Available online at website: https:/jurnal.iaii.or.id/index.php/RESTI

JURNAL RESTI

(Rekayasa Sistem dan Teknologi Informasi)
Vol. 10 No. 4 (2026) 888 - 897 e-1SSN: 2580-0760

Cross-Dataset Evaluation of Boosting Models for Hypertension Prediction

Bety Wulan Sari'*, Dewi Ayu Murtiningsih?, Donni Prabowo?, Yoga Pristyanto?, Ika Nur Fajri®, Ike Verawati®
L.2345Department of Information System, Faculty of Computer Science, Universitas AMIKOM Yogyakarta, Yogyakarta,
Indonesia
5Department of Informatics, Faculty of Computer Science, Universitas AMIKOM Yogyakarta, Yogyakarta, Indonesia

“bety@amikom.ac.id

Abstract

Hypertension remains a significant global risk factor for cardiovascular disease and related mortality, necessitating reliable
early risk prediction models. Although boosting algorithms have demonstrated strong performance in structured medical data,
limited studies have examined their consistency across heterogeneous datasets. This study aims to evaluate the cross-dataset
performance and stability of three boosting models, such as XGBoost, LightGBM, and CatBoost, for hypertension prediction
under multiple train—test split ratios. Two independent structured datasets were analyzed using 60:40, 70:30, 80:20, and 90:10
splits. To identify the optimal hyperparameters, grid search was performed using repeated stratified 5-fold cross-validation
with three repetitions. Model effectiveness was measured using the evaluation metrics of accuracy, precision, recall, F1-score,
and AUC. Results show that Dataset 1 gained consistently high predictive performance (accuracy > 0.98; AUC = 1.00),
indicating strong and well-separated predictive signals, whereas Dataset 2 demonstrated substantially lower discriminative
ability (accuracy = 0.71-0.72; AUC = 0.50), suggesting limited predictive structure. Across both datasets, CatBoost
consistently obtained the highest accuracy, particularly at the 90:10 split ratio. These findings demonstrate that dataset
characteristics critically determine model effectiveness and that among the evaluated boosting algorithms, CatBoost delivered
the strongest overall predictive performance.
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1. Introduction

The global burden of cardiovascular disease is strongly
influenced by hypertension, which continues to be a
major public health concern [1]. Early identification of
individuals at risk is essential to support preventive
strategies and informed clinical decision-making. In
this context, the use of modifiable, non-invasive risk
factors, such as body mass index (BMI), smoking
status, alcohol intake, and physical activity level, offers
practical advantages, as these variables can be easily
obtained without laboratory testing. This makes them
particularly suitable for cost-effective, broad-scale
screening, especially where medical resources are
limited. Machine learning has been extensively
employed to enhance hypertension risk prediction
models [2]. Specifically, gradient boosting methods
such as XGBoost, LightGBM, and CatBoost have
shown promising results on structured tabular medical
datasets owing to their ability to capture complex

nonlinear patterns [3-5]. Prior studies have reported
promising results using these approaches, as well as
other machine learning models, depending on the
dataset characteristics and feature selection [6-10].
These findings also highlight the potential of non-
invasive variables to support early hypertension
screening in real-world settings. However, existing
studies present several important limitations. Most
research relies on a single dataset, which restricts the
evaluation of model robustness and generalizability. In
addition, some studies lack rigorous validation
strategies, such as cross-validation or external dataset
testing, which may lead to biased or overestimated
performance[6-10]. Other limitations include dataset-
specific constraints, such as restricted populations,
missing key variables, and imbalanced data
distributions, all of which can significantly influence
model outcomes [8], [9], [11].
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Importantly, model performance has been shown to
vary depending on dataset characteristics. For example,
Kurniawan et al. [11] reported that Logistic Regression
outperformed more complex models in an Indonesian
dataset, indicating that predictive performance is highly
data-dependent. These findings suggest that strong
performance on a single dataset does not necessarily
indicate robustness to unseen datasets across different
populations or data distributions.

Despite these advances, systematic cross-dataset
evaluation remains limited, particularly for boosting-
based models in hypertension prediction. It remains
unclear which algorithm provides the most stable and
consistent performance across datasets with different
characteristics. This issue is especially relevant for
population-specific applications, as models developed
using global or simulated datasets may not fully capture
local demographic and lifestyle patterns, including
those of the Indonesian population.

To overcome this research gap, this study undertakes a
systematic cross-dataset evaluation of boosting-based
models  for  hypertension  risk  classification.
Specifically, this study compares the performance of
XGBoost, LightGBM, and CatBoost across two
independent datasets with different characteristics. The
analysis focuses on model performance, stability across
multiple train—test split ratios, and generalizability
between datasets. By emphasizing cross-dataset
validation and the use of non-invasive risk factors, The
objective of this study is to enhance the understanding
of how machine learning models can be effectively
applied to hypertension prediction, including their
relevance to the Indonesian context.

The remainder of this paper is organized as follows.
Section 2 describes the methodology and experimental
design. Section 3 presents the results and discussion,
including cross-dataset performance analysis. Finally,
Section 4 concludes the study and outlines future
research directions.

2. Methods

This paper uses a cross-dataset experimental framework
to examine the generalization ability of boosting-based
machine learning models for predicting hypertension.
Data collection, EDA, data preprocessing, addressing
data imbalance, feature selection, model training,
hyperparameter  tuning, evaluation, and model
interpretability are all included in the overall procedure.
Figure 1 depicts the methodological framework.

Data " .
Training H Balancing H Feature Selection 1—{ Data Splitting

Hyperparameter
Tuning

Figure 1. Flowchart of the research experiment
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Two separate datasets are used for model evaluation to
assess the model's generalizability across different data
distributions and feature sets.

2.1 Data Collection

Clinical and demographic information on hypertension
risk is included in the structured CSV file used for the
analysis. The data-loading process is used to access
clinical and demographic hypertension risk data in an
analytical setting. To preserve structural visibility and
prevent shortened data in exploratory analysis, every
column was made visible during the initial examination.
Let the dataset be defined as Equation 1.

D = {(Xy Yi)}i=1 @)

x; = (xj1,%iz, ., X;p) € RP denotes the feature vector
of the i-th individual and y; € 0,1 denotes the
hypertension label. Additionally, feature names were
translated from Spanish to English using a predefined
mapping dictionary to standardize terminology and
improve interpretability.

2.2 Exploratory Data Analysis (EDA)

Exploratory Data Analysis was used to explore data
distribution and statistical properties prior to modeling.

Class distribution analysis was performed using
frequency counts, as shown in Equation 2.

Ply=c¢c) = % (2
n.denotes the number of samples in class c.
A correlation matrix was computed using Pearson’s
correlation coefficient, as defined in Equation 3.
_ Y (=D yi-Y)

J Z?ﬂ(xrf)z\/ Y i—9)?
Among the traits, this analysis finds multicollinearity

and potential redundancy. To examine how the
characteristics varied across the various classes,

@)

Ty

summary  statistics, including means, standard
deviations, and percentage distributions, were
generated.

2.3 Data Preprocessing

Data preprocessing prepares the dataset for machine
learning modelling. This stage included column
renaming, removal of non-informative features, and
verification of data types [12].

Feature scaling was considered to normalize numerical
ranges where appropriate. Standardization transformed
each feature, as expressed in Equation 4.
X—p

zZ = T (4)
u represents the feature mean and o the standard
deviation. This transformation ensures that features
contribute proportionally during model optimization.

The target variable was converted into a binary
outcome, as defined in Equation 5.

_ {1, hypertensive
10, non-hypertension

®)
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2.4 Data Splitting

The dataset was split into training and test sets to ensure
unbiased model evaluation. The feature matrix X and
target vector y were separated, as defined in Equation
6.

X= [xij]nxpry = [Yilnxa (6)

Stratified sampling was applied to preserve class
proportions [13], as described in equation 7.

Ptrain(y) = Ptest(y) (7)

To evaluate robustness and sensitivity to training size,
multiple split ratios were explored: 60:40, 70:30, 80:20,
and 90:10. This approach ensures that model
performance is not dependent on a single partition and
provides a more reliable assessment of generalization
across different data allocations.

2.5 Feature Selection

To improve model generalization and reduce
dimensionality, three feature selection strategy was
implemented using three independent methods.

Boruta selects relevant features by comparing their
importance against randomized shadow features [14].
Feature importance from Random Forest was calculated
as defined in Equation 8.

1 T
Imp] = ; Zt=1 Ij,t (8)
T denotes the number of trees and /; .the importance of
feature jin tree t.

Recursive Feature Elimination (RFE) iteratively
removes the least important features based on model
importance ranking until a predefined number of
features is reached [15], [16]. SelectKBest employed
the ANOVA F-test to rank features [17], as formulated
in Equation 9.

F =

Between-class variance
ST — 9)

Within-class variance
A voting mechanism was applied, retaining features

selected by two or more methods (as defined in

Equation 10) for model development.
Frinai = fj: fj € at least 2 methods (10)

This ensemble selection strategy enhances feature
stability and robustness.

2.6 Data Balancing

Given class imbalance, synthetic oversampling
techniques were applied to the training data. SMOTE
generated new minority samples using linear
interpolation [18], as expressed in Equation 11.

—x,),A ~ U(0,1) (11)

Oversampling was restricted to the training set to
prevent information leakage.

Xnew = X; + A(Xzi
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2.7 Model Training

Three classification models were evaluated: XGBoost,
LightGBM, CatBoost, the additive framework of
gradient boosting is defined in Equation 12.

Vi = Z{=1 fe (%) (12)

The objective function minimized during training is
defined in equation 13. This objective consists of the
empirical loss component and a regularization term that
controls model complexity to prevent overfitting.

L= Z?=ll(}’i;37i) +Q(f)

The loss function [ corresponds to the logistic loss,
which is formulated in Equation 14.

l(y,9) = —[ylog(®) + (1 —y)log(1l —p)] (14)

This study employs a comparative cross-dataset
evaluation approach, in which each dataset is used
independently for model training and testing. The
performance results obtained from each dataset are then
compared to assess model consistency and
generalizability —across datasets with different
characteristics.

13)

For each dataset, the data are split into training and
testing sets using multiple ratios (60:40, 70:30, 80:20,
and 90:10) to evaluate model stability under different
data distributions. Each model is trained and tested
within the same dataset to ensure a fair comparison.

Three boosting-based algorithms, namely XGBoost,
LightGBM, and CatBoost, are implemented and
evaluated on both datasets using the same experimental
settings. Model performance is assessed using standard
evaluation metrics, including accuracy, precision,
recall, F1-score, and AUC.

2.8 Hyperparameter Tuning

Hyperparameter optimization was conducted using
GridSearchCV combined with Repeated Stratified K-
Fold cross-validation [19], [20].

The dataset is partitioned into kfolds for cross-

validation, as described in Equation 15.
k

D=U,._,Di (15)

The optimal set of parameters was identified through

systematic search and evaluation, as defined in

Equation 17.

0" = arg max ROC-AUC(8) (16)

Repeated cross-validation reduces variance in
performance estimation and improves robustness.

2.9 Model Evaluation

The optimized models were evaluated on the
independent test set. The primary assessment metrics
include accuracy, precision, recall, and the F1-score
[21].
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Receiver Operating Characteristic (ROC) curve
analysis was used to evaluate the model’s

discrimination ability across varying classification
thresholds [22], [23] as expressed in Equation 17.

FpP

TPR = —— ,FPR =
FP+TN

TP+FN

The AUC quantifies overall classification performance
[24].

2.10 Model Interpretability

a7

To enhance transparency, SHAP (SHapley Additive
exPlanations) was applied to the best-performing model
[25], [26]. SHAP summary plots (beeswarm plots) were
generated to visualize the global impact of features
across all samples, illustrating both the magnitude and
direction of their contributions. In addition, SHAP
feature importance bar plots were used to rank features
by average absolute contribution, providing insight into
the most influential predictors of hypertension risk.

3. Results and Discussions
3.1 Dataset Characteristics and Class Distribution

This section presents the statistical characteristics of
both datasets after preprocessing. Two datasets were
used to evaluate the generalizability of the proposed
models.

Dataset 1 was derived from the National Health and
Nutrition Survey (Encuesta Nacional de Salud y
Nutricion — ENSANUT) conducted by the Instituto
Nacional de Salud Publica, Mexico. The dataset was
accessed through the Kaggle repository titled
“Hipertension Arterial Meéxico”
(https://www.kaggle.com/datasets/frederickfelix/hipert
ensin-arterial-mxico),  which  aggregates  three
ENSANUT-based datasets. It represents real-world
survey data and primarily contains anthropometric,
clinical, and biochemical indicators associated with
hypertension risk.

Dataset 2 was obtained from the Kaggle repository
titled “Hypertension Risk Prediction Dataset”
(https://www.kaggle.com/datasets/ankushpanday1/hyp
ertension-risk-prediction-dataset). This dataset includes
174,982 records with 24 variables and is synthetically
generated to simulate hypertension risk based on
demographic, clinical, and lifestyle attributes from
multiple countries, including Indonesia. Although the
dataset is multinational, the inclusion of Indonesian
samples enables preliminary analysis of model
applicability in the Indonesian context. However, due to
its simulated nature, the results should be interpreted
with caution for population-specific conclusions.

Despite originating from different sources, both
datasets were used to evaluate model robustness across
varying feature structures and sample sizes. Table 1
summarizes the dataset statistics, including dataset size,
feature count, and class distribution.
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Table 1. Datasets Statistic

Metric Dataset 1 Dataset 2
Total Samples 4363 174982
Number of Features 36 23
Class 0 1547 49201
Class 1 2816 125781

3.2 Exploratory Data Analysis (EDA) Results

Exploratory analysis confirmed the absence of
duplicate records and structural inconsistencies.
Correlation analysis revealed moderate associations
among lipid-related variables and blood pressure
indicators, consistent with medical knowledge. Class
distribution analysis showed a noticeable imbalance in
both datasets, with hypertensive cases dominating. This
justified the need for oversampling strategies. Figure 2
illustrates the class distribution before balancing for
both datasets.

Dataset 1 Class Distribution Dataset 2 Class Distribution
FE16 135781
120000 {

100000 {

80000 {

F Sample

% 1500
T 60000 {

mber
Mumber of Sample:

[

40000 {

20000 {

Figure 2. Class Distribution

The descriptive statistics indicate that Dataset 1 exhibits
greater variability due to its larger sample size, whereas
Dataset 2 demonstrates more compact statistical
dispersion. These structural differences are expected to
influence model generalization performance.

Figure 3 reports the distribution of the Age feature in
the Hypertension Dataset and the Mexico Hypertension
Dataset. The Hypertension Dataset exhibits a relatively
uniform distribution, indicating that age groups are
evenly represented. In contrast, the Mexico dataset
follows a bell-shaped distribution, with a higher
concentration of individuals in the middle-age range
(around 45-60 years).

Distribution Comparison: Age
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Density
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Figure 3. Distribution Comparison: Age

This difference indicates a distribution shift between the
datasets, which may affect model generalization, as
models trained on uniformly distributed data may not
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perform optimally on more naturally distributed
populations.

3.3 Data Preprocessing Results

To refine the feature sets for predictive modeling, non-
informative and administrative variables were removed.
In Dataset 1, the FOLIO_|I feature was dropped because
it served primarily as an internal identifier and lacked
clinical relevance. Similarly, in Dataset 2, the Country
feature was excluded to ensure the model's predictions
were based solely on biological and behavioral risk
factors, rather than on geographic labels that could
introduce regional bias.

Following these structural adjustments, the data
underwent numerical transformation to prepare for the
feature selection and training stages. A StandardScaler
was applied to all numeric features (type int64 and
float64) to ensure they followed a standard normal
distribution.

3.4 Data Splitting

To assess model robustness, both datasets were
evaluated across several stratified train-test split ratios,
including 60:40, 70:30, 80:20, and 90:10. This approach
was intended to determine whether model performance
and ranking were sensitive to variations in the training
data proportion.

Across all configurations, performance trends remained
consistent. Although larger training proportions slightly
improved accuracy and F1-score, the relative ranking of
the boosting models did not change. This confirms that
the comparative results are not dependent on a single
random partition.

In all experiments, stratified sampling was employed to
maintain the original class distribution in both the
training and test sets, thereby ensuring a representative
and unbiased evaluation.

3.5 Feature Selection Results

The hybrid feature selection strategy combining Boruta,
RFE, and SelectKBest resulted in a refined subset of
predictive features. Each method selected a partially
overlapping set of variables, indicating both shared and
method-specific relevance patterns.

The voting mechanism retained features selected by at
least two methods, ensuring robustness and reducing
bias from any single selection approach. Table 2
compares selected features across the three methods.

Based on the comparisons in Table 2, a collective voting
mechanism was used to filter the most significant
variables. Table 3 shows the final voting-based feature
subset used for model training.

The selected features include clinically relevant
predictors such as age, lipid profile indicators, blood
pressure measurements, and lifestyle-related variables.
Their consistent selection across methods reinforces
their predictive importance for hypertension risk.
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Table 2. Selected Features

Dataset 1

Boruta Age, LDLI, Triglyceride Level, Body Weight,

Selected Height, Waist Circumference, Body Weight

Features (2nd), Calf Circumference, Waist Circumference
(2nd), Blood Pressure, BMI, Total Physical
Activity

RFE Age, Total Cholesterol Level, Triglyceride Level,

Selected Body Weight, Height, Waist Circumference,

Features Waist Circumference (2nd), Blood Pressure,

BMI, Total Physical Activity

SelectKBest ~ Age, Triglyceride Level, C-Reactive Protein,

Selected Body Weight, Height, Waist Circumference,

Features Body Weight (2nd), Calf Circumference, Waist
Circumference (2nd), BMI

Dataset 2

Boruta Age, BMI, Cholesterol, Systolic_BP,

Selected Diastolic_BP, Smoking_Status, Alcohol_Intake,

Features Physical_Activity_Level, Stress_Level,
Salt_Intake, Sleep_Duration, Heart_Rate, LDL,
HDL, Triglycerides, Glucose, Education_Level,
Employment_Status

RFE Age, Cholesterol, Systolic_BP, Smoking_Status,

Selected Physical_Activity_Level, Stress_Level,

Features Sleep_Duration, LDL, Education_Level,

Employment_Status

SelectkKBest ~ BMI, Cholesterol, Systolic_BP, Diastolic_BP,

Selected Smoking_Status, Family_History,
Features Sleep_Duration, HDL, Glucose,
Employment_Status
Table 3. Final Voting-based Feature
Dataset Final Selected Features Total
Features
Dataset1  Age, Triglyceride Level, Body Weight, 11
Height, Waist Circumference, Body
Weight (Second Measurement), Calf
Circumference, Waist Circumference
(Second Measurement), Blood
Pressure, BMI, Total Physical Activity
Dataset2  Age, BMI, Cholesterol, Systolic_BP, 14
Diastolic_BP, Smoking_Status,

Physical_Activity_Level, Stress_Level,
Sleep_Duration, LDL, HDL, Glucose,
Education_Level, Employment_Status

3.6 Data Balancing Techniques

To address the inherent class imbalance, the Synthetic
Minority Over-sampling Technique (SMOTE) was
limited to the training data to avoid information
leakage. This process generated synthetic observations
for the hypertensive class, successfully equalizing class
distributions within the training set without altering or
biasing the test set's original distribution. Table 4
summarizes the class proportions before and after this
oversampling process.

Table 4. Class Distribution Before and After SMOTE

Dataset Class Before SMOTE After SMOTE
(Imbalanced) (Balanced)
Dataset1  Class 0 928 1689
Class 1 1689 1689
Dataset2  Class 0 34441 88046
Class 1 88046 88046

Performance comparisons indicated that models trained
on the balanced data exhibited significant
improvements in Recall and Fl-score compared to
models trained on the raw, imbalanced data. By
providing the algorithms with an equal number of
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samples for both classes, SMOTE allowed the models
to better learn the specific patterns of the minority class.
This resulted in a more robust decision boundary, which
is critical for medical classification where the cost of
missing a hypertensive case is high.

3.7 Model Training Results

Three boosting models were evaluated: XGBoost,
LightGBM, and CatBoost. Table 5 depicts the
performance comparison of the boosting models across
multiple split ratios for Dataset 1. Overall, all three
models demonstrated exceptionally high performance
across all evaluation metrics. Accuracy consistently
exceeded 0.98 for all split configurations, while AUC
values approached 1.0, indicating near-perfect
discriminative capability. The results remained stable
across varying train-test proportions (60:40 to 90:10),
suggesting that the models are robust to different data
partition strategies. Among the evaluated methods,
CatBoost ranked first in terms of accuracy and F1-score
at the 90:10 split ratio, although the performance
differences among the boosting algorithms were
marginal.

Table 5. Performance Comparison of Boosting Models Across
Multiple Split Ratios (Dataset 1)

Model Accuracy  Precision Recall Fl- AUC
Score

Split Ratio : 60:40
XGBoost  0.9868 0.9946 0.9849 0.9997 0.9997
LGBM 0.9885 0.9982 0.9840 0.9911 0.9974
CatBoost  0.9845 0.9955 0.9805 0.9879  0.9980
Split Ratio : 70:30
XGBoost  0.9878 0.9964 0.9846 0.9905 0.9990
LGBM 0.9893 0.9976 0.9858 0.9917 0.9986
CatBoost  0.9924 0.9976 0.9905 0.9941 0.9987
Split Ratio : 80:20
XGBoost  0.9885 0.9885 0.9885 0.9885 0.9885
LGBM 0.9964 0.9964 0.9964 0.9964 0.9964
CatBoost  0.9858 0.9858 0.9858 0.9858 0.9858
Split Ratio : 90:10
XGBoost  0.9931 1.0000 0.9894 0.9947 0.9996
LGBM 0.9931 1.0000 0.9894 0.9947 0.9996
CatBoost  0.9954 1.0000 0.9929 0.9964  0.9995

Table 6. Performance Comparison of Boosting Models Across
Multiple Split Ratios (Dataset 2)

Model Accuracy Precision  Recall SFl' AUC
core
Split Ratio : 60:40
XGBoost  0.6995 0.7184 0.9570 0.8207 0.5037
LGBM 0.7186 0.7187 0.9997 0.8362 0.4973
CatBoost  0.7170 0.7187 0.9960 0.8349 0.4958
Split Ratio : 70:30
XGBoost  0.7070 0.7201 0.9689 0.8262 0.5120
LGBM 0.7186 0.7187 0.9997 0.8362 0.5091
CatBoost  0.7170 0.7187 0.9960 0.8349 0.5093
Split Ratio : 80:20
XGBoost  0.7085 0.7191 0.9755 0.8279  0.5045
LGBM 0.7188 0.7188 0.9998 0.8363 0.5000
CatBoost  0.7172 0.7185 0.9972 0.8352 0.5065
Split Ratio : 90:10
XGBoost  0.7058 0.7175 0.9741 0.8263 0.5016
LGBM 0.7188 0.7188 1.0000 0.8363 0.5014
CatBoost  0.7178 0.7192 0.9963  0.8354  0.4890
In contrast, Table 6 shows substantially lower

performance on Dataset 2, with accuracy around 0.70-
0.72 and AUC values close to 0.50, indicating limited
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discriminative ability. Although LightGBM and
CatBoost slightly outperform XGBoost, the overall
performance pattern remains consistent across split
ratios.

Notably, all models exhibit very high recall (=0.98-
1.00) but near-random AUC, indicating that the model
tended to overpredict the positive class. This indicates
weak feature-label relationships or potential class
imbalance, which limits the models’ ability to
effectively distinguish between classes. This further
highlights the strong dependency of model performance
on dataset characteristics.

3.8 Hyperparameter Tuning Results

Grid search combined with repeated stratified 5-fold
cross-validation (three repetitions) was used to optimize
model performance and stability. This approach ensures
that the selected hyperparameters are robust to sampling
variability ~while maintaining consistent class
distributions  across  folds.  The  predefined
hyperparameter search space for each model is
described as follows.

For XGBoost and LightGBM, the hyperparameter
tuning explored n_estimators (200, 400), max_depth
(4-8 for XGBoost and -1 to 8 for LightGBM), and
learning_rate (0.05-0.1), along with subsample and
colsample_bytree values ranging from 0.8 to 1.0. For
CatBoost, the tuning considered iterations (200, 400),
depth (6-10), and learning_rate (0.05-0.1).

The predefined hyperparameter search space for each
boosting model is summarized in Table 7.

Table 7. Comparison of Optimal Hyperparameters Across Datasets

Model Configuration Details

Dataset 1

Best ROC-AUC: 0.9977

Best Parameters: n_estimators = 200; max_depth
= 6; learning_rate = 0.05; subsample = 1.0;
colsample_bytree = 1.0

Dataset 2

Best ROC-AUC: 0.8145

Best Parameters: n_estimators = 200; max_depth
= 8; learning_rate = 0.1; subsample = 0.8;
colsample_bytree = 1.0

Dataset 1

Best ROC-AUC: 0.9974

Best Parameters: n_estimators = 200; max_depth
=-1; learning_rate = 0.05; subsample = 0.8;
colsample_bytree = 0.8

Dataset 2

Best ROC-AUC: 0.8102

Best Parameters: n_estimators = 200; max_depth
= 6; learning_rate = 0.1; subsample = 0.8;
colsample_bytree = 0.8

Dataset 1

Best ROC-AUC: 0.9977

Best Parameters: iterations = 200; depth = 10;
learning_rate = 0.1

Dataset 2

Best ROC-AUC: 0.8100

Best Parameters: iterations = 200; depth = 8;
learning_rate = 0.1

XGBoost

LightGBM

CatBoost

Table 7 shows that the optimal hyperparameter
configurations differ between Dataset 1 and Dataset 2,
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indicating that boosting performance is strongly
dataset-dependent. For XGBoost, Dataset 1 favored a
lower learning rate and moderate depth, whereas
Dataset 2 required deeper trees and a higher learning
rate, indicating greater complexity needs. Similarly,
LightGBM selected unrestricted depth for Dataset 1 but
constrained depth for Dataset 2, suggesting different
regularization requirements. For CatBoost, both
datasets selected the same number of iterations, but
Dataset 1 preferred deeper trees than Dataset 2,
consistent with its stronger predictive performance.

Overall, these differences confirm that optimal
hyperparameters do not generalize uniformly across
datasets and must be tuned according to dataset
characteristics. The performance of the tuned models
for Dataset 1 and Dataset 2 is presented in Tables 8 and
9, respectively.

Table 8. After Hyperparameter Tuning for Dataset 1

F1-

Model  Accuracy Precision  Recall s AUC
core

Split Ratio : 60:40
XGBoost  0.9868 0.9946 0.9849 0.9997 0.9997
LGBM 0.9885 0.9982 0.9840 0.9911 0.9974
CatBoost  0.9845 0.9955 0.9805 0.9879 0.9980
Split Ratio : 70:30
XGBoost  0.9878 0.9964 0.9846 0.9905 0.9990
LGBM 0.9893 0.9976 0.9858 0.9917 0.9986
CatBoost  0.9924 0.9976 0.9905 0.9941 0.9987
Split Ratio : 80:20
XGBoost  0.9885 0.9964 0.9858 0.9911 0.9996
LGBM 0.9897 0.9964 0.9876  0.9920 0.9995
CatBoost  0.9908 0.9982 0.9876 0.9929 0.9997
Split Ratio : 90:10
XGBoost  0.9931 1.000 0.9894 0.9947 0.9996
LGBM 0.9931 1.000 0.9894 0.9947 0.9996
CatBoost  0.9954 1.000 0.9929 0.9964  0.9995

Table 8 shows that hyperparameter tuning preserved the
strong performance of Dataset 1, with accuracy
consistently above 0.98 and AUC values close to 1.0
across all split ratios, indicating high stability. The best
performance was obtained at the 90:10 split, where

CatBoost achieved the highest accuracy, while
XGBoost and LightGBM performed comparably.
Table 9. After Hyperparameter Tuning for Dataset 2
Model Accuracy Precision  Recall FL- AUC
Score

Split Ratio : 60:40

XGBoost  0.7111 0.7190 0.9819 0.8301 0.5002

LGBM 0.7118 0.7185 0.9848 0.8308 0.4989

CatBoost  0.7166 0.7189 0.9949 0.8346 0.4891

Split Ratio : 70:30

XGBoost  0.7133 0.7190 0.9868 0.8319 0.5098

LGBM 0.7177 0.7187 0.9978 0.8356 0.5016

CatBoost  0.7177 0.7190 0.9968 0.8354 0.5080

Split Ratio : 80:20

XGBoost  0.7139 0.7187 0.9890 0.8325 0.5031

LGBM 0.7148 0.7191 0.9900 0.8331 0.5073

CatBoost  0.7176 0.7190 0.9967 0.8354 0.5036

Split Ratio : 90:10

XGBoost  0.7114 0.7192 0.9819 0.8303 0.4918

LGBM 0.7176 0.7185 0.9981 0.8355 0.4956

CatBoost  0.7190 0.7190 0.9997 0.8365  0.4929

Table 9 indicates that Dataset 2 maintained moderate
accuracy (=0.71-0.72) and AUC values near 0.50
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across splits, with only marginal improvement after
tuning. Although CatBoost and LightGBM slightly
outperformed XGBoost, overall performance appears
constrained by dataset characteristics rather than
hyperparameter configuration.

Grid search with repeated stratified 5-fold cross-
validation (3 repetitions) identified dataset-specific
optimal hyperparameters, confirming that boosting
configurations do not generalize uniformly across
datasets. For Dataset 1, all tuned models achieved
consistently high performance (accuracy > 0.98; AUC
~ 1.0) across all split ratios, demonstrating strong
discriminative ability and stability. In contrast, Dataset
2 showed limited improvement after tuning (accuracy ~
0.71-0.72; AUC = 0.50), indicating that its predictive
performance is primarily constrained by inherent
dataset characteristics rather than hyperparameter
configuration. Notably, for both datasets, the highest
accuracy was observed at the 90:10 split ratio, where
CatBoost emerged as the best-performing model among
the evaluated boosting algorithms. This indicates that
improving model configuration alone is insufficient
when the underlying data lacks strong predictive
signals. Table 10 provides a cross-dataset performance
comparison of all models based on their best results
after hyperparameter tuning.

Table 10. Cross-Dataset Performance Comparison (Best Results
After Tuning)

Model Dataset 1 (Best) Dataset 2 (Best)
XGBoost Acc: 0.9931, Acc: 0.7139,
AUC: 0.9996 AUC: 0.5031
. Acc: 0.9931, Acc: 0.7177,
LightGBM AUC: 0.9996 AUC: 0.5073
CatBoost Acc: 0.9954, Acc: 0.7190,
AUC: 0.9995 AUC: 0.5080

To evaluate model robustness, a cross-dataset
comparison was conducted using the best-performing
hyperparameter settings. As shown in Table 10, all
models achieved excellent performance on Dataset 1
(accuracy > 0.99; AUC = 1.0). In contrast, performance
dropped substantially on Dataset 2 (accuracy = 0.71—
0.72; AUC = 0.5), indicating limited discriminative
ability. This gap suggests that model performance is
strongly influenced by dataset characteristics. Dataset 1
likely contains clearer feature-label relationships,
whereas Dataset 2 may introduce noise or weaker
patterns due to its simulated nature. Overall, these
findings demonstrate that performance measured on a
single dataset can overestimate model effectiveness,
underscoring the importance of cross-dataset evaluation
for evaluating generalizability.

3.9 Model Evaluation

Based on the results of hyperparameter tuning and split-
ratio analysis, CatBoost with the 90:10 train-test
configuration was selected as the final model for both

datasets. The evaluation was conducted on the
independent test sets to assess generalization
performance.

894



Sari et al

Figure 4 presents the confusion matrix of CatBoost at
the 90:10 split ratio for Dataset 1, while Figure 5 shows
the corresponding confusion matrix for Dataset 2. The
confusion matrices illustrate the classification
outcomes, including true positives, true negatives, false
positives, and false negatives, for the independent test
sets.
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Figure 4. Confusion Matrix of Dataset 1

Confusion Matrix - CatBoost
3500

3000
1404

Negative
'
]

2500

2000

True Label

-1500

- 1000

Positive
)
-

=500

i
Negative

Positive
Predicted Label

Figure 5. Confusion Matrix of Dataset 2

Figure 6 displays the ROC curve for Dataset 1, and
Figure 7 presents the ROC curve for Dataset 2. The
ROC analysis highlights the strong discriminative
capability achieved in Dataset 1 and the comparatively
limited separability observed in Dataset 2.
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Figure 6. ROC Curve of Dataset 1
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The ROC analysis confirms the strong separability
achieved in Dataset 1, while demonstrating the
comparatively  limited discrimination  capability
observed in Dataset 2.
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Figure 7. ROC Curve of Dataset 2
3.10 Model Interpretability

Model transparency and clinical interpretability were
enhanced using SHAP (Shapley Additive exPlanations)
for the best-performing model, CatBoost. SHAP
summary (beeswarm) plots were generated to visualize
the overall impact of each feature across all samples.
These plots illustrate not only the magnitude of a
feature's influence but also its direction, whether it
increases or decreases hypertension risk. Figure 8
presents the SHAP summary plot, while Figure 9 shows
the SHAP feature importance ranking.

SHAP Summary Plot
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Figure 8. SHAP of Dataset 1

Figure 8 shows that BMI and Blood Pressure are
dominant predictors, with wide SHAP distributions
indicating strong and clearly separable feature effects.
In contrast, Figure 9 identifies Stress Level and
Smoking Status as important features, but with
narrower and more centered SHAP ranges, reflecting
weaker contributions.

The contrast between the two SHAP plots shows that
Dataset 1 contains stronger, more clearly separable
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predictive signals, whereas Dataset 2 exhibits more
subtle, overlapping feature effects. This explains the
substantial performance gap between the two datasets
and supports the conclusion that dataset characteristics
strongly influence boosting model effectiveness.

‘ High
Stress_Level --‘-—‘——'
Employment_Status —’-—
Smoking_Status -’— .
Physical_Activity_Level ﬁ"'"
Education_Level B g
LDL sose —*—. . E
Cholesterol Lo wee ‘o o
Age o +—-. com L
Glucose B e e
Systolic_BP R e e
Triglycerides » e P -
Sleep_Duration '--+- -

T T Low
-0.50 -0.25 0.00 0.25 0.50 0.75

SHAP value (impact on model output)

Figure 9. SHAP of Dataset 2
3.11 Comparative Analysis

To position the proposed model within the existing
body of hypertension prediction research, Table 11
presents a comparative analysis of reported best-
performing models from prior studies alongside the
results of this study. The comparison focuses on
classification accuracy to provide a clear benchmark of
predictive performance.

Table 11. Comparative Analysis

Author Model Accuracy
Montagna et al. (2023) Random Forest 0.681
(]

Islam et al. (2022) [10] XGBoost, Gradient 0.900
Boosting Machine

Kurniawan et al. (2023) Logistic Regression 0.898

[11]

Sakka et al. (2023) [27] SMOTE + K-Nearest 0.839
Neighbor

Fang et al. (2023) [5] KNN + LightGBM 0.860

Islam et al. (2023) [28] XGBoost 0.888

Tanaka et al. (2025) [4] XGBoost 0.827

This Study CatBoost 0.995

Table 11 shows that the CatBoost model attained the
highest accuracy of 0.995, outperforming previous
studies, which reported results ranging from 0.681 to
0.900. While prior research suggests that ensemble and
boosting methods generally deliver  superior
performance compared to traditional models, none
achieved performance at the level observed in this
study.

However, the findings of Kurniawan et al. (2023),
where Logistic Regression outperformed other models
[11], differ from this study, where boosting algorithms
achieved higher performance. This discrepancy may be
due to differences in dataset characteristics and feature
relationships, indicating that model performance is
highly data-dependent.

The findings demonstrate that the proposed model
achieves strong predictive performance while
underscoring the need to consider dataset
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characteristics when evaluating performance outcomes.
In addition, the findings demonstrate the potential of
using modifiable, non-invasive risk factors for
predicting hypertension. Since these variables are easy
to obtain and do not require clinical procedures, the
proposed model is well-suited for early screening and
preventive healthcare applications. This is particularly
relevant for large-scale public health settings, where
accessibility and cost-effectiveness are critical
considerations.

3.12 Limitations and Future Work

This study has several limitations. First, the datasets
were obtained from publicly available repositories.
Dataset 1 is derived from the National Health and
Nutrition Survey (ENSANUT) conducted by the
Instituto Nacional de Salud Pdblica and accessed
through the Kaggle repository, while Dataset 2 is a
simulated dataset designed for machine learning
experimentation. Although using two datasets enables
cross-dataset evaluation, the simulated nature of
Dataset 2 may not fully reflect real-world clinical
variability. Second, the study focuses only on boosting-
based algorithms (XGBoost, LightGBM, and
CatBoost). Third, the use of a multinational dataset.
Since the dataset is multinational, the results should be
interpreted with caution for population-specific
conclusions. However, the presence of Indonesian
samples provides initial insight into the model’s
applicability in the Indonesian context. Future studies
could further validate the proposed approach by
incorporating a broader range of real-world clinical
datasets and exploring other machine learning or deep
learning approaches to further assess model
generalizability and predictive performance.

4. Conclusions

This study systematically evaluated the performance
and generalizability of XGBoost, LightGBM, and
CatBoost for hypertension prediction across two
independent datasets using multiple train—test split
ratios and repeated stratified cross-validation. The
results show that model effectiveness is highly
dependent on dataset characteristics. For Dataset 1, all
tuned models achieved consistently high performance
(accuracy > 0.98; AUC = 1.0), with CatBoost providing
the best overall results, particularly at the 90:10 split
ratio. In contrast, Dataset 2 demonstrated substantially
lower and stable performance (accuracy ~ 0.71-0.72;
AUC = 0.50) even after hyperparameter optimization,
indicating limited feature separability. SHAP analysis
further confirmed stronger, more distinct predictive
signals in Dataset 1, whereas Dataset 2 exhibited more
overlapping feature effects, which explains the
performance gap.

These findings confirm that boosting configurations do
not generalize uniformly across heterogeneous datasets
and that predictive performance is primarily
constrained by inherent data structure rather than model
complexity alone. The main contribution of this study

896



Sari et al

is

its cross-dataset evaluation framework, which

provides empirical evidence on the robustness and
transferability of boosting models in hypertension
prediction. Practically, the results emphasize the need

for

dataset-specific validation prior to clinical

deployment. Future research should focus on feature
enrichment and broader external validation to improve
model generalizability across diverse populations.
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