African Journal of Academic Publishing in
Science and Technology (AJAPST)

Volume 2, Issue 4, 2026
Page No: 01-06
Website: https://easrjournals.com/index.php/AJAPST/index

Early Prediction and Diagnosis of Hypertension Using Machine
Learning Techniques

Ahmed Abdulstar Ibrahim®”, ALhakam Sameer Qasim Qassab?
! Northern Technical University ,University Presidency , Quality Assurance and University Performance
Department, Nineveh, Iraq
ZIraqi Ministry of Environment, Nineveh Environment Directorate.

ATV alad Ll 2l 280U adl) Jiuda £ Y Seal) (il g guddl)

ZL_lLaaﬂfuau s ?S;.“ 1 P._}A\‘)g\ Dbl daal
Bl (5 5in sga.‘x\_*-.“ e 1Y) 583 sall lasa ?ué Aralall Aul ) dddladl) ail) daalall !
(65 A A pde Al el 5l 552

“Corresponding author: ahmed.alyounis@ntu.edu.ig

Received: July 29, 2026 | Accepted: September 18, 2026 |  Published: October 21, 2026

Abstract:

High blood pressure (HBP) is a major health problem worldwide, causing heart and blood vessel disease and may
not have any symptoms in the early stages. In this study, machine learning models are compared namely XGB
Classifier, LGBM Classifier, and Random Forest Classifier to predict hypertension using a dataset from Kaggle
with 80% for training and 20% for testing. The accuracy, precision, recall, F1-score, and computational efficiency
(training and prediction times) were used to evaluate the performance. All three models were able to reach 100%
accuracy on the test set, where precision, recall and F1-score were 1.00 for both classes of Hypertension and
Normal. The training time for XGB Classifier, LGBM Classifier and Random Forest Classifier were 0.0258s,
0.0214s and 0.1795s respectively and the prediction time were 0.0025s, 0.0019s, and 0.0077s respectively. The
results point out that the evaluation of the model should not only rely on the accuracy but also on the
computational efficiency and data features of the model. Establishing a foundation for early-prediction clinical
support systems is important, and external validation and dataset diversification are still crucial in preparation for
clinical deployment.

Keywords: Hypertension, Machine Learning, XGBoost, LightGBM, Random Forest, Classification, Accuracy,
Training Time, Prediction Time

oadlall
oaloel (s e 4l aa duile 5l Al Cilie Liaally Abal) Hlad e s us st Taadle Taca Lo ool Jasa g a5 ) 20
(RandomForestClassifier LGBMClassifier <XGBClassifier) 4 alai z3lai 4 jall o328 At 3 Suall ala) e &
eI 8 LEa 9420 5 <yl %80 Asusis Lgaswsi i cKaggle duaie (e iy de sane aladinly adll Jaiia g las )y pull
ic gana Ao .(_‘5,\.'\33\_5 il G—\AJ) Aliall 3. ) AdLaYU (F1 Gela g celedinY g chuall g dsall ulaa e\JSL.uL:\
Tk gl 8 e 11,00 A FLs eledin) g ascall anliae ila 5 094100 il 480 M 7 Jail) cdia ¢ Liay)
«XGBClassifier 4 46 0.0258 il glal caly 3 ¢l gale JS5 Sl i 5l il lld pay Lagdall sl y 2l
0.001950.0025 <l 55 e sl <RandomForestClassifier 4 456 0.1795 5 <LGBMClassifier 4 455 0.0214
Jadiy O g s eand 48 e ey W Cangy 3lail) il of e 6 gual) il o2a el i) e 436 0.0077 5
bl & 5y ol GEai i ¢Sl 5l (g e aes Ak unsi dul Al of a8y il el g bl 5L

ol Saie V) B (5 e el (O

1| African Journal of Academic Publishing in Science and Technology (AJAPST)


https://easrjournals.com/index.php/AJAPST/index
mailto:ahmed.alyounis@ntu.edu.iq

a3l ey A8l «caatll <Random Forest «LightGBM «XGB0ost ¢il¥) alai ¢aall azia o165 ) ;dzalidal) cilalst)
3l (e

1. Introduction

Hypertension is one of the greatest public health problems in the world and making early prediction of vulnerable
patients is a key area of medical Al application [1]. The main clinical constraint is the lack of diagnosis of patients
in early disease stages who are asymptomatic, thereby further highlighting the need to build powerful analytical
frameworks that can use routine clinical parameters to improve the accuracy and efficiency of early diagnosis [2,
3]. The first approach to tackle this challenge is to explore the use of machine learning algorithms for binary
classification of patients' health status between Hypertension and Normal classes [4]. In order to compare the
effectiveness of the models, the three models namely XGBClassifier [5], LGBMClassifier [6] and
RandomForestClassifier [7] were used. The experimental setup, in addition to following the standard accuracy
metrics [8], also quantifies training and inference latencies, offering a comprehensive analysis of performance
from the point of computational efficiency [9]. The main strength of this study lies in the direct comparison of
these algorithms within the present clinical data set, and in the systematic reporting of their performance using a
common classification and temporal measure [10]. Moreover, the results highlight important operating trade-offs
between the examined models in terms of speed of computation and scalability [11] as well as placing the results
in the context of the used dataset and the protocol for experimental partitioning [12].

2. Prior Works

Many recent studies have explored the possibility of using machine learning (ML) and artificial intelligence (Al)
techniques with hypertension prediction and diagnosis from many aspects. Angelaki et al. (2025) examined the
diagnostic accuracy of a single-lead electrocardiogram (ECG) with ML algorithms for detecting arterial
hypertension [13]. In a parallel context, Dunn et al. (2025) gave a comprehensive review and primer of the basics
of the terminology and concepts of AlI/ML in hypertension management [14]. In addition, Engdaet et al. (2025)
conducted a systematic review to summarize the classical ML methods used for early hypertension risk prediction
[15].

On the critical care side, Zhang et al. (2025) discussed the comparison of different mortality prediction models,
fairness of algorithms and interpretability of the predictive models for the health of the critically ill patients with
hypertension [16]. Likewise, Silva et al. in their systematic review mapping the application landscape of ML
models in the prediction of onset of hypertension [17] and Islam et al. in their cross-sectional study design
evaluation of multi-algorithm hypertension risk prediction [18] did the same. Further, Shrivastava et al. (2023)
proposed a machine learning model to predict continuous measurements of SBP and DBP from clinical features
[19]. In addition to the algorithmic dimension, chronic hypertension is a public health problem that ranks among
the non-curable diseases where continuous clinical monitoring is required for their diagnosis and long-term
treatment management [20].

The current work builds on these previous works, and compares in an empirical and strict manner the three most
popular classification algorithms in a standardized clinical dataset. This paper goes beyond previous efforts which
were based primarily on prediction accuracy, explicitly linking classification effectiveness to the direct
quantitative measurement of training and inference times. As a result the work provides a dual performance
evaluation, one diagnostic and one computational, with a balance between the two.

3. Methodology

3.1 Dataset Preparation and Classification Models.

A clinical dataset was used for this study and obtained from Kaggle, which has been carefully examined and
validated, ensuring that the parameters and variables are suitable for diagnosing hypertension. For measuring
generalization performance on unseen cases the data set was divided into 80% training set and 20% independent
test set. Three algorithms based on tree were implemented and compared for binary classification (Hypertension
vs. Normal): XGB Classifier, which uses sequential gradient boosting to minimise the error over iterations; LGBM
Classifier, which is a highly efficient algorithm of gradient boosting tree; and Random Forest Classifier, which is
an ensemble of multiple independent decision trees using the bagging method. All three models were implemented
and optimized under identical experimental constraints to allow a fair evaluation of the performance of the
different models.
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3.2 Proposed Method

In this study, a structured pipeline execution sequence was used for the experiments to ensure integrity of data
and careful benchmarking of the models. The clinical data was first obtained from the Kaggle website and then
validated for its feature, to verify that the features are associated with the clinical parameters of hypertension. The
validated data set was then split into 80% training data for training the model and 20% independent test data to
assess model generalization on unseen patient records. Later, three tree-based classification models - XGBoost
(XGB), LightGBM (LGBM), and Random Forest (RF) - were trained under controlled experimental conditions.
The evaluation framework integrated a dual-faceted approach that evaluated model efficacy using conventional
classification metrics (accuracy, precision, recall, and F1 score) and computational efficiency by calculating and
measuring training and prediction latencies with high accuracy. Last but not least, a comparative study was
conducted to figure out the best algorithm that provides a balance between accuracy and running time to be used
in clinical settings, Figure 1 shows the flow chart of hypertension prediction and computational assessment.
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Figure.1: the proposer method

4. Results and discussion

4.1 Classification Results

The independent test set evaluation results showed that all three machine learning algorithms (XGB Classifier,
LGBM Classifier and Random Forest Classifier) have a classification accuracy of 1.00 (100%). Additionally, the
accuracy of 1.00 (100%) was achieved for both the target classes (Hypertension and Normal) in terms of precision,
recall and F1-score. The test set evaluated consisted of 80 clinical instances (18 instances of Hypertension and 62
instances of Normal). To ensure the reliability of the model in correctly identifying negative cases, the evaluation
framework took into account selectivity (specificity). The results of the models showed that all models achieved
a selectivity of 1.00 (100%) which indicates that there were no false positive cases where Normal cases were
misclassified as Hypertension. To be consistent with the analytical process, the results for the positive class (P)
were taken as hypertension and the results for the negative class (N) were taken as normal; Table 1 illustrate the
accuracy of the performance evaluation of the models on the test set.

Table .1: Performance evaluation metrics for the test set

Model Accuracy | Precision | Recall | Fl-score Test Samples Selectivity
XGBClassifier 1.00 1.00 1.00 1.00 80 100%
LGBMClassifier 1.00 1.00 1.00 1.00 80 100%
RandomForestClassifier 1.00 1.00 1.00 1.00 80 100%

3| African Journal of Academic Publishing in Science and Technology (AJAPST)



4.2 Temporal Performance and Computational Efficiency

The three models tested performed similarly in terms of classification accuracy measures, but quantitative
measurements of computational latency showed clear differences in their performance during model training and
inference. The XGB Classifier took 0.025813 seconds to train and 0.002540 seconds to make a prediction (see
Table 2). On the other hand, the LGBM Classifier was able to achieve the highest operational efficiency with the
fastest training time of 0.021440 seconds and lowest prediction latency of 0.001950 seconds. The Random Forest
Classifier, on the other hand, had the longest training time of 0.179534 seconds and the inference time of 0.007654
seconds.

These temporal metrics demonstrate that traditional classification accuracy alone is not enough to assess model
feasibility, especially in time-critical clinical settings and real-time early diagnostic systems where response time
is a crucial factor.

Moreover, from figure 2 the confusion matrix shows the exact distribution of correct and incorrect classifications
in the target clinical groups (hypertension, pre-hypertension, and normal) and its concentration along the main
diagonal of the matrix. The matrix shows classification distributions, while the time series response curves
represent those of the training and prediction phases. In the meantime, line and bar charts are displayed in Figure
3 showing the development of training and inference times of various models, thereby confirming the superiority
of the computational power and high time efficiency (i.e., less consumption of time) of the LGBM Classifier
model.

Table .2: Training and Prediction Times

Model Training Time (s) Prediction Time (s)
XGBClassifier 0.025813 0.002540
LGBMClassifier 0.021440 0.001950
RandomForestClassifier 0.179534 0.007654
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Figure .2: Confusion matrix, along with response curves.
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Figure .3: A chart comparing training times and prediction times.
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5. Conclusion

In this study, three machine learning models XGB Classifier, LGBM Classifier and Random Forest Classifier are
compared comprehensively based on a clinical patient dataset from Kaggle platform to predict hypertension. From
the results of the evaluation, it was found that all three models had the best classification results with accuracy
and precision recall and F1-scores of 1.00 on an independent test set of 80 clinical cases. The empirical results
showed significant differences in the investigated architectures in terms of temporal performance and
computational efficiency. LGBM Classifier has the shortest training time of 0.021440 seconds and prediction time
of 0.001950 seconds, which makes it the most efficient among the classifiers. The XGB Classifier had a training
time of 0.025813 seconds and an inference latency of 0.002540 seconds. In contrast, the Random Forest Classifier
had the lowest computational efficiency, taking 0.179534 seconds to train and 0.007654 seconds to make
predictions. Finally, these results illustrate the need for a comprehensive framework to assess the effectiveness of
machine learning models for clinical applications and for considering the computational time needed for these
applications, while also being aware of the constraints of the size and nature of the data on which these models
are trained.
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