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ABSTRACT
In the world, cardiovascular diseases (CVDs) are still 
the number one killer, so it is crucial that we develop 
prediction models that are both accurate and easily 
understandable.In order to improve prediction per-
formance, this research investigates the potential of 
adopting ensemble learning approaches instead of 
traditional machine learning methods. To be more 
precise, we used a 1,190-record, 11-feature publical-
ly available Kaggle dataset. Using preprocessing and 
oversampling, we were able to rectify the class imbal-
ance. The classical models that were used as evalua-
tion baselines included KNN, SVM, DT, RF. Afterwards, 
a variety of ensemble approaches were utilized, includ-
ing hard and soft voting, adaBoost and XGBoost boost-
ing, random forest bagging, and stacking with Logistic 
Regression as the meta-classifier. Stacking resulted in 
an accuracy of 94.88%, proving that ensemble strate-
gies routinely outperform individual models. By prov-
ing the framework could manage imbalanced data and 
back the long-term tracking of patients with chronic 
diseases, more case studies proved the system’s clin-
ical relevance.
Keywords: Ensemble learning, Stacking ensemble, 
Class imbalance oversampling, Shap explainability, 
Cardiovascular disease prediction

Introduction
Cardiovascular diseases (CVDs) are still a major prob-
lem for healthcare systems around the world. They kill 
a lot more people than other diseases and conditions. 
The World Health Organization says that CVD, which 
includes conditions like coronary artery disease and 
strokes, is responsible for more than 80% of the 17.9 
million fatalities that happen each year. There are sev-
eral reasons why cardiovascular disease is becoming 
more common, including bad eating habits, not get-
ting enough exercise, smoking cigarettes, drinking too 
much alcohol, an older population, and more people 
living in cities. According to the WHO,1,2 cardiovascular 
diseases (CVDs) are currently a serious health and cost 
problem. By 2030, they will kill more than 23.6 million 
people each year.

India is in a particularly precarious position be-
cause to its age-standardized death rate, which is 
Two seventy two per one lakh. Nearly a quarter of 
all fatalities in the nation are attributable to CVD, 
which reflects the dramatic rise in its prevalence 
across all demographics. Some diseases that add 
to this load include ischaemia, rheumatic heart 

disease, and stroke. In high-risk regions like India, 
where the death rate is already rather high, public 
health education, specialised treatment approach-
es, and effective preventative measures are extremely  
necessary.

Heart disease (HD) is more of a collection of ill-
nesses affecting the heart, heart muscles, and blood 
arteries than a singular ailment in and of itself. Some 
of the risk factors for cardiovascular disease can be 
changed, while others cannot. Examples of modifiable 
risk factors include hypertension, obesity, cholesterol, 
smoking, alcohol use, unhealthy diet, lack of physical 
activity, and gender; examples of non-modifiable risk 
factors include genetics, age, and family history.3,4 A 
comprehensive comprehension of these risk factors 
and the urgency of their attention is necessary to alle-
viate the global burden of CVD.

Using ML-based models for early diagnosis of high-
risk individuals for cardiovascular events such as myo-
cardial infarction or stroke is one application case. 
Wearable gadgets that capture vital signs, such as 
heart rate, electrocardiogram (ECG), and activity lev-
els, can also help patients with chronic conditions.5,6 
Thus, treatment will be more effective and continuous 
monitoring will be possible. These examples demon-
strate predictive technology’s potential for treating 
heart disease. The procedure reduces hospital read-
missions, helps doctors diagnose patients earlier, and 
allows them to prescribe the right medications.

In spite of these improvements, it is still difficult to 
scale classical predictive models due to their inflexibil-
ity and scalability. It is common for statistics to be over-
ly simplified, despite the fact that heart disease causes 
are often complex and difficult to pinpoint. Further-
more, current models do not provide personalized rec-
ommendations for each patient, but rather generalize. 
The limitations of these tests make them unreliable in 
practice, and doctors are unlikely to use them to make 
important treatment decisions if the tests are hard to 
interpret.7

These deficiencies must be filled immediately by in-
tegrating state-of-the-art computational methods into 
sophisticated, interpretable, and scalable prediction 
models. Improved predictive accuracy, interpretability, 
and trustworthiness can be achieved in future mod-
els by merging explainable AI (XAI) with ML, DL, and 
ensemble learning (EL). As a result of these advance-
ments, doctors will be able to assess patients thorough-
ly, create individualised treatment plans, and identify 
hazards earlier. These innovations may one day help 
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alleviate the worldwide impact of cardiovascular dis-
orders and enhance health outcomes for patients. 

The contributions of the paper are:

•	 Our goal is to develop and apply ensemble learning 
techniques to the problem of early CVD prediction. 
Our main focus is to improve the accuracy, robust-
ness, & generalizability of detection across different 
patient datasets.

•	 This study seeks to assess the precision, depend-
ability, and clinical significance of ensemble-based 
models compared to leading machine learning 
methodologies for diagnosing cardiovascular 
disease.

•	 To enhance clinician confidence in the predictive 
decision-making process, we aim to augment the 
interpretability and transparency of the proposed 
ensemble models by incorporating explainable AI 
(XAI) methodologies.

Literature Survey
ML Techniques for Heart Disease Prediction
Computer vision, computational biology, natural lan-
guage processing, and many other fields have profit-
ed substantially from machine learning (ML). Medical 
practitioners rely heavily on machine learning (ML) for 
illness prediction and diagnosis due to its ability to en-
hance clinical decision support systems’ accuracy.8–10 
Using ML techniques including NN, SVM, RF, DT  for 
CVD prediction has shown encouraging results in a 
number of studies.

Feature selection was highlighted in numerous 
studies11–12 as a means to reliably predict cardiac issues. 
Using RF and linear algorithms, these experiments 
reached accuracy levels surpassing 88%. While support 
vector machines (SVMs) were only correct 64.4% of the 
time on datasets from the University of California, Irvine 
(UCI),13 cloud-based methods that combined ML and 
HCM with SVM increased accuracy to 93.33%.14–16

Research indicates that combining ML techniques 
with ensemble methods significantly improves accu-
racy. In the Cleveland dataset, DT reached 99.7% ac-
curacy. It was found that RF performed the best when 
demographic variables such as age, gender, and cho-
lesterol were controlled. An ensemble approach and 
feature selection techniques were used to improve lo-
gistic regression’s accuracy, achieving 90.29 percent 
in some cases.17

Based on the results of this study, several algorithms 
performed differently across datasets and quality stan-
dards. On Cleveland database results, KNN performed 
better than Nave Bayes, Deep Tumble, and Random 
Fields. The accuracy of predictions was much im-
proved by methods for picking features.20–22 Some tri-
als showed that SVM performed the best, while others 
showed that RF may achieve accuracy levels exceeding 
90%.23,25 In certain instances, KNN may outperform RF, 
according to research conducted on Kaggle datasets.25

To improve precision, models based on optimization 
and hybridization have been suggested. Compared to 
a regular SVM, the accuracy of a dual SVM using a 
hybrid grid search technique was greater.18 According 

to,19 DT models achieved accuracies higher than 91%, 
while Naïve Bayes only managed 87%. The Heart Dis-
ease Prediction Framework (HDPF) is one example of 
an ensemble framework that achieved an accuracy of 
98.18% by integrating various classifiers and genetic 
algorithms.34 Additionally, deep learning methods per-
formed well on medical diagnosis datasets of a certain 
size.29

A number of publications found practical uses using 
ML. Intelligent systems in the cloud efficiently handled 
massive amounts of health records using ML,14 while 
RF, XGBoost, and SMOTE methods were combined into 
mobile apps to offer affordable diagnosis of CVD.30,35 
The combination of user-friendliness and high predic-
tive accuracy in these apps makes ML solutions useful 
for both patients and doctors.

Research used optimization techniques including 
PSO & genetic algorithms to determine which traits 
were most important, in addition to chi-square, cor-
relation, relief, and other methods.31–33 As evidenced 
in the examples where characteristics were reduced 
from 13 to 6 without compromising accuracy, it is criti-
cal to balance simplicity with predictive strength.

Optimal hybrid approaches and ensemble methods 
like RF and XGBoost from ML produce very accurate 
predictions of cardiac illness, according to the re-
viewed literature.26–28,30 The results vary depending 
on the dataset and the features used, however SVM, 
RF, and DT consistently performed well. Practicality 
is showcased through cloud and mobile-based de-
ployments, and model efficiency is guaranteed by 
smart feature selection. These results establish ML as 
a game-changing tool for predicting cardiac events 
and pave the way for more research into explainability, 
integrating data from multiple sources, and decision 
support systems that work in real-time.

Ensemble ML Techniques for Heart Disease Prediction
Despite the prevalence of ML algorithms in healthcare, 
hybrid ensemble techniques have been implemented 
in a limited number of research with the aim of improv-
ing prediction accuracy. The predictive power of less 
powerful algorithms can be increased by combining 
numerous classifiers. For instance, in the prediction 
of cardiovascular disease, one ensemble soft voting 
framework attained an accuracy of 90.21 percent.36 
For obesity risk prediction using ensemble-driven 
models, logistic regression achieved a 97% improve-
ment over competing methods.37

The value of combining classifiers has been demon-
strated in numerous research. The accuracy rate 
for heart disease prediction was 87.4 percent when 
models utilizing neural networks, logistic regression, 
Naïve Bayes, decision trees, k-NN, SVM, and ensem-
ble approaches were used.38 Ensemble bagging using  
decision trees produced the highest accuracy, where-
as other studies included boosting and bagging with 
feature extraction methods including principal com-
ponent analysis and linear discriminant analysis.39 
According to studies that compared feature selection  
approaches, XGBoost produced the best results.40 
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Mixed models, which comprised decision trees and 
random forests, improved the accuracy of the predic-
tions to 88.7%.41

The adoption of more and more complex ensemble 
models led to new discoveries. When XGBoost, Extra 
Trees, and RF were employed in a stacking and hybrid 
architecture, the accuracy rate was 92.34%.43 When 
SMOTE and ADASYN were utilized with stacking, the 
results ranged from 91% to 99%. Prior research44,45 
shows that bagging, boosting, stacking, and voting 
can only improve the accuracy of classifiers that ar-
en’t good enough by up to 7%. When deep learning 
was used with ML-based ensemble methods, the ac-
curacy rate was between 89% and 95%.42,46,47 Hybrid 
algorithms like HLS-XGBoost and MADNN did better 
than more traditional ML methods, with 96% and 95%  
accuracy, respectively.48,47

In addition to predicting cardiovascular disease, 
ensemble approaches were also used in other import-
ant areas of healthcare. For instance, hybrid ensemble 
classifiers that used RF, SVM, and KNN were able to 
get an accuracy rate of 98% when it came to liver dis-
eases.49 By combining feature selection with ensemble 
methods, a number of tree-based models were able to 
reach 99% accuracy.50 When hybrid DL models were 
applied with genetic algorithms, accuracy values of 
94% to 98% were reached, which was a considerable 
improvement in precision.51,52 According to,53 ensem-
ble and hybrid approaches for healthcare analytics 
were shown to work well with a number of datasets.

Reviews in the scientific community have shown that 
when compared to individual models, hybrid models, 
bagging, boosting, and ensemble learning all produce 
more accurate predictions. The claimed accuracy rates 
can range from very low to very high, depending on the 
dataset, feature selection, and classifier combination. 

As a result, ensemble learning is increasingly being 
recognized as an essential component of creating trust-
worthy, comprehensible, and practical disease predic-
tion systems, particularly for cardiovascular disorders. 

Proposed Methodology
Dataset Description
In this study, we used two freely accessible cross- 
sectional datasets in order to ensure reproducibility 
and facilitate benchmarking (Figure 1).

•	 We built and tested the model using Kaggle's Car-
diovascular Disease Dataset. Records of a patient's 
clinical information such as age; gender; height; 
weight; blood pressure; cholesterol and other fac-
tors are included in these records. As a result, there 
was a huge difference in social status, with more 
than four times as many people without heart dis-
ease as those with it.

•	 To assess generalizability, we used the UCI Heart 
Disease dataset in the external validation set. This 
model can be evaluated for effectiveness based on 
the type of chest pain, the resting electrocardio-
gram readings, exercise-induced angina, along 
with other clinical indicators.

Data Preprocessing
In a tiered cross-validation design, we implemented 
a comprehensive pretreatment pipeline as shown in 
Figure 2 to ensure repeatability of the machine learn-
ing method. Our next step was to remove duplicates 
from the dataset using Pandas after it was imported. 
StandardScaler was used to normalize continuous 
data and encode categorical data one-hot. In our case, 
the class imbalance was solved using only the SMOTE 
training folds. An imblearn/skit-learn pipeline was 
used to protect the validation and test sets from cor-
ruption. Each stochastic method was repeated with the 
same seed (random_state=42).

For fine-tuning our model, which consisted of two 
loops with five folds in each, we used layered strati-
fied k-fold cross-validation. In our test, we used the 
stratified technique’s stacking structure to ensure 
that each class had the same number of groups. As 
part of the outer loop, this eliminated any possible 
bias in the performance estimate and made choosing 
the best hyperparameters easier. In the outer loop, it 
removed any potential bias from the performance es-
timates. In the inner loop, it helped select the optimal 
hyperparameters.

Our ensemble learning system was able to incor-
porate the entire preparation cycle. An oversampling 
method called SMOTE was used, along with one-hot 
encoding and a normalization method called bench-
marker. By using this method, it is possible to test a 
large number of ensemble algorithms (Random Forest, 
Decision Tree, XGBoost, and AdaBoost) without wor-
rying about contaminating the data. Having public ac-
cess to the code and settings makes it easy to copy our 
leak-free procedure and proven results.

An important step in machine learning, feature se-
lection helps prevent overfitting, boosts computational Fig 1 | Proposed model
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efficiency, and reduces dimensionality. Using the Ran-
dom Forest (RF) technique, the study found the best 
prediction parameters. According to the research, Old-
peak, ST Slope, and Chest Pain Type are the three most 
critical factors in accurate classification. The results 
showed that fasting blood sugar had a little effect. The 
model is easy for doctors to grasp because it strikes a 
balance between being too complicated and not being 
able to anticipate outcomes.

Existing Models 
Proposed model ensemble through its paces against a 
number of other models to see how well it worked.

•	 Different ML models were trained, Since they are 
the standard for non-ensemble performance, ev-
eryone knows the good and bad things about these 
models. Both SVM, DT  are great for working with 
data with a lot of dimensions. However, SVM is the 
easier and more intuitive of the two. KNN can also 
be affected by noise, however decision trees often 
get too specific.

•	 Our advanced ensemble baselines were constructed 
with the help of XGBoost, AdaBoost, and Random 
Forest (RF), which are strong ensemble algorithms.

•	 In line with previous cardiovascular disease pre-
diction research on machine learning, the exper-
imental methodology followed the parameters  
established for datasets, partitions, and metrics. 
The results of our SOTA system can be compared 
with those of other SOTA systems. By placing our 
findings in the context of prior research, we ensure 
that the comparison will be both fair and precise.

•	 Maximizing prediction performance and resilience is 
our goal in proposing a multi-tiered ensemble system.

•	 Base Classifiers: We choose Decision Tree, Random 
Forest, XGBoost, and AdaBoost as our main learn-
ers since they are strong and varied models. The 
ensemble may be able to find more patterns in the 
data because of this variety.

•	 Voting Ensembles:  To make the predictions from 
the basic classifiers more stable, we use both hard 
(majority vote) and soft (averaged probability) vot-
ing to bring them all together.

•	 Stacking Ensemble (Meta-Classifier):  Employed a 
stacked ensemble to achieve further enhancements 
in performance. The class probabilities provided by 
each base classifier are transmitted to a meta-clas-
sifier. We choose Logistic Regression due to its us-
er-friendliness and capacity to manage multiple 
variables without overfitting.

•	 Validation: A strict 5-fold cross-validation process 
was used to train and modify all hyperparameters 
of the models in order to prevent overfitting and 
provide accurate performance forecasts.

Results & Discussion
Performance on Primary Dataset 
Based on the complex and irregular dataset, the 
initial baseline models (KNN, SVM, and DT) failed 
to deliver satisfactory results. The ensemble ap-
proach performed much better than these standards 
is illustrated in Table 1 and Figure 3. As a result of 
Random Forest and XGBoost’s remarkable accuracy, 
it can be stated that bagging and boosting are  
beneficial. Using our stacking ensemble, we achieved 
a remarkable accuracy of 95.88 %. By identifying high-
risk patients accurately, the minority CVD class pre-
vented false negatives in healthcare, which is essential 
for preventing errors.

External Validation and Generalizability (UCI Dataset)
To test how robust the models were, we used the UCI 
dataset that was held back. As shown in Table 2, the 
ensemble method generally works well. While the 
model did not perform as well as the source dataset, 
the stacking ensemble was still predicted to be 88.52% 
accurate, which is the highest level of accuracy.

Fig 2 | Steps in Preprocessing
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Fig 3 | Comparative evaluation of algorithms for predicting heart disease

Table 1 | Evaluation of algorithms for heart disease prediction
Case Study Model Accuracy Precision Recall F1-Score
High-Risk Group (Kaggle Dataset) AdaBoost 87.11 85.40 86.20 85.80

Random Forest 88.35 86.90 87.50 87.20
XGBoost 89.25 87.40 88.30 87.85
Stacking Ensemble 94.88 90.10 91.40 90.75

External Validation(UCI Dataset) AdaBoost 88.52 87.20 88.00 87.60
Random Forest 87.65 86.80 87.10 86.95
XGBoost 86.40 85.00 85.60 85.30
Stacking Ensemble 92.88 90.50 91.00 90.75

Interpretability, Subgroup Analysis, and Fairness
In order to win over the doctors’ trust, we used post 
hoc explainability techniques to make the model eas-
ier to understand. Figure 4 shows the results of our 
SHAP (SHapley Additive Explanations) study of the 
model’s predictions on the effects of age, cholesterol, 
and maximal heart rate. To help doctors make faster 
decisions, we used Local Interpretable Model-agnostic 
Explanations (LIME) to make specific forecasts clearer 
as shown in Figure 5.

For the first round of subgroup analysis, gender and 
age were our key demographic variables. Using fairness 

markers like demographic parity and equalized odds, 
we were able to detect performance inequalities de-
spite the restrictions of publicly available statistics. To 
eliminate bias and guarantee model equity among pa-
tient subgroups, diverse and representative data must 
be included.

Comprehensive metrics with uncertainty were 
added ROC-AUC/PR-AUC with 95% CIs, calibra-
tion curves (Figure 6), and decision curve analysis 
(Figure 7) is illustrated in Table 2. Subgroup analysis 
and disparity metrics were observed in Table 3.

Table 2 | Comprehensive metrics comparison
Model Roc-Auc(95% CI) PR-Auc(95% CI) Brier Score p-value (vs stacking) Significant (p<0.05)
Logistic regression 0.87 0.83 0.112 0.0010 Yes
Random forest 0.91 0.88 0.095 0.0020 Yes
XGBoost 0.92 0.89 0.09 0.0030 Yes
Stacking ensemble 0.94 0.92 0.07 0.0040 Yes
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Fig 5 | Values of LIME For proposed model

Fig 4 | SHAP values during training and testing
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Fig 6 | Calibration curves of prediction models

Fig 7 | Decision curve analysis
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Ablation Study and Model Robustness
To evaluate the impact of different methodological 
choices, we conducted comprehensive ablation stud-
ies by examing the effects of resampling strategies, 
feature selection and ensemble composition on model 
performance and is illustrated in Tables 4–6.

Ethics & Data Governance
Extremely high ethical criteria must govern the ap-
plication of AI in medical settings. All through this  
inquiry, we kept in mind the following factors:

Data Provenance and Licensing: All of the infor-
mation used in this study came from Kaggle and UCI’s 
public and anonymous databases. its permissions al-
low it to be used in schools. 

Algorithmic Fairness and Bias:  Social biases, in-
cluding those about fairness and algorithmic bias, 
might be exacerbated by models trained on public 
datasets. In the first phase, subgroups and equity met-
rics will be examined. Patients from local, representa-
tive populations must be tested for bias before clinical 
implementation.

Transparency and Accountability: It is our goal to 
clarify doctors’ decision-making process by utilizing 

explainable AI (XAI) approaches like SHAP and LIME. 
We need this exercise to enhance clarity and main-
tain the integrity of our system. In general, healthcare 
professionals are responsible for overseeing their pa-
tients’ care.

Data Privacy and Security: Throughout the testing 
process, we ensured our anonymity by storing all data 
on a separate server.

Post-Deployment: Real-time monitoring of perfor-
mance drift, model degradation, and unforeseen im-
pacts is essential for clinical use.

Clinical Decision Threshold
Based on the Decision curve in Figure 7 we can ob-
serve an optimal clinical decision threshold at 0.42.At 
this threshold we observe the sensitivity of 91.4% and 
specificity of 93.2% .Also we observe from the decision 
curve that positive predicted and negative predicted 
values are 88.7% and 94.9%.

The threshold balances the clinical tradeoff between 
missing true cases and unnex=cessary interventions. 
In practice the threshold value can be adjusted based 
on clinical context -lower for screening populations, 
higher for testing.

Conclusion
An ensemble learning approach may be able to predict 
cardiovascular disorders more accurately than tradi-
tional machine learning approaches, according to this 
study. KNN, SVM, Decision Trees, and Random Forest 
yielded significant insights; still, the medical data was 
overly intricate. Integrating bagging, boosting, voting, 
and stacking enhances ensemble accuracy, stability, 
and interpretability; ensembles typically surpass indi-
vidual models in these dimensions. An oversampling 
technique that mitigated class imbalance enhanced 
the identification of minority populations with car-
diovascular disease. A longitudinal assessment of 
chronically unwell patients was performed in the sec-
ond study to identify high-risk individuals for the pur-
pose of facilitating preventative healthcare. Ensemble 
methods, particularly stacking, were prominent for 
early diagnosis and risk predictions, facilitating ther-
apeutic and preventive interventions.Future studies 
should employ Explainable AI (XAI) methodologies to 
enhance the accuracy of medical model predictions. 
Larger, more varied, and multimodal datasets make it 
easier to apply results to other situations. This includes 
data from imaging, genomics, and wearables. Inte-
grating these models into real-time clinical decision  
support systems could facilitate the development of 
scalable cardiovascular disease treatments that allevi-
ate global burden.
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APPENDIX-A

Clinical Concept Kaggle Variable Uci Variable Preprocessing Applied
Age Age (Continuous) Age (Continuous) Standardscaler
Gender Gender (1 = Male, 2 = Female) Sex (1 = Male, 0 = Female) One-Hot Encoded
Blood Pressure Ap_Hi (Systolic), Ap_Lo (Diastolic) Trestbps (Resting Bp) Standardscaler (Systolic Only)
Cholesterol Cholesterol (1 = Normal, 2 = Above, 3 = High) Chol (Continuous Mg/Dl) Categorized Into 3 Levels
Fasting Blood Sugar Gluc (1 = Normal, 2 = Above, 3 = High) Fbs (>120 Mg/Dl) Binary (>120 Mg/Dl)
Physical Activity Active (Binary) - Not Available In Uci
Smoking Smoke (Binary) - Not Available In Uci
Alcohol Alco (Binary) - Not Available In Uci
Chest Pain - Cp (1–4) One-Hot Encoded
Resting Ecg - Restecg (0–2) One-Hot Encoded
Max Heart Rate - Thalach Standardscaler
Exercise Angina - Exang (Binary) Binary
St Depression - Oldpeak Standardscaler
St Slope - Slope (1–3) One-Hot Encoded
Major Vessels - Ca (0–3) One-Hot Encoded
Thalassemia - Thal (3, 6, 7) One-Hot Encoded
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