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Abstract: Background: Cardiovascular disease (CVD) is a prominent determinant of mor-
tality, accounting for 17 million lives lost across the globe each year. This underscores its
severity as a critical health issue. Extensive research has been undertaken to refine the
forecasting of CVD in patients using various supervised, unsupervised, and deep learning
approaches. Methods: This study presents HeartEnsembleNet, a novel hybrid ensemble
learning model that integrates multiple machine learning (ML) classifiers for CVD risk
assessment. The model is evaluated against six classical ML classifiers, including support
vector machine (SVM), gradient boosting (GB), decision tree (DT), logistic regression (LR),
k-nearest neighbor (KNN), and random forest (RF). Additionally, we compare HeartEnsem-
bleNet with Hybrid Random Forest Linear Models (HRFLM) and ensemble techniques
including stacking and voting. Results: Employing a dataset of 70,000 cardiac patients
with 12 clinical attributes, our proposed model achieves a notable accuracy of 92.95% and
a precision of 93.08%. Conclusions: These results highlight the effectiveness of hybrid
ensemble learning in enhancing CVD risk prediction, offering a promising framework for
clinical decision support.

Keywords: artificial intelligence; cardiovascular prediction; machine learning; ensemble
learning; healthcare

1. Introduction
Cardiovascular disease (CVD) is a predominant driver of fatalities across the globe,

responsible for a staggering 17.3 million deaths Year after year [1] as endorsed by the World
Health Organization (WHO) and World Heart Federation (WHF) [2,3].

Epidemiological data of health statistics highlight the global burden of CVD, with
a particularly high prevalence in low and middle income countries including Russia,
India, and China, which share similar demographic patterns. The development of CVD
is influenced by multiple risk factors such as obesity, high blood pressure, diabetes, and
high cholesterol, compounded by inadequate lifestyle management. Early detection of
CVD is substantial to mitigate complications, reduce hospitalizations, and enhance patient
outcomes [4,5]. However, the heterogeneity of CVD symptoms across demographics
complicates timely diagnosis. For instance, women often exhibit atypical symptoms such
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as nausea and stomach discomfort, whereas men more commonly report chest pain [6–9].
These variations necessitate advanced predictive models that integrate multiple risk factors
for accurate and personalized diagnosis.

Numerous state-of-the-art (SOTA) academic pursuits aim to enhance the prognostic
reliability of CVD detection, comprising deep learning and machine learning frameworks,
outperform classical approaches by enhancing cardiovascular disease forecasting, signifi-
cantly reducing healthcare cost [10–13]. Unlike conventional statistical models, ML-based
classifiers leverage complex patterns in large datasets, improving diagnostic accuracy
and reducing healthcare costs [14,15]. This study proposes HeartEnsembleNet, a hybrid
ensemble learning framework that integrates multiple classifiers to enhance predictive
performance. By comparing it against traditional ML models and state-of-the-art ensemble
techniques, we demonstrate its efficacy in cardiovascular risk assessment.

Problem Statement

This study aims to identify risk factors contributing to cardiac dysfunction in CVD.
Despite significant advancements, gaps persist, necessitating a more robust predictive
framework. This study employs a hybrid framework that integrates machine learning
techniques, encompassing HRFLM and ensemble models (stacking and voting), to address
gaps in current CVD prediction methods. The fundamental objective of implementing
integrated machine learning models is to empower systems to autonomously identify trends
and predict events without human intervention. This study provides novel contributions
to cardiovascular risk prediction by:

1. Designing a Breakthrough Ensemble-Based Prediction Model:
This study conducts a comprehensive comparative assessment of cutting-edge en-
semble approaches, including voting and stacking, to evaluate the strengths and
limitations of Hybrid Random Forest Linear Models (HRFLM) and foundational clas-
sifiers. Additionally, a hybrid approach integrating K-Nearest Neighbors (KNN) and
Random Forest (RF) techniques is proposed to streamline prediction results.

2. Proposing a Novel Symptom-Driven CVD Patient Recognition Model:
A symptom-centric diagnostic model will be developed to facilitate prompt detection
and intervention. The system’s modular design ensures simplicity and applicability,
enabling seamless integration with diverse datasets and healthcare settings.

2. Materials and Methods
2.1. Data Acquisition

This study utilized a high-quality dataset sourced from Kaggle [16], an open-source
platform known for its well-curated datasets and data science competitions. Specifically,
the dataset was part of a Kaggle competition, which underscores its relevance and utility
for research in this domain. Kaggle serves as a valuable resource for exploring datasets
and challenges, fostering opportunities for learning and innovation. The dataset comprises
clinical records of 70,000 diverse patients diagnosed with cardiovascular disorders, incor-
porating 12 key parameters reflecting individual patient profiles. These parameters capture
essential clinical attributes associated with CVD, enabling a comprehensive investigation
of disease risk factors. Each parameter represents a distinct, non-ranged value collected
from patients across various age groups. Table 1 presents the selected features considered
for experimentation in the proposed HeartEnsembleNet model. Additionally, the dataset
lacks critical cardiovascular diagnostic markers, encompassing electrocardiography (ECG),
echocardiography, and biomarkers consist of Troponins and NT-ProBNP, which could
enhance specificity and clinical relevance if incorporated.
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Table 1. Prominent features of Cardiovascular Disease (CVD) dataset.

Sr. # Attributes Description

1 Age Age in years

2 Gender 1: Woman, 2: Man

3 Height Height in centimeters

4 Weight Weight in kilograms

5 Systolic Blood Pressure Systolic BP > 140 mmHg as high

6 Diastolic Blood Pressure Diastolic BP < 60 mmHg as low

7 Cholesterol 1: Normal (cholesterol ≤ 200 mg/dL), 2: Above normal (200–239 mg/dL),
3: Well above normal (≥240 mg/dL)

8 Glucose 1: Normal (fasting glucose ≤ 100 mg/dL), 2: Above normal (100–125 mg/dL),
3: Well above normal (≥126 mg/dL)

9 Smoking 1: Smoker, 0: Non-smoker

10 Alcohol intake 1: Moderate intake (1–2 drinks/day), 2: Above normal intake (3+ drinks/day),
3: Low/no intake (0 drinks/day)

11 Physical Activity 1: Regular physical activity (≥3 times/week), 0: No regular physical activity

12 Cardiovascular disease 1: Active disease (diagnosed with CVD), 0: No active disease (no CVD diagnosis)

2.2. Dataset Preprocessing and Exploratory Data Analysis

To prepare the CVD dataset for machine learning model training, a streamlined data
refinement process was applied. Initially, unstructured data was cleaned and transformed
into a standardized format to facilitate hypothesis testing. The complete workflow is shown
in Figure 1, while Figure 2 showcases a brief architecture analysis of the proposed feature
extraction approach.

Figure 1. Holistic structural workflow of the innovative approach, HeartEnsembleNet, for cardiovas-
cular disease detection.
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Figure 2. Architectural analysis of novel feature selection approach presented for cardiac fail-
ure diagnosis.

2.2.1. Skewness and Kurtosis Assessment

Skewness and kurtosis were assessed to analyze the symmetry and tail behavior of the
data distribution in Figure 3. Features with significant skewness were transformed using
logarithmic scaling to achieve normality, improving model performance by aligning the
data with underlying assumptions of many machine learning models.

Figure 3. Skewness and Kurtosis evaluation for normality assessment for cardiovascular disease
dataset features.

2.2.2. Outlier Handling Using IQR Method

Outliers were detected and removed using the Interquartile Range (IQR) method,
which helps maintain data quality and ensure accurate model training. Data points falling
outside the bounds Q1 − 1.5 × IQR and Q3 + 1.5 × IQR were identified as outliers and
eliminated to prevent distortion of the dataset in Figure 4.
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Figure 4. Outlier handling for data quality and model performance in cardiovascular disease dataset.

2.2.3. Feature Scaling and Transformation

Continuous features, such as age, height, and weight, were standardized using the
StandardScaler to normalize the data. In some cases, normalization was applied using the
MinMaxScaler to scale features within a specific range, ensuring consistency across features
with different units.

2.2.4. Data Normalization and Standardization

In cases where normalization was required, the MinMaxScaler was optionally applied
to scale values within a specific range. This ensures comparability of features with differing
units and magnitudes, further enhancing model stability. Standardization was applied to
ensure that each feature has a mean of 0 and a standard deviation of 1, which is particularly
important for models like LR or SVM, which assume that the data is normally distributed.

2.2.5. Categorical Variables Encoding

Categorical features, incorporating gender, cholesterol, gluc, and others, were con-
verted into numerical representations using one-hot encoding. This transformation
ensures compatibility with machine learning algorithms that require numeric input.
Figures 5 and 6.

Figure 5. Pair plot of continuous features in the cardiovascular disease datase.
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Figure 6. Correlation heatmap of numerical features in the cardiovascular disease dataset.

2.3. Class Distribution Analysis

Class imbalance was visualized and addressed using resampling techniques. The
distribution of the target variable before and after resampling was analyzed to ensure that
the model training process was not biased. The balanced distribution enables the model to
learn from the data effectively and ensure fair performance.

2.4. Pairwise Correlation Analysis

Pairplots were employed to analyze relationships between continuous features, while
heatmaps were utilized to highlight correlations among numerical features. These vi-
sualizations provided valuable insights into feature dependencies and redundancies, as
demonstrated in Figures.

2.5. Dataset Splitting

The dataset used in this study comprises records of 70,000 patients with 12 distinct
attributes. It has been splitted into 80% training and 20% testing ratio to ensure robust
evaluation. The following sections provide a detailed discussion of the test results, assessed
using comprehensive evaluation metrics.

2.6. Classical Machine Learning Models

Our study proposes a ML-based framework for survival rate estimation in cardiovascu-
lar disease detection. The proposed approach incorporates six state-of-the-art classification
algorithms, including Gradient Boosting (GB), Support Vector Machine (SVM), Logistic
Regression (LR), k-Nearest Neighbors (KNN), Decision Tree (DT), and Random Forest
(RF) [17–19]. Classical ML classifiers have been widely applied across various domains to
address complex problems such as predictive modeling, clustering, and pattern recognition.
These techniques are particularly valued for their computational efficiency, especially when
handling moderately sized and well-structured datasets.
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2.6.1. Support Vector Machine (SVM)

SVM, formulated in 1995, is a versatile model that utilize kernel methods for both clas-
sification and regression tasks [20]. SVM determine optimizing hyperplane configurations
in a multidimensional domains to segregate data into distinct categories efficiently. Margin
maximization is applied to identify the hyperplane parameters. The margin quantify the
shortest gap between hyperplane and the closest point (Support Vectors). The hyperplane’s
dimensionality directly correlates and dictates hyperplane geometry.

The prediction function for Support Vector Classifier is:

f (x) = wTx + b (1)

Classification involves employing the decision formula

ŷ =

+1 if f (x) > 0

−1 if f (x) < 0
(2)

where;

• f (x) denotes the predicted classification result.
• w presents weight vector,
• x is the observation vector,
• b is the constant parameter,
• ŷ is the estimated class label.

2.6.2. Random Forest (RF)

Random Forest classifiers utilize an ensemble of decision trees derived from bootstrap
samples of data significantly, boosting robustnes and generalization to novel situations.
By aggregating the results of individual tree predictions, the ensemble methods optimize
model robustness and predictive performance [21].

ŷ = majority_vote(T1(x), T2(x), . . . , Tm(x)) (3)

ŷ =
1
m

m

∑
i=1

Ti(x) (4)

here;

• Ti(x) is the estimated value from the ith decision tree for input feature vector x,
• majority_vote utilized for classification and the ensemble’s output is identified by the

majority vote

1
m ∑[Ti(x)] applied for predictive mean calculation

2.6.3. Decision Tree (DT)

DT, a supervised machine learning technique employs a hierarchical segmentation
approach addressing regression and classification issues in multifaceted domains [22]. DT
employ a top down approach to facilitate intricate decision-making process depicted in a
dendrogrammatic comprising nodes and edges representation for optimal attribute selection.

For classification:

1. Evaluate feature values of x by recursively traversing the tree nodes.
2. The leaf node prediction is determined by majority voting among the instances within

that node.
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This concept can be expressed as:

ŷ = majority_class(leaf node containing x) (5)

where:
In the classification context, ŷ is the predicted class label, determined by the majority

class in the leaf node containing the input x.
For regression:

1. Recursively traverse the tree until reaching a terminal leaf node.
2. The prediction is the average of the target values in that leaf node.

This sentiment can be framed as:

ŷ =
1
N

N

∑
i=1

yi (6)

In the regression context, ŷ constitutes the predicted value, derived from the arithmetic
mean of target variables encompassing input x. Here, N showcases the sample count in the
leaf node paired with target values denoted by yi.

2.6.4. K-Nearest Neighbor (KNN)

KNN is a versatile and widely employed non-parametric approach utilized in numer-
ous classification and regression analysis [23]. It operates based on the concept of spatial
proximity-based categorization to classify data points rooted in the framework of dominant
class of neighboring instances. Three fundamental steps underlies the algorithm’s frame-
work incorporating Euclidean, Minkowski or Manhattan metrics significantly influences
model performance.

The conceptual framework of Euclidean distance metric is represented as

Euclidean Distance

d(x, y) =

√
n

∑
i=1

(xi − yi)2

here;

• n signifies the dimensionality.
• x, y represents coordinate pairs of data points, and xi and yi denote the ith dimensions.
• (xi − yi)

2 quantifies the squared discrepancy across analogous dimensions.

Manhattan Distance

d(x, y) =
n

∑
i=1

|xi − yi|

• The term |xi − yi| serves as a measure of absolute feature disparity.

Minkowski Distance

d(x, y) =

(
n

∑
i=1

|xi − yi|p
) 1

p

here;

• p is a hyperparameter significantly impacts distance-based analysis.
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• The Minkowski distance p = 1 precipitates a transition to Manhattan distance.
• When p = 2 the Minkowski distance facilitates the conversion to Euclidean distance.

Neighbor Selection

Neighbors = argminxi∈Training Set {d(x, xi)}

• This approach determining the k most closest data points with user adjustable input
parameters critically impacting the model’s robustness.

Classification

ŷ = mode({y1, y2, . . . , yk})

• Classification is performed incorporate majority voting scheme identify the class
dominance among adjacent instances.

Regression

The formula shows the KNN regression estimator formula formalized as:

ŷ =
1
k

k

∑
i=1

yi

2.6.5. Gradient Boosting Classifier (GB)

The GB Classifier showcases considerable noteworthy efficacy is a supervised ML
model applied for predictive classification. It employs a gradient boosting approach
Integrating multiple base classifiers yielding superior and accurate predictive model [24].

Mathematically GB can be formulated as:

ŷ = FM(x) =
M

∑
m=1

γmhm(x) (7)

here;

• x: Input feature vector; while, ŷ: Predicted output of the model.
• FM(x): Overall model prediction function.
• γm: Weight of the m-th base model.
• hm(x): Output of the m-th base model.
• ∑M

m=1: Summation over all base models.

2.6.6. Logistic Regression (LR)

LR is a broadly applied statistical and machine learning technique for categorization
tasks, that yields probabilistic predictions for multiple classes [25]. LR is the logistic
function, which represents the probability of the positive class:

p(y = 1 | x) = σ(z) =
1

1 + e−z where z = β0 + β1x1 + β2x2 + . . . + βnxn (8)

• p(y = 1 | x): The probability of the positive classification outcome.
• β0: Constant term (intercept).
• β1, β2, . . . , βn: Regression coefficients that capture feature effects for x1, x2, . . . , xn.

Sigmoid function applied to transform z into probability values utilizing the logis-
tic function.
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2.7. Evaluation Parameters

Classification tasks necessitate the utilization of standardized evaluation parame-
ters for assessing classification model efficacy. To assess the performance of the applied
approach this study employed fundamental performance metrics including accuracy, preci-
sion, recall and F1 score. The subsequent equations are calculated utilizing the following
performance metrics. Where; TP, TN, FP, and FN are True Positive, True Negatives, False
Positives, and False Negatives, respectively.

2.7.1. Accuracy

This metric evaluates performance metric that quantifies the proportion of correctly
classified instances offering valuable insights of model’s reliability and trustworthiness.
Formally represented as:

Accuracy =
TP + TN

TP + TN + FP + FN

2.7.2. Precision

Precision is an assessment parameter that measures the ratio of true positive predic-
tions across all positive predicted instances. Mathematically, precision is described below:

Precision =
TP

TP + FP

2.7.3. Recall

Recall, or Sensitivity, analyze the model’s capability to precisely identify positive
instances. Recall is a fundamental metric that measures the ratio of accurately recognized
positive instances. Recall can be defined as:

Recall =
TP

TP + FN

2.7.4. F1-Score

F1-Score integrates Precision and Recall to yield a comprehensive model performance.
This performance metric is well-suited in mitigating the impact of class imbalance. It is
computed as the harmonic average of precision and recall. Mathematically, F1 Score metric
can be quantified by employing the below equation:

F1 Score = 2 · Precision · Recall
Precision + Recall

2.8. Presented Study Computational Setup

The computational setup for model development utilizes Python, version 3.7, leverag-
ing libraries such as TensorFlow, Scikit-learn, and Keras for machine learning tasks, while
data manipulation is performed using Pandas and NumPy. The models are trained and
evaluated on a high-performance system. Table 2 provides a comprehensive summary of
the experimental computational setup used in the Google Colab environment to design
and implement CVD detection experiments. This subsection outlines the computational
hardware and system specifications that supported the analysis and model development.
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Table 2. Computational setup employed in google colab environment for cardiac disease experiments.

Parameter Details

Operating System Windows

Architecture 64 bit

CPU x86_64

Memory 100 GB

Used Memory 1.52 GB

Environment Google Colab

2.9. Hybrid Random Forest Linear Model

This study highlights how the integration of data-mining approach in the context
of predictive modeling substantially revolutionized the domain. A prominent HRFLM,
integrates the synergies of RF and linear models employing a hybrid framework to achieve
superior predictive performance. By utilizing presented hybrid approach, HRFLM op-
timally utilizes the intrinsic characteristics of machine learning models. To assure high-
fidelity forecasts, HRFLM incorporates diverse input parameters, applied fusion of linear
and non-linear features. The conceptual foundation of the proposed framework employs
RF in parallel with a linear model facilitates augmented prediction, minimizing overfit-
ting, enhance model generalization. Notably, RF is broadly recognized as the intrinsic
characteristics of machine learning models [26]. To assure high-fidelity forecasts, HRFLM
incorporates diverse input parameters, applied fusion of linear and non-linear features. The
conceptual foundation of proposed framework employ RF in parallel with a linear model
facilitates augmented prediction, minimizing overfitting, enhance model generalization
consequently ensures more reliable decision making [27]. The efficacy of classification
approach can vary significantly, highlighting the need for rigorous evaluation to determine
the optimal approach for a given domain. By leveraging aggregating predictions from
primary and secondary models, HRFLM dramatically increases the reliability and robust
classification paradigm for cardiac failure.

2.10. Ensemble Techniques

Multiple models are combined, incorporating ensemble techniques to obtain more
precise and improved outcomes for the system that has been suggested. Although an
ensemble approach may attain more accurate results than a single classifier or technique
would [28,29]. The two ensemble strategies employed in this encompassing voting and
stacking to boost classification performance has been discussed below.

Stacking And Voting

Level 0 (Base Models in Stacking): This level used six base models, encompass-
ing SVM, RF, DT, KNN, GBM and LR are trained independently on the CVD dataset.
Each individual model extracts complex features from data insights enabling efficient
predictions. Ensemble predictions are applied for subsequent ensemble layers as in-
put features.

Level 1 (Meta-Learner in Stacking): In this level, a meta-learner, selecting a meta-
model typically entails from shallow to sophisticated models like LR to GB approach, is
utilized combining the strengths from the base model results. Optimal prediction fusion
exploiting the expertise of the base models refined by meta-model learning generating
accurate and fine-tuned results.
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Voting Layer: Voting is an profoundly effective ensemble learning approach applied
to augment predictive performance by consolidating results from heterogeneous models.
It employs prediction aggregation from multiple foundational algorithms capitalizing on
diverse model insights significantly producing robust and superior predictive performance.
Voting can be applied to both classification and regression tasks.

3. Results
3.1. Results of Classical ML Approach

This section presents a detailed performance analysis of classical machine learning
models using accuracy, precision, recall, and F1-score as evaluation metrics. As shown in
Figure 7, the models exhibited varying levels of efficacy. A comprehensive assessment was
conducted to identify model strengths, limitations, and overall predictive validity. Among
all models, SVM, KNN, and LR achieved the highest accuracy scores of 82.33%, 82.10%,
and 82.22%, respectively. Notably, SVM demonstrated the best overall performance with
an accuracy of 82.33%, precision of 80.11%, recall of 81.11%, and an F1-score of 85.33%.
In contrast, GBM recorded the lowest performance, with accuracy, precision, recall, and
F1-scores of 73.34%, 74.22%, 74.11%, and 74.34%, respectively. The evaluation results
confirm that SVM outperformed other classifiers, achieving the highest recall, accuracy,
and F1-score, making it the most effective model in this study.

Figure 7. Classical machine learning approach performance analysis.

3.2. Results of Ensemble Approaches

This section evaluates the performance of voting and stacking ensemble classifiers,
which aggregate predictions from multiple models to enhance accuracy. A comprehensive
assessment was conducted using precision, accuracy, recall, and F1-score for models incor-
porating KNN, DT, GB, LR, SVM, and RF. The results, presented in Figure 8, demonstrate
the effectiveness of ensemble learning in improving predictive performance.
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Figure 8. Performance analysis of stacking and voting classifiers.

3.3. Results of Hybrid Random Forest Linear Models

HRFLM presents a novel fusion of Random Forest and linear models, integrating SVM,
DT, RF, KNN, and LR to optimize their synergistic effects. The results presented in Figure 9
the hybrid RF-KNN approach exhibits outstanding classification performance, achieving
92.95% accuracy, 93.08% precision, 92.88% recall, and a 92.47% F1-score. In contrast, the
Hybrid RF-DT ensemble demonstrates suboptimal performance with an accuracy of 84.66%.
Empirical evidence confirms that HRFLM outperforms conventional machine learning
classifiers, delivering significant efficiency improvements. This study underscores the
effectiveness of hybrid approaches in heart disease prediction.

Figure 9. Holistic analysis of Hybrid Random Forest Linear Model.

3.4. Results of Voting and Stacking Approach

Voting and stacking ensemble approaches were employed to comprehensively assess
the performance of the Hybrid Random Forest-Logistic Model. Figures 10 and 11 illustrate
the implementation of these techniques, which significantly enhanced the performance of
HeartEnsembleNet by integrating predictions from multiple models and consolidating their
strengths. The combination of Random Forest and Logistic Regression yielded outstanding
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results using the stacking ensemble, achieving a precision of 73.25%, along with an accuracy
of 73.15%, recall of 73.09%, and an F1-score of 73.08%. In contrast, the ensemble voting
approach, combining Random Forest and Support Vector Machine, demonstrated the best
overall performance, achieving 72.86% accuracy, 72.18% precision, 76.22% recall, and a
74.21% F1-score. A systematic comparative analysis revealed that the voting approach
outperformed the stacking method, attaining an accuracy of 73.15%, compared to 70.94%
for stacking.

Figure 10. Ensemble voting classifier performance analysis.

Figure 11. Ensemble stacking classifier performance aanalysis.

4. Discussion
The convergence of healthcare and technology has spurred paradigm-shifting innova-

tions in cardiovascular disease research. Machine learning models have played a crucial
role in advancing diagnostic techniques and patient stratification strategies, significantly
impacting the early detection of heart diseases, a leading cause of mortality globally. Emerg-
ing machine learning frameworks are enhancing the ability to detect nuanced associations
and risk factors, improving cardiovascular health assessments. These findings are con-
sistent with our study, which leverages advanced machine learning methods to identify
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critical predictors of cardiovascular disease. Table 3 shows the result of each classifier used
in this study.

Table 3. Holistic analysis of Hybrid Random Forest Linear Model.

Classifier Accuracy

1 KNN 82.1%

2 LR 82.22%

3 DT 78.22%

4 SVM 82.33%

5 GBM 83.34%

6 RF 80.01%

7 Voting 70.94%

8 Stacking 73.95%

9 RF + KNN (HRFLM) 92.95%

10 RF + SVM (HRFLM) 92.52%

11 RF + LR (HRFLM) 92.59%

12 RF + DT (HRFLM) 84.66%

13 RF + RF (HRFLM) 80.72%

14 RF + KNN (Voting) 72.35%

15 RF + SVM (Voting) 72.86%

16 RF + LR (Voting) 72.28%

17 RF + DT (Voting) 63.63%

18 RF + RF (Voting) 71.72%

19 RF + KNN (Stacking) 68.87%

20 EF + SVM (Stacking) 67.79%

21 RF + LR (Stacking) 73.15%

22 RF + DT (Stacking) 69.19%

23 RF + RF (Stacking) 70.78%

4.1. Emerging Trends and Breakthroughs in Cardiovascular Disease Research

The fusion of healthcare and technology has fueled paradigm-shifting innovations,
igniting groundbreaking and evidence-based practices in state-of-the-art (SOTA) methods.
These forward-thinking innovations substantially elevate the refining and optimizing of
diagnostics to attain patient stratification breakthroughs. The devastating ramifications of
cardiovascular disease pertain to millions of families per year. Prompt identification is a
lifesaving strategy; notably, innovative machine learning approaches act as a game-changer
in the quest of various diseases, including cancer, brain disorders, kidney issues, and more
especially cardiac failure [30] for timely diagnosis. Ground-breaking machine learning
frameworks bridge the gap and shine a light on nuanced associations and risk factors that
pioneer a new era in cardiovascular health assessment. Landmark research showcases that
intelligent models can dramatically elevate especially, utilizing diverse data sources for
therapeutic care and lifestyle information, journeying a healthier horizon.

El-Hasnony et al. [31] presents hybrid machine learning and active learning (AL)
framework, mitigating the annotated data hurdle through predictive modeling and reduced
annotation burden. They conduct comparative analysis of five fold multi-class active
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learning methods by utilizing grid search hyperparameter sensitivity analysis to amplify
model performance. The proposed model encompassing Adaptive, QUIRE, MMC, AUDI
and Random for minimizing annotation cost in multi-label classification systematically
querying labels targeting most informative data points.

In line with these innovations, our study incorporates similar machine learning models
to predict cardiovascular risk. We have found that leveraging diverse datasets, such as
clinical records and lifestyle data, significantly enhances model accuracy. This aligns with
the work of Yadav et al. [32], who utilized the Heart Disease dataset from the UCI Machine
Learning Repository, comprising 14 salient features, to forecast cardiovascular risk. Their
study employed seven state-of-the-art machine learning algorithms, including LR, KNN,
NB, DT, GB, SVM, and RF classifiers. To evaluate model reliability, the dataset was divided
into a 30–70% train-test split. The inter-model comparison demonstrated KNN as the
top-performing model, achieving the highest accuracy score of 85.18%, with precision,
recall, and F1-score values of 0.83%, 0.90%, and 0.86%, respectively. This study highlights
the value of integrating multiple models to boost predictive reliability in future work.

Ref. [33] showcases significant advancements in a refined k-modes clustering approach
utilizing Huang’s initialization strategy to optimize classification effectiveness. The study
employed diverse classifiers encompassing XGBoost, DT, Multilayer Perceptron (MLP),
and RF. The machine learning classifiers were fine-tuned on open source dataset from
Kaggle consisting 70,000 attributes enabled the MLP technique to hit the mark by yielded
87.28% accuracy score, underscoring the potential of classical machine learning in tackling
misdiagnosis substantially, reduce fatalities.

Hossain et al. [34] explores substantial predictive features to uncover intricate patterns
in clinical record for cardiac disease risk stratification. A self collected comprehensive
dataset was compiled from 59 hospital-admitted patients in Bangladesh incorporating
clinical data with qualitative interview data.The study employed a cutting-edge correlation-
based feature selection approach along with Best First Search algorithm for enhancing
personalized patient care and employed a suite of AI framework namely KNN, LR, NB,
DT, random forest ensemble, SVM and MLP neural network on self collected dataset with
original and transformed data sets. Their proposed model random forest classifier with
extracted features showed better performance, quantify 90% accuracy score with, recall
100% and 90.91% precision and F1-score rendering it a promising solution for cardiac
disease detection. Applied conventional machine learning approaches by Ishaq et al. [35]
proposed a novel solution for estimating the probability of survival for CVD patients,
meanwhile the unbalanced data was addressed using the SMOTE strategy.

The study [36] presents five different risk levels for cardiovascular disease (CVD)
progression, which have been anticipated in the proposed approach. The five risk levels—
No risk, Low risk, Moderate risk, High risk, and Extremely High Risk—have been predicted
with 86% accuracy. Chicco et al. [37] outlines a complex algorithm Apache Kafka and
Apache that predicts heart disease. Additionally the top contributing features were assessed
for the prediction of cardiac disease. Hyperparameter tuning was performed for model
assessment and to find the optimal hyperparameters. Also, they applied author employed
cross-validation techniques to assess reliability of machine learning classifier with an
accuracy score of a 92% on limited data samples.

The study [38] utilized heart disease dataset from IEEE dataport, applied a novel
consolidation of five disparate datasets incorporating Cleveland, Long Beach VA, Hungar-
ian, Switzerland and Statlog (Heart) datasets utilizing 1190 patients data. The aggregated
dataset offers unparalleled and nuanced understanding. By employing advanced Clas-
sification and Regression Tree (CART) approach. Prior to decision tree model training,
dataset preprocessing was employed notably, identifying data irregularities as well as



Healthcare 2025, 13, 507 17 of 21

removed 272 duplicate data instances, ensuring a robust dataset. The proposed study seeks
to forecast heart disease susceptibility and distill transparent decision rules showcasing the
interconnections between predictive parameters and prediction breakthroughs. DT perfor-
mance was assessed by employing evaluation parameters using accuracy, True Positive Rate
(TPR), True Negative Rate (TNR) and precision 87%, 85%, 90% and 88% correspondingly.

The investigation Sudha et al. [39] discusses innovative techniques integrating CNN
and LSTM networks to surpass the unparalleled accuracy of conventional AI strategies.
The dataset used in this research study originates from the UCI machine learning repository,
data acquired collaboratively by Clevel and Clinic Foundation and Hungarian Institute of
Cardiology. Analyzing a robust dataset 76 key factors spanning 303 records. Data prepro-
cessing performed to elevate model assessment encompasses, missing value imputation
utilizing z-score normalization and feature selection were performed using Gini Index,
Information Gain, and SVM-weighted methods and PCA for dimensionality reduction
techniques. Their proposed model quantify evaluation accuracy score of 89%, sensitivity
81% and specificity 93% versus SOTA classifiers.

A research by Ogundepo et al. [40] employed two complementary open source
datasets, namely Cleveland and Statlog. The Cleveland dataset served as the corner-
stone of model development and refinment, on other hand, validation was conducted
utilizing ten-fold cross-validation on Statlog dataset. Exploratory data analysis, incorpo-
rating Chi-square tests, showcase substantial association between High Blood Pressure
and Hyperlipidemia, the integration of both elevating cardiovascular disease risk. They
implemented ten classification approaches including XGBTree, Conditional random forest,
Logit and KNN. SVM outperformed other models, quantify an accuracy score of 85%
sensitivity 82%, 87% precision, ROC-AUC: 91% in parallel a minimal log loss 0.38 yielded
exceptional results.

The a study, Manikandan et al. [41] incorporates Boruta feature selection approach to
optimize feature extraction from the benchmark dataset Cleveland Heart Disease hosted
on Kaggle a well known open source plateform. They utilized boruta feature selection
algorithm distilled the dataset to six dominant features possessing the greatest influence of
the data’s variability captured by the optimal feature subset. This investigation benchmarks
the efficacy of six prominent classifiers for cardiac disease, can be seen in Figure 12.

Figure 12. Comparative analysis with SOTA techniques.
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The study Mohapatra et al. [42] outlines a framework for heart disease prediction
utilized a two-fold classification strategy that incorporating a diverse range of machine
learning models at the core and advanced levels. The developed framework showed a
high accuracy score of 92%, coupled with a highest precision of 92.6%, underscoring its
exceptional reliability and efficacy. The model’s efficacy was evaluated by employing a
suite of metrics incorporating precision, recall, and accuracy. Table 4 summarizes the whole
literature, while a novel hybrid deep learning model CNN-LSTM is proposed by [43] to
predict cardiac disease utilizing clinical data. This approach leverages features identifica-
tion, discerns temporal relationships and dependencies across time and interpretable AI
SHAP technique for transparency of results of CNN and LSTM. The model attained 74.15%
without feature engineering technique.

Table 4. Holistic analysis of existing literature on cardiovascular disease prediction.

Reference Outperformed Model Dataset Key Findings (%)

[32] KNN UCI Heart Disease Dataset 85.18

[33] MLP CVD Dataset (70,000 attributes) 87.28

[34] RF Self-collected 90

[35] DT Heart Disease Dataset 86

[38] Apache Kafka Custom Dataset 92

[39] CART Aggregated datasets 87

[40] CNN-LSTM UCI Heart Disease Dataset 89

[41] SVM Cleveland and Statlog 85

[42] LR Cleveland Heart Disease 88.52

[43] CNN-LSTM CVD Dataset (70,000 attributes) 74.15

Our HeartEnsembleNet CVD Dataset (70,000 attributes) 92.95

4.2. Research Gap

Brief results of different scholary research has been shown in Table 4. While voting
and stacking classifiers have shown promising results, further exploration is needed to
develop more robust and accurate CVD prediction models. The study [32] shows that
integrating multiple weak models can enhance predictive reliability. However, the in-
tegration of advanced architectures, such as transformers, for CVD prediction remains
underexplored. In particular, limited efforts have been made to combine transformers with
CNN-LSTM models to improve both accuracy and interpretability. Additionally, most
studies rely on publicly available datasets, such as UCI, Cleveland, and Statlog, which are
often constrained by size, diversity, and outdated representations. These limitations hinder
model generalizability across diverse populations and clinical conditions. To address these
gaps, our research conducts an in-depth investigation into ensemble machine learning for
CVD prediction. Despite dataset constraints, the proposed HeartEnsembleNet model aims
to enhance cardiovascular risk stratification through proactive intervention.

5. Conclusions and Future Work
Cardiovascular Disease (CVD) remains a major global health concern, necessitating

advanced predictive models for early diagnosis and risk assessment. Traditional machine
learning techniques have been widely explored for identifying key risk factors; however,
their predictive capabilities remain limited due to the complexity of disease patterns. In
this study, we proposed HeartEnsembleNet, a novel hybrid ensemble learning framework
integrating voting and stacking techniques to enhance predictive performance. Our results
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demonstrate that HeartEnsembleNet outperforms conventional machine learning classi-
fiers, achieving an accuracy of 92.95%, along with high precision, recall, and F1-score. The
integration of stacking methods significantly improves classification performance, demon-
strating the potential of hybrid ensemble learning in clinical applications. Furthermore, this
approach is adaptable beyond CVD detection, with potential applications in brain stroke
prediction, kidney disease identification, and diabetes analysis. For future research, we
propose the following directions by expanding biomedical applications by evaluating the
adaptability of HeartEnsembleNet in the diagnosis of neurological disorders and cancer,
further broadening its scope in medical research. Incorporating deep learning and transfer
learning techniques to enhance predictive accuracy, robustness, and generalizability.

Limitations

Despite its promising performance, HeartEnsembleNet has several limitations that
must be addressed for broader clinical applicability. The model is designed for general-
ized CVD risk assessment rather than distinguishing specific conditions such as coronary
artery disease or heart failure, necessitating the development of condition-specific models
for improved diagnostic precision. Furthermore, while the model demonstrates strong
predictive capabilities, advancements in feature selection and interpretability are neces-
sary for real-world clinical adoption. Integrating interpretable AI techniques will enhance
model transparency, fostering greater trust and usability in healthcare settings. it will also
contribute to the development of more precise, and clinically relevant cardiovascular risk
prediction models, and improving in early detection and personalized treatment strategies.
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