,
ensemble stacking, and uncertainty quantification, thereby
motivating the proposed hybrid framework.

Table 1: Comparative summary of state-of-the-art
cardiovascular disease prediction models
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base learners (Gradient Boosting, XGBoost, LightGBM,
CatBoost, and AdaBoost) along with an MLP meta-
learner) and a separate Bayesian MLP with Monte Carlo
dropout for the purpose of uncertainty quantification. The
end output consists of prediction scores, classification
metrics, and risk stratification with confidence intervals.

The intended outcomes of this research are to develop an
accurate cardiovascular disease risk prediction model, to
evaluate its performance against individual machine
learning classifiers, and to provide uncertainty-aware risk
estimates that support clinically interpretable risk
stratification. The framework aims to enhance early
detection of high-risk individuals while improving
decision reliability through probabilistic confidence
estimation.

Table 2: Description of the framingham heart disease
dataset used in the study

3 Materials and methods

3.1 Study design and data source

The study employs a publicly available dataset known as
the Framingham Heart Disease Dataset, encompassing
health indicators for a 10-year period regarding the
likelihood of developing cardiovascular disease (CVD).
This dataset comprises 4,240 samples and 15 attributes,
which are demographic, clinical, and behavioral, in
addition to a binary outcome variable revealing whether or
not cardiovascular disease is present. The class
distribution consists of 15.19% CHD-positive and 84.81%
CHD-negative samples. The detailed description of all
demographic, behavioral, clinical, and outcome variables
used in this study is provided in Table 2, along with their
corresponding data types. The Figure 1 illustrates the
complete process from data preprocessing to Hampel
filtering, normalization, and PCA for feature reduction.
Meanwhile, an LSTM autoencoder is learning temporal
embeddings. The PCA and LSTM representation
combined feature set is balanced using the synthetic
minority oversampling technique (SMOTE). This data is
then used to train a stacked ensemble model comprising

Category Feature Description Type
Name
Demographic age Age of the Continuous
patient (years)
sex Gender of the Binary
patient (1 =
male, 0 =
female)
Behavioral Current Whether the Binary
Smoker patient is a
current
smoker (1 =
yes, 0 = no)
cigsPerDa Average Continuous
y number of
cigarettes
smoked per
day
Medical BPMeds Whether the Binary
History patient is on
blood pressure
medication (1
=yes, 0 = no)
Prevalent History of Binary
Stroke stroke (1 =
yes, 0 = no)
Prevalent Presence of Binary
Hyp hypertension
(1=yes, 0=
no)
diabetes Presence of Binary
diabetes (1 =
yes, 0 = no)
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Total Continuous
cholesterol

level (mg/dL)

Clinical totChol

Measurements

sysBP Systolic blood | Continuous
pressure

(mmHg)

diaBP Diastolic Continuous
blood pressure

(mmHg)

BMI Body Mass Continuous

Index (kg/m?)

heartRate | Resting heart | Continuous
rate (beats per

minute)

glucose Blood glucose | Continuous

level (mg/dL)

Target TenYearC
Variable HD

10-year risk of
coronary heart
disease (1 =
event, 0 = no
event)

Binary

Dataset Collection ] l

Framingham Heart Study Dataset
Longitudinal data with demographic,
lifestyle, and clinical features.
Target: 10-year CVD risk prediction

Hybrid Feature Fusion
and Balanced Training Set
Generation

Concatenation of 32-D LSTM
embeddings and 9 principal
components

SMOTE applied to balance class y

v
Data Preprocessing

Mean Imputation for missing values

Hampel filter to remove outliers L B

Min-max Normalization Stacked Ensemble Learning

XGBoost, LightGBM, CatBoost,
Gradient Boosting, AdaBoost
MLP meta-learner

Reduces high-dimensional static l

features

Retains most significant variance
components

p— X -
[ Dimensionality Reduction (PCA) |

Bayesian MLP with
Monte Carlo Dropout

¥ Uncertainty quantification
Temporal Representation Learning through stochastic inference
LSTM Autoencoder l

= Extracts sequential patterns from
health records

« Compresses temporal features into
32-dimensional embeddings

Evaluation Metrics

Accuracy, precision, recall,
F1-score, ROC-AUC

A

Figure 1: Structured workflow of the proposed
cardiovascular risk prediction framework

3.2 Data preprocessing

3.2.1  Missing data imputation

The missing entries over the attributes like BMI,
cigsPerDay, totChol, BPMeds, and glucose initially
ventilated the dataset up to the count of 645, with the
highest percentage of missing data glucose being 9.15%.
Mean imputation was used to enhance data quality by

Informatica 50 (2026) 143-160 147

replacing the missing values with the average of the
corresponding attribute and this was done with the
intention of not losing data for analysis.

3.2.2  Owutlier detection and management

The study systematically used outlier detection and noise
reduction techniques with the Hampel filter, a
sophisticated method that is based on the Median Absolute
Deviation (MAD). This is a technique that can pick up
anomalies in a very diverse way through the use of non-
normally distributed data. The Hampel filter works on the
sliding window basis; hence, the value of each target point
is decided by its symmetric surrounding points. In this
window, the median and the MAD are computed. The
points that have a difference of more than three times the
MAD from the median are classified as outliers, therefore
imposing strict upper and lower limits for the normal
variations. After that, in a bid to maintain the uniformity
of the data and to lessen the impact of the outliers, the
identified outliers are replaced with the nearest boundary
value.

3.2.3  Feature scaling

The Min-Max scaling approach was used to normalize all
continuous features so that they fell within a standard
range of 0 to 1. This particular form of preprocessing is
very important as it helps to keep the model's numerical
stability and prevent the features with the largest
magnitudes from overpowering the learning process of the
model. Min-Max scaling not only places all input
variables on the same scale but also improves the
convergence efficiency of gradient-based optimizers, thus
leading to a reduction in training time and a more
generalized model. It also lowers the likelihood of
numerical instability occurring, especially in the case of
deep learning models and ensemble algorithms, where
differing feature scales can have a negative impact on
weight updates and decision boundaries.

3.2.4  Feature selection

In order to enhance interpretability and minimize data
dimensionality, PCA selected nine principal components
that accounted for more than 95% of the variance of the
dataset. The first principal component (PC1) is mainly
determined by smoking behavior, with the current
smoking status and cigarettes per day being the principal
contributors, while age, hypertension, cholesterol, blood
pressure, BMI, heart rate, and glucose are having less
impact. Hypertension and blood pressure are the main
factors of the second component (PC2), where prevalent
hypertension, systolic, and diastolic blood pressure are the
dominant aspects, with age, smoking, cholesterol, BMI,
and glucose providing minor contributions. Aging is the
main factor for the third component (PC3), while
cholesterol and blood pressure are influencing it as well
but to a lesser extent. The fourth and fifth components are
responsible for the variations in blood pressure, heart rate,
and BMI which suggests possible connections between
them in terms of cardiovascular function. PCs 6 and 7
depict the smoking-cholesterol relationship in an inverse
manner which suggests that there are different lipid
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metabolism patterns in smokers as compared to non-
smokers. PC8 is closely related to BMI and blood
pressure, while PC9 is mainly associated with glucose
levels, thus characterizing it as a significant metabolic
health indicator. By means of these principal components,
intricate health interactions are simplified to a great extent,
thus leading to better prediction of cardiovascular risks
and more interpretability of the model.

3.2.5  Temporal feature representation using LSTM
autoencoders

In order to predict and analyze the future trends of
cardiovascular risk and the clinical patterns over time, a
Long Short-Term Memory (LSTM) autoencoder was
utilized. By duplicating the scaled feature vector at a five-
time step interval for each patient, an artificial temporal
dimension was created, thus mimicking longitudinal
changes. The autoencoder configuration which had the
LSTM encoder of 32 units was the one that coiled the
sequence into a latent vector. We then had a RepeatVector
and an LSTM decoder that was similar to the encoder for
producing the original sequence.

The model was trained using an Adam optimizer for 30
epochs with a learning rate of 0.001. The reconstruction
loss was computed as mean squared error (MSE). The
encoder output, which is the 32-feature embedding,
captured temporal dependencies as well as latent
interactions amongst features. Afterwards, these
embeddings were integrated with PCA features to produce
a combined representation. In this manner, it contributed
to the opening up of the feature space with time-varying
risk profiles, thus increasing the predictive richness and
patient-specific modeling.

The Framingham dataset does not provide authentic
longitudinal patient data which can be used to track
individual patient progress through time. The method of
using static feature vectors to depict multiple time points
failed to achieve its goal of demonstrating actual disease
development across different time periods. The LSTM
autoencoder uses this method as a representation learning
tool which enables the system to detect hidden features
and stability patterns of the data throughout time. The
autoencoder uses replicated sequences as its structural
input format which does not represent actual time-based
movement. The approach improves feature expressiveness
when longitudinal data is missing but the resulting
embeddings should be seen as enhanced representations
which do not show actual time-based risk development.
The validation process needs authentic longitudinal
clinical data which will become vital for upcoming
research work.

The creation of synthetic temporal sequences required the
duplication of each patient's static feature vector which
had been normalized across five-time intervals to create a
sequence with fixed dimensions of 5 x F, where F
represents the total number of input features. The study-
maintained feature stability through time by utilizing
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identical replicated vectors throughout all time steps
without introducing any temporal noise. The synthetic
sequencing approach was used exclusively to support
sequence learning in the LSTM autoencoder system while
it does not reflect actual patient development over time.
The same sequence length and replication procedure were
applied uniformly to all samples to ensure methodological
consistency and replicability.

3.2.6 Hpybrid feature fusion and balanced training
set generation

Following a period of learning to understand the different
dimensions of the data, the embeddings created by the
LSTM autoencoder in a 32-dimensional space were
combined with the nine principal components derived
from PCA to create a new feature space of 41 dimensions.
This combination was highly efficient to represent both
temporal dependencies and structural variations, thus
giving a more detailed picture of the factors involved in
cardiovascular risk. The dataset was significantly
imbalanced with only 15.19% of cases indicating
individuals at positive risk for cardiovascular disease,
therefore the Synthetic Minority Over-Sampling
Technique (SMOTE) was applied to the fused feature sub-
set. SMOTE produced synthetic data points for the
minority class, thereby creating a balanced training set.
This step of balancing was very important to reduce bias
during the model training, so that both the stacked
ensemble and the Bayesian neural networks could capture
the discriminative patterns across the majority and
minority risk profiles.

The assessment process required controlled test conditions
to achieve unbiased results which used Synthetic Minority
Over-Sampling Technique. SMOTE was applied for class
balancing purposes which used only training data after the
dataset had been divided into training and testing parts.
The original test set maintained its imbalanced condition
because the model training process used it without adding
synthetic samples. The method maintains performance
evaluation accuracy while preventing optimistic bias that
occurs when researchers balance datasets before they
separate their data into training and testing groups.

3.3 Model development

The stacked ensemble model integrates XGBoost,
LightGBM, CatBoost, Gradient Boosting, and AdaBoost
as base learners. A deterministic Multilayer Perceptron
(MLP) serves as the meta-learner, aggregating predictions
from the base models to produce the final classification.
Separately, an independent Bayesian MLP with Monte
Carlo (MC) Dropout was employed for uncertainty
estimation. While both use MLP architectures, the meta-
learner is used purely for prediction, whereas the Bayesian
MLP was designed to quantify predictive confidence by
performing stochastic inference at test time.

3.3.1  Base models
The distinct and diverse machine learning models that
form the base learners of the ensemble are intended to
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learn different aspects of the dataset and add to predictive
accuracy. In contrast, AdaBoost Classifier would improve
weak learners through dynamic weighting of misclassified
instances for overall model stability, with the LightGBM
Classifier being fast and scalable for handling high-
dimensional data. The mechanism of prediction in the case
of an XGBoost Classifier is optimized to the efficient
processing of high datasets by even missing values.
Compared to, the Gradient Boosting Classifier improves
its prediction performance through the sequential
construction of several weak models. CatBoost Classifier
is also effective in managing categorical variables without
overfitting thus ensuring model stability. All base models
are independently trained by the ensemble so as to exploit
the various patterns of learning, whose prediction serves
as input for the meta-model to yield a more generalized
and accurate final prediction.

3.3.2  Meta-model

In the stacked ensemble architecture, Multilayer
Perceptron acts as the meta-model that aggregates the
predictions of the base models so that the classification
and accuracy are improved. The MLP architecture
consists of two hidden layers with 50 and 25 neurons,
using the logistic activation function for binary
classification. The backpropagation approach was
combined with the Rprop+ optimization algorithm to train
the model for fast convergence and effective weight
updates. The MLP was trained for 500 iterations to give
an effective learning on the best combination of base
model outputs. The meta-learner acts as a decision layer
that combines and refines predictions of heterogeneous
base models and further enhances predictive performance.
To assure the validity and generalizability of the stacked
ensemble, five-fold cross-validation tests and repeatedly
divide the dataset into distinct training and validation sets.
The study uses 70% of the collected data for training
purposes while testing with an independent set which
helps maintain unbiased evaluation of the model. The final
model achieves two goals which include preventing
overfitting and maintaining consistent performance across
different data sets. The stacked ensemble architecture
combines multiple machine-learning models to create a
system which delivers better prediction results and
increased system reliability, making it an effective method
for assessing cardiovascular disease risk.

All models in the proposed framework were initialized
using standard baseline configurations recommended by
their respective implementations to ensure reproducibility
and consistency across experiments. For the tree-based
ensemble classifiers (XGBoost, LightGBM, CatBoost,
Gradient Boosting, and AdaBoost), a limited grid-based
tuning strategy was applied to key hyperparameters such
as the number of estimators, learning rate, and tree depth,
while the remaining parameters were retained at their
default settings. The stacked ensemble meta-learner
employed a Multilayer Perceptron with two hidden layers
consisting of 50 and 25 neurons, respectively, logistic
activation, and the Rprop+ optimization algorithm, trained
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for 500 iterations. The Bayesian Multilayer Perceptron
utilized fixed architectural settings with two hidden layers
(64 and 32 neurons), a dropout rate of 0.5, binary cross-
entropy loss, and the Adam optimizer. Extensive
hyperparameter optimization was intentionally avoided
for the Bayesian model to maintain stable probabilistic
calibration and reliable uncertainty estimation.

3.4 Bayesian Inference via Monte Carlo Dropout

In order to provide deterministic classification with the
help of probabilistic insight, a Bayesian neural network
was utilized that was a multilayer perceptron (MLP) with
Monte Carlo Dropout. The architecture of the multilayer
perceptron included two hidden neurons layers with 64
and 32 neurons respectively, each followed by a 50%
dropout rate, and finished with a sigmoid-activated output
neuron for binary classification.

The model was trained for 50 epochs with binary cross-
entropy loss. The dropout was kept active during
inference, and 100 stochastic forward passes were done
for each input to draw a sample from the posterior
predictive distribution. The mean value obtained was
taken as the risk prediction and the standard deviation was
used to show the epistemic uncertainty. This dual output
made the condition support system uncertainty-aware,
which was most useful in borderline cases.

The Bayesian Multilayer Perceptron (MLP) was
implemented as a model separate from the stacked
ensemble meta-learner by design. The meta-learner was
optimized deterministically to aggregate heterogeneous
base classifiers and maximize predictive performance,
whereas the Bayesian MLP was introduced specifically to
estimate predictive uncertainty through Monte Carlo
Dropout. The implementation of Bayesian inference
within the meta-learner system will lead to increased
architectural complexity and higher computational
requirements together with unstable convergence behavior
when the system needs to process multiple output streams
from different models. The proposed system achieves
accurate classification results because it separates
prediction optimization from uncertainty measurement yet
also delivers trustworthy clinical confidence assessments.

3.5 Evaluation metrics

Performance indicators such as accuracy, precision, recall,
F1-score, and ROC-AUC score are the main criteria for
evaluating the models' performance. These metrics
provide an insight into the capability of the model to
distinguish a person with a risk of developing
cardiovascular disease from a healthy one. The
performance is separately evaluated with each base learner
and also compared with the stacked ensemble model, thus
determining the increase in accuracy due to stacking.
From the data, it can be concluded that the stacked
ensemble has always been better than the single learner-
based model, which in turn justifies combining various
learning methods into one. Furthermore, the uncertainty of
the Bayesian model's predictions was estimated through
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the standard deviation of probabilistic predictions. The
analysis used two different methods which enabled
clinical practice to achieve reliable and accurate risk
predictions. The model evaluation included multiple
performance metrics which included accuracy and
precision and recall together with F1-score and ROC-
AUC and the assessment of specific test results through
negative predictive value. The clinical screening process
requires these metrics because it needs to reduce false
negative results while effectively identifying people who
have low risk of disease.

4 Results

4.1 Effectiveness of temporal embeddings

In order to achieve the desired effect, an LSTM
autoencoder was introduced to the static clinical features.
Every one of the patient cases was represented in five
different timeframes to demonstrate the gradual change of
health status. After training, the encoder created a
compressed 32-dimensional latent representation for each
instance. This low-dimensional representation was able to
signal the dynamic risk factors, for instance, the subtle
combination of age, blood pressure, glucose, and BMI.
The model employed the Adam optimizer and converged
within 30 epochs, reducing reconstruction loss (MSE) to
below 0.01. The qualitative examination of the encoded
sequences indicated that the latent spaces of the high-risk
and low-risk classes were distinct and separated, which
might have been the result of the successful temporal
pattern encoding related to cardiovascular risk prediction.

4.2 Impact of feature fusion and class

balancing

After the LSTM-based temporal embedding, a 32-
dimensional dynamic representation of each patient was
combined with nine principal components derived through
PCA from the original features. This produced a Unified
feature vector of 41 dimensions incorporating both static
and dynamic characteristics. The Synthetic Minority
Over-Sampling Technique (SMOTE) was used after
fusion to address the data set's intrinsic class imbalance,
where only 15.19% were in the positive CVD risk class.
This resulted in an even distribution of classes and thus
facilitated the learning of both ensemble classifiers and
neural networks, particularly in marking the boundaries of
the minority class.

4.3 Performance of Base and Stacked Ensemble Models

The individual performance of the base models is depicted
in Table 3, and their pros and cons in dealing with class
imbalance are pointed out. XGBoost obtained the highest
accuracy (94.41%) along with a precision of 91.69% and
a recall of 97.67%, while CatBoost was the one with the
highest recall (98.39%) and precision (91.89%) among
them, leading to an F1-score of 95.03%. LightGBM was
quietly performing with 93.29% accuracy and an F1-score
of 93.57%. Nevertheless, even all the base models with
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their strengths could not effectively manage precision and
recall for the minority class, which pointed out the
necessity for a more powerful approach.

Table 3: Performance metrics of individual machine
learning classifiers.

.. F1- ROC
Model Accurac 1lzrec1s1o {{ecal Scor | -
y e AUC
94.5
XGBoost | 94.41 91.69 97.67 9 99.07
LightGB | 93 59 89.73 97.75 | 233 | 98.64
M 7
95.0
CatBoost | 94.85 91.89 98.39 3 99.18
Gradient 837
Boosting 82.11 76.64 92.36 ’ 90.57
. 7
Machine
74.0
AdaBoost | 71.89 68.76 80.21 4 78.39
MLP
without 85.7
using 85.50 83.12 88.45 1 ’ 78.5
Base
Learners

The stacked ensemble model, which combined the
predictions of all base models with a Multilayer
Perceptron (MLP) as the meta-model, achieved better
results than the individual base models in all evaluation
metrics. The stacked model, as seen in Table 4, got an
accuracy of 96.06%, a precision of 94.62%, a recall of
97.67%, and an Fl-score of 96.12%, with the highest
AUC-ROC of 99.31, thus indicating great discrimination
between positive and negative classes. The high recall
guarantees that the identification of critical positive cases
of cardiovascular disease (CVD) risk was done accurately,
thereby reducing false negatives. In addition to the
reported metrics, the proposed stacked ensemble model
achieved a specificity of 97.6% and a negative predictive
value (NPV) of 98.2%, indicating a strong capability to
correctly identify low-risk individuals and reliably
exclude non-CVD cases, which is particularly important
for clinical screening applications. The confusion matrix
for the stacked model, which is shown in Figure 2, clearly
indicates its superior predictive performance. The model
demonstrates its ability to correctly identify both training
sets. The model correctly classified 1,214 true positive
cases and 1,175 true negative cases, with only 29 false
negatives and 69 false positives. The results show the
model's ability to classify cases correctly especially for
dangerous situations because it successfully reduced
incorrect identifications while maintaining accurate
identification of non-high-risk cases. The situation
becomes particularly important in clinical screening
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because missing actual cardiovascular risk cases leads to
severe outcomes.

Table 4: Evaluation metrics of the stacked ensemble
model for cardiovascular disease prediction

. FI- | ROC-
Model Accuracy | Precision | Recall Score | AUC
Stacked 1 g6 94.62 97.67 | 96.12 | 99.31
Model

True Label

1200
- 1000
o 69
- BOO
- 600
400
- - 29
- 200
0 1

Predicted Label

Figure 2: Confusion matrix of the stacked ensemble
model.

To evaluate whether the performance gains achieved by
the stacked ensemble model are statistically significant,
comparative significance testing was conducted using
cross-validation—based  performance scores. Paired
statistical tests were applied to accuracy and AUC-ROC
values obtained across validation folds to compare the
stacked model against individual base classifiers. The
results indicated that the improvements achieved by the
stacked ensemble were statistically significant (p < 0.05),
confirming that the observed performance gains are not
due to random variation but reflect genuine improvements
in predictive capability.

4.4 Bayesian uncertainty estimation for

clinical risk reliability
In order to evaluate the trustworthiness of the predictions,
a separate Bayesian Multilayer Perceptron (MLP) with
Monte Carlo (MC) Dropout was built by the study and it
was different from the non-probabilistic MLP which was
part of the meta-learner of the ensemble. The independent
training of this model was on the fused features and it
measured the uncertainty in predicting cardiovascular risk.
The method made it possible for the model to not only give
point estimates but also provide distributions of predicted
probabilities, thus, revealing epistemic uncertainty—this
is very important in high-stakes clinical decision-making.
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Probabilistic outputs for the first 50 test samples can be
seen in Figure 3. Each dot indicates the mean predicted
probability of CVD risk for a single person, while the
vertical lines show the standard deviation (uncertainty)
calculated over 100 stochastic forward passes with
dropout turned on at test time. A detailed examination
reveals several key insights:

e High-confidence predictions (such as: samples 3,
8, 16, 25) are indicated by very small error bars
and they are clearly near to 0 (low risk) or 1 (high
risk). These predictions show a mix of
determinacy and trustworthiness, pointing that
the model is giving very close probabilities even
under perturbations, which is a hallmark of well-
calibrated risk assessments.

e The predictions that are not sure about the result
are more likely to be assigned to mid-range
probabilities cluster (e.g., 0.4-0.6), and this is
very much apparent in the cases of the 10th, 12th,
33rd, and 45th samples. The larger standard
deviations linked to these samples indicate that
the model is switching, based on dropout
scenarios, between considering them as high or
low risk. This pattern might imply the existence
of ambiguous or borderline input features that
require either clinical confirmation or auxiliary
tests to be assessed.

e Importantly, there are very few samples which
have confident predictions at the extremes (0.0 or
1.0) and show low uncertainty (e.g., samples 1,
9, 18, 21) indicating stable model performance.
In contrast, samples with similar means but
larger uncertainty are indicative of greater
ambiguity in the learned feature space which may
be caused by overlapping class distributions or
insufficient representation in the training data.

e The mean standard deviation of the 50 test
samples is around 0.087, which means that the
majority of predictions have low uncertainty.
This figure confirms that the Bayesian MLP is, in
general, reliable in its risk assessment, and it will
not be apt to make sporadic choices unless the
ambiguity in the features is very high.

From the standpoint of a clinical deployment, the
predictive uncertainty provides a basis for risk-aware
decision support. For example, predictions with low
uncertainty could justify routine monitoring, whereas high
uncertainty or borderline instances might require extra
diagnostics, an expert's opinion, or longitudinal follow-up.
The possibility of making decisions not just relying on the
model's predictions but also on its confidence level gives
a way to more secure and clearer Al applications in health
care.
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Figure 3: Bayesian risk prediction with Monte Carlo
dropout: Mean predicted probabilities and standard
deviation error bars for the first 50 samples.

4.5 Risk stratification with confidence
intervals
Predictive framework interpretability and clinical
actionability were the main concerns that led the
researchers to the stratified risk analysis of Bayesian
probabilistic outputs. The Bayesian neural network, which
was the result of the training on the optimized PCA and
LSTM embedding spaces, underwent 100 stochastic
forward passes for each test sample using Monte Carlo
Dropout. This process yielded a distribution of predicted
probabilities, which was subsequently analyzed to obtain
the mean and standard deviation (model uncertainty) of

the distribution.

The probability thresholds of 0.33 and 0.66 were selected
to define low-, medium-, and high-risk categories in a
manner that facilitates clinical interpretability and triage-
oriented decision support. Rather than serving as fixed
diagnostic cut-offs, these thresholds evenly partition the
probabilistic output space of the Bayesian model, allowing
clinicians to distinguish clearly between low-confidence,
borderline, and high-confidence risk predictions. Such
probabilistic stratification schemes are commonly used in
clinical risk modeling to support prioritization and follow-
up decisions, and the proposed thresholds can be
recalibrated in future studies to align with population-
specific  clinical  guidelines or  outcome-driven
optimization.

In Figure 4, the predicted cardiovascular risk scores are
shown in increasing order with vertical error bars
representing the uncertainty of the predictions. Clinically
interpretable thresholds, which are low risk (<0.33),
medium risk (0.33-0.66), and high risk (>0.66), are
indicated by horizontal dashed lines. This stratification
has been designed to reflect the real-world triage zones
where low-risk persons may only need preventive
counseling, medium-risk ones may be monitored more
closely, and high-risk ones should receive immediate
attention or intervention.
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The quantitative analysis of these groups indicated that
there was a very high degree of agreement between the
risk categories predicted and the clinical outcomes
actually observed. In the category of low-risk patients (n
= 862), the mean predicted probability was 0.116, and the
average uncertainty was +0.167. The actual incidence of
coronary heart disease (CHD) in this category was only
1.28%, which is indicative of very good negative
predictive performance. On the other hand, the high-risk
group (n =1,015) showed an average predicted probability
of 0.785 with very low uncertainty (+0.079), and a CHD
incidence of 88.37% was observed, which points to
tremendous confidence and very good positive predictive
performance.

Moreover, the medium-risk group (n = 610) had the
highest uncertainty (£0.193) and a mean predicted
probability of 0.512 as well as a CHD incidence rate of
54.92%. This group probably includes cases that are
borderline in nature, thus, close to the decision threshold
of the model, where even minor changes in the input
features can have a huge impact on the predicted outcome.
The uncertainty involved, in this case, is an indicator of
the model's capacity to pinpoint and diagnose uncertain
cases, which could be the ones needing additional
screening or clinical supervision.

Table 4 summarizes the distribution, average predicted
risk, associated uncertainty, and observed CHD rate for
each risk group.

Table 4: Stratified cardiovascular disease risk categories
with average prediction score, model
uncertainty, and actual CHD incidence.

Risk Count Avg. Avg. CHD

Category Risk Uncertai | Rate
nty

Low Risk | 862 0.116 +0.167 1.28%

Medium | 610 0.512 +0.193 54.92%

Risk

High 1015 0.785 +0.079 88.37%

Risk

The interpretability and clinical trustworthiness of the Al
system are significantly improved with this risk
stratification methodology. The Bayesian model grants
more knowledgeable triage and resource distribution by
giving not just a predicted probability but also a
confidence estimates for each decision. In clinical settings
were reducing false negatives and marking uncertain cases
for follow-up are essential for better patient outcomes, this
kind of framework is particularly important.
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Figure 4: Risk stratification plot using Bayesian
predictions: Cases categorized as low, medium, and high
risk based on predicted probability.

4.6 Comparative ROC analysis of models

The ROC Curve presented in Figure 5 illustrates the
performance of various learning models, namely Gradient
Boosting (GBM), XGBoost, LightGBM, CatBoost,
AdaBoost, and Stacked Model, for the detection of
cardiovascular disease. The AUC values found under the
corresponding curves represent the predictability of the
model, where higher values imply better separation of
cases into positive and negative. The resulting
performance indicated that XGBoost AUC (0.9907),
LightGBM AUC (0.9864), and CatBoost AUC (0.9818)
were superior among the base learners for prediction,
whereas Gradient Boosting AUC (0.9057) and AdaBoost
AUC (0.7839) were inferior. The AUC of 0.9931 was the
highest for the stacked model that outperformed every
single base model. This result demonstrates the
importance of stacked ensemble learning that incorporates
the strengths of different classifiers for the increase of
overall predictive accuracy and robustness. The
predominance of the stacked model confirms that the
combination of different learning algorithms results in
better generalization and reliability, making it the most
effective method for cardiovascular disease prediction.
As shown in Figure 5, the ROC curve of the stacked
ensemble model consistently dominates those of all
individual base classifiers across the full range of
classification thresholds. The stacked model achieves the
highest AUC-ROC value of 0.9931, demonstrating
superior discriminative ability between CVD-positive and
CVD-negative cases. This performance highlights the
effectiveness of combining heterogeneous learners
through stacking, resulting in improved robustness and
generalization compared to single-model approaches.
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Figure 5: Receiver Operating Characteristic (ROC)
curve comparing the classification performance of
different models.

The reported results advance the field of cardiovascular
risk prediction by demonstrating that the integration of
temporal embeddings, stacked ensemble learning, and
Bayesian uncertainty estimation leads to both superior
predictive performance and improved clinical reliability.
Beyond achieving higher accuracy and AUC-ROC values
compared to existing models, the proposed framework
introduces uncertainty-aware risk assessment, enabling
more informed and safer clinical decision-making. These
results highlight a shift from purely performance-driven
models toward interpretable and confidence-aware Al
systems suitable for real-world healthcare deployment.

5 Discussion

The study presents a new predictive framework for CVD
risk prediction by integrating temporal feature extraction
with LSTM autoencoders, feature aggregation, ensemble
stacking learning, and Bayesian estimation of uncertainty.
The framework overcomes three important challenges of
current predictive models: lack of learning temporal
dependencies, trouble with class imbalance, and lack of
measurably expressible confidence with predictions. By
combining stationary principal components with time-
dynamic LSTM-based embeddings and utilising an
ensemble meta-learning strategy with robustness, the new
model outstrips previous methods both in accuracy and
interpretability. The addition of Bayesian inference
provides an additional level of clinical utility by providing
probabilistic risk measures and ranges of uncertainty that
are necessary for risk-conscious medical decision-making.
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The proposed framework shows better performance and
superior research methods when compared to current
cardiovascular disease prediction models which represent
their highest performance level. Previous research studies
have focused on using unchanging data representations
together with their associated algorithms which resulted in
accuracy rates that ranged from 85 percent to 92 percent.
The proposed model reached an accuracy score of 96.06
percent while achieving an AUC-ROC score of 99.31
percent because it used LSTM-based temporal
embeddings and stacked ensemble learning and Bayesian
uncertainty estimation. The proposed framework brings a
novel approach which increases prediction accuracy and
delivers risk assessment that includes uncertainty
information for better clinical outcomes and decision-
making assistance.

Although the Framingham Heart Study dataset is a widely
used benchmark for cardiovascular risk modeling, it
represents a specific population cohort and does not fully
capture the ethnic, geographic, and socio-economic
diversity observed in global clinical settings.
Consequently, while the strong performance reported in
this study demonstrates the methodological effectiveness
of the proposed framework, it should not be interpreted as
universal generalizability across all populations. External
validation using large-scale, multi-ethnic, and multi-
institutional datasets is essential to assess robustness and
mitigate potential population-specific bias. Future work
will therefore focus on evaluating the framework on
diverse longitudinal cohorts to further establish its clinical
applicability and fairness.

In contrast to standard classification pipelines that utilize
only static features, the authors of this study took
advantage of simulated temporal data which had been
processed by an LSTM autoencoder. The technique used
reveals the very complicated longitudinal patterns the
heart's health indicators show, such as changes in systolic
pressure, cholesterol, and blood glucose. The merger with
principal components from the static clinical features
produced a 41-dimensional latent space which was ripe for
further learning. The dual representation kept both the
structural and the time-changing dimensions of the patient
profiles, which facilitated the extraction of more profound
risk trajectory understanding. As a result of the
enhancement in the feature space, the stacked ensemble
model was able to learn more discriminative boundaries,
which in turn led to better generalization across borderline
and high-risk cases.

The architecture proposed represents a big leap compared
to prior studies which mainly applied classical machine
learning methods on handcrafted or univariate features.
For example, Sudipta et al. (2022) reported an accuracy of
87.70% with a Multilayer Perceptron (MLP) over a range
of datasets, such as Cleveland, Hungarian, Switzerland,
Long Beach, and StatLog, while using infinite feature
selection techniques [48]. Similarly, Reddy et al. (2021)
used Sequential Minimal Optimization (SMO) on the
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Cleveland Heart Dataset, reaching 85.15% accuracy with
the full attribute set and 86.47% with an optimized
attribute selection [49]. Other studies employed different
machine learning techniques but still recorded lower
predictive performance. Mohan et al. (2019) introduced a
Hybrid Random Forest with Linear Model (HRFLM) on
the UCI Cleveland dataset, achieving an accuracy of
88.7% using 13 clinical features [50]. Ambrews et al.
(2022) improved performance slightly with a Voting
Ensemble Model applied to the UCI dataset, obtaining
91.96% accuracy [51]. The study by Mohapatra et al.
(2023) employed a stacked ensemble model with ten base
learners, including Random Forest (RF), MLP, KNN,
Extra Trees (ET), XGBoost, Support Vector Classifier
(SVC), Stochastic Gradient Descent (SGD), AdaBoost
(ADB), CART, and Gradient Boosting Machine (GBM),
and reached 92% accuracy [18].

One of the most attractive features of the framework is its
capacity to provide clinically interpretable risk
stratification via Bayesian modeling. The implementation
of Monte Carlo Dropout allowed the Bayesian neural
network to create the prediction distribution per test
instance where mean probabilities and uncertainty
intervals were extracted. As shown in the confidence
interval plot (Figure 3), the model consistently exhibited
great certainty for unambiguous very low and very high
risk situations, whereas it revealed more uncertainty at the
0.5 decision threshold. This is in line with the clinical
assumption that there has been a mixture or at least a
vague overlapping of features in the case of borderline
situations. More importantly, this characteristic allows
doctors to choose the most uncertain cases for follow-up
diagnostics, thus, making it a safety measure in those
deployment scenarios where losing a negative case would
be very costly.

The risk stratification plot (Figure 4) was a further
confirmation of the model's capability to divide the
population into clinically relevant categories. Patients
were categorized automatically into risk tiers of Low
(<0.33), Medium (0.33-0.66), and High (>0.66) based on
Bayesian predicted probabilities. The actually measured
CHD incidence rate in the group of patients classified as
High Risk was 88.37%, thus confirming the total
agreement between the predicted and observed outcomes.
On the contrary, only 1.28% of the patients from the Low
Risk group had the disease. Not only did these results
confirm the predictive model's accuracy, but they also
pointed to the model's potential use in the actual triaging
of patients in clinical settings. The stratification also
showed that the Medium Risk group had the highest
uncertainty (x£0.193), thus directing clinicians to monitor
or reevaluate these patients with more diligence. The
categorization based on risk awareness can help in making
better decisions regarding the allocation of resources,
patient counseling, and planning of proactive
interventions.
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The research, besides the other positives, dealt with the
issue of class imbalance through a very constructive
approach, which was another main benefit of it. The
positive class (at-risk) makes up only 15.19% of the total
samples, which makes the original dataset highly uneven.
If this issue is not addressed, it will lead to the creation of
biased models that will support the majority class at the
cost of clinical safety. Employing Synthetic Minority
Over-Sampling Technique (SMOTE) in the fused feature
space not only helped the study in achieving class
distribution that is balanced but also kept the dynamic and
static characteristics of the features intact. This method
drove the stacked ensemble and Bayesian models to
outline universal decision boundaries for the entire dataset
thus leading to a remarkable recalling of the minority class
from 80.21% (in AdaBoost) to 97.67% in the final
ensemble model. So a high recall is especially vital in
medical diagnostics because false negatives may cause the
delay of critical interventions or even their non-
performance at all.

The individual base models' performance comparison
comes to be a good example of ensemble learning value.
AUCs above 98% marked the good performance of
XGBoost, CatBoost, and LightGBM as individual models.
However, each of them had a small trade-off in precision
and recall. For instance, CatBoost had the highest F1-
score among base learners (95.03%), but LightGBM had
the best recall (97.75%) with a slight decline in precision.
The ensemble model, by the use of a Multilayer
Perceptron meta-learner for integrating predictions from
these learners, combined their individual strengths while
decreasing weaknesses and thus, a balanced performance
profile was obtained across all key metrics. This synergy,
which is a characteristic feature of well-designed
ensemble architectures, was very important in taking the
final model’s accuracy and robustness beyond that of any
single learner.

The model's interpretability and clinical applicability were
additionally improved with the help of an uncertainty-
aware decision-support system. The lack of confidence
estimates in conventional black-box models often hinders
clinical acceptance. Conversely, the Bayesian method
used in this research allows doctors to receive not only a
risk probability but also an estimate of the model's
confidence in that specific prediction. For example, as
demonstrated in Figure 4 and Table 3, predictions with
high confidence were associated with both extremely high
and extremely low risk probabilities, while predictions
with middle-range confidence were marked with larger
standard deviations, indicating the need for further
diagnostic input. This encourages a model-in-the-loop
strategy where Al aids but does not take over clinical
judgment thus the process being safer and more
transparent through decision-making.

Nevertheless, there are limitations in the research, no
matter the advancements. Temporal data was first
synthetically simulated through replication which meant
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that it was not derived from longitudinal patient records
and this was probably the main reason the model could not
completely capture the temporal variability present in the
real-world EHR systems. Therefore, integrating genuine
longitudinal datasets for the detection of evolving risk
profiles should be the future of the model's validation. The
model used in this study was evaluated on the
Framingham dataset, but still, external validation on
multi-institutional and ethnically diverse populations is a
must to confirm generalizability. The cardiovascular risk
factors and disease prevalence differ significantly from
one demographic group to another, and consequently,
training on a more heterogeneous dataset would not only
prevent bias but also contribute to the fairness of the
deployment.

The use of synthetically constructed temporal sequences
may also influence the reliability of the model when
applied to real-world longitudinal data. While the
replicated sequences enable the LSTM autoencoder to
learn latent feature interactions within a sequential
framework, they do not capture true temporal variability
arising from lifestyle changes, disease progression, or
treatment effects over time. When exposed to authentic
longitudinal data, the model may exhibit different
sensitivity to evolving risk patterns, potentially improving
both predictive accuracy and uncertainty calibration.
Consequently, the current results should be interpreted as
demonstrating methodological feasibility rather than
definitive longitudinal performance, and future validation
on real-world time-series clinical data is essential to fully
assess reliability in practical deployment settings.

Another aspect that researchers can explore in the future
is the optimization of the model and its deployability.
Though the present structure is precise, it still goes
through several learning stages and has a moderately
complicated fusion pipeline, which might restrict its use in
terms of real-time or low-resource environments.
Simplifying the structure, perhaps by combining
dimensionality reduction with the LSTM network or
looking into transformer-based temporal encoders, might
lead to a reduction in complexity and a decrease in the
demand for computational resources. Likewise, applying
the Bayesian MLP in a lighter version on edge devices
such as wearable monitors or mobile health applications
would bring its usage closer to point-of-care especially in
disadvantaged or rural areas.

Last but not least, the explainability of the model can be
boosted even more by the application of global and local
interpretability tools, which are not limited to the Bayesian
confidence intervals. While the probabilistic nature of the
current model offers some degree of transparency, doctors
usually prefer to have graphical or textual interpretations
of feature contributions concerning particular patients.
Methods like SHAP (Shapley Additive Explanations) or
counterfactual reasoning could go hand in hand with the
present uncertainty plots and provide a more sophisticated
comprehension of the factors that cause each prediction.
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This situation would be ideal for patient education and
shared decision-making, as it would help to cultivate trust
in Al-assisted diagnosis.

The proposed framework advances the current state of
cardiovascular risk prediction in three important ways.
The research establishes temporal representation learning
through LSTM autoencoders which enables the system to
detect hidden inter-feature relationships without needing
complete longitudinal data because most research treats
patient information as unchanging static conditions. The
stacked ensemble architecture with its trained meta-model
system delivers improved performance through its ability
to combine different classifier systems compared to the
single-model and voting systems which studies in the
literature typically use. The framework uses Bayesian
uncertainty estimation to enhance its predictive
capabilities because it enables the system to perform
confidence-aware risk assessment which existing
cardiovascular prediction models do not offer. The
research presents a new method of cardiovascular risk
assessment which enables medical professionals to make
decisions based on clear results while understanding the
uncertainty of their work which improves both clinical
reliability and real-world implementation.

The study presents positive findings, but multiple
limitations need to be recognized. First, Framingham
Heart Study dataset exists as a specific population dataset
which cannot represent all the ethnic, geographic, and
socio-economic groups that exist in real-world clinical
settings thus creating population bias which restricts
general study applications. Second, researchers used
synthetic time intervals created through feature
duplication because actual patient records did not exist yet
this method effectively supported representation learning
while it failed to show actual disease development
throughout time. The training data used SMOTE to
address class imbalance problems present in
cardiovascular datasets, but actual model performance
will be affected by existing class imbalances when the
model operates in environments with extreme class
disparities. The hybrid framework requires multiple
preprocessing and learning stages which results in
increased computational expenses that create difficulties
during deployment in real-time environments or systems
with limited resources. The existing limitations require
future research to test results on extensive longitudinal
datasets from various institutions while researchers need
to study fairness and robustness and deployment
efficiency across different medical environments.

In a nutshell, this study delivers a model which is
interpretable, technically valid and considering clinical
relevance for predicting the risk of getting cardiovascular
disease. By incorporating the temporal embeddings that
LSTM learned along with ensemble learning and Bayesian
confidence modeling, it reaches a state-of-the-art level
concerning the solutions to major problems faced in
medical Al practice. Through accuracy, stratified risk
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understanding, and predictive uncertainty estimation all
working together, the end product of this model is a
powerful tool for early-stage treatment and personalized
care of cardiovascular disease. After validation, fine-
tuning, and improving toward interpretability, this model
will not be directly impactful but rather contribute
indirectly through practical utility in the form of
dependable, Al-based health technologies in clinical
practice.

6 Conclusion

The study presents an advanced model for the assessment
of cardiovascular disease (CVD) risk that combines
temporal  representation  learning  with  LSTM
autoencoders, static and dynamic health markers feature
fusion, and ensemble classification with different gradient
boosting classifiers, along with Bayesian inference-based
uncertainty estimation. The proposed method is able to
provide an extraordinary 96.06% accuracy and 99.31
AUC-ROC predictive power while it is also able to deal
with the typical drawbacks associated with the CVD
prediction models such as class imbalance, temporal
unawareness, and absence of model confidences. The
application of LSTM-based embeddings helped in
recognizing changing risk factors, while the addition of
PCA components through feature fusion expanded the
representational space with increased discrimination
ability. The structure-based stacking ensemble further
contributed to the reliance by taking the cross-strengths
between the classifiers of XGBoost, CatBoost,
LightGBM, Gradient Boosting, and AdaBoost.
Simultaneously, the Bayesian MLP model vyielded
clinically interpretable measures of uncertainty, hence it
was very important to consider the clinical aspect of the
threshold predictions very delicately. The analysis of risk
classification validated the model's capability to classify
the patients correctly into three groups of risk-low,
medium, and high--which in turn facilitated more
personalized and less ambiguous decision-making in
healthcare. The future evaluation of the proposed
framework will use large-scale datasets which contain
data from multiple institutions and various ethnic groups
to test its performance and fairness and its ability to
function across different population groups. The study
will investigate different temporal modeling architectures
which include transformer-based encoders and
lightweight recurrent networks to develop better
cardiovascular risk pattern modeling methods that
consume less computational resources. The study will
explore two main research areas which include real-time
integration with wearable and mobile health systems and
the use of explainability techniques for uncertainty
estimation to build clinical trust and enable practical
implementation in preventive cardiology and population
health screening and ongoing patient monitoring.
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