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Abstract: Heart disease continues to be a leading global cause of death, making the 

development of predictive models for early diagnosis a critical task. This study 

investigates the performance of various machine learning and deep learning models 

for heart disease prediction using a structured dataset of 918 observations and 11 

features. The analysis includes ensemble methods like Random Forest, Gradient 

Boosting, and XGBoost, as well as neural networks such as Multi-Layer Perceptrons 

(MLPs) and Convolutional Neural Networks (CNNs). Traditional classifiers, 

including Support Vector Machines (SVM) and Logistic Regression, are also 

considered for benchmarking. The dataset was preprocessed using label encoding, 

standardization, and the Synthetic Minority Oversampling Technique (SMOTE) to 

address class imbalance and ensure data consistency. Model evaluation was 

conducted using key metrics such as precision, recall, F1-score, and ROC-AUC. The 

results demonstrated that ensemble methods, particularly Random Forest (ROC-

AUC: 0.9313) and Gradient Boosting (ROC-AUC: 0.9279), consistently delivered 

superior performance. Among neural networks, MLPs showed promising results 

(ROC-AUC: 0.9232), outperforming CNNs, which were less effective in handling 

tabular data. Meanwhile, TabNet was found to be unsuitable for this dataset, as it 

significantly underperformed across all metrics. This research highlights the 

effectiveness of ensemble methods and MLPs in heart disease prediction and the 

importance of proper preprocessing techniques. Future work could focus on 

integrating hybrid models or advanced optimization techniques to further enhance 

predictive accuracy in clinical settings. 
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INTRODUCTION 

Cardiovascular diseases (CVDs) are the leading global cause of mortality, accounting for approximately 17.9 

million deaths annually, or 31% of all global deaths (Bachheti et al., 2022; Hussain et al., 2024). Among these, 

heart attacks and strokes represent the predominant contributors, with one-third of these deaths occurring 

prematurely in individuals under the age of 70 (Jan et al., 2024; Ritchey, Wall, George, & Wright, 2020; Yahya et 

al., 2020). Heart failure, a critical and often fatal condition, emerges as a frequent consequence of CVDs, 

emphasizing the urgency for effective predictive mechanisms (Lourida & Louridas, 2022). Early detection and 

management of heart failure are imperative for reducing mortality rates and enhancing the quality of life for 

patients (Sapna et al., 2023). Machine learning has demonstrated immense potential in addressing this challenge 

by providing data-driven, accurate, and scalable solutions (Ahmad, Madonski, Zhang, Huang, & Mujeeb, 2022). 

Recent advancements in machine learning have paved the way for significant progress in disease prediction and 

healthcare diagnostics (Asif et al., 2024). Predictive models such as Random Forests, Gradient Boosting, Support 

Vector Machines, and deep learning techniques like Convolutional Neural Networks and Recurrent Neural 

Networks have been employed in various domains of medical diagnostics (Abdollahi, Nouri-Moghaddam, & 

Ghazanfari, 2021; Bhavsar et al., 2021; Ogunpola, Saeed, Basurra, Albarrak, & Qasem, 2024). Specifically, in 

prediction of heart disease, traditional statistical approaches such as logistic regression have been supplemented 

or replaced by these advanced methods due to their ability to capture complex, non-linear relationships in the data 
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(Miller, Panneerselvam, & Liu, 2022; Soltani & Lee, 2024; Zhou, Yan, & Zhang, 2024). However, existing 

research often suffers from limitations. Many studies rely on smaller datasets, which limit the generalizability of 

their findings (Gangwal, Ansari, Ahmad, Azad, & Sulaiman, 2024; Goyal & Mahmoud, 2024; Tang et al., 2024). 

Model comparisons are frequently conducted without considering critical aspects such as hyperparameter tuning, 

cross-validation, and appropriate handling of imbalanced datasets (Montesinos López, Montesinos López, & 

Crossa, 2022). The choice of evaluation metrics also varies widely, complicating the comparison of performance 

across studies. Furthermore, the lack of explainability in advanced models remains a significant barrier to their 

adoption in clinical practice (Amann et al., 2020). The integration of hybrid modeling approaches, such as 

ensemble techniques and deep learning architectures, has shown potential to address these limitations (Rane, 

Choudhary, & Rane, 2024). Models like XGBoost and LightGBM, known for their computational efficiency and 

high accuracy, have become popular choices for structured tabular data (Shehadeh, Alshboul, Al Mamlook, & 

Hamedat, 2021). Similarly, CNNs and Multi-Layer Perceptrons are frequently employed for feature extraction and 

classification tasks in unstructured or high-dimensional datasets (Anitha, Varshini, Mahalakshmi, & Jishnu, 2024). 

Nonetheless, the effectiveness of these models in heart disease prediction using comprehensive datasets such as 

the one employed in this study has not been extensively explored. 

Despite the wealth of research in CVD prediction, a substantial gap exists in creating a unified framework that 

systematically compares the performance of state-of-the-art machine learning and deep learning models using 

rigorous evaluation techniques. Previous studies have often employed limited datasets or focused on a narrow 

range of algorithms, which restricts the applicability of their findings in real-world clinical scenarios (Osaba et al., 

2021). Moreover, the lack of focus on domain-specific preprocessing techniques, such as handling categorical and 

numerical features effectively, further diminishes the predictive power of these models (Mumuni & Mumuni, 

2024). Another critical limitation is the underutilization of specialized loss functions tailored to address class 

imbalances, a common issue in healthcare datasets (Wang, 2023). Traditional binary cross-entropy loss may not 

sufficiently penalize models for misclassifying minority classes, which can lead to suboptimal decision boundaries 

(Hossain, Betts, & Paplinski, 2021). In this context, employing loss functions such as focal loss can significantly 

improve the sensitivity of predictive models. This research seeks to address these gaps by proposing a comparative 

study for heart disease prediction. The study evaluates traditional machine learning models, including Random 

Forest, Gradient Boosting, Support Vector Machines, Logistic Regression, and XGBoost, alongside advanced deep 

learning architectures such as Multi-Layer Perceptrons and Convolutional Neural Networks, on a unified dataset. 

Rigorous cross-validation techniques, including stratified k-fold validation, are employed to ensure robust 

performance evaluation across models. The study explores the impact of specialized loss functions, such as focal 

loss, on the performance of deep learning models in handling imbalanced data and utilizes neural architecture 

search frameworks to identify optimal configurations for Multi-Layer Perceptrons and Convolutional Neural 

Networks. It incorporates advanced models like TabNet, which have shown promise in tabular data analysis, and 

benchmarks their performance against other architectures. Comprehensive visualizations of performance metrics, 

including precision, recall, F1 score, and ROC-AUC, facilitate an in-depth understanding of the strengths and 

limitations of each architecture. The remainder of this article is organized into several sections. The next section 

describes the materials and methods, including dataset preprocessing, model architectures, and evaluation metrics. 

This is followed by the results and discussion, which analyze and interpret the performance of various models. 

Finally, the conclusion highlights the key findings, clinical implications, and potential directions for future 

research. By addressing existing gaps and offering a robust framework for heart disease prediction, this study 

contributes significantly to advancing machine learning applications in healthcare. 

 

LITERATURE REVIEW 

Research into heart failure prediction has evolved significantly, transitioning from traditional statistical 

approaches to advanced machine learning and deep learning techniques (Olsen, Mentz, Anstrom, Page, & Patel, 

2020). Early studies predominantly relied on logistic regression due to its simplicity and interpretability (La Cava 

et al., 2023). These models, however, are constrained by their assumptions of linear relationships and the 

independence of predictors, which are often violated in complex medical datasets (Leeuwenberg et al., 2022). For 

instance, studies using logistic regression for heart disease prediction reported limited performance when applied 

to datasets with high variability in demographic and clinical features, underscoring the need for more flexible and 

robust approaches (Islam, Majumder, Miah, & Jannaty, 2024). Ensemble learning methods, including Random 

Forests and Gradient Boosting algorithms such as XGBoost and LightGBM, have emerged as powerful alternatives 

(Mienye & Sun, 2022). Random Forests aggregate the predictions of multiple decision trees, offering improved 

robustness against overfitting and providing insights into feature importance (Aria, Cuccurullo, & Gnasso, 2021). 

Studies applying Random Forests to heart failure prediction have demonstrated their ability to model non-linear 

relationships and interactions among features, yielding high predictive accuracy (Khan, Anwar, & Sikandar, 2023). 

Similarly, Gradient Boosting methods iteratively refine predictions by minimizing residual errors, often 

outperforming traditional statistical models in structured datasets (V. Kumar, Kedam, Sharma, Mehta, & Caloiero, 
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2023). For example, studies using XGBoost for heart failure prediction have reported significant gains in precision 

and recall, particularly when hyperparameter optimization was employed. However, these methods are not without 

limitations; their computational complexity increases with large datasets and the need for extensive tuning of 

hyperparameters (Bischl et al., 2023). 

Deep learning, a subset of machine learning, has introduced transformative capabilities in handling high-

dimensional and unstructured data (Malekloo, Ozer, AlHamaydeh, & Girolami, 2022). Models such as Multi-

Layer Perceptrons (MLPs) and Convolutional Neural Networks (CNNs) have gained traction in healthcare 

applications due to their ability to capture intricate patterns in data. MLPs have been effectively applied to 

structured datasets, including electronic health records, where they have demonstrated superior performance 

compared to traditional machine learning models (Xie et al., 2022). CNNs, while originally developed for image 

recognition, have been adapted for sequential and tabular data, enabling the identification of subtle patterns that 

may be indicative of heart failure (Petmezas et al., 2024). Despite their advantages, deep learning models often 

require large training datasets to avoid overfitting, and their "black-box" nature poses challenges for clinical 

interpretability (Hassija et al., 2023). A growing body of comparative studies has attempted to evaluate the relative 

performance of ensemble methods and deep learning models in heart disease prediction. Ensemble methods are 

frequently favored for their interpretability and computational efficiency, making them well-suited for tabular 

datasets (Amekoe, Azzag, Dagdia, Lebbah, & Jaffre, 2024). Deep learning models, on the other hand, excel in 

capturing complex, non-linear interactions but often come with increased computational demands and reduced 

transparency (S. Kumar et al., 2023). Few studies, however, have systematically compared these approaches within 

the context of heart failure prediction under consistent experimental conditions, highlighting a gap in literature 

(Ahsan & Siddique, 2022; Shah et al., 2020). 

Another critical consideration in prediction of heart failure is the issue of class imbalance, which arises when 

datasets contain a disproportionate number of positive and negative cases. This imbalance can skew model 

predictions toward the majority class, reducing sensitivity to the minority class (Brownlee, 2020). Traditional 

evaluation metrics, such as accuracy, fail to adequately reflect model performance in such scenarios. Techniques 

like Synthetic Minority Oversampling Technique (SMOTE) and loss functions such as focal loss have been 

proposed to address this challenge (Alkhawaldeh, Albalkhi, & Naswhan, 2023). While focal loss has shown 

promise in improving sensitivity by assigning higher weights to hard-to-classify examples, its application in heart 

failure prediction remains limited. Preprocessing techniques also play a pivotal role in enhancing model 

performance (Heidari et al., 2020). Effective handling of categorical variables, feature scaling, and imputation of 

missing values are critical for ensuring the accuracy and reliability of predictive models. Studies that neglect these 

steps often report suboptimal results, underscoring the importance of a comprehensive preprocessing pipeline 

(Gupta, Sehgal, & Acken, 2024). Similarly, the choice of evaluation metrics is crucial for meaningful comparisons. 

Metrics such as precision, recall, F1-score, and area under the receiver operating characteristic curve (ROC-AUC) 

provide a more nuanced assessment of model performance compared to accuracy alone (Imani & Arabnia, 2023). 

An emerging area of interest is the integration of advanced optimization techniques, such as neural architecture 

search (NAS), to automate the design of deep learning models. NAS has demonstrated significant potential in 

identifying optimal architectures and hyperparameters, reducing the reliance on manual trial-and-error approaches. 

Despite its success in other domains, the application of NAS in heart failure prediction remains underexplored, 

offering an avenue for future research. The literature reviewed highlights the need for a systematic comparative 

analysis of ensemble learning and deep learning approaches for heart failure prediction. While both paradigms 

have demonstrated individual strengths, their relative performance under consistent experimental conditions 

remains unclear. This study aims to address this gap by leveraging a comprehensive dataset and employing 

rigorous preprocessing, advanced loss functions, and consistent evaluation metrics. By systematically comparing 

these approaches, this research seeks to provide actionable insights into the most effective strategies for heart 

failure prediction, ultimately contributing to improved clinical decision-making and patient outcomes. 

 

METHOD 

The research methodology adopted in this study involves a structured workflow to evaluate the effectiveness 

of machine learning and deep learning models for heart disease prediction. It encompasses dataset preprocessing, 

model development, hyperparameter tuning, and rigorous evaluation metrics, ensuring reproducibility and 

robustness. The dataset used in this study can be downloaded from (fedesoriano, 2021) and contains 918 

observations with 11 features. Each observation is represented as (𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑛 ), where (𝑥𝑖 ∈ 𝑅𝑚) is the 

( 𝑚 )-dimensional feature vector, and (𝑦𝑖 ∈ {0,1}) is the binary target variable. Here, (𝑦𝑖 = 1) indicates the 

presence of heart disease, while (𝑦𝑖 = 0) indicates its absence. 

The preprocessing stage begins by encoding categorical variables, including Sex, ChestPainType, 

RestingECG, ExerciseAngina, and ST_Slope, using label encoding. Each unique category ( 𝑐 ) is mapped to an 

integer (𝑙𝑐 ∈ {0,1, … , |𝐶| − 1}). This transformation ensures that categorical data is compatible with machine 

learning algorithms. For numerical features such as Age, RestingBP, Cholesterol, MaxHR, and Oldpeak, 
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standardization is applied to achieve a mean of 0 and a standard deviation of 1. The transformation is expressed as 

𝑥𝑖𝑗
′ =

𝑥𝑖𝑗−μ𝑗

σ𝑗
, where (μ𝑗) and (σ𝑗) are the mean and standard deviation of feature ( 𝑗 ), respectively. This 

standardization prevents numerical features with larger magnitudes from dominating the model training process. 

To address class imbalance in the target variable, Synthetic Minority Oversampling Technique (SMOTE) is 

employed. SMOTE generates synthetic samples for the minority class by interpolating between two existing 

minority samples, (𝑥𝑎) and (𝑥𝑏). A new synthetic sample (𝑥𝑛𝑒𝑤) is created using the formula 𝑥new = 𝑥𝑎 +
λ(𝑥𝑏 − 𝑥𝑎), where (λ ∼ Uniform(0,1)). This process balances the dataset, enhancing the model’s ability to 

generalize across both classes. 

 

The study evaluates a variety of machine learning and deep learning models. Traditional models include 

Random Forests, Gradient Boosting, Logistic Regression, Support Vector Machines (SVM), and XGBoost. In a 

Random Forest, predictions are aggregated from an ensemble of decision trees, with the final output determined 

by majority voting. The ensemble prediction is given as 𝑦̂ = mode({𝑦𝑡(𝑥𝑖)}𝑡=1
𝑇 ), where ( 𝑇 ) is the total number 

of trees. Gradient Boosting iteratively refines predictions by minimizing errors. At iteration ( 𝑡 ), the updated 

prediction is 𝑦(𝑡)̂ = 𝑦(𝑡−1)̂ + η𝑓(𝑡)(𝑥), where ( η) is the learning rate, and (𝑓(𝑡)(𝑥)) is the weak learner at step 

( 𝑡 ). Deep learning models include Multi-Layer Perceptrons (MLPs) and Convolutional Neural Networks (CNNs). 

An MLP consists of multiple layers, where each layer transforms its input using a linear operation followed by a 

non-linear activation. For layer ( 𝑙 ), the transformation is 𝑎(𝑙) = σ(𝑊(𝑙)𝑎(𝑙−1) + 𝑏(𝑙)), where (𝑊(𝑙)) and (𝑏(𝑙)) 

are the weight matrix and bias vector for the layer, and (σ(⋅)) is the activation function. CNNs apply convolutional 

operations to extract spatial hierarchies in the data. For an input feature map ( 𝑋 ) and a convolutional filter ( 𝐹 ) 

of size ( 𝑘 × 𝑘 ), the convolution operation at position ((𝑖, 𝑗)) is 𝑌𝑖𝑗 = ∑ ∑ 𝐹𝑢𝑣𝑋𝑖+𝑢−1,𝑗+𝑣−1
𝑘
𝑣=1

𝑘
𝑢=1 . 

Loss functions are critical for training both traditional and deep learning models. Binary cross-entropy is the 

primary loss function used in this study, defined as: 𝐿𝐵𝐶𝐸 = −
1

𝑛
∑ [𝑦𝑖 log(𝑦𝑖̂) + (1 − 𝑦𝑖) log(1 − 𝑦𝑖̂)]𝑛

𝑖=1 . For 

imbalanced datasets, focal loss is employed to focus on hard-to-classify samples. It is given by ℒ𝒻ℴ𝒸𝒶ℓ =

−α(1 − 𝑦𝑖̂)
γ log(𝑦𝑖̂), where ( α) and ( γ) are hyperparameters controlling the weight and focus on challenging 

samples. Hyperparameter tuning is performed using Neural Architecture Search (NAS) to optimize 

hyperparameters such as learning rate ( η), dropout rate ( 𝑝 ), and the number of layers ( 𝐿 ). The optimization 

process is formulated as min
Θ

ℒ (Θ; 𝑋, 𝑦), where ( Θ) represents the hyperparameters being tuned. Model evaluation 

is conducted using stratified ( 𝐾 )-fold cross-validation to ensure class distributions are preserved across folds. For 

each fold ( 𝑘 ), the dataset is split into training and testing subsets: {(𝑋train
(𝑘)

, 𝑦train
(𝑘)

), (𝑋test
(𝑘)

, 𝑦test
(𝑘)

)}𝑘=1
𝐾 . The models 

are evaluated using metrics such as precision, recall, F1-score, and ROC-AUC. Precision is defined as 𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, 

recall as: 𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, and F1-score as: 𝐹1 =

2𝑃𝑅

𝑃+𝑅
. Here, ( 𝑇𝑃 ), ( 𝐹𝑃 ), and ( 𝐹𝑁 ) denote true positives, false 

positives, and false negatives, respectively. The ROC-AUC evaluates the model’s ability to distinguish between 

positive and negative classes, providing a comprehensive performance measure. 

 

RESULT 

The evaluation of multiple machine learning and deep learning architectures for heart disease prediction reveals 

distinct differences in their performance across precision, recall, F1-score, and ROC-AUC metrics as presented in 

the table 1 and figure 1-4. Each model’s performance highlights its strengths and weaknesses in addressing the 

predictive task. MLP with Focal Loss achieved a precision of 0.8697, recall of 0.8860, F1-score of 0.8763, and 

ROC-AUC of 0.9221. This model demonstrates a strong balance between sensitivity and specificity, indicating its 

reliability in identifying positive cases. MLP with Binary Crossentropy slightly outperformed its focal loss 

counterpart, with a precision of 0.8756, recall of 0.8782, F1-score of 0.8758, and an ROC-AUC of 0.9232. The 

slight improvement suggests its effectiveness in optimizing the classification boundaries during training. 

 

Table 1. Algorithm Performance 

Model Precision Recall F1 Score ROC-AUC 

MLP with Focal 

Loss 
0.8697 0.886 0.8763 0.9221 

MLP with Binary 

Crossentropy 
0.8756 0.8782 0.8758 0.9232 

CNN with Focal 

Loss 
0.8632 0.8939 0.877 0.9174 

CNN with Binary 

Crossentropy 
0.8543 0.8644 0.8575 0.9051 
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TabNet 0.4817 0.1046 0.1684 0.5408 

Random Forest 0.868 0.9016 0.8832 0.9313 

Gradient Boosting 0.8722 0.8996 0.8851 0.9279 

SVM 0.8664 0.9076 0.8855 0.9264 

Logistic 

Regression 
0.8603 0.8742 0.8658 0.9117 

XGBoost 0.865 0.8997 0.8813 0.9228 

 

CNN with Focal Loss recorded competitive results, with a precision of 0.8632, recall of 0.8939, F1-score of 

0.8770, and an ROC-AUC of 0.9174. While its recall value is high, indicating good sensitivity, its overall 

performance remained slightly behind the MLP models. CNN with Binary Crossentropy demonstrated lower 

performance, achieving an ROC-AUC of 0.9051 and an F1-score of 0.8575, suggesting that its ability to generalize 

on tabular data was somewhat limited. On the other hand, TabNet significantly underperformed in comparison to 

other models, achieving a precision of 0.4817, recall of 0.1046, F1-score of 0.1684, and ROC-AUC of 0.5408. 

The low values across all metrics indicate that TabNet struggled to effectively capture the underlying relationships 

in the dataset, highlighting its unsuitability for this task. 

Random Forest emerged as the top-performing traditional machine learning model, achieving a precision of 

0.8680, recall of 0.9016, F1-score of 0.8832, and an ROC-AUC of 0.9313. Its robust performance underscores its 

ability to capture complex feature interactions and reduce overfitting through ensemble learning. Gradient 

Boosting followed closely, with a precision of 0.8722, recall of 0.8996, F1-score of 0.8851, and ROC-AUC of 

0.9279. Next, Support Vector Machines (SVM) delivered competitive results, achieving a precision of 0.8664, 

recall of 0.9076, F1-score of 0.8855, and ROC-AUC of 0.9264. Logistic Regression, while simpler in design, 

performed well with a precision of 0.8603, recall of 0.8742, F1-score of 0.8658, and ROC-AUC of 0.9117. 

XGBoost, as a variant of Gradient Boosting, achieved strong metrics with a precision of 0.8650, recall of 0.8997, 

F1-score of 0.8813, and an ROC-AUC of 0.9228. 

 

  
Fig. 1 Precision Results     Fig. 2 Recall Results 

 

  
Fig. 3 F1 Results F    ig. 4 ROC-AUC Results 
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DISCUSSIONS 

The results clearly indicate that ensemble methods, particularly Random Forest and Gradient Boosting, 

achieved the highest performance across all metrics. Random Forest achieved the highest ROC-AUC value of 

0.9313, reflecting its robustness in learning complex patterns while reducing overfitting. Gradient Boosting 

followed closely behind, demonstrating its effectiveness in iteratively minimizing prediction errors. XGBoost, 

which builds upon the principles of Gradient Boosting, also achieved strong results, making it a scalable and 

efficient choice for structured data tasks. Among neural networks, MLP with Binary Crossentropy emerged as the 

most effective deep learning model, achieving an ROC-AUC of 0.9232. This result highlights the adaptability of 

fully connected neural networks to tabular data when appropriate preprocessing is applied. While Focal Loss is 

designed to address class imbalance, the minimal difference in performance between Focal Loss and Binary 

Crossentropy suggests that the use of SMOTE during preprocessing sufficiently mitigated the imbalance in the 

dataset. CNNs, while competitive, underperformed compared to MLPs and ensemble methods. The lower 

performance can be attributed to the lack of spatial hierarchies in the dataset, which limits CNNs’ ability to extract 

meaningful features. 

TabNet, despite its innovative approach to sequential feature selection, struggled significantly with this dataset. 

Its poor performance across precision, recall, and ROC-AUC indicates that it may not be suitable for tabular 

datasets without temporal or sequential dependencies. This result highlights the importance of selecting models 

that align with the dataset's structure and characteristics. Support Vector Machines demonstrated strong 

performance, achieving an ROC-AUC of 0.9264. SVM’s ability to construct optimal decision boundaries using 

kernel methods enables it to perform well on structured data, particularly when nonlinear relationships exist. 

However, its computational complexity may limit its scalability for larger datasets. Logistic Regression, while less 

accurate compared to ensemble methods and SVM, remains an interpretable and efficient model for initial 

explorations or real-world clinical applications where transparency is critical. 

The comparison between Focal Loss and Binary Crossentropy in neural networks further emphasizes that loss 

function selection plays a limited role when preprocessing steps, such as SMOTE, address class imbalance. While 

Focal Loss provided a slight improvement in recall, Binary Crossentropy achieved comparable results, making it 

a simpler and effective alternative. The practical implications of these findings suggest that ensemble methods, 

particularly Random Forest and Gradient Boosting, are the most reliable choices for real-world deployment due to 

their superior accuracy and robustness. Neural networks, particularly MLPs, provide effective alternatives for 

integrating into deep learning pipelines. Logistic Regression remains a viable option for applications prioritizing 

simplicity and interpretability. The choice of the most suitable model ultimately depends on the specific 

requirements of the application, such as the need for interpretability, accuracy, or computational efficiency. 

 

CONCLUSION 

This study highlights the comparative strengths of machine learning and deep learning models for heart disease 

prediction. Ensemble methods, particularly Random Forest and Gradient Boosting, emerged as the most accurate 

and robust approaches, demonstrating their ability to capture complex feature interactions while maintaining 

reliability. Among neural networks, Multi-Layer Perceptron (MLP) with Binary Crossentropy showed strong 

performance, proving its adaptability to structured data when combined with appropriate preprocessing. While 

Focal Loss improved recall slightly, its contribution was less pronounced due to effective preprocessing using 

SMOTE. The findings emphasize the importance of model selection based on the structure and characteristics of 

the dataset. Ensemble methods are ideal for achieving high accuracy and robustness, while simpler models like 

Logistic Regression provide interpretable and computationally efficient alternatives. Neural networks remain 

promising for more advanced pipelines, particularly when scalability and integration into larger systems are 

required. Future work can focus on expanding the dataset and incorporating advanced hybrid models to further 

improve predictive performance. Additionally, exploring domain-specific feature engineering and optimization 

techniques could enhance the applicability of these models in clinical settings. The insights from this study provide 

a foundation for selecting suitable machine learning approaches, balancing accuracy, interpretability, and 

complexity to meet real-world requirements for heart disease prediction. 
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