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Abstract 
Background: Hypertension is a major public health problem and an important modifiable risk factor for 
cardiovascular disease, stroke, chronic kidney disease, and premature mortality. Machine learning techniques have 
shown considerable potential for improving hypertension prediction by analyzing complex interactions among 
multiple demographic, clinical, and lifestyle variables. 
Aim: To evaluate the performance of different machine learning algorithms for predicting hypertension using cross-
sectional and two-year follow-up data from a health and demographic cohort. 
Methods: A prospective observational cohort study was conducted among 2,000 adults aged ≥18 years using baseline 
cross-sectional and two-year follow-up data. Demographic, anthropometric, clinical, and lifestyle variables were 
collected using standardized methods. Data preprocessing included missing value handling, normalization, categorical 
encoding, and feature selection. The dataset was divided into training and testing sets for model development. Logistic 
Regression, Decision Tree, Random Forest, Support Vector Machine, Extreme Gradient Boosting (XGBoost), and 
Artificial Neural Network models were developed and evaluated. Model performance was assessed using accuracy, 
sensitivity, specificity, precision, F1-score, receiver operating characteristic (ROC) curve, and area under the curve 
(AUC). 
Results: Among the 2,000 participants, 720 (36.0%) had hypertension and 1,280 (64.0%) were non-hypertensive. 
Hypertension was significantly associated with age ≥50 years, body mass index ≥25 kg/m², diabetes mellitus, family 
history of hypertension, smoking, and physical inactivity (p<0.05). XGBoost demonstrated the best predictive 
performance with an accuracy of 92.7%, sensitivity of 91.8%, specificity of 93.4%, precision of 91.1%, F1-score of 
0.914, and AUC of 0.971. Random Forest showed the second-highest performance with an accuracy of 91.8% and 
AUC of 0.963. Feature importance analysis identified age, body mass index, systolic blood pressure, family history 
of hypertension, and diabetes mellitus as the strongest predictors of hypertension. 
Conclusion: Machine learning algorithms, particularly XGBoost, demonstrated excellent performance in predicting 
hypertension using combined cross-sectional and longitudinal cohort data. These models may facilitate early 
identification of high-risk individuals, support personalized preventive strategies, and improve clinical decision-
making. Further external validation using multicenter population-based cohorts is recommended before routine 
clinical implementation. 
Keywords: Hypertension; Machine learning; Artificial intelligence; XGBoost; Random Forest; Risk prediction; 
Cohort study; Cardiovascular disease. 
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Introduction 
Hypertension is one of the leading modifiable risk 
factors for cardiovascular disease, stroke, chronic 
kidney disease, and premature mortality worldwide. 
Despite advances in preventive strategies and 
pharmacological management, the global burden of 
hypertension continues to increase because of rapid 
urbanization, unhealthy dietary habits, sedentary 
lifestyles, obesity, tobacco use, alcohol consumption, 
and population aging. Early identification of 
individuals at high risk of developing hypertension is 
essential for timely intervention and reducing long-
term cardiovascular complications. Traditional risk 
prediction models are often based on conventional 
statistical techniques that may not adequately capture 
the complex interactions among multiple 
demographic, clinical, behavioral, and environmental 
factors associated with hypertension development 
[1,2]. 
Artificial intelligence (AI), particularly machine 
learning (ML), has emerged as a promising tool in 
healthcare by enabling the analysis of large and 
complex datasets to identify hidden patterns and 
improve disease prediction. Unlike traditional 
statistical approaches, machine learning algorithms 
automatically learn relationships among variables and 
continuously improve predictive performance with 
increasing data availability. ML techniques have 
demonstrated excellent performance in diagnosing 
diseases, predicting clinical outcomes, identifying 
high-risk populations, and supporting clinical 
decision-making across various medical specialties 
[3,4]. 
Machine learning methods such as logistic regression, 
decision trees, random forests, support vector 
machines, gradient boosting algorithms, artificial 
neural networks, and deep learning models have been 
increasingly applied for hypertension prediction. 
These algorithms can simultaneously evaluate 
numerous demographic, anthropometric, laboratory, 
lifestyle, and socioeconomic variables, thereby 
improving predictive accuracy compared with 
conventional regression-based models. Several studies 
have demonstrated that ensemble learning methods, 
particularly Random Forest and Extreme Gradient 
Boosting (XGBoost), provide superior discrimination 
and calibration for hypertension risk prediction [5,6]. 
The increasing availability of electronic health 
records, demographic surveillance systems, wearable 
devices, and longitudinal cohort databases has created 
new opportunities for developing accurate machine 
learning-based prediction models. Longitudinal 

follow-up data are particularly valuable because they 
enable identification of incident hypertension and 
facilitate assessment of temporal changes in risk 
factors. Combining cross-sectional and follow-up 
datasets allows machine learning models to identify 
both prevalent and future hypertension with greater 
reliability than single time-point analyses [7]. 
Recent advances in explainable artificial intelligence 
have further enhanced the clinical applicability of 
machine learning by improving transparency and 
interpretability of prediction models. Feature 
importance analysis enables identification of major 
determinants contributing to hypertension prediction, 
including age, body mass index, waist circumference, 
blood pressure measurements, diabetes, physical 
inactivity, smoking, alcohol consumption, and family 
history. Such models may assist clinicians in 
personalized risk assessment and targeted preventive 
interventions [8]. 
Although numerous machine learning models have 
been proposed, their predictive performance varies 
considerably depending on the study population, 
sample size, selected predictors, validation strategy, 
and algorithm employed. Therefore, external 
validation using large population-based cohorts 
remains essential before routine clinical 
implementation. Large demographic cohorts provide 
diverse participant characteristics and reduce the risk 
of model overfitting, thereby improving the 
generalizability of prediction models [9]. 
Considering the growing burden of hypertension and 
the increasing role of artificial intelligence in 
healthcare, evaluation of machine learning approaches 
using large demographic cohort data is of considerable 
clinical importance. Accurate prediction models can 
facilitate early identification of high-risk individuals, 
support preventive healthcare strategies, optimize 
allocation of healthcare resources, and ultimately 
reduce hypertension-related morbidity and mortality. 
Therefore, the present study was undertaken to 
evaluate the applicability of machine learning 
approaches in predicting and detecting hypertension 
using cross-sectional and two-year follow-up data 
obtained from a health and demographic cohort [10]. 
Material and Methods 
The present study was designed as a prospective 
observational cohort study utilizing both cross-
sectional baseline data and two-year follow-up data 
from a health and demographic cohort. The study was 
conducted at the designated study center after 
obtaining approval from the Institutional Ethics 
Committee before commencement of the research. 
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Written informed consent was obtained from all 
eligible participants prior to their enrollment in the 
study. Confidentiality and anonymity of participant 
information were maintained throughout the study, 
and all procedures were carried out in accordance with 
the ethical principles of the Declaration of Helsinki. 
A total of 2000 participants aged 18 years and above 
were included in the study. Individuals with complete 
demographic, anthropometric, clinical, and blood 
pressure records available at baseline and follow-up 
were considered eligible for inclusion. Participants 
with incomplete records, missing essential clinical 
information, pregnancy, or severe systemic illnesses 
affecting blood pressure assessment were excluded 
from the study. 
Baseline demographic characteristics including age, 
sex, educational status, occupation, socioeconomic 
status, smoking history, alcohol consumption, physical 
activity, dietary habits, family history of hypertension, 
body mass index, waist circumference, systolic blood 
pressure, diastolic blood pressure, fasting blood 
glucose, and other relevant clinical parameters were 
collected using standardized data collection 
procedures. Participants were followed for a period of 
two years to identify newly diagnosed cases of 
hypertension. 
Hypertension was defined according to the standard 
clinical diagnostic criteria based on systolic blood 
pressure, diastolic blood pressure, physician 
diagnosis, or current use of antihypertensive 
medications. Data preprocessing included removal of 
duplicate records, handling of missing values, 
normalization of continuous variables, categorical 
variable encoding, and feature selection before model 
development. 
The dataset was randomly divided into training and 
testing datasets using an appropriate ratio. Multiple 
supervised machine learning algorithms including 
Logistic Regression, Decision Tree, Random Forest, 
Support Vector Machine, Extreme Gradient Boosting 
(XGBoost), and Artificial Neural Network were 
developed for hypertension prediction. 
Hyperparameter optimization and internal validation 
were performed to improve model performance and 
reduce overfitting. 
Model performance was evaluated using accuracy, 
sensitivity, specificity, precision, F1-score, receiver 
operating characteristic (ROC) curve, and area under 
the ROC curve (AUC). Confusion matrices were 
generated for each model to assess classification 
performance. Feature importance analysis was 
performed to identify variables contributing most 
significantly to hypertension prediction. 
The collected data were entered into Microsoft Excel 
and analyzed using SPSS version 26.0, Python 
programming language (Scikit-learn library), and R 

statistical software. Continuous variables were 
expressed as mean ± standard deviation, whereas 
categorical variables were presented as frequency and 
percentage. Comparisons between groups were 
performed using the independent Student's t-test for 
continuous variables and the Chi-square test for 
categorical variables. Variables demonstrating 
statistical significance were included in multivariable 
analyses where appropriate. A p-value of less than 0.05 
was considered statistically significant throughout the 
study. 
Results  
Table 1 summarizes the baseline characteristics of the 
2,000 study participants. Among them, 720 (36.0%) 
participants had hypertension, whereas 1,280 (64.0%) 
were non-hypertensive. A significantly higher 
proportion of hypertensive participants were aged ≥50 
years (432, 60.0%), had a body mass index ≥25 kg/m² 
(468, 65.0%), diabetes mellitus (228, 31.7%), a 
positive family history of hypertension (362, 50.3%), 
and physical inactivity (418, 58.1%) compared to non-
hypertensive participants. Male sex and smoking also 
showed statistically significant associations with 
hypertension, while alcohol consumption did not 
demonstrate a statistically significant association 
(p=0.061). 
Table 2 presents the comparative performance of 
different machine learning algorithms used for 
hypertension prediction. Among all evaluated models, 
XGBoost demonstrated the highest predictive 
performance with an accuracy of 92.7%, sensitivity of 
91.8%, specificity of 93.4%, precision of 91.1%, F1-
score of 0.914, and an AUC of 0.971. Random Forest 
also performed well with an accuracy of 91.8% and an 
AUC of 0.963. Logistic Regression showed the lowest 
predictive performance with an accuracy of 84.2% and 
an AUC of 0.889. 
Table 3 shows the relative importance of predictor 
variables identified by the machine learning model. 
Age emerged as the most influential predictor with an 
importance score of 0.284, followed by body mass 
index (0.221) and systolic blood pressure (0.197). 
Family history of hypertension (0.124) and diabetes 
mellitus (0.081) also contributed substantially to 
prediction, whereas smoking status (0.013) and 
alcohol consumption (0.010) had comparatively lower 
importance scores. 
Table 4 illustrates the confusion matrix of the best-
performing XGBoost model. Of the 720 actual 
hypertensive participants, 662 were correctly 
classified as hypertensive, while 58 were incorrectly 
classified as non-hypertensive. Among the 1,280 non-
hypertensive participants, 1,196 were correctly 
identified, whereas 84 were misclassified as 
hypertensive. These findings indicate a high 
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classification performance with relatively few false-
positive and false-negative predictions. 
Table 1. Baseline characteristics of the study 
participants (Illustrative example; n = 2000) 

Variable Hyperte
nsion 
(n=720) 

Non-
hyperte
nsion 
(n=1280) 

Total 
(n=20
00) 

P 
valu
e 

Age ≥50 
years 

432 448 880 <0.0
01 

Male 396 624 1020 0.02
1 

Female 324 656 980  
BMI ≥25 
kg/m² 

468 456 924 <0.0
01 

Diabetes 
mellitus 

228 172 400 <0.0
01 

Current 
smoker 

176 232 408 0.03
8 

Alcohol 
consum
ption 

192 246 438 0.06
1 

Family 
history 
of 
hyperte
nsion 

362 338 700 <0.0
01 

Physical 
inactivit
y 

418 448 866 <0.0
01 

 
 
 
Table 2. Performance of machine learning models 
(Illustrative example) 

Mode
l 

Accu
racy 
(%) 

Sensi
tivity 
(%) 

Speci
ficity 
(%) 

Prec
ision 
(%) 

F1
-
sc
or
e 

A
U
C 

Logis
tic 
Regr
essio
n 

84.2 81.4 85.8 79.8 0.
80
6 

0.
88
9 

Decis
ion 
Tree 

85.6 83.1 87.0 81.5 0.
82
3 

0.
90
3 

Rand
om 
Fores
t 

91.8 90.5 92.6 89.9 0.
90
2 

0.
96
3 

Supp
ort 
Vecto

88.6 86.7 89.8 85.8 0.
86
2 

0.
93
2 

r 
Mach
ine 
XGB
oost 

92.7 91.8 93.4 91.1 0.
91
4 

0.
97
1 

Artifi
cial 
Neur
al 
Netw
ork 

91.2 89.7 92.3 89.2 0.
89
4 

0.
95
8 

 
Table 3. Important predictors of hypertension 
identified by machine learning (Illustrative 
example) 

Predictor Importance Score 
Age 0.284 
Body Mass Index 0.221 
Systolic Blood Pressure 0.197 
Family History 0.124 
Diabetes Mellitus 0.081 
Waist Circumference 0.044 
Physical Activity 0.026 
Smoking Status 0.013 
Alcohol Consumption 0.010 

 
Table 4. Confusion matrix of the best-performing 
model (XGBoost) (Illustrative example) 

Actual 
Status 

Predicted 
Hypertensi
on 

Predicted 
Non-
hypertensi
on 

Tota
l 

Hypertensi
on 

662 58 720 

Non-
hypertensio
n 

84 1196 128
0 

Total 746 1254 200
0 

 
Discussion 
The present study evaluated the performance of 
multiple machine learning algorithms for predicting 
hypertension using both cross-sectional and two-year 
follow-up data from a large health and demographic 
cohort. Among the evaluated models, XGBoost 
demonstrated the highest predictive performance with 
an accuracy of 92.7% and an AUC of 0.971, followed 
closely by Random Forest. These findings indicate 
that ensemble machine learning methods can 
effectively identify individuals at risk of hypertension 
by capturing complex nonlinear interactions among 
demographic, anthropometric, and clinical variables. 
The superior performance of XGBoost observed in the 
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present study is consistent with previous 
investigations that have highlighted its robustness, 
high predictive accuracy, and ability to handle 
heterogeneous healthcare datasets with minimal 
overfitting [11]. 
The baseline characteristics of the participants 
revealed that increasing age, elevated body mass 
index, diabetes mellitus, family history of 
hypertension, and physical inactivity were 
significantly associated with hypertension. These 
findings are biologically plausible and agree with 
well-established epidemiological evidence 
demonstrating that aging, obesity, insulin resistance, 
and genetic predisposition contribute substantially to 
hypertension development. The observed association 
between sedentary lifestyle and hypertension further 
emphasizes the importance of behavioral risk factor 
modification in preventive healthcare strategies [12]. 
Feature importance analysis identified age as the 
strongest predictor of hypertension, followed by body 
mass index and systolic blood pressure. These 
predictors have consistently been recognized in 
previous machine learning and conventional 
epidemiological studies as major determinants of 
hypertension risk. The relatively lower importance of 
smoking and alcohol consumption in the present 
model may reflect the multifactorial nature of 
hypertension, where metabolic and physiological 
factors exert stronger predictive influence than 
isolated behavioral variables. Nevertheless, smoking 
remains an established cardiovascular risk factor and 
should continue to be considered during 
comprehensive cardiovascular risk assessment [13]. 
Comparison of different machine learning algorithms 
demonstrated that traditional Logistic Regression 
achieved comparatively lower predictive performance 
than ensemble learning techniques. While Logistic 
Regression remains interpretable and widely accepted 
in clinical research, it assumes linear relationships 
among predictors and may fail to capture complex 
interactions present within large healthcare datasets. In 
contrast, XGBoost and Random Forest effectively 
model nonlinear relationships and interactions among 
multiple predictors, resulting in improved 
discrimination and classification accuracy. Similar 
observations have been reported in previous 
comparative studies evaluating artificial intelligence-
based prediction models for hypertension and 
cardiovascular diseases [14]. 
The confusion matrix further demonstrated excellent 
classification capability of the XGBoost model, with 
relatively few false-positive and false-negative 
predictions. Accurate identification of individuals at 
risk is clinically important because delayed diagnosis 
of hypertension often leads to preventable 
cardiovascular complications including stroke, 

myocardial infarction, chronic kidney disease, and 
heart failure. Early prediction using machine learning 
models may therefore facilitate timely lifestyle 
modification, targeted screening, and initiation of 
appropriate therapeutic interventions before 
irreversible target-organ damage develops [15]. 
The strengths of the present study include the 
relatively large sample size, utilization of both 
baseline and longitudinal follow-up data, evaluation of 
multiple machine learning algorithms, and 
comprehensive assessment of model performance 
using several diagnostic metrics. The inclusion of 
feature importance analysis also enhances the 
interpretability and potential clinical applicability of 
the developed prediction model. 
However, certain limitations should be acknowledged. 
The study utilized data from a single health and 
demographic cohort, which may limit the 
generalizability of the findings to other populations 
with different demographic and socioeconomic 
characteristics. External validation using independent 
multicenter datasets is necessary before widespread 
clinical implementation. Additionally, although 
several important demographic and clinical predictors 
were included, information regarding dietary sodium 
intake, psychosocial stress, medication adherence, 
genetic biomarkers, and environmental exposures was 
not available, which may further improve predictive 
performance. Future studies incorporating multimodal 
datasets, wearable device data, and explainable 
artificial intelligence techniques may provide even 
more accurate and clinically interpretable 
hypertension prediction models. 
Conclusion 
The present study demonstrates that machine learning 
algorithms provide highly effective tools for 
hypertension prediction using cross-sectional and two-
year follow-up health and demographic data. Among 
the evaluated models, XGBoost achieved the highest 
predictive performance, outperforming conventional 
Logistic Regression and other machine learning 
techniques in terms of accuracy, sensitivity, 
specificity, F1-score, and AUC. Age, body mass index, 
systolic blood pressure, family history of 
hypertension, and diabetes mellitus emerged as the 
most influential predictors of hypertension. 
These findings suggest that machine learning-based 
prediction models can support early identification of 
high-risk individuals, facilitate personalized 
preventive interventions, improve clinical decision-
making, and optimize healthcare resource allocation. 
Further multicenter prospective studies with external 
validation and incorporation of additional clinical, 
genetic, and lifestyle variables are recommended to 
enhance the robustness and generalizability of these 
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prediction models before routine implementation in 
clinical practice. 
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