
© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 202994 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 10358 

Smart Blood Pressure Insights: Predicting Hypertension 

Through Lifestyle Analytics Using Machine Learning 
 

 

Dhwani Goradiya1, Dr. Dushyantsinh Rathod2 
1,2Computer Engineering Department, Gandhinagar Institute of Technology, Motibhoyan, Gandhinagar 

 

 

Abstract—Hypertension is a major risk factor for 

cardiovascular diseases and remains a global health 

concern due to its high prevalence and asymptomatic 

nature. Early detection is crucial for timely intervention. 

This study applies machine learning techniques to 

predict hypertension using a large dataset of 174,982 

records with demographic, clinical, and lifestyle features 

such as age, BMI, blood pressure, cholesterol, stress, 

physical activity, and dietary habits. 

Data preprocessing included encoding categorical 

variables, normalization, and handling class imbalance. 

Models such as Random Forest, XGBoost, and Logistic 

Regression were trained and evaluated using accuracy, 

precision, recall, and F1-score. Feature importance 

analysis was conducted to identify key predictors. 

Results show that age, BMI, stress, physical activity, and 

diet are strongly associated with hypertension. The 

models achieved high predictive performance, 

demonstrating their potential for large-scale risk 

assessment. This study highlights the role of machine 

learning in early detection and prevention, supporting 

data-driven healthcare strategies to reduce 

cardiovascular disease burden. 

 

Index Terms—Hypertension Prediction, Machine 

Learning, Cardiovascular Risk, Feature Importance, 

Early Detection 

 

I. INTRODUCTION 

 

Hypertension, commonly known as high blood 

pressure, is one of the leading causes of cardiovascular 

diseases worldwide [1]. It is strongly associated with 

heart disease, stroke, and kidney failure, making it a 

major contributor to global morbidity and mortality 

[1]. A major concern is its asymptomatic nature, as 

many individuals remain unaware of the condition 

until serious complications arise, leading to delayed 

diagnosis and treatment [2]. 

Despite advancements in healthcare and diagnostic 

tools, a significant number of cases remain 

undiagnosed or untreated [3]. Traditional detection 

methods rely mainly on clinical blood pressure 

measurements, which may not fully reflect an 

individual’s overall risk profile [4]. Important factors 

such as lifestyle, behavior, and genetic predisposition 

are often overlooked, highlighting the need for more 

comprehensive approaches [5]. 

Recent advancements in data availability and 

computational techniques have enabled the use of 

machine learning for disease prediction [6]. Machine 

learning models can analyze large datasets and 

identify complex patterns among demographic, 

clinical, and lifestyle factors, providing deeper 

insights into hypertension risk [7]. These models 

support both individual risk assessment and large-

scale public health strategies [7]. 

Furthermore, machine learning helps in understanding 

the relationship between modifiable factors such as 

physical activity, diet, stress, and sleep, and non-

modifiable factors like age and family history [8]. This 

enables early detection, personalized healthcare 

recommendations, and improved preventive 

strategies. Additionally, such approaches can support 

policy-making and targeted screening programs [9]. 

Overall, integrating machine learning into 

hypertension research represents a shift toward 

proactive and preventive healthcare [10]. By 

identifying at-risk individuals early, it can help reduce 

the global burden of hypertension and associated 

diseases. 

 

A. Research Problem 

Hypertension is a serious yet often asymptomatic 

condition that significantly contributes to 

cardiovascular diseases worldwide [11]. Due to the 

absence of visible symptoms, many individuals remain 

undiagnosed until severe complications occur [12]. 

Although various factors such as age, BMI, 
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cholesterol, smoking, alcohol consumption, diet, 

stress, and physical activity influence its development, 

current risk assessment methods remain limited [13]. 

Traditional approaches primarily rely on isolated 

clinical measurements like blood pressure and 

cholesterol, failing to capture the complex interactions 

between lifestyle and behavioral factors [14]. 

This limitation creates a gap in early identification of 

at-risk individuals, reducing the effectiveness of 

preventive healthcare strategies [14]. Existing studies 

often analyze risk factors independently, making it 

difficult to understand their combined impact on 

hypertension [15]. Additionally, many predictive tools 

lack scalability and interpretability, limiting their 

practical use in clinical and public health settings [16]. 

Machine learning offers a promising solution by 

enabling the analysis of large datasets and uncovering 

hidden patterns beyond traditional statistical methods 

[17]. However, challenges remain regarding the 

accuracy, scalability, and interpretability of these 

models. Without interpretability, such models may be 

perceived as “black boxes,” restricting their adoption 

in real-world healthcare applications [18]. 

Therefore, the core research problem is the need to 

develop accurate, scalable, and interpretable machine 

learning models that integrate demographic, clinical, 

and lifestyle factors to predict hypertension risk. 

Addressing this gap can support early detection, 

personalized prevention strategies, and large-scale 

screening, ultimately reducing the global burden of 

hypertension and its associated complications. 

 

B. Objective 

The main objective of this study is to develop and 

evaluate machine learning models for the early 

prediction of hypertension using a comprehensive 

dataset that includes demographic, clinical, and 

lifestyle factors. The study begins with data 

preprocessing and analysis, which involves cleaning 

the dataset, normalizing continuous variables, 

encoding categorical features, and handling class 

imbalance to ensure accurate and reliable predictions. 

Another important objective is to identify the key 

factors influencing hypertension risk by analyzing 

variables such as body mass index, stress levels, sleep 

duration, cholesterol, and physical activity. The study 

also aims to develop and compare multiple machines 

learning models, including Logistic Regression, 

Random Forest, and XGBoost, and evaluate their 

performance using metrics such as accuracy, 

precision, recall, F1-score, and AUC. 

Furthermore, the research seeks to examine the trade-

off between model accuracy and interpretability to 

ensure that the results are both reliable and 

understandable for healthcare professionals. It also 

aims to translate predictive outcomes into practical 

applications by providing recommendations for 

lifestyle modifications and preventive strategies for 

high-risk individuals. Finally, the study intends to 

demonstrate that machine learning can serve as a 

scalable and cost-effective approach for hypertension 

risk prediction across large populations, supporting 

both individual healthcare and broader public health 

initiatives. 

 

C. Research Gaps  

Despite extensive research on hypertension, several 

gaps remain in the use of predictive modeling for early 

detection and prevention. First, many studies analyze 

risk factors such as age, BMI, and smoking 

individually, with limited efforts to integrate 

demographic, clinical, lifestyle, and socioeconomic 

variables into a unified predictive framework [19]. 

This restricts the ability to capture the multifactorial 

nature of hypertension. 

 

Second, a significant portion of existing research relies 

on traditional statistical methods like logistic 

regression, which have limitations in identifying 

complex and nonlinear relationships among risk 

factors [20]. Advanced machine learning techniques, 

which are better suited for handling large-scale and 

multidimensional data, are still underutilized in 

hypertension studies. 

 

Third, even when machine learning is applied, most 

studies focus on a single algorithm without conducting 

systematic comparisons. This makes it difficult to 

determine the optimal balance between predictive 

accuracy and model interpretability, both of which are 

essential for real-world healthcare applications. 

Finally, there is a gap between predictive model 

development and practical implementation. Many 

studies do not emphasize the interpretation of results 

or their application in personalized healthcare and 

community-level prevention strategies [21]. Bridging 

this gap is essential to ensure that predictive analytics 
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can effectively contribute to healthcare decision-

making and policy development. 

 

II. LITERATURE REVIEW 

 

A. F. Turki used machine learning models such as 

SVR, neural networks, and random forests to predict 

blood pressure using pulse transit time, achieving 

higher accuracy than traditional methods. However, 

small dataset size, physiological variability, and 

computational complexity limit real-world 

applicability [22]. 

 

Sandhiya et al. applied models like LightGBM, 

XGBoost, CatBoost, and Random Forest on clinical 

and lifestyle data, achieving up to 92% accuracy with 

LightGBM. However, issues like limited dataset 

diversity, overfitting, and lack of interpretability 

restrict clinical adoption [23]. 

 

Sadiku et al. developed classification models using 

demographic and clinical data to predict hypertension, 

achieving high predictive accuracy and identifying 

key factors such as age and BMI. However, limited 

dataset size and lack of external validation affect 

generalizability [24]. 

 

D. Shimbo et al. explored the role of AI in 

hypertension diagnosis and management, highlighting 

its potential in prediction, monitoring, and 

personalized treatment. However, lack of diverse 

datasets, validation issues, and system integration 

challenges hinder real-world implementation [25]. 

 

K. K. Reddy et al. proposed a deep learning model for 

anomaly detection using wearable device data, 

enabling continuous and non-invasive monitoring. 

However, data quality issues, sensor noise, and lack of 

large-scale validation limit reliability [26]. 

 

A. Mondal and K. Hazra used machine learning 

models such as Decision Tree, Random Forest, SVM, 

and Logistic Regression for hypertension prediction, 

achieving up to 94.77% accuracy. However, dataset 

limitations, noise, and computational challenges affect 

scalability and generalization [27]. 

 

T. Mroz et al. used XGBoost on large EHR datasets to 

predict hypertension control with an AUC of around 

0.75. However, lack of external validation, missing 

lifestyle factors, and limited interpretability restrict 

practical use [28]. 

 

S. H. Hwang et al. developed machine learning models 

using large national datasets from South Korea and 

Japan, showing strong predictive performance and 

generalizability. However, limited regional scope and 

reliance on self-reported data affect broader 

applicability [29]. 

 

A. B. Bada et al. applied deep learning with transfer 

learning for hypertension prediction, achieving 

improved performance over traditional models. 

However, small dataset size, overfitting risks, and lack 

of interpretability limit clinical acceptance [30]. 

 

H. Islam et al. used explainable AI with SHAP values 

to detect blood pressure abnormalities, improving both 

prediction and interpretability. However, small dataset 

size, computational complexity, and lack of real-time 

validation remain challenges [31]. 

 

S. Abbas et al. combined predictive feature 

engineering with deep learning, achieving higher 

accuracy than traditional models. However, small 

dataset size, overfitting, and lack of explainability 

limit real-world use [32]. 

 

J. S. Cho and J.-H. Park reviewed AI applications in 

hypertension, showing improved prediction, 

diagnosis, and personalized treatment. However, 

challenges such as data quality, bias, lack of 

validation, and ethical concerns limit adoption [33]. 

 

A. Singh and N. Verma explored AI-based approaches 

including machine learning, deep learning, and 

wearable technologies for hypertension management, 

achieving high accuracy levels. However, issues like 

data inconsistency, model bias, and limited 

generalizability remain [34]. 

 

A. Shrivastava et al. proposed a machine learning 

model using clinical and lifestyle data, where Random 

Forest achieved the best performance. However, 

reliance on limited datasets and lack of real-time 

validation restricts practical implementation [35]. 
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B. U. Stephen et al. reviewed machine learning 

integration in mHealth systems, highlighting 

improved prediction and diagnosis capabilities. 

However, lack of real-world implementation, data 

quality issues, and system fragmentation limit 

effectiveness [36]. 

 

S. Montagna et al. applied machine learning on large-

scale screening data, where Random Forest showed 

the highest accuracy in hypertension detection. 

However, data inconsistency, lack of longitudinal 

data, and absence of external validation limit 

reliability [37]. 

 

H. F. Golino et al. used machine learning models such 

as Random Forest and SVM to predict high blood 

pressure, improving early detection. However, small 

dataset size, lack of longitudinal data, and class 

imbalance affect performance [38]. 

 

E. Bisong et al. applied machine learning models in 

low- and middle-income countries, demonstrating 

scalable and cost-effective hypertension prediction. 

However, limited data quality, lack of diversity, and 

interpretability challenges restrict adoption [39]. 

 

III. PROPOSED FLOW OF THE RESEARCH 

 

The proposed system begins with importing a 

comprehensive dataset that includes demographic, 

clinical, and lifestyle factors such as age, BMI, 

cholesterol levels, stress, sleep duration, smoking, and 

alcohol consumption. Data preprocessing is then 

performed to ensure quality and consistency by 

handling missing values, encoding categorical 

variables, and normalizing continuous features. This is 

followed by exploratory data analysis using 

visualization techniques to identify patterns, trends, 

and relationships among variables affecting 

hypertension risk. 

The dataset is then divided into training and testing 

sets to evaluate model performance on unseen data. 

Machine learning models such as Random Forest, 

Gradient Boosting, and XGBoost are developed and 

trained due to their ability to handle complex and 

nonlinear relationships. These models are evaluated 

using metrics such as accuracy, precision, recall, F1-

score, and confusion matrix to determine the most 

effective model for hypertension prediction. 

 
Fig 1: Proposed Flow of the Research 

 

To enhance interpretability, feature importance 

analysis is conducted to identify key contributing 

factors such as age, BMI, cholesterol, and lifestyle 

habits. The final results are interpreted to provide 

meaningful insights, which can be used for early 

detection, personalized healthcare recommendations, 

and development of preventive strategies to reduce 

hypertension risk. 

The dataset used in this study includes a wide range of 

parameters categorized into demographic, clinical, and 

lifestyle factors. Demographic variables such as age, 

gender, country, education, and employment influence 

health awareness and access to healthcare. Clinical 

parameters include BMI, cholesterol, blood pressure, 

heart rate, glucose levels, and lipid profile, which 

directly impact cardiovascular health. Lifestyle factors 

such as smoking, alcohol consumption, physical 

activity, stress, diet, sleep duration, and family history 

further contribute to hypertension risk. The target 

variable classifies individuals based on hypertension 

status, enabling machine learning models to capture 

the multifactorial nature of the disease and improve 

prediction accuracy 
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IV. IMPLEMENTATION 

 

A. Dataset Description 

The dataset used in this study is stored in a CSV file 

named bloodpressure_updated.csv and was loaded 

into Python using the Pandas library. It was imported 

as a DataFrame using the read_csv() function, and 

initial inspection was performed using the head() 

function to verify its structure and contents. The 

dataset contains 22 variables, where each row 

represents an individual with a unique ID, including 

demographic, clinical, lifestyle, and hypertension-

related information. 

The dataset includes demographic variables such as 

age, gender, education, and employment status, which 

help explain variations in health patterns across 

populations. Clinical features such as BMI, heart rate, 

cholesterol levels, and blood pressure readings provide 

key indicators of cardiovascular health. Additionally, 

lifestyle factors like smoking, alcohol consumption, 

physical activity, diet, and sleep patterns are included, 

as they significantly influence hypertension risk. 

The target variable represents the presence or absence 

of hypertension and is used for prediction in machine 

learning models. Overall, the dataset provides a 

comprehensive and multifactorial view of health, 

enabling accurate analysis and prediction of 

hypertension. 

 

B. Data Pre-processing 

The dataset bloodpressure_updated.csv was 

preprocessed to ensure it is clean, consistent, and 

suitable for training machine learning models. This 

process included handling missing values, encoding 

categorical variables, selecting relevant features, and 

applying feature scaling. These steps are essential to 

improve model accuracy and ensure reliable pattern 

learning from the data. 

Missing values were first identified using appropriate 

functions and handled based on the type of data. 

Numerical features such as BMI were imputed using 

mean values to maintain data distribution, while 

categorical variables like gender were filled using the 

most frequent value (mode). This ensured 

completeness of the dataset and prevented errors 

during model training. 

Categorical variables such as gender, education level, 

and employment status were converted into numerical 

form using Label Encoding, allowing machine 

learning algorithms to process them effectively. 

Feature selection was then performed using 

correlation analysis and domain knowledge to retain 

the most relevant variables such as age, BMI, 

cholesterol, blood pressure, and lifestyle factors like 

smoking, stress, and physical activity. 

Finally, feature scaling was applied using 

standardization to ensure all variables contribute 

equally during model training. This transformation 

adjusts the data to have a mean of 0 and standard 

deviation of 1, improving model stability and 

performance by preventing features with larger values 

from dominating the learning process. 

 

C. Data Visualization and Exploratory Analysis 

Data visualization and exploratory analysis were 

performed to understand patterns, trends, and 

relationships within the dataset. Various graphical 

techniques such as box plots, heatmaps, scatter plots, 

histograms, and pie charts were used to examine how 

demographic, clinical, and lifestyle factors are 

associated with hypertension. These visualizations 

help in identifying key variables and understanding 

their influence on hypertension risk. 

 
Fig 2: Systolic/Diastolic blood pressure vs 

hypertension 

 

 
Fig 3: Age vs Hypertension 
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The analysis showed that both systolic and diastolic 

blood pressure values are significantly higher in 

individuals with hypertension compared to non-

hypertensive individuals, confirming their importance 

as strong predictive features. Age was also found to 

have a strong relationship with hypertension, with 

older individuals showing a higher prevalence. Scatter 

plot analysis further indicated that systolic blood 

pressure tends to increase with age, reinforcing the 

role of aging as a major risk factor. 

 
Fig 4: Correlation Heatmap 

 

Correlation analysis revealed that age, systolic blood 

pressure, and diastolic blood pressure have strong 

positive relationships with hypertension, while 

variables such as cholesterol and lipid profiles show 

moderate associations. Lifestyle factors like physical 

activity, smoking, and stress also contribute to 

hypertension risk, although their correlations are 

relatively weaker compared to clinical factors. 

 

 
Fig 5: Pie chart illustration for the distribution of 

hypertension cases across different age groups 

 

 
Fig 6: BMI distribution among hypertensive 

individuals 

 

Additionally, the distribution analysis showed that 

most hypertensive individuals belong to older age 

groups, particularly above 60 years, and fall within 

higher BMI ranges, indicating overweight and obesity 

as significant risk factors. Overall, the exploratory 

analysis highlights that hypertension is influenced by 

a combination of demographic, clinical, and lifestyle 

variables, supporting the use of machine learning 

models for accurate prediction. 

 

D. Model Development 

After preprocessing and scaling, machine learning 

models were developed to predict hypertension based 

on demographic, clinical, and lifestyle features. 

Ensemble learning methods, specifically Random 

Forest and XGBoost, were selected due to their ability 

to handle complex and nonlinear relationships in data. 

The dataset was split into training (80%) and testing 

(20%) sets using the train-test split method to evaluate 

model performance on unseen data. 

 
Fig 7: Random Forest Architecture 
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The Random Forest model was implemented as an 

ensemble of multiple decision trees, where each tree is 

trained on random subsets of data and features to 

reduce overfitting and improve stability. It was 

configured with 200 trees and a maximum depth of 10 

to balance accuracy and complexity. This model is 

effective in healthcare prediction tasks as it can handle 

large datasets and provide insights into feature 

importance while maintaining high predictive 

performance. 

 
Fig 8: XGBoost Architecture 

 

The XGBoost model was also implemented as a 

powerful boosting algorithm that builds trees 

sequentially, where each new tree corrects the errors 

of previous ones. It was configured with 200 

estimators, a learning rate of 0.05, and a maximum 

depth of 6 to ensure controlled learning and prevent 

overfitting. XGBoost uses gradient boosting and 

regularization techniques, making it highly efficient 

and accurate for classification problems such as 

hypertension prediction. 

 

V. RESULTS AND OBSERVATIONS 

 

The performance of the proposed hypertension 

prediction system was evaluated using two ensemble 

machine learning models, Random Forest and 

XGBoost. Both models were trained and tested on the 

processed dataset using standard classification metrics 

such as accuracy, precision, recall, and F1-score. The 

results showed that both models performed similarly, 

with Random Forest achieving an accuracy of 79.67% 

and XGBoost achieving 79.35%, indicating 

comparable predictive capability. 

A detailed class-wise analysis revealed that both 

models performed better in predicting non-

hypertensive cases (Class 0) compared to hypertensive 

cases (Class 1). For Class 0, both models achieved 

high precision (0.83) and recall (around 0.89–0.90), 

indicating strong ability to correctly identify healthy 

individuals. However, for Class 1, the performance 

was lower, with Random Forest achieving precision of 

0.69 and recall of 0.54, while XGBoost achieved 

slightly lower precision (0.68) but marginally higher 

recall (0.56). This indicates the presence of false 

negatives, where hypertensive individuals are 

misclassified as non-hypertensive, which is a critical 

concern in healthcare applications  

The comparison between the two models shows that 

Random Forest provides slightly better overall 

accuracy and stability due to its bagging approach, 

while XGBoost, based on boosting, demonstrates a 

slight advantage in detecting hypertensive cases. 

Despite parameter tuning, the performance difference 

between the two models remains minimal. Both 

models achieved similar F1-scores and balanced 

performance across evaluation metrics, confirming 

their effectiveness in hypertension prediction. 

 

Table 1: Performance Comparison of Random Forest 

and XGBoost Models 

Metric 
Random 

Forest 
XGBoost 

Accuracy 0.7967 0.7936 

Precision (Class 0) 0.83 0.83 

Recall (Class 0) 0.90 0.89 

F1-score (Class 0) 0.86 0.86 

Precision (Class 1) 0.69 0.68 

Recall (Class 1) 0.54 0.56 

F1-score (Class 1) 0.61 0.61 

Macro Avg F1-score 0.74 0.74 

Weighted Avg F1-

score 

0.79 0.79 

 

Overall, the results indicate that Random Forest is 

slightly more reliable for this study, while XGBoost 

offers competitive performance with better sensitivity 

to positive cases. However, both models require 

further improvement, particularly in reducing false 

negatives and improving recall for hypertensive cases. 

This highlights the need for future enhancements such 

as addressing class imbalance, incorporating 

additional features, and applying advanced modeling 
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techniques to improve predictive accuracy and clinical 

applicability. 

Overall, both models were trained on the dataset and 

evaluated using the testing set to assess their ability to 

generalize. Their implementation enables the system 

to capture complex patterns in health data and improve 

prediction accuracy, making them suitable for real-

world healthcare applications 

 

VI. CONCLUSIONS 

 

Hypertension is a health determinant of great concern 

worldwide and a significant cause of cardiovascular 

diseases with millions of individuals being affected 

worldwide. People call it a silent killer as it has no 

early symptoms and is most commonly revealed only 

in the cases when the serious complications like heart 

disease, ischemia, or kidney failure have taken place. 

This highlights the importance of the early-detection 

and prevention. 

This paper discusses a machine learning approach of 

identifying the risk of hypertension based on a 

combination of lifestyle, demographic, and clinical 

factors. This study is a multivariate one as opposed to 

the traditional diagnostic methods which make use of 

single measurements such as blood pressure. The 

variables it includes are age, gender, body mass index 

(BMI), cholesterol, heart rate, smoking status, alcohol 

intake, levels of stress, physical exercise, sleep 

patterns, and socioeconomic status. 

Preprocessing methods such as treatment of missing 

values, categorical variables encoding, feature 

selection, and scaling were used to guarantee quality 

of the data. The results of the exploratory data analysis 

showed that hypertension is strongly correlated with 

such factors as age, obesity, and high cholesterol. 

Two ensemble learning models, the Random Forest 

and the XGBoost, were tested and trained with an 

80:20 train test split. The models had an accuracy of 

about 80-82. Random Forest gave consistent and 

understandable results, and XGBoost gave marginally 

better results with greater complexity. 

The results indicate that there is the presence of 

multiple interacting factors that affect hypertension. 

Altogether, the research proves that machine learning 

could be successfully used to promote early diagnosis 

and risk assessment, which open the way to the better 

preventive care and the treatment plans according to 

the personal needs. 
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