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Abstract—Hypertension is a significant preventable risk factor for cardiovascular disease (CVD), stroke, renal failure and prema-
ture mortality. Identification of a person who is at high risk can facilitate preventive care, follow-up of the person, and screening in
public health care. This study proposes a comparative machine-learning approach to hypertension-risk prediction with the National
Health and Nutrition Examination Survey (NHANES) database. Under a common experimental framework, five supervised classi-
Siers—Logistic Regression, Random Forest, Gradient Boosting, XGBoost and CatBoost—were frained using a consistent pipeline
of data processing steps, including: Median imputation, standard scaling, clinically guided feature engineering, randomized hy-
perparameter optimization, class-imbalance handling with SMOTE (this was only applied to the training set). Hypertension status
was considered in terms of Stage 2 in which those with an SBP greater than or equal to 140 mmHg or DBP greater than or equal
to 90 mmHg were deemed hypertensive. Due to the imbalance of the data set, the model comparison focused on recall, precision,
F1-score, Cohen’s Kappa, and ROC-AUC instead of just the accuracy score. XGBoost model showed the best test F1 score and test
Recall, whereas the test Recall of Random Forest model also showed good stability on cross validation. The results indicated that
the ensemble and boosting models are better at characterizing nonlinear physiological and demographic correlations than a linear
baseline model. Still, the low positive-class recall suggests that optimization of the thresholds and external validation, calibration,
and explainability analysis are necessary prior to use in clinical screening. The proposed framework is then suggested as a research
pipeline for decision support which is repeatable and not designed to supplant clinical diagnosis. ne-s

Index Terms—Hypertension prediction, machine learning, NHANES, XGBoost, Random Forest, CatBoost, SMOTE, clinical deci-
sion support, preventive healthcare.

I. INTRODUCTION The predictive model cannot be used as a method of diagnosing
hypertension, but it can be used to aid screening by identifying
individuals at high-risk for hypertension based on their profile
of demographic and physiological characteristics. i1

With the rise of electronic healthcare data and large popu-
lation surveys, machine learning (ML) approaches are begin-
ning to emerge which are able to estimate disease risk. Machine
learning models can be trained to identify complex relationships
within structured health data, and can be used to make risk pre-
dictions that could help inform clinical care, public health plan-
ning, and digital health systems. The most important goal in
hypertension prediction is to be able to reliably identify indi-
viduals who are at risk of developing hypertension, rather than
simply being high overall accuracy. This is important especially
when the medical dataset may be imbalanced, that is, have more
healthy people than people attending the hospital for the target
medical condition. 1231 24

This paper re-formats and combines the project work in the
standard IEEE-style research paper. The study is based on a
common set of experimental design parameters and compares
five machine learning algorithms. The most significant part is
a clinically appropriate and easily replicable pipeline, involv-
ing preprocessing, class-balancing, feature engineering, model
optimization, and the clinically relevant evaluation metrics for
hypertension-risk prediction. This study fulfills this need by
evaluating several supervised learning algorithms on a standard-

Hypertension is a disease where blood pressure is high for long
periods of time. It is also one of the greatest public health prob-
lems as it can cause damage to the cardiovascular system, vas-
cular deterioration, myocardial infarction, stroke, renal disease
and premature death. Frequently patients have no symptoms for
many years, adding to the medical gravity of the condition called
hypertension. This makes it possible that high blood pressure
remains undiagnosed until organ damage has become evident or
while doing an unrelated checkup. toHz

From normal blood pressure to clinical hypertension, it is not
often a sudden change. Factors that affect it include age, body
composition, physical inactivity, diet, metabolic state, alcohol
use and tobacco consumption, genetic predisposition and other
socio-demographic factors. These risk factors are not on their
own. The effects of these together may be nonlinear, such as
age might enhance the effect of obesity, or lifestyle variables the
clinical impact of BMI (body mass index). These interactions
encourage the use of data-driven learning methods to predict
hypertension. 11007

A traditional diagnosis relies on blood pressure readout at
doctor visits. While direct measure is usually the gold stan-
dard of their diagnosis, a single measurement only gives a snap-
shot of the patient’s situation. In reality, early detection may
be impacted by white coat hypertension, masked hypertension,
infrequent medical visits and/or irregular screening programs.



ized pipeline of preprocessing and evaluation metrics and eval-
uating these metrics in the context of imbalanced data and with
clinical caution. 5. 1261

II. OBJECTIVES AND CONTRIBUTIONS

The main aim of this research is to develop and test a compara-
tive classification model for the prediction of hypertension risk
from structured public-health information. The following objec-
tives are the specific ones: To build a preprocessing pipeline that
is able to manage missing data, inconsistent feature scales and
class imbalance in NHANES-derived health records. To use the
thresholds for systolic and diastolic BP to define a clinically rel-
evant binary target for hypertension. To compare a linear base-
line model with tree-based ensemble and boosting techniques,
such as Random Forest, Gradient Boosting, XGBoost and Cat-
Boost. To assess the models using metrics that are appropri-
ate with imbalanced healthcare data such as recall, precision,
Fl-score, Kappa, and ROC-AUC. To detect the most dominant
physiology and demographic factors associated with the classi-
fication of hypertension. 121

This paper makes four main contributions. First, it is using
uniform preprocessing and evaluation procedure for all the mod-
els, facilitating fair comparison. Second, it specifies the target
for prediction based on clinically relevant BP thresholds, and as-
sesses performance based on screening-oriented metrics. Third,
it only operates with class imbalance in the training pipeline
which reduces the risk of data leakage. Fourth, it offers a clear
basis for adjusting the thresholds, calibrating the system, carry-
ing out explainable Al analysis and external validation prior to
any real-world decision-support usage. @412l

III. RELATED WORK

Recently, machine learning has increasingly been utilized to
predict chronic diseases, a good example of which is the abil-
ity to predict hypertension risk from structured clinical infor-
mation, survey data, and lifestyle information. For modeling
nonlinear interactions among age, body composition, lifestyle
factors and comorbid conditions, Logistic Regression is a good
baseline to use, whereas Random Forest, Gradient Boosting,
XGBoost or CatBoost are appropriate. 2sH31

Previous studies that attempt to predict hypertension based
on population data like NHANES demonstrate that noninvasive
demographic and physiological variables can be used as com-
plementary indicators for risk stratification with varying perfor-
mance, depending on the chosen class distribution, target def-
inition, feature selection, validation strategy, and threshold se-
lection. In addition, systematic reviews highlight the fact that
numerous studies in the literature do not adequately address is-
sues of minority class recall, external validation, calibration, or
clinical utility. 126 (271

To this existing literature, the present work has two contribu-
tions: the first was to compare multiple algorithms based on the
same pipeline; the second was to interpret the results based on
metrics more suitable for imbalanced screening in the healthcare
domain.
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Comparing against existing work: This paper also employs a
preprocessing routine that tends to be common across the five
classifiers, as opposed to studies that report on a single model or
accuracy results only, before comparing results with those clas-
sifiers, through the use of recall, precision, f1 score, kappa and
roc-auc. It also explicitly presents the class imbalance problem
and applies SMOTE just to the training set, and does not give
the impression of a diagnosis replacement.

Research gap and novelty: The main gap which the paper
addresses is the fair model comparison in imbalanced screen-
ing conditions. The innovation is not only in the clinically rel-
evant target labeling, but also in incorporating leakage-aware
preprocessing, class balancing, and the random tuning of differ-
ent parameters, in one reproducible predictive hypertension risk
pathway, together with the multi-metric interpretation. 1321.1331

IV. DATASET DESCRIPTION

This study utilizes data collected in the National Health and Nu-
trition Examination Survey (NHANES). NHANES is appropri-
ate for this work because it has individual-level health data such
as questionnaire responses, health examination data, and demo-
graphic data. This experiment has a total number of observa-
tions (N = 5,903) each of which represents a health profile of a
particular individual. 12119

The DV is the hypertension status. Hypertensive was de-
fined as those participants who had their SBP > 140 or DBP
> 90. This definition is in line with hypertension stage 2 cri-
teria. Those who did not fall into this category were classified
as non-hypertensive. It is seen that there is a clear imbalance
in the target distribution, where about 84.45% of the individu-
als are classified as normal and about 15.55% as hypertensive.
Clinically realistic and algorithmically hard imbalance.

Demographic and physiological metrics are included, such as
age, gender indicators, ethnicity indicators, BMI, body weight,
smoking-related measures, alcohol-related measures and physical-
activity indicators. Engineered features were also created to
improve the ability of the models to represent nonlinear pat-
terns. They range from BMI categories, age groups, squared age
terms, log transformed weight and interaction style variables.

TABLE 1
DATASET AND TARGET SUMMARY

Item Description

National Health and Nutrition Examina-
tion Survey (NHANES)

5,903 individual health profiles
Hypertension status: 1 = hypertensive, 0 =
normal

SBP > 140 mmHg or DBP > 90 mmHg
Normal: 84.45%, Hypertensive: 15.55%
Age, BMI, weight, demographic variables,
lifestyle indicators

BMI category, age group, squared age, log
weight, interaction variables

Data source

Observations
Target class

Clinical rule

Class distribution

Main predictors

Engineered fea-
tures
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V. DATA PREPROCESSING

The machine learning process has a significant problem due

to the presence of missing values and outliers in the raw data,
mixed scales, and class imbalance in the survey’s data, among
other issues, which requires data preprocessing. A well-constructed
preprocessing pipeline can strengthen the reliability of the model
and avoid the model capturing false patterns. v

A. Missing Value Treatment

A simple analysis of data revealed missing data in specific at-
tributes, particularly in lifestyle attributes and a few physical
measurements. If all records were deleted if there were missing
values, the sample size will also decrease and this could lead
to bias. Hence, missing values were imputed with the median
value. Physiological variables are thus more frequently reported
as median than mean. For instance, if these values are extreme
(e.g. weight or BMI) the mean value will be affected whereas
the median (central value) will not be affected. 31

B. Target Variable Construction

Clinically accepted thresholds were used to create the binary
target. The person was considered hypertensive if either SBP
was > 140 mmHg or DBP was > 90 mmHg. This is the rule
that reads a continuous blood-pressure measurement and turns
it into a target to be classified as binary. It is crucial to specify
the target as it defines what the model is supposed to learn and
how to act. tie-ns)

C. Feature Engineering

Medically meaningful representations were introduced by ap-
plying feature engineering. BMI was sorted into clinically mean-
ingful categories and age was recategorized into age groups.
Some features were squared and log transformed to account for
the nonlinear growth patterns. The reason is risk is not always
in direct proportion. The effect of age may be more pronounced
in the older age groups, for instance, and the effect of BMI on
blood pressure may be different at various levels of BMI. us.071

D. Scaling and Class Balancing

Standard scaler was used to standardise continuous variables.
Algorithms like Logistic Regression require scaling, and stable
optimization in gradient-based settings. While tree-based meth-
ods are less sensitive to scale, a consistent preprocessing strat-
egy is important for making the models comparable.

The dataset was imbalanced with SMOTE performed on it.
SMOTE generates minority class examples by interpolating be-
tween existing examples of the minority class. This combats the
model’s tendency to disregard the cases in which the individuals
present with hypertension and it helps the model adopt a more
balanced classification boundary. In order to avoid information
leakage to the test set, SMOTE had to be used only on the train-
ing dataset. o123

VI. EXPLORATORY DATA ANALYSIS

Exploratory Data Analysis (EDA) was conducted to gain insight
of the dataset’s structure before modelling. The class distribu-
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TABLE II
PREPROCESSING PIPELINE
Step Problem Addressed | Method Used

Data clean- | Missing and inconsis- | Median imputation
ing tent values
Target label- | Clinical binary class | SBP > 140 or DBP >
ing definition 90

Feature scal- | Unequal numerical | StandardScaler

ing ranges
Feature en- | Nonlinear risk pat- | BMI  category, age
gineering terns group, transformations
Class  bal- | Minority hyperten- | SMOTE on training set
ancing sive class
Validation Overfitting control 3-fold randomized
cross-validation

tion, age-risk pattern, BMI/weight relationship, and the correla-
tion between original and engineered variables were the items
examined. The importance of EDA is that it gives evidence to-
wards preprocessing decisions and to check if relationships be-
tween the selected features and hypertension are plausible.

The first big observation was that it was a class imbalance
problem. The hypertensive cases are fewer in number compared
with the majority (normal class). That result showed that ac-
curacy is not enough to assess model performance. A classifier
that performs well when asked to predict the majority class is
generally considered accurate but he would not be a clinically
accurate classifier if he fails to identify high-risk individuals.

There was a strong association between age and prevalence of
Hypertension. The proportion of cases hypertensive was higher
in older individuals than in younger individuals. This trend is
physiologically consistent, as for older age, vascular stiffness,
changes in metabolism and lifetime exposure to other risk fac-
tors tend to rise. BMI and body weight also were significantly
associated with hypertension. Those with greater BMI were
more likely to have increased hypertension risk, thus highlight-
ing the importance of body composition as a predictor. As is
seen in Fig. 1, prevalence of hypertension increases with age,
especially in middle and older age groups. The visual pattern
facilitates the incorporation of age (and age-related variables)
into the model.

BMLl is highly correlated with weight, and age and some lifestyle
factors add information. The correlations alone are not enough
to predict, but they do show useful relationships which lead to
the training of the models.

The relationship between engineered variables is shown in
Fig. 3. The correlations between BMI, weight, and the trans-
formations indicate a high level of correlation between these el-
ements, suggesting that feature engineering brings in structured
data. While redundancy in some models does not make much
sense, in others it can be valuable to build useful decision rules
with highly correlated features.

There are also graphics to visualize the numerical measures
in pairs (Fig. 4). There is no separation between the classes
by only a single feature: the hypertensive and non-hypertensive
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Fig. 1. Relationship between age and hypertension prevalence.
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Fig. 2. Correlation matrix of original features.

classes overlap. This overlap is sufficient reason for using mul-
tivariate machine learning algorithms. o531

VII. METHODOLOGY

The methodology involves preparing the data, training the model,

hyperparameter optimization, and evaluation with multiple met-
rics. Observed differences in performance has been achieved by
training all models with the same data split as well as prepro-
cessing logic, thus eliminating the possibility that differences
are due to varying experimental settings. (2. (s

A. Classification Algorithms

5 classification algorithms were chosen. Logistic Regression
was chosen as the baseline model because it is simple, inter-
pretable and commonly used in clinical modeling. Random
Forest was added as an ensemble based on ‘bagging’ which is
similar to boosting but with the advantage of being able to cap-
ture nonlinear interactions while minimizing variance. Gradient
Boosting was added as a representation of sequential error cor-
rection. XGBoost was chosen because of its regularized boost-
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Fig. 3. Correlation matrix of engineered features.

ing approach and high performance on tabular data. It was de-
cided to use CatBoost due to its resistance to prediction shift and
robustness in dealing with categorical-style features.

B. Hyperparameter Optimization

Hyperparameter tuning was carried out by using Randomized-
SearchCV with 3-fold cross-validation. This technique involves
trying out various sets of hyperparameters with cross validation
over a specified set of hyperparameters. The number of estima-
tors, max tree depth, learning rate, subsampling rate, regulariza-
tion strength and splitting criteria were tuned depending on the
model. But F1 score was given importance during tuning as it
balances precision and recall. 21

C. Evaluation Metrics

The chosen evaluation metrics are related to the clinical screen-
ing goal. Under class imbalance, accuracy can be misleading
as it is the percentage of correct predictions. The reliability of
positive predictions is precision. Recall is the percentage of pa-
tients that the model correctly identifies as having hypertension.
The Fl-score gives a harmonic average of the precision and the
recall. Cohen’s Kappa is a measure of agreement that accounts
for chance agreement. ROC-AUC does a threshold-independent
evaluation of how well the model segregates classes. 5211331

Recall is particularly of importance in the context of a hyper-
tension screening. Failure to identify an individual with hyper-
tension can occur and result in a delay in treatment and the de-
velopment of potentially serious cardiovascular consequences.
A false positive, albeit a nuisance, can often be resolved by sub-
sequent measurement. Thus, the accuracy of the best model is
not the highest, but the model that offers the optimum combina-
tion for clinical utility. 21127

VIII. IMPLEMENTATION WORKFLOW

Workflow steps were designed to avoid data leakage and to main-
tain the comparability of the implementation. The dataset was
initially split into training and test sets. Imputation, scaling and
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SMOTE were then applied to the training part alone. The same
learned preprocessing transformation was used for the test set,
but the SMOTE technique was not used for test data. This de-
sign is significant due to the fact that the synthetic examples
shouldn’t skew the unseen evaluation set. 2

There are six key stages to the overall workflow. The raw de-
mographic, examination and questionnaire variables were loaded,
and examined in the first phase. In the second phase, clinically
meaningful labels were derived from the blood pressure mea-
surements, systolic and diastolic. The third step was to fill in
the missing values and to derive various features. In the fourth
stage, SMOTE was used to balance the training set. Each algo-
rithm was optimised using a randomized cross validation in the
fifth stage. The optimized models were run on the hold-out test
set with the selected metrics in the final stage. 13211331

This threshold determines the classification of predicted prob-
abilities into classes and thus affects clinical outcomes. Preci-
sion may be enhanced with a high threshold but it may underes-
timate the number of patients with true hypertension. A lower
threshold can improve recall, but also contribute to increased

T ER )
Mons amn

false positives. With early screening, it is better to use thresh-
old tuning, which should include sensitivity first, as follow-up
blood-pressure measurement can confirm the suspected cases.
In the present study, the optimized classification results are re-
ported; however, the selection of the thresholds for clinical use
needs to take into account the cost of false negatives and the
resources available for screening. 124127

To ensure reproducibility, the selection of pre-processing op-
tions should be reported. Robustness to outliers led to the choice
of median imputation. Scaling up to standard was applied for
consistency with algorithms. SMOTE was only applied during
the training process as we don’t want to artificially boost the
accuracy of the test sets. Randomized search was chosen over
exhaustive grid search to search broadly over ranges of hyperpa-
rameter choices with lower computational demands. The frame-
work can be extended to larger data sets or other algorithms. 2.1

IX. MODEL INTERPRETATION CONSIDERATIONS

In healthcare, it is crucial to see into model behaviours. A model
without an explanation of the risk label will be less believable to



TABLE 11

EXPERIMENTAL WORKFLOW FOR REPRODUCIBLE TRAINING

Stage | Operation

1 Load NHANES records and select demographic, clini-
cal, and lifestyle predictors.

2 Create hypertension label using SBP and DBP thresh-
old rule.

3 Apply median imputation, scaling, and feature engi-
neering.

4 Split data and apply SMOTE only to the training subset.

5 Tune LR, RF, GBC, XGB, and CATB using randomized
3-fold cross-validation.

6 Evaluate the tuned models on the independent test set
using accuracy, recall, precision, Fl-score, Kappa, and
ROC-AUC.

a clinician or the patient. Medically meaningful behavior is sug-
gested from the patterns of features that were observed during
EDA as well as during model analysis, though these patterns are
not the primary focus of the present study. The age, BMI, and
weight factors emerged as important factors repeatedly, mirror-
ing known clinical associations with hypertension.

To use the model for operations, explanation methods should
be integrated into the trained model. Global explanations can
indicate what variables have the strongest influence in predicting
the population. Local explanations can be provided to explain
why a specific subject was selected for their high-risk score. For
instance, if someone is elderly and has a high BMI (body mass
index) level and low levels of physical activity, an individual
could be flagged. These explanations can even turn an output
from a machine learning model into preventative advice. 3411351

Interpretability also is useful to identify model failure. Ex-
planation tools can expose the problem when a model is very
dependent on an irrelevant variable or a biased variable. This
is particularly relevant in public-health settings where demo-
graphic factors may relate to social or structural factors. Future
systems need to be predictive, offer some form of fairness anal-
ysis, be evaluated for calibration, and have the system reviewed
by a clinician. 1241351

X. RESULTS

The experimental results show that ensemble methods that use
trees perform well in the screening-oriented task, compared to
the linear baseline, but give moderate absolute positive-class re-
call. Overall, in this experiment, XGBoost had the best test F1
score (0.2579) and test recall (0.1814), indicating that it was the
strongest relative performer. Random Forest had the best CV
F1 score of 0.7582, indicating consistent model-selection per-
formance. The highest accuracy was obtained using Logistic
Regression (0.7972), and the precision (0.5800), indicating that
more numbers of hypertensive cases were missed by Logistic
Regression, as can be seen from its recall (0.1283). 521133

Thus, the current experimental comparison of XGBoost on
the test set does not necessarily indicate that XGBoost is the
best model, but rather the best model among the current model
set in the experimental comparison. The findings call for more
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research to be conducted on thresholds tuning, probability cali-
bration, the cost-sensitive learning and external validation. The
optimized model results are summarized in Table IV and the be-
havior of the ROC curves across classifiers is shown in Fig. 5.

XI. DISCUSSION

Results show that hypertension prediction based on the struc-
tured survey variables is a nonlinear and imbalanced classifi-
cation problem. XGBoost and Random Forest model perfor-
mances are relatively better, indicating that interactions between
age, BMI, weight, and lifestyle factors are better captured by
tree-based ensembles than by Logistic Regression. Meanwhile,
the small recalls indicate that the existing feature set combined
with the default decision thresholds are not adequate for direct
clinical screening.

This is a meaningful scientific discovery: A model might look
like it was accurate, but it may not capture many positive cases.
Hence, the choice of a model for healthcare screenings should
be based on the clinical objective, false-negative cost, calibra-
tion and validation quality (but not only on accuracy).

According to the feature analysis, age, BMI, and weight are
always significant predictors. This is physiologically reason-
able and reasonable for the modeling pipeline to be valid. Age
captures changes at the physiological level and the exposure to
risk factors. BMI and weight are indicators of body composi-
tion and metabolic load. The engineering of variables like age
groups and BMI categories imparts clinical interpretability, and
the conversion of continuous variables into relevant risk bands.

The other lesson, much more important, relates to the require-
ment for metric-based model selection. Imbalanced healthcare
data could encourage a model to overly predict the dominant
class. Recall and Fl-score can better depict the utility of a
screening test, however. Safety for clinical use is not guaran-
teed for the model with the highest accuracy. Although Logistic
Regression achieved a small margin of improvement in terms
of accuracy, XGBoost was chosen as it was more effective in
identifying positive cases.

Receiver Operating Characteristic (ROC) Curves
Hypertension Prediction Cemparison
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Fig. 5. Receiver Operating Characteristic curves for hypertension pre-
diction models.
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TABLE 1V
COMPARATIVE PERFORMANCE OF OPTIMIZED MODELS
Model Best CV F1 | Accuracy Recall Precision | Fl-score
XGBoost (XGB) 0.752897 0.780465 | 0.181416 | 0.445652 | 0.257862
Random Forest (RF) 0.758196 0.786977 | 0.159292 | 0.480000 | 0.239203
CatBoost (CATB) 0.756879 0.783256 | 0.150442 | 0.453333 | 0.225914
Logistic Regression 0.745714 0.797209 | 0.128319 | 0.580000 | 0.210145
Gradient Boosting 0.754706 0.786977 | 0.123894 | 0.474576 | 0.196491

Optimized parameter settings: XGB: subsample = 0.8, n_estimators = 150, max_depth = 3, learning_rate = 0.1; RF: n_estimators = 150,
min_samples_split = 2, max_depth = None; CATB: random_strength = 10, n_estimators = 200, learning_rate = 0.1, depth = 6; LR: solver
= liblinear, C = 0.0048329, penalty = 12; GBC: n_estimators = 100, max_depth = 3, learning_rate = 0.1.

XII. CLINICAL RELEVANCE AND DEPLOYMENT
CONSIDERATIONS

A practical hypertension risk-prediction model can facilitate the
preventive health-care approach by prioritizing individuals for
repeated blood-pressure monitoring, counselling on lifestyle and
physical examination. The current model, however, should be
viewed as research level decision support. Fheideployment would
involve external validation, external calibration, assessment of
the subgroups for fairness, review by clinicians, and testing.
These techniques may also be integrated into provide local
and global explanations to aid understanding of the contribution
of age, BMI, weight and lifestyle to a risk score. The model
is not to be used to deny care, make a substitution diagnosis or
to make unsupported medical conclusions. The safest use is to
support the triage and after confirmed blood pressure is taken.

XIII. PRACTICAL SCREENING SCENARIO

One of the potential applications of the proposed framework is
to provide preliminary risk screening during community health
camps, at university health centers, corporate wellness programs,
or mobile health apps. In these contexts, direct measurement of
blood pressure might only be possible on an occasional basis,
whilst simple demographic and anthropometric data is able to
be gathered in a swift manner.

These variables can be used by a trained model to generate a
risk score which will inform decisions regarding repeated mea-
surement or medical follow-up of individuals. It is strongly rec-
ommended to do no classification of a patient from the model
output: the workflow is to classify the patient rather from the
result of applying the model. Rather, the model is meant as
a “triage layer.” Those who are deemed at high risk may be
recommended to have their blood pressure monitored more fre-
quently, discuss lifestyle modifications, and have a doctor’s re-
view. Regular health checks should be encouraged in individ-
uals who are predicted to be low risk as the health check is a
model and not a disease predictor.

When the recall is less than perfect, this is a particularly im-
portant triage interpretation. If the prediction is positive, con-
sider this a screening alert, rather than a diagnosis. Negative
prediction does NOT constitute a permanent clearance. This
way of deployment can minimize the possibility of negative out-
comes and make use of the predictive model anyway.

The model can also be applied to the population level in public-

TABLE V
SUGGESTED USE OF MODEL OUTPUT IN SCREENING
Model Output Suggested Action
High-risk score Repeat blood-pressure  measurement,

check clinical history, advise lifestyle
counseling, and recommend physician
review.
Schedule follow-up screening and mon-
itor BMI, activity, diet, and related risk
factors.

Moderate-risk
score

Low-risk score Continue routine monitoring and preven-
tive health education; do not use as per-
manent exclusion from risk.

Request additional measurements or lab-
oratory data before decision support is
used.

Uncertain result

health deployment. Health administrators can use this to tar-
get resources to screening and direct them to individuals with a
higher expected probability of having a disease. For instance,
if there is an older person with a higher BMI, they could be
directed towards an awareness session, periodic blood-pressure
camp, or digital reminder. Applications such as these demon-
strate the potential of predictive modeling in supporting preven-
tive healthcare beyond the one-to-one clinical decision-making.

XIV. QUALITY AND VALIDATION REQUIREMENTS

Prior to real-world application, a prediction model for hyperten-
sion needs to meet a number of validation conditions. To check
that the model isn’t overfitting to the training data, it should be
first validated internally. Cross validation is used to assess sta-
bility, but is not an external test. Secondly, performance should
be tested on another dataset obtained from a different population
or time period. Third, one would want to test the validity of the
calibration to ensure that the forecast risk probability is equal to
the observed hypertension rate.

Fourth, test for performance of subgroups. Model results can
vary by age, gender or socio-demographic. Where there is poor
performance for a sub group, deployment can result in unequal
benefit or risk. Fifth, the decision threshold needs to be deter-
mined in conjunction with the clinician. The threshold value
that optimizes a mathematical measure might not be the best
screening policy threshold. 24127



There should also be monitoring of model’s post-deployment.
The distribution of certain population characteristics may evolve
over time, as may the link between the predictors and hyperten-
sion status. This is called Data Drift. A good model that is effec-
tive in development can lose its effectiveness over time if it is not
reevaluated. Hence, any decision-making system should feature
periodic training, audit logs and performance dashboards.

XV. COMPARATIVE INTERPRETATION OF
ALGORITHMS

The five algorithms are different philosophies behind the mod-
els. Logistic Regression makes some basic assumptions about
the relationship between the predictors and log-odds of hyper-
tension. Good in cases where interpretability is paramount, but
poor in cases of a highly interactive feature. Random forest in-
cludes multiple decision trees and takes a voting approach to
the predictions, making it more flexible. This will decrease the
variance and enable complex decision boundary.

Gradient Boosting and XGBoost will learn sequentially. Ev-
ery tree tries to correct the errors made by the previously created
tree. This is suitable for structured health data as there are subtle
feature interactions. This can be further enhanced by a process
of regularization and efficient optimization in XGBoost. When
categories (or category-derived variables) are present, CatBoost
proves to be a valuable tool.

The results of this study showed that XGBoost model with a
trade-off between nonlinear learning and regularization proved
to be the most effective model that can be applied in screening
purposes. It is important to keep in mind that the comparative
result must be evaluated as part of the entire context. There is
no one best model to fit all medical datasets. In cases where
explanation is more important than recall, a transparent model
might be desired. When screening and/or high discrimination is
desired, a boosting model might be more appropriate. The final
clinical system can also be a composite system which utilise a
simpler model to explain the cause of the disease and a more
powerful ensemble for risk scoring.

XVI. LIMITATIONS

There are a number of limitations to the study. First, only vari-
ables that are available in the NHANES data set were included
in this experiment, so important predictors like family history,
medications, diet, stress, longitudinal blood-pressure patterns
and laboratory markers may be missing or incomplete. Sec-
ondly, some variables may be self-reported which can lead to
reporting bias. Third, the target label is based on BP targets
and may not be repeated clinical confirmation. Fourth, while
SMOTE is good for representation of minority classes during
training, it doesn’t mean it will lead to clinically adequate re-
call of unseen minority-class populations. Fifth, modest posi-
tive class-recall remains in the best model, and, thus, the present
system would not be suitable for stand-alone clinical use. Sixth,
external validation, calibration, and confidence intervals must be
requested to establish robustness; and subgroup-fairness analy-
sis is required to establish robustness. 5127
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XVIL. FUTURE WORK

Future research needs to focus on enhance sensitivity with rea-
sonable precision. Steps to be taken include optimizing thresh-
olds, learning to be cost-sensitive, reporting probabilities in cal-
ibrated probability intervals, reporting confidence intervals by
bootstrapping and/or repeated cross validation, and external val-
idation on independent cohorts. Other individual factors like
medication history, repeated blood pressure readings, dietary
factors, family history, laboratory factors, and longitudinal clin-
ical data can enhance discrimination. 68

Explainable Al techniques like SHAP, LIME, partial-dependence

analysis, and decision-curve analysis should be incorporated to
better understand and measure the net effect of screening in
the clinical context, with the goal of enhancing clinical inter-
pretation. A prototype of a decision support system in the fu-
ture should output the risk of being diagnosed as a result of the
screening, a level of confidence about the result, features noted
as important to look for, and a clear recommendation of what to
do next, all without claiming to be a diagnosis. .11

XVIII. CONCLUSION

This paper provided a comparative study based on the machine-
learning method with NHANES data to predict hypertension
risk. The entire preprocessing pipeline was developed, ranging
from median imputation, standard scaling, clinically relevant

feature engineering, class balancing in training data through SMOTE,

and randomised hyperparameter optimisation. Five algorithms
were assessed using a shared framework and metrics suitable for
imbalanced classification in healthcare. 1231 (3211331

The XGBoost model performed best on the test set with an
F1 score and a high recall rate, the Random Forest model was
relatively stable across the cross validation, and the Logistic Re-
gression model was interpretable and had a reasonable recall
rate as a baseline. The findings corroborate the use of ensemble
and boosting methods for identifying nonlinear hypertension-
risk patterns but indicate the importance of tuning the threshold,
calibration, more comprehensive predictors and external valida-
tion. The study should really be viewed as a research framework
rather than a diagnostic system because it can be repeated to
establish a screening-oriented research-based decision support
system.
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