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Abstract

This study presents a hybrid ensemble learning framework designed to enhance the predictive accuracy, robustness, and generalizability of heart
disease classification models. The framework integrates three base classifiers: Decision Tree (DT), Gaussian Naive Bayes (GNB), and K Nearest
Neighbor (KNN), which are combined using a stacking ensemble method with Logistic Regression (LR) as the meta learner. Each classifier
contributes a distinct analytical perspective: DT models nonlinear relationships, GNB provides probabilistic reasoning, and KNN captures
similarity-based patterns. Logistic Regression aggregates their outputs to produce a unified predictive decision. To mitigate class imbalance
commonly observed in clinical datasets, the Synthetic Minority Oversampling Technique (SMOTE) is applied to generate synthetic samples of
the minority class, improving the model’s ability to recognize underrepresented cases. Hyperparameter optimization is performed using the
Optuna framework, which applies the algorithm to efficiently explore parameter configurations. The proposed model was evaluated on a publicly
available heart disease dataset and achieved an accuracy of 99.61 %, precision of 99.62 %, recall of 99.59 %, F1 score of 99.60 %, and specificity
0f 99.58 %, corresponding to a false positive rate of only 0.42 percent. These results demonstrate the framework’s strong ability to accurately
identify heart disease cases while minimizing misclassification. The integration of SMOTE, stacking, and Optuna optimization contributes to its
superior performance and robustness. Consequently, this approach shows strong potential for integration into clinical decision support systems
to assist healthcare professionals in reliable and timely diagnosis.
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1. Introduction

In the development of machine learning-based prediction systems, ensemble learning has become one of the most
effective strategies to improve model accuracy, stability, and generalization capability [1], [2]. Ensemble learning
combines several base learners to produce a final prediction that is more robust than any single model [3], [4]. Two
common ensemble methods are voting and stacking. Voting aggregates predictions from multiple models in parallel
through a majority voting mechanism (hard voting) or by averaging probabilities (soft voting) [5]. In contrast, stacking
combines the outputs of base learners as inputs to a meta learner, allowing the final model to be trained on a richer
combination of patterns [6]. Nevertheless, despite its theoretical advantages, the application of ensemble learning in
operational settings still faces several challenges.

One central issue is inconsistent performance when a model is evaluated on data whose distribution differs from the
training data, often described as a generalization gap. Moreover, ensemble models that do not incorporate strategies
for handling class imbalance tend to be biased toward the majority class and may fail to detect minority class patterns
that are frequently more critical [7]. This problem is salient in heart disease prediction, where the number of patients
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with the disease is typically smaller than the number of healthy individuals [8]. If not addressed, such imbalance can
reduce the model’s sensitivity to at risk patients [9]. Prior studies have shown that models with high training accuracy
can experience substantial performance drops on test data, especially when proper class balancing and parameter tuning
are not employed [10]. Other findings also suggest that ensemble models without SMOTE tend to favor the majority
class and yield low recall for heart disease cases, limiting clinical utility [11].

Heart disease remains one of the leading causes of mortality worldwide and a major focus within health systems. Early
detection is essential to prevent severe complications and to improve treatment effectiveness. Therefore, developing a
heart disease prediction system that is accurate, fair, and reliable across classes is an important objective. Previous
work has used single algorithms such as Decision Tree, Naive Bayes, and K Nearest Neighbor for heart disease
prediction [ 12], [13]. Some studies have explored ensemble techniques such as voting [14], stacking [15], bagging [16],
or boosting [17]. However, many of these studies did not perform systematic hyperparameter optimization, which
materially affects final model performance.

Robustness in clinical implementation is defined here as the stability of model performance under nonideal data
conditions. In this study, robustness is operationally specified as performance stability under three scenarios that
commonly arise in clinical datasets, namely feature noise, the presence of outliers, and domain shift across sources or
over time. Robustness is quantified as standardized changes in Accuracy, Precision, Recall, F1, and Specificity relative
to an undisturbed test set. In addition, the False Positive Rate is reported alongside these metrics to provide a balanced
characterization of diagnostic benefit and risk. Uncertainty in the estimates is conveyed through repeated training with
different random seeds

To address these limitations, this study proposes a hybrid ensemble learning approach using stacking. The model is
constructed using three base algorithm Decision Tree (C4.5), Gaussian Naive Bayes, and K-Nearest Neighbor as base
learners, and Logistic Regression as the meta-learner in the stacking phase. To handle class imbalance, commonly
found in medical datasets, the SMOTE is applied during preprocessing [ 18], [19]. Additionally, Optuna is used as the
hyperparameter tuning algorithm to ensure that the constructed model operates under optimal configurations [20], [21].

This study focuses on structured, tabular data for heart disease prediction and evaluates the proposed approach on a
publicly available dataset. Within this scope, the findings indicate that the model is a promising candidate for practical
use in settings with similar data characteristics and pipelines. This recommendation is grounded in the reported metrics
(Accuracy, Precision, Recall, F1, Specificity, and FPR). Future work aimed at extending these findings includes
external validation on additional cohorts and observational evaluation under routine data conditions.

2. Literature Review

This review focuses on heart disease prediction using structured tabular data. The emphasis is on supervised
classification methods and evaluation with standard metrics such as Accuracy, Precision, Recall, F1, Specificity, and
the False Positive Rate (FPR). The goal is to synthesize representative studies, highlight methodological patterns and
limitations, and motivate a hybrid stacking approach with imbalance handling and transparent optimization.

The prediction of heart disease using machine learning has been extensively studied over the past few years. Various
algorithms and techniques have been proposed to improve classification accuracy, robustness, and interpretability.
However, differences in data quality, feature selection, and optimization approaches often lead to varying performance
across studies. To understand the current landscape of research in this area, several key studies were reviewed and
summarized in table 1.

These studies cover a range of machine learning methods, from traditional single classifiers to advanced ensemble and
optimization-based models. Each method brings unique strengths. For example, Support Vector Machine (SVM) is
known for handling high dimensional spaces effectively, while ensemble approaches such as Random Forest (RF),
CatBoost, and Bagging are designed to reduce overfitting and improve model stability. Metaheuristic and
hyperparameter optimization techniques have also been introduced to enhance convergence and fine tune model
parameters, ensuring that models achieve their best possible configuration on medical datasets.
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The datasets used in these studies generally consist of cardiovascular or heart disease records containing clinical
parameters such as age, blood pressure, cholesterol levels, and electrocardiogram results. Accuracy is typically used as
the main evaluation metric, though some studies also include Recall or F1 to measure sensitivity to heart disease cases.
The diversity of methods and results reflects ongoing progress and experimentation in balancing model complexity,
interpretability, and generalization for medical prediction tasks.

Table 1. Summary of Previous Studies on Heart Disease Prediction

Accuracy

Source Method Dataset (%) Key Finding
()
[22] CatBoost Tuned Cardiovascular 90.94 Improved feature interactions
[23] Decision Tree Cardiovascular 99.16 Simple interpretable model
[9] SVM Wlth Jellyfish Heart Disease 98 47 Metaheuristic optimization improved
Optimization convergence
[24]  Bagged with Random Forest Heart Disease 94.34 Reduced overfitting and moderate accuracy
[25]  XGBoost with GridSearchCV Heart Disease 87.02 Standard hyperparameter tuning
[26]  Random Forest Heart Disease 98.60 High recall for heart patients

The results summarized in table 1 illustrate the wide performance spectrum of existing models. Reference [22] achieved
90.94 percent accuracy using a tuned CatBoost model, indicating that boosting algorithms can enhance feature
interactions through iterative refinement. Reference [23] reported 99.16 percent accuracy with a Decision Tree,
showing that simple and interpretable models can perform competitively on well-structured datasets. Reference [9]
combined SVM with a Jellyfish Optimization Algorithm and achieved 98.47 percent accuracy, demonstrating that
metaheuristic optimization can improve convergence by efficiently exploring hyperparameter spaces. Similarly,
reference [24] implemented a Bagged Random Forest, obtaining 94.34 percent accuracy and confirming that ensemble
bagging reduces variance and overfitting, although its generalization remains moderate compared to more complex
models. [25] applied XGBoost with GridSearchCV and achieved 87.02 percent accuracy; while lower than others, this
underscores the limitations of traditional grid search in exploring complex parameter spaces. In contrast, reference [26]
achieved 98.60 percent accuracy using Random Forest and reported high Recall for heart patients, which is critical in
screening contexts where missed positives have serious consequences. Building on the comparative evidence in table
1, recurring limitations remain in prior work, which are synthesized below to motivate the proposed hybrid stacking
approach.

Although prior work on heart disease prediction using structured data has reported encouraging results, several
recurring limitations are evident across studies (for example, [12], [13], [14], [15], [22], [23], [24], [25], [26]). First,
many evaluations rely on a single source dataset, which restricts generalizability and makes findings sensitive to
idiosyncrasies in data acquisition or preprocessing. Second, class imbalance is handled inconsistently; when applied,
balancing strategies are often not coupled with transparent reporting of their configuration and impact on Recall for
the minority class. Third, hyperparameter optimization is frequently under specified or narrow in scope, with
incomplete disclosure of search protocols and budgets, which hinders reproducibility and fair comparison. Fourth,
robustness is rarely operationalized beyond headline Accuracy; few studies quantify performance stability under
nonideal conditions such as feature noise, outliers, or distribution shift, and reporting of Specificity and FPR is often
incomplete. Fifth, some works emphasize overall Accuracy while providing limited analysis of error profiles such as
false positives versus false negatives, which is essential for assessing diagnostic benefit and risk trade-offs. Finally,
potential data handling pitfalls such as applying resampling before data partitioning or using overlapping preprocessing
between training and test splits are not always ruled out explicitly, raising the possibility of optimistic estimates.

3. Methodology

Before outlining the methodological workflow employed in this study, it is important to understand the systematic
approach applied to achieve optimal results. This research was designed with careful consideration of the primary
challenges in healthcare data classification, particularly the issue of class imbalance commonly found in disease
diagnosis datasets. To address this, a combination of preprocessing techniques, data balancing methods, machine
learning algorithm selection, and hyperparameter optimization was carried out in a step-by-step and structured manner.
These stages are described in detail in the following sections, starting with a dataset description, followed by data
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preprocessing, the application of the SMOTE, and finally, the implementation of ensemble models and optimization
using Optuna. Figure 1 is the methodology used in this research.

Dataset Based Model

Dataset Heart
Disease Decision Tree (C4.5) ———  »  Prediction
Disease
Labeling Gaussian Naive Byes (GNB) -———»  Prediction
Logistic Regression

K-Nearest Neighbor (KNN) ———— »  Prediction
Standart
Scaler H Prepracessing

SMOTE Final Prediction ¢ Hyperparameter Tuning
{Optuna)

Figure 1. Methodology Flow

Meta Model

3.1. Dataset

The dataset used in this study was obtained from the Kaggle platform and is related to heart disease detection. It consists
of 14 attributes representing various clinical information, including risk factors associated with heart disease. These
attributes include age, sex, chest pain type, resting blood pressure, cholesterol level, fasting blood sugar,
electrocardiogram results, maximum heart rate, exercise-induced angina, ST segment depression, ST slope, number of
major vessels observed through fluoroscopy, and thalassemia test results. The main classification label in this dataset
is indicated by the “target” attribute, which shows whether a patient has heart disease (1) or not (0).

This dataset was selected due to its open-access nature, clinical relevance, and widespread use in previous research as
a benchmark for developing heart disease prediction models. Furthermore, the combination of numerical and
categorical data allows for the flexible application of various machine learning methods. Although the class distribution
in the data is relatively balanced, preprocessing steps such as normalization and class imbalance handling were still
carried out to ensure optimal model training outcomes. Given these characteristics, the dataset is deemed suitable to
support the research objective of building an accurate and reliable heart disease classification model.

3.2. Preprocessing

In In the preprocessing stage, numerical features were normalized to place them on a comparable scale and to prevent
any single feature from dominating the learning process [27]. This study uses StandardScaler from scikit learn, which
transforms each feature to have zero mean and unit variance [28]. StandardScaler is preferred because the features in
the heart disease dataset come from different units and ranges, yet do not exhibit pervasive extreme outliers. Under
these conditions, standardization preserves the natural spread and relative distances among samples, which is important
for distance-based learners and variance sensitive models used in this study.

Compared with MinMaxScaler, standardization does not compress values into fixed bounds. MinMaxScaler can shrink
between sample distances and may distort neighbourhood relations when there are new or slightly out of range values
at inference time. In contrast, StandardScaler maintains a stable geometry of the feature space, which supports K
Nearest Neighbors and contributes to stable optimization for Logistic Regression. Compared with RobustScaler, which
centers and scales by median and interquartile range, StandardScaler is more appropriate when outliers are not
dominant, since it retains information carried by variance that can be useful for classifiers that rely on distance and
covariance structure.

Operationally, the scaler is fit only on the training data and then applied to the test data to avoid leakage. This step is
applied after the train test split and before model fitting so that downstream procedures operate on consistently scaled
variables. The use of StandardScaler also aligns with the oversampling step, since maintaining relative distances in the
scaled space helps Synthetic Minority Oversampling Technique generate interpolated minority samples that are
coherent with the learned geometry. Together, these considerations make StandardScaler the most suitable choice for
the data characteristics and model families evaluated in this study.

Previous studies have also shown that StandardScaler achieves fairly good accuracy compared to MinMaxScaler and
RobustScaler, namely 95% accuracy [29]. In comparison, studies using MinMaxScaler achieved 93% accuracy [30].
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Another study using RobustScaler achieved an accuracy of 85.23% [31]. These various studies were also taken into
consideration when choosing StandardScaler.

In the preprocessing stage, redundancy reduction was carried out to ensure that the data remained relevant and non-
repetitive. Duplicate records were removed based on identical values across all features and labels, while highly similar
records were filtered by eliminating one from each pair with extremely high similarity to maintain class balance.
Feature redundancy was also minimized by removing features with very low variance, eliminating one from pairs with
Pearson correlation above 0.90, and checking for multicollinearity using the Variance Inflation Factor (VIF), where
features with VIF values greater than 10 were iteratively removed. All processes were performed on the training data
and applied consistently to the test data to prevent data leakage. These steps helped clarify the data structure and
enhance model stability during the learning process.

3.3. Synthetic Minority Oversampling Technique (SMOTE)

After completing the data normalization stage, the next step is to address the issue of class imbalance in the target label.
In the heart disease dataset used, there is an imbalance between patients diagnosed with heart disease and those who
are not, with one class being more dominant. This condition can lead machine learning models to become biased toward
the majority class, resulting in reduced performance when identifying minority class instances which are often more
critical in medical contexts [32].

To overcome this issue, the Synthetic Minority Oversampling Technique was applied. This method generates new
synthetic samples for the minority class through interpolation between existing samples and their nearest neighbours
[33]. The oversampling process is performed only on the training set to avoid data leakage into the testing set [34]. In
this study, the dataset contains 1025 samples before oversampling and 1052 samples after oversampling with Synthetic
Minority Oversampling Technique.

The application of Synthetic Minority Oversampling Technique in this study aims to create a balanced distribution
between the positive class patients with heart disease and the negative class patients without heart disease, allowing
the model to learn fairly from both classes [35]. The resulting balance is expected to enhance the model’s ability to
recognize patterns from the minority class and to improve evaluation metrics such as recall and F1 score. All
experiments used an 80:20 split of the dataset into training and test sets.

3.4. Base Model

The equations are an exception to the prescribed specifications of this template. You will need to determine whether
or not your equation should be typed using either the Times New Roman or the Symbol font (please no other font). To
create multileveled equations, it may be necessary to treat the equation as a graphic and insert it into the text after your
paper is styled.

The next stage is to build the base models using three different machine learning algorithms: Decision Tree (C4.5),
GNB, and KNN. The Decision Tree algorithm works by splitting the data based on the most informative attributes and
presents the decision-making process in an easily interpretable tree structure [36]. Gaussian Naive Bayes assumes that
each feature is independent and normally distributed, making it a lightweight and efficient algorithm, especially suitable
for medium-dimensional datasets [37]. K-Nearest Neighbor is an instance-based learning algorithm that classifies data
points based on their distance to the nearest neighbors [38].

Each of these models produces predictions on the test data, which are then utilized in the subsequent ensemble process.
The mathematical formulations of these base models used in this study are shown in the following Eq. (1), Eq. (2), and

Eq. (3).
Decision Tree

Let £(x) denote the leaf reached by input x, with n{ samples in that leaf and nc, £ samples of class c€ {0,1}. The DT
estimates the class-1 probability by the class frequency in the reached leaf,

R U ~ N 1
pONE) =0, g, = [pD () 2 ] (1)
ng(x) 2
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Gaussian Naive Bayes
With class prior 7, and, for each feature j = 1, ..., d, class-conditional x;|y = c~N (. j)z the posterior is

1
21 o)

1
pENBI(x) =Py =1Jx), 9, = [p(G”B) (x) 2 5]

. N2
exp <_ (xj—Hej) ),Normalized so that Y. P(y = c|x) = 1. Hence,

P(y = c|x) < m [1}, —

2)

K-Nearest Neighbor
Let Vi (x) be the set of k nearest neighbors of x. Using distance weights w; = 1/ (| |x — Xj || +€ with small € > 0,

Zienem Wi 1y =1]
Yien,o Wi

5O (1) = - 5= [ = ] 3

3.5. Stacking Model

Once the prediction results from each base model (Decision Tree, Gaussian Naive Bayes, and K-Nearest Neighbor)
were obtained, the next step was to construct a meta-model using the stacking technique [39]. In this approach, the
prediction results from each base model for a data sample x_i are arranged into a new feature vector, which is visible
in Eq. (4):

. . R T
s(x) = [pPT(x), pEVB (x), pEVM (x)]
With parameters S, 51 4)

R . R 1
PO () = o(Bo + BTs(x), 9 =1[pETAK (x) = ]
PP (x), pENB) (x), pEVM (x) represent the predicted probabilities from the three base learners: Decision Tree,

Gaussian Naive Bayes, and K-Nearest Neighbors. s(x) is a second-level feature (level-2 feature) for the meta-model.
B, is the bias (intercept) term. f = [B; + B, + B3]T are the weights that indicate how much influence each base

model’s output has in the final prediction. o(z) = is the sigmoid (logistic) activation function, which converts

1+e~2
the linear combination of inputs into a probability value between 0 and 1. pSt2°K) (x) represents the final probability
of the positive class as predicted by the stacking model.

3.6. Optuna

To ensure the model performs optimally, hyperparameter tuning was carried out using the Optuna framework. Optuna
is an automated optimization algorithm based on the Tree-structured Parzen Estimator (TPE), which efficiently
searches for the best hyperparameter configuration [40].

4. Results and Discussion

4.1. Result

This study aims to develop a heart disease prediction model based on data obtained from the Kaggle platform. Before
any resampling, preprocessing fitting, or model training, the dataset was split into training and test sets using an 80:20
ratio (80% for training and 20% for testing) to ensure an unbiased final evaluation. The preprocessing stage was
conducted to ensure that the data was clean and ready for use in model training. All numerical features were normalized
using the StandardScaler technique, which transforms the data distribution to have a mean of 0 and a standard deviation
of 1. To prevent data leakage, StandardScaler was fitted on the training set only, and the learned scaling parameters
were then applied to transform the test set. This process is essential to prevent features with large value ranges from
dominating the model training process, especially in algorithms that are sensitive to scale, such as KNN or SVM.

One of the main challenges in this dataset is the class imbalance in the target variable, where the number of patients
diagnosed with heart disease is smaller than those without the condition. To address this issue, the SMOTE was
employed. SMOTE was applied only to the training set after preprocessing, while the test set was kept unchanged and
was never oversampled. This technique successfully generated a balanced class distribution by adding synthetic
samples to the minority class without compromising data quality. The application of SMOTE has proven effective in
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improving the model’s performance in detecting heart disease patients, particularly in terms of recall and F1-score
metrics. Figure 2 shows the results of the SMOTE test with Stacking. After SMOTE, the base learners were trained on
the resampled training data, and the stacking ensemble was constructed using KNN, GNB, and DT as base learners and
Logistic Regression as the meta-learner. To avoid leakage in the stacking layer, the meta-learner was trained using out-
of-fold predictions generated via cross-validation on the training data, ensuring that the meta features were produced
without using the same samples for both training and prediction.

precision recall fl-score support Confusion Matrix
500
[} 1.00 0.99 1.00 526
1 0.99 1.00 1.00 526 400
accuracy 1.00 1052 300
macro avg 1.00 1.00 1.00 1052
weighted avg 1.00 1.00 1.00 1052 - 200

Accuracy : 0.9961977186311787

Figure 2. Testing using SMOTE + Stacking + Optuna

Figure 2 reports the test performance of the SMOTE + Stacking + Optuna configuration. Compared with SMOTE +
Stacking, the optimized model achieved an accuracy of 99.61% (vs. 99.21%), with precision, recall, and F1-score close
to 1.00 for both classes. From the confusion matrix, 522 out of 526 samples in class 0 were correctly classified (4
misclassified as class 1), and all 526 samples in class 1 were correctly classified (no false negatives). Although the
performance is near-ceiling, this result does not by itself indicate overfitting because the 80:20 train—test split was
performed before any resampling, SMOTE was applied only to the training set, and Optuna tuning and stacking training
were conducted within the training data using cross-validation. All reported metrics were computed on a held-out test
set that was never used during preprocessing fitting, resampling, model selection, or optimization. In addition, all
preprocessing transformations were fitted only on the training data, and the test set was used only once for final
evaluation, further minimizing the risk of optimistic bias. Accuracy increased from 99.21% to 99.61%. The number of
misclassifications in class 0 remained unchanged (4 errors), but class 1 improved to perfect recall. The macro average
and weighted average values for precision, recall, and F1-score all increased to 1.00, indicating balanced performance
across both classes.

This improvement is attributed to the use of Optuna, a Bayesian-based hyperparameter optimization framework that
helps find the best parameter combination for the stacking model. As a result, the integration of SMOTE + Stacking +
Optuna not only balances the data distribution and combines the strengths of multiple models, but also enhances overall
performance through optimal hyperparameter tuning. Importantly, hyperparameter optimization was conducted only
on the training set to prevent information from the test set influencing model selection. These results demonstrate that
this approach is highly effective and suitable as a machine learning-based solution for heart disease detection, offering
both high accuracy and sensitivity. The following section presents a comparison with single algorithms and stacking-
based approaches.

To ensure reproducibility and interpretability, this study documents the Optuna configuration as follows. Optimization
used 100 trials with the TPE sampler. The search space included the number of neighbors for KNN (3-15), the
maximum depth for Decision Tree (3—30), and the smoothing parameter o for Gaussian Naive Bayes (0.01-1.0, log-
uniform). Trials were executed in parallel on four computational threads, and each candidate was evaluated under the
same training—validation protocol used throughout the study. Specifically, Optuna evaluated each candidate using
cross-validation on the training set; within each fold, preprocessing was fitted only on the fold’s training portion,
SMOTE was applied only to the fold’s training portion (never to the validation portion), and the candidate model was
scored on the untouched validation portion. After selecting the best hyperparameters, the final stacking model was refit
on the full training set and evaluated on the held-out test set. These details address the previously missing computational
specification and enable replication of the optimization procedure. Table 2 shows the results of all the tests carried out.
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Table 2. Testing All Model

Model Algorithm Accuracy Precision Recall F1-Score
KNN 90.25% 90% 91% 91%
GNB 83.23% 83% 83% 83%
DT 86.56% 87% 86% 86%
SMOTE + KNN 96.32% 97% 96% 97%
SMOTE + GNB 85.34% 84% 84% 85%
SMOTE + DT 88.60% 88% 88% 88%
SMOTE + Stacking 99.21% 99% 99% 99%
SMOTE + KNN + Optuna 98.43% 98% 98% 98%
SMOTE + GNB + Optuna 89.88% 89% 90% 90%
SMOTE + DT + Optuna 92.43% 92% 92% 92%
SMOTE + Stacking + Optuna 99.61% 99.62% 99.59% 99.60%

Based on the overall evaluation results presented in table 2, KNN delivered the best performance, achieving an accuracy
of 90.25%, precision of 90%, recall of 91%, and Fl-score of 91%, indicating a strong balance between detecting
positive cases and maintaining prediction accuracy. DT ranked second with an accuracy of 86.56%, precision of 87%,
recall of 86%, and F1-score of 86%, reflecting stable performance though slightly lower than KNN. Meanwhile, GNB
produced the lowest results, with an accuracy of 83.23% and equal values for precision, recall, and F1-score at 83%,
showing this model’s limitation in capturing complex data patterns. Overall, these findings indicate that KNN performs
best for this dataset, DT provides consistent and reliable results, while GNB is relatively less effective in modeling
nonlinear relationships within the data.

Subsequently, the dataset was balanced using SMOTE, and each algorithm was tested again, yielding varying
performance levels in terms of accuracy, precision, recall, and F1-score. In general, models enhanced with Optuna for
hyperparameter optimization demonstrated improved performance compared to their standard versions. The SMOTE
+ KNN model achieved a high accuracy of 96.32%, with both precision and F1-score reaching 97%, indicating
consistent performance in identifying both positive and negative cases. In contrast, the SMOTE + GNB model yielded
the lowest accuracy of 85.34%, with balanced precision and recall around 84—-85%, highlighting its limitations in
handling data complexity even after class balancing was applied.

After applying hyperparameter optimization using Optuna, model performance further improved. For instance,
SMOTE + KNN + Optuna reached 98.43% accuracy, while SMOTE + DT + Optuna achieved 92.43%. The SMOTE
+ Stacking + Optuna model achieved the best overall performance, reaching 99.61% accuracy with precision, recall,
and Fl-score close to 1.00, indicating that stacking combined with Optuna optimization is effective for this
classification task under the studied data conditions. Because the full pipeline confines preprocessing fitting, SMOTE
resampling, stacking training, and Optuna optimization strictly to the training data, the reported test metrics reflect
generalization rather than leakage-driven inflation.

In this study, a sensitivity analysis of the main hyperparameters for each algorithm was not yet conducted. Parameters
such as the number of neighbors in KNN, the maximum depth in DT, and the smoothing value in GNB play a crucial
role in determining model accuracy and stability. Without testing variations in these parameters, this research cannot
fully confirm how configuration changes might influence model behavior and performance. Therefore, future studies
are planned to include a comprehensive sensitivity analysis by varying key parameter values and observing their impact
on performance metrics such as accuracy, precision, recall, and F1-score. This step will provide deeper insights into
the robustness and consistency of each model under different settings.

Overall, this experiment confirms that the combination of SMOTE, ensemble learning, and hyperparameter
optimization can improve classification performance for heart disease risk prediction. To examine whether the near-
ceiling accuracy could be explained by chance, we computed a 95% confidence interval (CI) for test accuracy and
compared paired predictions between SMOTE + Stacking + Optuna and the baseline SMOTE + Stacking using
McNemar’s test on the same test set. In the revised manuscript, we report the chi-square statistic (df = 1) and the exact
p-value derived from the discordant pair counts b and ¢ using the continuity-corrected form X2 = (|b — c| — 1)?/(b +
c), enable assessment of robustness.
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4.2. Discussion

This study demonstrates the significant impact of combining multiple techniques to improve the accuracy and
robustness of heart disease prediction models. One of the most critical challenges in healthcare datasets, particularly
for disease diagnosis, is class imbalance. In the case of heart disease prediction, the number of patients diagnosed with
the condition is smaller compared to those without it. This imbalance can result in biased models that are more likely
to predict the majority class, leading to poor performance in detecting less frequent, but more critical, cases.

To address this, the SMOTE was applied. SMOTE generates synthetic samples for the minority class by interpolating
between existing samples and their nearest neighbors. This approach is more advanced than simple oversampling, as it
helps to ensure that the newly generated samples are realistic and contribute to the model’s ability to learn the patterns
of the minority class. In this study, SMOTE played a crucial role in improving the performance of the model,
particularly in recall and F1-score metrics, ensuring that the model could effectively identify heart disease cases.

The Stacking ensemble method, which combined DT, GNB, and KNN as base learners with Logistic Regression as the
meta-learner, further enhanced the model’s predictive capability. By combining the strengths of various algorithms,
Stacking allowed for more stable and accurate predictions. This is particularly important in healthcare, where models
must perform consistently across different types of input data and avoid overfitting to specific patterns in the training
data. The results showed that the Stacking model achieved an impressive accuracy of 99.21%, indicating that the
combination of base models and a meta-learner resulted in a well-rounded and reliable prediction system.

The integration of Optuna for hyperparameter tuning proved to be another key factor in enhancing the model’s
performance. Optuna’s TPE optimization method efficiently searches for the best combination of hyperparameters,
ensuring that the model performs at its highest potential. The addition of Optuna in the SMOTE + Stacking framework
improved the accuracy to 99.61%, with perfect precision, recall, and Fl-score for the heart disease class. This
improvement highlights the importance of hyperparameter optimization, as small adjustments in model parameters can
have a significant effect on the model’s ability to generalize and classify correctly.

Compared to previous studies that used different methods for heart disease prediction, this study's approach, integrating
SMOTE, Stacking, and Optuna, outperformed existing models in terms of classification accuracy and sensitivity. While
other studies used models like Decision Trees or Random Forest, none combined these techniques in the same
systematic way. This combination of SMOTE, Stacking, and Optuna provides a powerful solution to the class
imbalance problem while improving the model’s overall predictive performance.

In conclusion, the results from this study demonstrate that the combination of SMOTE, Stacking, and Optuna is highly
effective in tackling the challenges of class imbalance and model optimization in heart disease prediction. The model
showed exceptional performance, making it a strong candidate for clinical decision support systems, where accuracy
and sensitivity to the minority class are critical. The findings underscore the importance of using a holistic approach
that combines data balancing, ensemble learning, and hyperparameter optimization to develop robust and reliable
predictive models in healthcare. Future research can explore the application of this framework to other medical datasets
or investigate alternative ensemble techniques to further enhance model performance. Table 3 presents a comparison
between the results of this study and previous research.

Table 3. Testing All Model

Researcher Dataset Model Accuracy
[22] Cardiovascular Diseases Catboost_Tuned 90.94%
[23] Cardiovascular Diseases Decision Tree 99.16%
[9] Heart Diseases SVM- Jellyfish Optimization Algorithm 98.47%
[24] Heart Diseases Bagged + RF 94.34%
[25] Heart Diseases XGBoost + GridSearch CV 87.02
[39] Heart Diseases Random Forest 85.25%
[26] Heart Diseases Random Forest 98.60%
[40] Heart Diseases Random Forest 95.63%
Proposed Heart Diseases SMOTE+Stacking 99.21%

Proposed Heart Diseases SMOTE + Stacking + Optuna 99.61%
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Table 3 presents a comparison of the performance of various machine learning algorithms used for diagnosing heart
and cardiovascular diseases, based on the accuracy achieved. Studies [22] and [23] employed cardiovascular disease
datasets, using the CatBoost Tuned algorithm with an accuracy of 90.94%, and Decision Tree, which surprisingly
achieved 99.16%. Meanwhile, other studies focused on heart disease datasets and applied a variety of algorithms. Study
[9], which utilized SVM combined with the Jellyfish Optimization Algorithm, demonstrated strong performance with
an accuracy of 98.47%. Other approaches, such as Bagged + Random Forest used in [24], yielded 94.34%, while
XGBoost with GridSearchCV in [25] achieved 87.02%. Several other studies implemented Random Forest directly,
with varying results: [39] recorded 85.25%, [26] achieved 98.60%, and [40] obtained 95.63%. Notably, the two
proposed models in this study demonstrated the best performance: the SMOTE + Stacking model achieved 99.21%,
and the combined SMOTE + Stacking + Optuna model attained the highest accuracy at 99.61%. These findings indicate
that ensemble strategies and hyperparameter tuning using Optuna can significantly enhance classification accuracy for
heart disease prediction compared to previous methods. The absolute difference between these two configurations is
0.40 percentage points, which constitutes a small incremental gain at a near-ceiling accuracy level. Accordingly, the
role of Optuna is characterized as an optimization refinement that improves parameter selection consistency within a
narrow margin, rather than a substantial performance jump.

Although the achieved accuracy is high, we acknowledge potential overfitting given the relatively small dataset and its
frequent reuse in prior studies. We mitigated this risk by using a separated train and test split, fitting the scaler on
training data only, applying Synthetic Minority Oversampling Technique only to the training set to avoid leakage, and
keeping a consistent training protocol. Even so, confirmation of model durability requires external validation on
additional cohorts, assessment under distribution shift, and evaluation in operational conditions. Accordingly, these
results are interpreted as preliminary within the scope of structured data from a single source.

5. Conclusion

This study shows that combining the Synthetic Minority Oversampling Technique for class balance, ensemble learning
through stacking with Decision Tree, Gaussian Naive Bayes, and K Nearest Neighbors, and hyperparameter
optimization using Optuna can achieve high performance for heart disease prediction on structured data. The best
configuration, SMOTE plus Stacking plus Optuna, reached 99.61 percent accuracy with very high precision, recall,
and F1 score. The gain from SMOTE plus Stacking to SMOTE plus Stacking plus Optuna is incremental within a
narrow range and chiefly improves consistency in parameter selection, so the result is interpreted as a moderate yet
stable improvement for similar data contexts.

This study has important limitations. Evaluation was conducted on a single public dataset, so generalizability across
populations and healthcare settings cannot yet be established; the findings are therefore preliminary and specific to
structured data from one source. In addition, the study relies on externally sourced (non-local) secondary data rather
than prospectively collected institutional data, indicating the need for further development and validation using in-
house datasets that reflect local clinical practice. The model has not been tested on real time clinical streams or
integrated with complex electronic health record systems, and interpretability for the stacking design remains limited
in clinical environments that require transparent decision rationale.

Future research will prioritize external validation on multi center cohorts with variation in demographics, prevalence,
and measurement protocols, including assessment under temporal and site related distribution shift. Complementary
metrics such as ROC AUC, PR AUC, and calibration will be added to accompany accuracy, precision, recall, F1,
specificity, and the false positive rate. Subsequent work will also include a dedicated interpretability study using
methods such as SHAP and LIME for per feature attributions on the base models and the meta learner, the development
of clinician facing explanations, and prospective testing on operational data to assess acceptability and practical benefit.
In addition, we plan to incorporate rigorous cross-validation protocols in future studies to provide more robust estimates
of generalization performance.
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