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Abstract

The World Health Organization (WHO) report says that each year, cardiovascular diseases are the
leading reason for around 17.9 million deaths across the globe. This is a more serious problem in low-
and middle-income countries where there are barriers to early check-ups and specific treatments. The
quicker and better detection of heart attacks helps reduce the risk of death. Based on previous methods,
the study takes the Cleveland Heart Disease dataset from the UCI Machine Learning repository and uses
it to design and check best machine learning models that take advantage of standardization, Principal
Component Analysis (PCA) and hyperparameter tuning. We used machine learning algorithms such
as Support Vector Machine, k-Nearest Neighbors, Logistic Regression and a Multi Layer Perceptron
model, all combined under a Voting Classifier. With a 98.33% accuracy, 98.25% Fl-score, 96.55%
precision, and 100% recall on test data, the enhanced hybrid model (Voting Classifier) leaves all other
models far behind in performance. The hybrid model had small gaps between train and test values for
metrics, with 1.24% accuracy difference, 1.29% Fl-score difference, 3.45% precision difference and
-0.92% recall difference. Incorporating Principal Component Analysis (PCA) lowered the number of
dimensions used while increasing accuracy, precision and Fl scores for a number of models. The results
suggest that the use of Principal Component Analysis (PCA)-combined hybrid models leads to better,
more understandable and trustworthy tools for predicting CVD. Strengthening predictive models for
CVD risk assessment is now possible, supporting prompt clinical choices and helping patients improve.
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Introduction

Cardiovascular diseases consist of several heart and blood vessel illnesses, including coronary artery
disease, stroke and heart failure, all of which significantly threaten worldwide health. Cardiovascular
diseases are the leading cause of deaths across the globe. [!51120] The World Health Organization (WHO)
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says that almost 18 million people lost their lives to cardiovascular diseases in 2019 (32% of all deaths
worldwide). [l The World Heart Federation found that each year, an estimated number of deaths caused
by heart disease rose from 12.1 in 1990 to 18.6 in 2019, owing to an expanding population with risk
factors. A report by the World Heart Federation states that 80% of the deaths from cardiovascular diseases
are premature.[?] Heartattacks and strokes could be prevented if risk management is done promptly, yet
in reality, it can be difficult to identify heart disease early [2. ECG and angiography are common methods,
but they can be expensive or a bit risky and many areas in need do not possess the equipment for
screening many patients [°1. Therefore, we need ways to detect heart problems early that are available and
accurate for guiding interventions.

With the help of machine learning, it is possible to detect cardiovascular diseases early by reviewing
medical data and finding patterns that could indicate a disease. Lately, various forms of Machine Learning
such as logistic regression and deep neural networks have been used to identify people at risk of heart
disease. Still, it is difficult to use these approaches as dependable clinical instruments (6. Some past studies
sometimes select all features despite the fact that including all may not be useful and can result in reduced
accuracy. Because most datasets have fewer cardiovascular diseases’ patients than non-cardiovascular
diseases patients, they may not train the model properly. Moreover, well-known models such as k-Nearest
Neighbors (KNN) or Random Forest (RF) find it difficult to handle large and complex data.

We have already used some of these methods and studied their performance in previous papers. For
instance, in our previous study [!3], we applied Principal Component Analysis to reduce the number of
features, then used Gradient Boosting, AdaBoost and Multi-Layer Perceptron to achieve almost 92%
accuracy on the Cleveland data set. The heart disease risk model on % was based on Support Vector
Machine (SVM) and Logistic Regression, among other algorithms and reported SVM had the highest
accuracy of 96.66%.

The importance of training performance was discussed in both the previous studies [1313% but this
study changes the goal to analyzing and evaluating how the model behaves on new data. This study also
introduces a way of combining conventional machine learning with a deep learning model called the
Multi-Layer Perceptron (MLP), organized under a Voting Classifier framework. We opt for the term
"hybrid model" rather than ensemble to show the blend of Machine Learning and Deep Learning in our
approach.

This report boosts this area of study by effectively incorporating a Principal Component Analysis
(PCA) technique in the Machine Learning step and by introducing better model training strategies (such
as cross-validation and hyperparameter tuning). It’s interesting that by refining our model we were able
to overcome the drawbacks of complex models: using fewer features and better understanding the results.
To be consistent with previous studies, we focus on the Cleveland Heart Disease dataset from UCI
Machine Learning Repository [141.We are particularly interested in how Principal Component Analysis
(PCA) will affect the results of machine learning models when utilized and how a hybrid model will
perform on this data along with PCA. When we test our new model against the old ones, we can notice
the improvements in how efficient and consistent it is.

To support the significance of our study, we mention that many leading organizations promote the
advancement of cardiovascular disease prediction models. The World Health Organization (WHO) and
others strongly recommend prompt diagnosis to reduce the deaths caused by these diseases [2. However
it is difficult to achieve high accuracy and reliability in CVD diagnostics due to both the complexity of
the clinical data and the shortcomings of how features are modeled [*I. To meet this challenge, we use
sophisticated ways to process data and improve with Machine Learning techniques. It supports global
health by helping clinicians with choice-useful support for heart disease patients.
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Literature Review

In the past five years, there has been a fast increase in machine learning being used in predicting heart
risks. Several approaches, from the original logistic regression algorithm and decision trees to more
advanced solutions, have been used in research and these techniques might also include feature selection
or optimization.

Artificial Intelligence/Machine Learning in Medicine: Experts in medicine recognize that using
Artificial Intelligence and Machine Learning can greatly enhance the management of cardiovascular
diseases. 2811291 A study commissioned by the World Health Organization (WHO) revealed that use of
computational tools can improve a doctor’s ability to make decisions, allowing them to process
medical info more efficiently and accurately. Initially, Machine Learning models for heart disease
worked by predicting the diagnosis using risk factors found in medical records. Studies show that
approaches such as Decision Trees and Naive Bayes are effective for forecasting heart disease.[?114]
[10] But, many times, these original models included numerous attributes that were not necessary
which could lead to overfitting [12],

Ensemble and Hybrid Models: According to the latest studies, organizations are following ensemble
learning and hybrid methods because they result in more accurate documents. They increase the
accuracy of predicting heart problems by running neural networks and combining them with voting
methods.[101l1T A study carried out in 2025 applied stacking and voting algorithms to datasets on heart
disease, concluding that these models achieve better results than the individual models.l9 When
combining six different algorithms, the soft-voting classifier had ~93-95% accuracy on two datasets,
whereas the best single model got ~90% accuracy. ! Another study by Anas Maach and team [
demonstrated that a hybrid model built on MultiLayer Perceptron, Random Forest, and Adaboost
classifier was a top performer among all the models with an accuracy of 88.12%. The other models
tested in this study included XGBoost, Naive Bayes, LogitBoost, and k-Nearest Neighbors. It becomes
clear from these findings that ensembles are helpful in strengthening cardiovascular disease prediction,
so we examine them in our research as well.

Support Vector Machine (SVM) and Other Classifiers: Among individual algorithms, Support
Vector Machine has often outperformed other algorithms on data from medicine. In B%, we noticed
that Support Vector Machine reached an accuracy of 96.66% on the Cleveland dataset, surpassing
Random Forest, Logistic Regression and Decision Tree. This result is similar to findings by another
research, where it was observed that Support Vector Machine gave above 83% accuracy on a
cardiovascular disease dataset and this rose to 88.3% accuracy after using a genetic algorithm to
select the best features. [''l Logistic Regression and Decision Trees may compete well with other
methods if the data is properly cleaned and organized. According to a study, Logistic Regression and
k-Nearest Neighbors outperformed Support Vector Machine and Random Forest on heart disease data
through multiple cross-validations.[”! However, since their results were much lower than those of
more complex models, the authors found that handling data (in their case, imputation and normalization
of features) strongly affected the accuracy ranks of the tested models.[”] Other studies also demonstrated
that Logistic Regression, Support Vector Classifier, k-Nearest Neighbors classifiers are generally the
potential choice for researchers for cardiovascular disease prediction. 2122112711291 While conducting
our research, we apply Support Vector Machine as a common baseline and carefully process the data
to evaluate all models evenly.

Feature Selection and Dimensionality Reduction: Several recent works agree that the performance
of a machine learning model often depends on choosing the appropriate features.
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A study by El-Sofany and Hosam F. [26] demonstrated the use of three feature selection methods
namely, chi-square, ANOVA (Analysis of Variance) and Mutual Information (MI) out of which three
different feature sets were obtained. On these three feature sets, different models were trained such as
XGBoost, k-Nearest Neighbors, Naive Bayes, Support Vector Machine, etc. Among all the different
models, XGBoost was found to have the highest accuracy of 96.57% on the feature set obtained using
ANOVA method. ?¢1 Support vector machines work best when random and repeated features are
removed. Multiple methods were suggested such as an approach blending Chi-square, Information Gain
and forward/backward selection. It helped the researchers select 8 useful features, leading XGBoost to
achieve up to 99% accuracy.i! In a study by Moshood Abiola Hambali 8, after performing Principal
Component Analysis, XGBoost performed well with 98% accuracy and 97% precision. They examined
heart disease data with Principal Component Analysis (PCA) and decision trees, finding that a Principal
Component Analysis (PCA)-based classifier had 98% accuracy, 100% sensitivity and 98% precision. In
their study, Principal Component Analysis (PCA) became part of the classifier design and so highlighted
the main variations needed for accurate prediction.¥] In 2021, Principal Component Analysis (PCA) was
implemented on a number of classifiers; as a result, the accuracy improved to ~91% (for Support Vector
Machine classifier model) which is higher by a few percentage points than when all features were used.
1. With the evidence in mind, we believed that performing Principal Component Analysis (PCA) would
help us preserve the important information in the data, reduce the number of variables and enhance both
training efficiency and prevention of overfitting.

In addition to Principal Component Analysis (PCA), other ways of handling features have achieved
good results. Researchers have applied both Genetic Algorithm and Particle Swarm Optimization to help
decide which features are significant or to refine the parameters in the model. Researchers helped shape
current hybrid models by improving the accuracy of classifying heart disease by combining Support
Vector Machine with Particle Swarm Optimization. [¥] According to Muhammad [23], by applying filtering
(using methods like chi-square for feature selection) and wrapping (training models on selected features),
we can identify the best features for which accuracy is highest. At the same time, LASSO (Least Absolute
Shrinkage and Selection Operator) is used to choose vital features by shrinking those that are not
important. One study showed that using LASSO with Pearson correlation and a Random Forest classifier
gave 99% accuracy when predicting heart disease. Even so, the authors pointed out that training on a
small dataset could lead to overfitting. [12] Actually, no machine learning model can accurately predict all
data with 100% confidence, as this may not be true for new data. Studies reveal that Principal Component
Analysis (PCA) is broadly applicable and improves the model performance by achieving higher accuracy
in lesser time. ['81 Therefore, we focus our optimization efforts on using Principal Component Analysis
(PCA). Although our research's main focus is enhancing model performance, we emphasize that PCA-
based dimensionality reduction not only improves the model performance but also improves
computational efficiency by removing redundant and noisy features. It explains the most important
features in the data by grouping correlated variables into a few principal components that are not
correlated with each other.

Methodology

For this study, we applied an optimized machine learning procedure to predict cardiovascular disease
using Principal Component Analysis (PCA) for feature reduction and carried out thorough evaluation.
We chose the Cleveland Heart Disease dataset from the UCI repository which is a regular benchmark of
297 samples with 13 features and 1 target variable focusing on whether heart disease is noted. Based on
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Figure |. Proposed methodology for CVD prediction.

clinical features, the task involves determining whether a person has heart disease or not. Figure 1
illustrates that our process goes from gathering data to evaluating our models.

Initially, we collected our data (UCI Cleveland dataset [ 14]) and proceeded with data preprocessing,
optimizing features using Principal Component Analysis (PCA), using various Machine Learning
algorithms for training and using accuracy, precision, recall, and F1-score to assess your performance.

Data Preprocessing

Data Cleaning & Preparation

We looked for any missing or unusual value in the dataset. The data was already clean. It had no missing
values, outliers, and duplicate values.

Feature Scaling:

Since some machine learning algorithms are sensitive to how features are scaled, we standardized all our
features before using them. StandardScaler was used to change each of the features so that their means
were at zero and variances were at one. Because of this, numbers for cholesterol and resting blood
pressure are not far apart on the scales and do not have a major influence on distance computations.
Before using Principal Component Analysis (PCA), the data should be standardized since Principal
Component Analysis (PCA) looks for the most significant directions of change among the features.
Equation (1) demonstrates how the standardization of data should be applied:

z,=(x,—p)/o Equation (1)

where,
x; 1s an original feature value,
u is the mean of that feature in the training set, and
o is the standard deviation.
Once the scaling is done, each feature becomes dimensionless and can be roughly seen as the same.
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Train-Test Split and Cross-Validation:

Initially, the data was divided into a training set that composed most of the data (80%) and a testing set
that left 20%. We used k-fold cross-validation (with k=5) on the training set to select the best
hyperparameters and measure how robust the model is. Cross-validation decreases the possibility of
overfitting since it checks the model’s performance using several folds. Our final evaluation on
performance was conducted on the test set (20%) and its elements were not included in the training or
validation.

Principal Component Analysis:

After scaling the data, we performed Principal Component Analysis (PCA) to reduce the correlated
features and improve the model’s results. It helps us take the original features and code them into another
orthogonal space, where the largest amount of variance is captured last. StandardScaler was applied to
the pipeline before PCA, meaning each feature in the data contributed the same to each of the resulting
components.

We tested Principal Component Analysis using the Decision Tree and Random Forest Classifier on a
wide range of components, starting with one and ending with the total number of features the data held.
Testing and training were done throughout and the results for accuracy and F1-score were plotted for
each model combination. Doing this analysis, we found that the accuracy and F1-score were consistent
for 9 principal components across both models (Random Forest Classifier and Decision Tree Classifier).
So we selected 9 principal components out of 13 which explained most of the variance and made the data
easier to read and analyze.

We plotted a feature loadings matrix to analyze how principal components explain most of the
variance with respect to the original features. The use of a heatmap on the matrix allowed us to see that
cholesterol and resting blood pressure were key features impacting some components.

By analyzing the explained variance ratio (see Figure: Cumulative Variance and Figure2: Variance
per Component), it was found that while PC1 held the largest share (22.69%), the variance was generally
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distributed across all components. It didn’t show a separate elbow point and over 53.9% of the data was
covered by the first 4 components.

We trained a number of machine learning models on the transformed data. These models include
Logistic Regression, K-Nearest Neighbors, Support Vector Classifier, Decision Tree, Random Forest,
Gradient Boosting, AdaBoost, XGBoost, LightGBM and CatBoost. We analyzed model performance
using accuracy, precision, recall, and F1-score.

We compared the performance of each model before and after performing Principal Component
Analysis (PCA). Improvements in test precision, F1 score, recall and accuracy after PCA were represented
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using bar charts. It was found that Principal Component Analysis made it easier for a machine learning
model to generalize, as it reduced unwanted noise and took out features that were not useful.

In the end, PCA was used within the training process of the hybrid model, along with Multi Layer
Perceptron, Support Vector Classifier, K-Nearest Neighbors and Logistic Regression. The use of PCA-
enhanced inputs reduced overfitting and allowed the hybrid model to succeed with an accuracy of

98.33% and no overfitting, while every single model had lower performance.

Machine Learning Models and Training

Based on our studies and literature research, we used several machine learning methods to choose the

model that performed best for cardiovascular disease prediction.

Support Vector Machine (SVM): Usually, Support Vector Machine with Radial Basis Function
(RBF) kernel performs well in numerous studies and was therefore selected for this work. Support
Vector Machine identifies a separating hyperplane in a high number of dimensions by using kernel
functions to account for non-linearity. The task was to use a grid search to set the values of the
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regularization parameter C and kernel width gamma for the model. After using cross-validation, the
model with C=10 and gamma=0.1 worked extremely well on the training data.

Ensemble Boosting Algorithms: We wanted to test Gradient Boosting, XGBoost, CatBoost, Light
Gradient Boosting Machine (LGBM), and AdaBoost classifiers because these were part of the
algorithms used in [, Gradient Boosting Classifier (GBC) constructs a series of weak learners and
then unites them to ensure the error in predictions is minimized. In each stage, AdaBoost focuses on
the instances that are missed by adding more weight to them for the next round. Both techniques have
been successful with organized medical information and in some heart disease research, an AdaBoost
model achieved more than 90% accuracy. For both experiments, we chose 100 estimators and selected
0.1 as the learning rate, adjusting them both according to results from the validation set.

Multi Layer Perceptron (MLP) Neural Network: We trained a Multi Layer Perceptron and found
its best structure using Optuna which is a hyperparameter optimization framework. It has a single
hidden layer (like in ['3]) to examine instances of non-linearity. So that the data set would not cause
overfitting, the network architecture was designed to be simple (a hidden layer with only 50 neurons).
We applied ReLU activation and Adam optimizer and set the early stopping feature at 200 epochs.
These models are able to find relationships between features that linear models miss, though our
previous findings revealed that Multi Layer Perceptron and boosting methods gave similar results
when the data was limited (accuracy in the 91%-92% range).

Logistic Regression (LR) and k-Nearest Neighbors (KNN): We decided to include Logistic Regression
and K-Nearest Neighbors (instance-based learning) models as baseline algorithms. The main benefit of
Logistic Regression is that it creates a straightforward model, whereas k-nearest neighbors model is
useful on small datasets because it instinctively learns from the provided samples. In this study, both
logistic regression and k-nearest neighbors models were able to reach a 91% accuracy on the test dataset.
Although we hoped that our advanced models would outperform the simpler ones, considering the
results confirmed the task is challenging and the new approaches are valuable.

Hybrid Model design - Integrating Multi Layer Perceptron with Machine Learning Models: We
present a model in this study that uses the best aspects of machine learning and deep learning models
together. The hybrid model combines predictions from a Multi Layer Perceptron (MLP) with
predictions from Logistic Regression, Support Vector Classifier and k-Nearest Neighbors. The aim of
this strategy is to use the outstanding Multi Layer Perceptron (MLP) pattern recognition with the
simple and transparent approach of common Machine Learning models to efficiently detect
cardiovascular diseases.

The hybrid model integrates the strengths of the Multi Layer Perceptron (MLP) with simpler machine
learning models like Logistic Regression, Support Vector Classifier, and k-Nearest Neighbors. This
combination uses the Multi Layer Perceptron model’s ability to capture complex nonlinear patterns
while benefiting from the interpretability and stability of basic models. By combining these approaches
with the help of a voting classifier, the hybrid model attains higher accuracy, reduces overfitting, and
provides better generalization on unseen data.

Hyperparameter Tuning

We implemented advanced, automated techniques to fine-tune hyperparameters in order to ensure the
best performance and generalizability from the model. We selected Optuna as our main method to
efficiently search for optimum values for hyperparameters.
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Since Optuna is defined by runs, its path for functioning allows simple redefinition of space to search
and the construction of the search method to change based on circumstances. Tree-structured Parzen
Estimator (TPE), which is a tree-structured method, is used by Optuna as the default method for
examining various hyperparameter options. Unlike grid search which checks every option, Optuna
predicts where the most promising values might be and searches more near there. As a result, it is an
excellent choice for fine-tuning severe models, especially when training time is a constraint.

In our research, Optuna was mainly chosen to find the best combination of architecture and learning
parameters for the Multi Layer Perceptron (MLP) model. Parameters such as the number of hidden layer
neurons, learning rate, activation function, batch size, optimizer, and early stopping criteria were tuned
inside the framework.

Optuna was also used with traditional models such as Support Vector Machine, Logistic Regression
and k-Nearest Neighbor to find the best hyperparameters for each model using Accuracy as the goal in
5-fold cross-validation.

Continuously and wisely tuning the models led to each being checked in its optimal configuration,
making any comparison fair. We saw that the Multi Layer Perceptron and SVM models performed better
overall when using Optuna, giving a big advantage to the final hybrid model.

We combined Optuna with our approach which made sure both deep learning and machine learning
gained their highest prediction skills, strengthening the confidence and stability of our system for
cardiovascular disease prediction.

Performance Evaluation

We then compared the models using accuracy, precision, recall, F1-score and the area under the curve.
The main goal is to report precision and recall for the positive cases (diseases) to see the effectiveness of
disease identification by the model. With high recall, most patients with cardiovascular diseases will be
identified and with high precision, the majority of people labeled as having the disease truly have it.
Fl1-score measures how well a classifier balances the sensitivity and specificity, using the harmonic
mean of precision and recall.

Our objective here is to determine if the new model along with Principal Component Analysis (PCA)
and tuned hyperparameters can produce the same or better results as before, using less data. In the
section after that, we share the results along with a comparison with previous studies to demonstrate the
progress made using this approach.

Results and Discussion

This part provides an in-depth comparison of machine learning algorithms for finding cardiovascular
disease (CVD) based on Principal Component Analysis (PCA)-transformed features (9 principal
components). The results were assessed using accuracy, Fl-score, precision, recall and generalization
gap to choose the best model.

Baseline Model Performance

Each chosen model was trained on a Principal Component Analysis (PCA)-transformed dataset that
included 9 principal components and their performance was assessed in terms of Accuracy, F1-Score,
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Precision and Recall. The results for both the training and testing
following table.

Support Vector Classifier scored the highest test accuracy (96.67%) and Fl-score (96.43%) and
exceeded the performance of Generic Ensemble methods such as Gradient Boosting and Random Forest
in terms of generalizability. The support vector classifier exhibited the lowest difference in results for all

phases are shown in detail in the

of the metrics, indicating that it performed reliably and was not prone to overfitting. (Figure 7)

Moreover, the following figure shows that the Support Vector Classifier managed to balance precision
and recall very effectively (Figure 8), so it works well for medical uses where errors put people at great risk.
On the training dataset, CatBoost, LGBM and RandomForest obtained perfect scores, although the
test results showed F1 and accuracy scores of around 91%. Decision Tree Classifier had the biggest gap
in its accuracy (+18.33%), along with the lowest test recall at 78.57%. Due to this, it was not chosen

despite its high accuracy on the training set.
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Figure 7. Model Performance Comparison - 9 PCs - Performance Curve.
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(Figure 9) uses a Precision-Recall tradeoff plot to provide key examples of performance difference.
Among all the tests, SVC had the greatest F1-score of 96.43% while providing similar accuracy and
recall of 96.42%. Just after Linear Regression, Logistic Regression and k-Nearest Neighbors placed,
with their F1-scores staying highest among the algorithms tested. While both CatBoost and LightGBM
were strong on recall, they didn’t perform as well on precision. It was apparent that Decision Tree
Classifier overfit which leads to a low F1-score of ~0.80.

Overall, the results confirm that Principal Component Analysis improved not only the accuracy but
also the steadiness of precision-recall balance among all models and support vector classifier was the
clear winner.

Results of Principal Component Analysis

To judge how Principal Component Analysis (PCA) affects the effectiveness of the model, we first used
each classifier without PCA and then with PCA. We wanted to find out if Principal Component Analysis
improved how well the models fit future data by cutting down noise and extra similarities in the input data.

In terms of precision, Gradient Boosting Classifier improved by 17.857% and came in first, while
Decision Tree Classifier and Support Vector Classifier saw 15.86% and 13.67% improvements,
respectively, followed by Cat Boost Classifier with 13.185%. Even when testing Logistic Regression and
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Figure 9. Model Performance Comparison - 9 PCs - Precision-Recall Tradeoff.

Gaussian Naive Bayes, which are usually quite stable, put up precision gains of 7.143% and 9.834%
respectively, suggesting that PCA improves both simple and complex models. (Figure 10)

The accuracy of all models was found to improve when using PCA compared to previous results.
Here, Support Vector Classifier went up from 85.00% to 96.66%, Decision Tree Classifier went from
70.00% to 81.67% and Random Forest Classifier moved from 83.33% to 90.00%. These improvements
mean that PCA probably got rid of unnecessary features, helping to increase the success of the
classification. We can see that other classifiers also had significant improvement in accuracy. (Figure 11)

As for F1 Score, Principal Component Analysis (PCA) gave us promising results again. After PCA,
the F1 score of Support Vector Classifier rose from 84.211% to 96.429%, with Gradient Boosting
Classifier improving from 79.365% to 89.29%. We can see how these numbers change in (Figure 12)
which plots grouped bar charts for F1 scores.

Principal Component Analysis showed that the CatBoost Classifier and LightGBM Classifier
maintained their strong performance in terms of recall, practically unchanged at about 92.86%, but the
recall for Support Vector Classifier rose from 85.71% to 96.42%. (Figure 13)

In conclusion, Principal Component Analysis made a clear and frequently important difference in the
performance of each classifier. It improved not only our ability to make correct predictions, but also the
match between our training and testing data—mainly for models impacted by redundant features or
uneven numbers of classes. As a result, we conclude that integrating PCA with strong classifiers like the
Voting Classifier leads to powerful methods for predicting cardiovascular disease.

Results of Hyperparameter Tuning

The Multi Layer Perceptron did the best after tuning, reaching an F1-score of 92.86%, a test accuracy of
93.33% and test precision and recall of 92.86% (Figure 14). It may have a greater difference in train-test
accuracy as compared to Support Vector Classifier, but the improvement of +7.14% in precision, recall,
and F1-score was still considered acceptable. (Figure 15).

Following Optuna tuning, the MLPClassifier had the highest precision and recall which can be seen
by the bright colour and size of its point on the graph. High Fl-scores were obtained by Logistic
Regression and k-Nearest Neighbors models. On the other hand, after tuning, the Support Vector
Classifier achieved lower recall than the untuned model. They prove that Optuna is helpful for boosting
model performance and demonstrate its key part in improving generalization for all models.
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Final Comparison and Hybrid Model

The next stage is to compare the methods and make a hybrid model. Using the hybrid model, the final
record was 98.33% test accuracy, 98.35% F1-score, 96.55% precision and 100% recall (Figure 17).
There were the smallest generalization gaps for all of the metrics except precision (Figure 18), as the
precision-recall trade-off showed its perfect balance (Figure 19). It means that with the help of a
hybrid model, you can create a better classifier and one that is more stable than a single excellent

classifier.
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Learnings and Outcomes

The findings support the notion that being able to apply a model is just as important as accurately
predicting cardiovascular diseases. Since they don’t easily overfit, Support Vector Classifiers and Voting
Classifiers are better and more reliable for actual real-world use. With the help of a hybrid model,
medical Al can perform even better diagnostics.
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Comparative Analysis with Previous Work

The achievements in this study are measured by comparing the results of the Voting Classifier with those
of the best previous study that used the Support Vector Classifier. Following are the key improvements
made by this study:
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e The percentage of training accuracy increased from 95.781% using Support Vector Classifier to
99.58% using a Voting Classifier.

e The improvement in generalizability is shown by the increase in Testing Accuracy from 96.67%
to 98.33%.

e There is no doubt that Voting Classifier offers much higher performance and better balance
through a better F1 score.
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We can see by the results that applying Principal Component Analysis (PCA), techniques for model
optimization and ensembling to the algorithm led to a model that performs better on training data and,
most importantly, also generalizes well on unknown data.

Conclusion

Applying the steps described in this research substantially improves cardiovascular disease modeling by
reducing the dataset’s features, fine-tuning the models and combining them. The study kept the original
importance of features by transforming the data with Principal Component Analysis (PCA) and filled in
the details only when appropriate.

Out of all baseline classifiers, the Support Vector Classifier (SVC) performed best, reaching high
levels of accuracy (96.67%) and Fl-score (96.43%) without much overfitting. Nevertheless, after
adjusting the hyperparameters and combining different models, Voting Classifier achieved better results
than any other model. A test accuracy of 98.33%, F1-score of 98.25%, clearly showing that it is reliable
and effective enough for a medical diagnostic system.

Compared to the previous winner model (Support Vector Classifier), the new model shows notable
improvements on all metrics. It’s worth noting that the Voting Classifier performed better on a smaller
number of different examples (lower overfitting) and achieved much higher accuracy, precision and
recall. We can see the change in results by plotting gap analysis charts and precision-recall tradeoff plots.

In essence, this research both uses the knowledge gained from previous research and improves the
overall cardiovascular disease detection approach. Extending this study would require the use of current
clinical data, a check on bias across demographics and perhaps testing the hybrid model in clinical
decision support.
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