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ABSTRACT  

Hypertension is a major health issue that can 

lead to severe complications such as heart 

disease, stroke, and kidney failure if not 

detected early. This project proposes a machine 

learning-based system to predict hypertension 

using patient health data. The system analyzes 

parameters such as blood pressure, age, BMI, 

lifestyle habits, and medical history to classify 

individuals into different blood pressure 

categories. Various machine learning 

algorithms such as Decision Tree, Random 

Forest, Support Vector Machine (SVM), and 

Logistic Regression are implemented and 

evaluated. The performance of these models is 

measured using accuracy, precision, recall, and 

F1-score. Among all models, the Decision Tree 

algorithm shows high accuracy and 

interpretability, making it suitable for medical 

prediction. The system also includes an alert 

mechanism that notifies medical professionals 

when a patient is predicted to be at risk. The 

proposed approach provides an efficient, 

scalable, and reliable solution for early 

detection of hypertension, helping in timely 

diagnosis and prevention. 
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I.INTRODUCTION 

Hypertension, commonly known as high blood 

pressure, is one of the most prevalent chronic 

diseases affecting millions of people 

worldwide. It is often referred to as a “silent 

killer” because it typically does not show 

noticeable symptoms until it causes serious 

health complications such as heart attack, 

stroke, or kidney failure. Early detection and 

proper management of hypertension are 

essential to reduce the risk of these life-

threatening conditions. Traditional methods of 

diagnosing hypertension rely on periodic 

monitoring of blood pressure levels, which 

may not always be sufficient to predict future 

risk. Therefore, there is a growing need for 

intelligent systems that can analyze patient data 

and predict the likelihood of hypertension at an 

https://ijerst.org/index.php/ijerst
http://www.ijerst.com/


 ISSN 2319-5991 
 

 

Vol. 22, No. 2, 2026                                      https://ijerst.org/index.php/ijerst                                     1961 

early stage, enabling preventive healthcare 

measures. 

Machine learning has emerged as a powerful 

tool in the healthcare domain for analyzing 

large datasets and identifying patterns that may 

not be visible through traditional analysis. By 

using historical patient data, machine learning 

models can learn relationships between various 

health parameters such as age, weight, lifestyle 

habits, and blood pressure levels. These models 

can then be used to predict whether a patient is 

at risk of developing hypertension. Algorithms 

such as Decision Tree, Random Forest, Support 

Vector Machine (SVM), and Logistic 

Regression are widely used for classification 

tasks in medical diagnosis. Each algorithm has 

its strengths, with Decision Trees providing 

high interpretability, which is crucial in 

healthcare applications where understanding 

the reasoning behind predictions is important. 

This project aims to develop a machine 

learning-based system for predicting 

hypertension using patient data. The system 

includes modules for data preprocessing, 

feature selection, model training, and 

prediction. Data preprocessing involves 

handling missing values, encoding categorical 

variables, and normalizing numerical features 

to improve model performance. The dataset is 

divided into training and testing sets, and 

multiple algorithms are trained and evaluated 

using performance metrics such as accuracy, 

precision, recall, and F1-score. The best-

performing model is then deployed for real-

time prediction. Additionally, the system 

includes an alert mechanism that notifies 

healthcare professionals when a patient is 

identified as being at high risk. This approach 

enhances early diagnosis and supports better 

clinical decision-making. 

II SURVEY OF RESEARCH 

[1] The study by Tom Mitchell (1997) 

introduced foundational concepts of machine 

learning and its application in predictive 

modeling. The methodology focuses on 

training algorithms using historical data to 

identify patterns and make future predictions. 

Results demonstrated that machine learning 

techniques can significantly improve prediction 

accuracy in various domains, including 

healthcare. However, model performance 

depends heavily on data quality and feature 

selection. This research forms the basis for 

applying machine learning algorithms in 

hypertension prediction systems. 

[2] The research by Leo Breiman (2001) 

introduced the Random Forest algorithm, an 

ensemble learning technique that combines 

multiple decision trees. The methodology 

improves classification performance by 

reducing overfitting and increasing robustness. 

Results showed high accuracy in classification 

tasks, including medical diagnosis. However, 

the model may require more computational 

https://ijerst.org/index.php/ijerst


 ISSN 2319-5991 
 

 

Vol. 22, No. 2, 2026                                      https://ijerst.org/index.php/ijerst                                     1962 

resources. This study supports the use of 

Random Forest for predicting hypertension risk. 

[3] The study by Vladimir Vapnik (1995) 

introduced Support Vector Machines (SVM), a 

powerful classification algorithm. The 

methodology focuses on finding an optimal 

hyperplane that separates different classes. 

Results demonstrated high accuracy in high-

dimensional datasets. However, parameter 

tuning is required for optimal performance. 

This research highlights the importance of 

SVM in medical prediction systems. 

[4] The research by David Cox (1958) 

introduced Logistic Regression for binary 

classification problems. The methodology uses 

a logistic function to estimate probabilities of 

class membership. Results showed that 

Logistic Regression is simple, interpretable, 

and effective for many prediction tasks. 

However, it may not capture complex non-

linear relationships. This study supports its use 

as a baseline model in hypertension prediction. 

[5] The study by Geoffrey Hinton et al. (2012) 

explored neural networks for pattern 

recognition and prediction. The methodology 

uses multiple hidden layers to learn complex 

relationships in data. Results showed improved 

accuracy in classification tasks. However, 

neural networks require large datasets and 

computational power. This research supports 

the use of advanced models such as MLP in 

healthcare prediction. 

[6] The research by Whitfield Diffie and 

Martin Hellman (1976) introduced secure 

communication techniques. The methodology 

ensures data confidentiality and integrity 

through encryption. Results demonstrated 

improved data security in digital systems. 

Although focused on cryptography, this 

research highlights the importance of 

protecting sensitive medical data in healthcare 

applications. 

III. WORKING METHODOLOGY 

The proposed system for hypertension 

prediction follows a structured machine 

learning workflow that includes data collection, 

preprocessing, model training, and prediction. 

Initially, the dataset containing patient health 

parameters such as age, blood pressure levels, 

BMI, lifestyle habits, and medical history is 

loaded into the system. Since real-world 

medical datasets often contain missing or 

inconsistent values, preprocessing techniques 

are applied. These include handling missing 

values using mean or median imputation, 

encoding categorical variables into numerical 

format, and normalizing numerical features 

using standard scaling. This ensures that the 

dataset is clean and suitable for model training, 

improving overall prediction accuracy. 

In the next phase, the processed dataset is 

divided into training and testing sets, typically 

using an 80:20 ratio. Multiple machine learning 

algorithms such as Decision Tree, Random 
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Forest, Support Vector Machine (SVM), and 

Logistic Regression are implemented. Each 

model is trained on the training dataset and 

evaluated on the test dataset. The performance 

of each algorithm is measured using evaluation 

metrics such as accuracy, precision, recall, and 

F1-score. Among all models, the Decision Tree 

algorithm provides high accuracy along with 

better interpretability, making it suitable for 

medical applications where understanding the 

decision-making process is important. 

Finally, the best-performing model is selected 

and deployed for real-time prediction. The 

system allows users to input patient health 

parameters, and the trained model predicts the 

hypertension category, such as normal, 

elevated, or high risk. Additionally, the system 

includes an alert mechanism that notifies 

healthcare professionals if a patient is 

identified as being at high risk. This helps in 

early diagnosis and timely medical intervention. 

The entire system is implemented using Python 

and machine learning libraries, providing a 

scalable and efficient solution for healthcare 

prediction and decision support. 

IV RESULTS EXPLANATIONS 

 

The above graph compares the performance of 

different machine learning algorithms used for 

hypertension prediction, including Decision 

Tree, Random Forest, Support Vector Machine 

(SVM), and Logistic Regression. The x-axis 

represents the algorithms, while the y-axis 

shows evaluation metrics such as accuracy, 

precision, recall, and F1-score. The results 

indicate that Logistic Regression provides 

stable baseline performance, while SVM 

handles complex patterns effectively. Random 

Forest improves accuracy through ensemble 

learning, and Decision Tree achieves the 

highest accuracy with better interpretability. 

This makes Decision Tree the most suitable 

model for hypertension prediction in this 

system. 

 

https://ijerst.org/index.php/ijerst


 ISSN 2319-5991 
 

 

Vol. 22, No. 2, 2026                                      https://ijerst.org/index.php/ijerst                                     1964 

The confusion matrix represents the 

classification performance of the selected 

model. The x-axis shows predicted labels, 

while the y-axis shows actual labels such as 

Normal, Elevated, and High Risk. The diagonal 

elements represent correct predictions, while 

off-diagonal elements indicate 

misclassifications. A higher number of correct 

predictions along the diagonal indicates better 

model performance. In this system, the 

Decision Tree model shows a high number of 

correct classifications with minimal errors, 

confirming its effectiveness in predicting 

hypertension categories. 

 

This graph shows the distribution of patients 

across different hypertension categories. The x-

axis represents categories such as Normal, 

Elevated, and High Risk, while the y-axis 

represents the number of patients. The 

visualization helps in understanding the 

proportion of patients in each category and 

identifying patterns in the dataset. A higher 

number of patients in the high-risk category 

indicates the need for immediate medical 

attention and preventive measures. Such 

insights can help healthcare providers prioritize 

patient care and improve treatment strategies. 

V. CONCLUSION 

The proposed system for hypertension 

prediction using machine learning provides an 

effective and reliable approach for early 

diagnosis of high blood pressure. By analyzing 

patient health data such as age, BMI, blood 

pressure levels, and lifestyle factors, the system 

is able to classify individuals into different risk 

categories. Multiple machine learning 

algorithms, including Decision Tree, Random 

Forest, Support Vector Machine, and Logistic 

Regression, were implemented and evaluated. 

Among these, the Decision Tree model 

achieved the highest accuracy while also 

offering better interpretability, making it 

suitable for healthcare applications. 

The system also incorporates data 

preprocessing, feature selection, and 

visualization techniques to enhance prediction 

performance and provide meaningful insights 

into patient health conditions. The inclusion of 

an alert mechanism enables timely notification 

to healthcare professionals, supporting early 

intervention and preventive care. Overall, the 

proposed approach offers a scalable, efficient, 

and intelligent solution for hypertension 

prediction, contributing to improved patient 

outcomes and healthcare decision-making. 
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