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ABSTRACT 

Cardiovascular Disease (CVD) is a critical global health concern requiring efficient early prediction. This 

study evaluates Machine Learning (ML) algorithms—Logistic Regression (LR), Light Gradient Boosting 

Machine (LGBM), Random Forest (RF), Decision Tree (DT), and K-Nearest Neighbors (K-NN)—for 

forecasting the cardiovascular risk. By analyzing key patient features, such as cholesterol, blood pressure, 

and lifestyle, these models classify individuals into low or high-risk categories. The findings demonstrate 

that LGBM and RF achieve superior performance, both reaching 99% accuracy, precision, recall, and F1-

score, alongside high ROC-Area Under the Curve (AUC) values. This research provides robust, data-

driven tools to enhance the timely diagnosis and support preventative medical strategies, ultimately 

improving the patient outcomes.  

Keywords-heart disease prediction; machine learning; early diagnosis; real-time prediction systems; 

healthcare AI 

I. INTRODUCTION  

Heart disease encompasses a range of cardiovascular 
disorders, including heart failure and arrhythmias. If not 
identified early, these disorders can lead to serious health 
complications. Traditional diagnostic techniques, such as blood 
tests, ECGs, and physical examinations, can be time-
consuming and often require a high level of medical expertise. 
Treatment may also be postponed if the early-stage symptoms 

are overlooked. This necessitates the development of 
sophisticated predictive algorithms, which can effectively 
identify the individuals at high risk, within the medical 
practice. 

The advances in artificial intelligence have established ML 
as a potent tool for cardiac disease prediction and medical data 
evaluation. By processing vast volumes of patient data, 
identifying hidden patterns, and generating data-driven 
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predictions, ML models can enhance the accuracy and reduce 
the human errors. This study examines the effectiveness of 
several ML techniques for predicting the cardiac disease. 
Incorporating ML into the diagnostic process enhances the 
early detection, leading to improved patient outcomes. 

With millions of fatalities annually, CVD is one of the 
world's leading causes of death. The early detection and 
prevention of CVD can considerably decrease the mortality 
rates and enhance the patient outcomes. Through the analysis 
of extensive datasets and the discovery of intricate patterns, 
ML algorithms have demonstrated considerable promise in the 
prediction of the cardiovascular risk. Numerous risk variables, 
such as age, sex, blood pressure, cholesterol, smoking status, 
and family history, have an impact on CVD, which is a 
complex illness.  Accurately estimating the cardiovascular risk 
in a variety of groups is a challenge for traditional risk 
prediction algorithms, like the Framingham Risk Score. 

This work proposes an ML-based approach to enhance the 
accuracy and reliability of the heart disease prediction by 
comparing performance, using multiple classification 
techniques.  The primary goal is to develop an efficient 
predictive model that would support the early diagnosis and 
risk assessment for healthcare professionals. To identify which 
model is the most reliable and accurate for predicting the heart 
disease, the proposed method employs a range of classification 
algorithms, including RF, DT, LGBM, and LR.  When 
different models are compared, the model with the best 
performance is selected for real-world applications. 

II. RELATED WORK 

Previous studies have explored ML for cardiovascular risk 
prediction, each with specific contributions and limitations. 
Authors in [1] used ensemble methods but noted constraints in 
the dataset size, class imbalance, and real-time validation. 
Various ML algorithms have been investigated for heart 
disease prediction, including supervised models [4, 10, 13] and 
active learning-based models [11]. LR, for instance, has been 
examined for the diabetes risk [3] and heart disease prediction 
[4, 8]. 

Optimized and hybrid models have also been developed to 
enhance prediction. Authors in [2] developed hybrid optimized 
models, yet faced challenges in real-time scalability and 
clinical evaluation. Other optimization techniques, such as PSO 
with ML [9] and MLP-PSO hybrid algorithms [12], have also 
been applied. 

Regarding the data and model complexity, authors in [5] 
demonstrated good prediction ability but pointed out 
limitations in data diversity and the absence of deep learning 
methods. Similarly, Authors in [6] evaluated various 
algorithms (KNN, LR, RF) but were constrained by the limited 
features and dataset size, suggesting the potential of deep 
learning and e-Health integration. Deep learning approaches 
have indeed been explored for cardiovascular risk prediction 
[7]. Early and accurate detection using intelligent 
computational models remains a key area of research [14]. 

Building on these efforts, the current work addresses these 
gaps by employing a wider range of ML algorithms on a larger, 

more diverse dataset, incorporating advanced optimization and 
resampling methods to enhance the prediction accuracy, 
generalizability, and clinical applicability. 

III. METHODOLOGY  

The following key features are used for analyzing and 
predicting the cardiovascular risk. 

 

 

Fig. 1.  Methodology for cardiovascular risk prediction. 

A. Data Collection 

 The dataset on the heart disease was provided by one of 
India's multispecialty hospitals. 

B. Data Pre-Processing 

 Removal of the missing values and problematic entries 
(inconsistent records). 

 To deal with the missing values, imputation techniques 
were applied. 

 The Z-Score method was performed for outlier elimination. 

 Feature scaling: To ensure uniformity, the numerical values 
were subjected to normalization or standardization.  

C. Encoding Categorical Variables 

For the categorical variables, such as gender and type of 
chest discomfort, encoding was applied.  

D. Dataset Splitting 

To evaluate the model performance, the dataset was split 
into training, validation, and test sets. This splitting strategy 
prevents the data leakage and ensures reliable evaluation. 

E. Feature Selection 

To improve the model efficiency and reduce the 
unnecessary data volume, the following techniques were 
applied: 
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 Correlation Matrix: Identifies and removes highly 
correlated features to prevent redundancy. 

 Principal Component Analysis (PCA): Maintains the 
important information while reducing dimensionality. 

 Select K-Best: Selects the most important features based on 
statistical relevance. 

F. Model Training and Selection 

To predict the heart diseases, various ML models were 
trained. These involved the LR, DT, RF, KNN, and Gradient 
Boosting Algorithms. Hyper parameter tuning was performed 
using either random or grid-based search. 

G. Model Evaluation 

The models are assessed using various performance 
metrics: 

 Accuracy: Indicates how accurate is the overall prediction. 

 The reliability is increased and class imbalance is managed 
with the aid of precision and recall. 

 F1-score: Improves the classification by striking a balance 
between the recall and precision. 

 ROC-AUC Curve: Assesses how well the model can 
differentiate across classes. 

 Cross-validation: Guarantees a solid and trustworthy 
performance evaluation. 

H. Classification Metrics 

The number of accurate guesses divided by the total 
number of predictions is the classification accuracy. The ratio 
of TPs to the total expected positives is known as precision. 
The ratio of TP to all of the ground truth's positives is called 

recall. The F1-score is the harmonic mean of precision and 
recall. TPR and FPR are used in the AUC-ROC score.  The 
matching formulas are: 

Accuracy = 
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I. Model Training and Optimization 

To ensure that the developed models generalize effectively 
to unseen patient data and to mitigate overfitting, rigorous 
hyperparameter tuning was performed for each algorithm. This 
optimization process aimed to maximize the model accuracy 
and robustness. 

J. Deployment and Interpretation 

 The best-performing model was deployed using Flask or 
Streamlet for real-time predictions. 

 Predictions were visualized using interactive dashboards, 
graphs, and reports for a better interpretation and decision-
making. 

IV. IMPLEMENTATION  

Patient records containing a variety of characteristics, 
including age, blood pressure, cholesterol, and lifestyle choices, 
make up the dataset used to feed the ML models. 

 

 

Fig. 2.  Cardiovascular dataset. 
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The dataset contains 1000 rows and 14 columns, with 12 
columns being used as predictive attributes. After the cleaning 
process, 976 rows were left. The crucial attributes, namely age, 
gender, kind of chest pain, resting blood pressure, serum 
cholesterol, fasting blood sugar, and ECG readings, are among 
the traits that are significant indicators of the cardiovascular 
health. The number of major vessels, the slope of the ST 
segment, exercise-induced angina, maximum heart rate, and ST 
depression (old peak) are also shown; these details are helpful 
in assessing the heart disease problem. The target variable (1 
for cardiac disease, 0 for no disease) makes this dataset perfect 
for supervised ML models. A predictive model may be created 
to categorize people according to their heart disease risk by 
pre-processing and evaluating these parameters. This will help 
with the early diagnosis and preventative healthcare treatments. 

 

 

Fig. 3.  Feature importance of dataset characteristics. 

V. RESULTS AND DISCUSSION 

A. Decision Tree Classification Report 

Using precision, recall, F1-score, and support as metrics, 
this report assesses the DT model's performance. 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

Fig. 4.  Performance metrics for DT. 

 

TABLE I.  METRICS FOR THE DT MODEL 

 
Class 0: negative 

situations 

Class 1: positive  

situations 

Precision 0.96 0.99 

Recall 0.98 0.97 

F1-score 0.97 0.98 

Support 168 223 

 

 Accuracy: 0.98 (98%) => the percentage of the test samples 
that were properly classified. 

 Macro Average: 0.98 → the mean of the F1-score, recall, 
and precision for every class. 

 Similar to the macro average, but taking class imbalance 
into account, is the weighted average of 0.98 

The differentiated model classes are measured by their 
AUC, which is 0.97762 (~97.76%). A value near 1.0 indicates 
that the model does well in categorization. 

B. Result Comparison 

The difference between Table II and Table III is in the 
experimental setup. In Table II, the results come from cross-
validation after optimization. The results in Table III are 
derived from unseen test-set data. Table II shows a higher 
accuracy for all models compared to Table III, as expected.  

TABLE II.  COMPARISON METRICS   OF ML ALGORITHMS 
(CROSS-VALIDATION) 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

ROC-AUC 

(%) 

LGBM 99% 99% 99% 99% 99.98% 

RF 99% 99% 99% 99% 99.93% 

LR 97.70% 98% 98% 98% 99.68% 

DT 98% 98% 98% 98% 97.76% 

K-NN 97% 97% 97% 97% 98.88% 

TABLE III.  ACCURACY OF ML MODELS (TEST SET) 

Model Accuracy (%) 

LGBM 89.17% 

RF  85.25% 

LR 85.84% 

DT 75.58% 

K-NN 51.19% 

 

 Accuracy of the RF Classifier: 99%. It had the best 
accuracy, demonstrating a robust generalization and 
excellent handling of the feature diversity. It is quite 
dependable for predicting the heart disease because of its 
excellent recall (99.93%), which guarantees few false 
negatives. 

 Accuracy of the LGBM: 99%. Ensemble learning was 
used to achieve a competitive performance while 
successfully lowering the bias and variance using boosting 
strategies. Excellent predictive capacity was ensured by its 
high recall (98.21%) and robust ROC-AUC score (99.98%). 

 Effectiveness of LR: 97.70%. An easy-to-use paradigm 
that works well with data that can be separated linearly. 
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With a 98% accuracy rate and a 98% F1-score, it continues 
to be a solid starting point. 

 K-NN: Achieved a strong 97% accuracy and an excellent 
ROC-AUC score of 98.88%. While these metrics 
demonstrate a robust performance and good discriminative 
ability, K-NN was comparatively outperformed by other 
models in this study. 

 

 

Fig. 5.  Evaluation of model performance. 

In Figures 5 and 6, performance indicators, including F1-
score, ROC-AUC, recall, accuracy, and precision, are used to 
assess the trained models. The model's prediction power and 
classification errors are examined using a confusion matrix. 
Among the various models tested, LGBM and RF 
demonstrated the highest accuracy. These models effectively 
handle the complex patterns in the data, making them the most 
reliable choices for deployment. While other models, such as 
LR, DT, and K-NN, also performed well, LGBM and RF 
outperformed them in terms of overall accuracy and robustness. 
This comparison ensures that the most efficient models are 
selected for early heart disease prediction. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

Fig. 6.  Performance metrics for: (a)  K-NN,  (b) LGBM,  (c) LR, (d)  RF. 

(a) 
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(b) 

 

(c) 

 

(d) 

 

Fig. 7.  AUC curve for: (a)  K-NN,  (b) LGBM,  (c) LR, (d)  RF. 

VI. CONCLUSION 

This study successfully evaluated several Machine Learning 
(ML) models for the cardiovascular risk prediction. The 
findings demonstrate that Logistic Regression (LR), Light 
Gradient Boosting Machine (LGBM) and Random Forest (RF) 
achieved superior performance, both reaching 99% accuracy, 
precision, recall, and F1-score, alongside high ROC-AUC 
values in cross-validation. While other models, like LR, 
Decision Tree (DT), and K-Nearest Neighbors (K-NN) also 
showed promising results, LGBM and RF proved to be the 
most robust and accurate for this dataset. These data-driven 
tools offer significant potential to enhance the timely diagnosis 
and support preventative medical strategies, ultimately 
improving the patient outcomes. 

VII. FUTURE SCOPE 

Building on the current study's promising results, future 
research will focus on several key areas to enhance the 
predictive capabilities and clinical utility of cardiovascular risk 
models: 

 Real-time and Multimodal Data Fusion: Incorporating real-
time physiological data from wearables/IoT devices, patient 
habits, and fusing diverse data types (e.g., clinical, imaging, 
genomic) for comprehensive and dynamic risk prediction. 

 Explainable AI (XAI): Integrating XAI methods to enhance 
the model transparency and trustworthiness, crucial for 
clinical adoption and decision-making. 

 Personalized Medicine and Clinical Deployment: 
Developing highly individualized prediction models and 
deploying them as robust clinical decision support systems 
(e.g., web/mobile applications) seamlessly integrated with 
Electronic Health Records (EHRs) for actionable insights. 

 Global Health Applications: Expanding the model 
applicability and validation to diverse populations and 
resource settings worldwide to address the health 
disparities. 
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