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Abstract

Hypertension is a major global health challenge and one of the leading causes of cardiovascular diseases, stroke, kidney
failure, and premature death. Early identification and prediction of hypertension risk severity are essential for improving
patient outcomes and supporting effective clinical decision-making. However, conventional diagnostic approaches often
struggle to capture the complex relationships between clinical and lifestyle-related risk factors associated with
hypertension. To address this challenge, this study proposes an explainable machine learning framework for identifying
and predicting hypertension risk severity using patients’ clinical and lifestyle data collected from the University of Uyo
Teaching Hospital. The proposed framework incorporates data preprocessing techniques such as missing value handling,
data normalization, and feature ranking using Principal Component Analysis to improve data quality and model
performance. Several machine learning algorithms, including eXtreme Gradient Boosting (XGBoost), Random Forest,
Artificial Neural Network, Support Vector Machine, and Decision Tree, were implemented and evaluated using stratified
10-fold cross-validation to reduce overfitting and ensure reliable model evaluation. Performance assessment was carried
out using accuracy, precision, recall, F1-score, and area under the curve. The experimental results revealed that XGBoost
and Random Forest achieved the highest accuracy of 98%, followed by Support Vector Machine with 95%, Artificial
Neural Network with 94%, and Decision Tree with 89%. To enhance transparency and interpretability, Explainable
Artificial Intelligence was integrated into the framework using Local Interpretable Model-Agnostic Explanations to
identify the most influential features contributing to predictions. XGBoost emerged as the best-performing model due to
its ability to effectively learn complex patterns within the dataset. The findings demonstrate that explainable machine
learning models can significantly improve hypertension risk prediction while also promoting interpretability, trust, and
informed decision-making for healthcare professionals and patients.

Categories: Explainable Al, Health Informatics, Machine Learning (ML)
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Introduction

High blood pressure is a major contributor to cardiovascular diseases and early mortality around the world. Even after
extensive research and clinical trials, the precise mechanisms behind hypertension are still not fully understood [1]. While
there are numerous medications available, people with hypertension often find it challenging to keep their blood
pressure levels in check [2]. According to the World Health Organization (WHO), it is defined as a systolic blood pressure
>140 mmHg and/or a diastolic blood pressure 290 mmHg, based on the average of two or more readings taken at each
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of two or more visits after initial screening [3]. High blood pressure is a major health problem worldwide and is linked to
many cases of heart disease, stroke, and early death. In 2015, an estimated 10.5 million deaths were linked to a systolic
blood pressure of 110-115 mmHg or higher, and 7.8 million deaths were linked to a systolic blood pressure of 140 mmHg
or more [4]. Hypertension poses a serious global health challenge by increasing the risk of cardiovascular diseases such as
heart failure, coronary artery disease, and stroke, which are among the leading causes of premature death globally [5].
The widespread presence of this disease, combined with the critical impact it has on our health, makes hypertension a
critical focus for public health solutions, interventions, and strategies [6]. The burden of hypertension not only affects the
individuals suffering from the disease, but it also has economic impacts regarding healthcare costs, lowered productivity,
and premature death [7].

Furthermore, Artificial Intelligence (Al) and Machine Learning (ML) are rapidly changing healthcare technology and
strategies [8]. These technologies have offered promising solutions for tackling hypertension. Al models can analyze large
patient datasets to identify individuals at high risk of developing hypertension and make recommendations on how they
can prevent it [9]. These models have been used for several forms of predictive and preventive analyses; for example,
logistic regression can determine whether someone suffers from hypertension or not. Other models have been created to
identify pre-hypertensive patients. Golino et al. [10] were able to classify prehypertensive patients using data features
that included Body Mass Index (BMI), Waist and Hip Circumference, as well as Waist-to-Hip Ratio. Another instance of the
application of ML in hypertension is presented in [11], where diabetes and hypertension data were utilized to create an
ensemble ML model to prevent and predict risk factors for both diabetes and hypertension. These ML models
demonstrated high accuracy and efficiency by predicting and recognizing risk factors using complex data, with results
greater than 90% [12,13]. Accurate risk assessment and evaluation of the severity of prehypertension and hypertension
are important in making accurate and timely clinical decisions for patients [14]. Traditionally, these hypertension risk
assessments were heavily based on manual processes, such as measuring blood pressure using medical devices and
analyzing basic risk factors such as heredity, age, and weight. While these methods are helpful, they do not usually
understand or incorporate the complexities of the human system [15]. In addition, manual assessments can be tedious,
time-consuming, and subject to human error. Therefore, incorporating Al into hypertension prediction and risk
assessment has its benefits. Al can provide deeper insights into the prognosis of hypertension in addition to the
traditional methods of risk assessment [16].

Nevertheless, Explainable Al (XAl) builds on ML advancements by giving further interpretation to how ML model makes
its predictions [17]. In healthcare, XAl is important because it will provide trust and promote a faster rate of adoption of Al
technology [18], particularly for severe health cases like hypertension [19]. XAl tools like Shapley Additive explanations
(SHAP) or Local Interpretable Model-Agnostic Explanations (LIME) can indicate the various contributions like age, weight,
etc.,, to a model’s prediction [20]. The interpretability on ML models not only supports personal care, it also complies with
clinical guidelines and ethics. Several studies have implemented explainability into the field of hypertension. For
example, Elshawi et al. [21] utilized various model-agnostic XAl tools to visualize how models predicted an individual's
risk of developing hypertension using cardiorespiratory fitness data. El-Dahshan et al. [22] utilized XAl in their ExHyptNet
model to explain how the model makes its predictions using PPG signals. XAl and ML have the capability to be viable
solutions for tackling hypertension in a transparent, ethical, and advanced manner. This study aims to develop a robust
and comprehensive framework for predicting hypertension risk severity using ML and XAl, with a focus on improving the
accuracy and interoperability of ML models.

Materials And Methods

The method employed in this study is presented in procedural stages that are depicted in Figure 7. The study
methodology is sequentially explained in this section. The process starts with data collection and data preprocessing
(which includes data cleaning, data normalization, and feature ranking), followed by modelling (which includes training
and testing), performance evaluation, and finally model explainability using LIME. Figure 7 shows the framework for the
classification of Hypertension Risk Severity.
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FIGURE 1: Framework for XAl-Based Model for Classification and Prediction of Hypertension Risk Severity

ANN, Artificial Neural Network; DT, Decision Tree; LIME, Local Interpretable Model-Agnostic Explanations; RF, Random Forest; SVM,
Support Vector Machine; XAl, Explainable Artificial Intelligence; XGBoost, eXtreme Gradient Boosting

Data collection

The data were collected from the cardiology department of the University of Uyo Teaching Hospital and can be accessed
in [23]. The patients constituted a cross-section of those who were diagnosed with hypertension and had been receiving
treatment at the University of Uyo Teaching Hospital for a minimum of one year. Also, a chief medical expert in the
cardiology unit, Dr. Umoh, was present during the data-gathering process to assist with issues and guide the process of
data collection. The data provide an all-inclusive view of hypertension risk severity by identifying key features and factors
necessary for in-depth analysis and decision-making. The description of the data is presented in Table 7.
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Features

Age

Systolic Pressure (SP)

Diastolic Pressure (DP)

Family History (FH)

Sodium

Cholesterol

Fasting Blood Sugar (FBS)

Diabetic

Alcohol

Body Mass Index (BMI)

Risk Severity (RS)

TABLE 1: Datasets Description

Datatype

Integer

Integer

Integer

Boolean

Boolean

Number

Number

Boolean

Boolean

Number

Factor

Description

Age represents the patient's age in years,
which influences hypertension risk.

Systolic pressure measures the pressure in
arteries during heartbeats, indicating

hypertension severity.

Diastolic pressure measures arterial
pressure between heartbeats, essential for

diagnosing hypertension.

Familia indicates genetic predisposition to
hypertension based on family medical

history.

Sodium tracks dietary sodium intake, a key

factor affecting blood pressure levels.

Cholesterol measures blood cholesterol
levels, influencing cardiovascular and

hypertension risks.

Fasting Blood Sugar monitors glucose
levels after fasting, often linked with
hypertension.

Diabetic identifies if the patient has
diabetes or not, a comorbidity increasing

hypertension risk.

Alcohol assesses alcohol consumption,
which can contribute to blood pressure

variations.

Body Mass Index evaluates weight-to-
height ratio, a significant factor in

hypertension risk.

Risk Severity determines the hypertension
severity level (high or low) for individual

patients.
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Exploratory data analysis

In exploratory data analysis, it encompasses the discovery of patterns, anomalies, and the testing of hypotheses through
the visual and statistical representation of data points from the dataset that will be used for ML techniques. It is
important to understand the data before applying machine learning algorithms to it. This can be achieved through
careful observation, where useful information regarding the correlation between variables and any inconsistencies in the
data can be obtained. Figure 2is therefore an illustration of the structure of the dataset.

Age (int)
SP (int)
DP (int)
FH (int)
Sodium (int)
root (Classes 'data.table' and 'data.frame': 500 obs. of 11 variables:) Cholesterol (num)
FBS (num)
DM (int)
Alcohol (int)
BMI (num)

RS (inf)

FIGURE 2: Data Structure

BMI, Body Mass Index; DP, Diastolic Pressure; DM, Diabetes Mellitus; FBS, Fasting Blood Sugar; FH, Family History; RS, Risk Severity;
SP, Systolic Pressure

Furthermore, a correlation analysis to measure the relationship between the input variables was conducted. The
correlation matrix indicates that most input variables are weakly to moderately associated, suggesting limited
multicollinearity among predictors. The strongest positive relationship is observed between systolic pressure (SP) and
diastolic pressure (DP) (r = 0.75), while age shows moderate positive correlations with several clinical variables, including
cholesterol, fasting blood sugar (FBS), and diabetes status. In contrast, alcohol consumption demonstrates negative
correlations with most variables, and BMI shows only weak associations across the matrix. Overall, these results suggest
that the predictors capture related information but not highly redundant information, which supports their use in the
subsequent analysis. Figure 3 depicts the correlation matrix for the input features in the dataset.
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FIGURE 3: Correlation Matrix for Input Variables

BMI, Body Mass Index; DP, Diastolic Pressure; DM, Diabetes Mellitus; FBS, Fasting Blood Sugar; FH, Family History; RS, Risk Severity;
SP, Systolic Pressure

Data preprocessing

Data preprocessing in this study involves data cleaning, including handling missing values, data normalization using the
min-max method, and data splitting. The original data cannot be directly supplied to the ML algorithms because Non-
Available (NA) values were present in some of the features in the dataset. For example, the Age and DP features
contained NA values. To handle this, the mean of each column was taken and used to replace the NA values in the
respective columns. Data normalization was necessary due to the large variation in the distribution of values across the
features. The importance of this strategy is that it preserves all data associations, meaning that it does not lead to
predisposition. Although the min-max method was applied, the scaling process remains within the value interval for
prediction, but the conforming dispersal of the related variables remains exclusive to the existing value range [24].
Furthermore, this study ranks individual features in the dataset based on the Principal Component Analysis (PCA)
method. To rank the features, the dataset, which involves multiple dimensions, was considered. Also, by computing the
mean and the dimensions of the dataset, the covariance matrix was computed in Equation (1).

CO@1) = 2 Y@ -2)w-1) 1)
i=1

The computation of eigenvectors and their corresponding eigenvalues was carried out, which necessitated the sorting of
the eigenvectors in ascending order. To transform the dataset into a new subspace, an eigenvector matrix was used,
where each feature could be ranked as a principal component. Figure 4 shows the various principal components in the
dataset and ranks the components based on their importance.
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Feature Importance via PCA

Fealure

importance

FIGURE 4: Feature Importance

BMI, Body Mass Index; DP, Diastolic Pressure; DM, Diabetes Mellitus; FBS, Fasting Blood Sugar; FH, Family History; RS, Risk Severity;

SP, Systolic Pressure

Data splitting

At this phase, the original dataset was divided into two units: a test set (30%) and a training set (70%).

Modelling

We proposed a comparison of five ML models for the hypertension severity dataset. These ML models include eXtreme
Gradient Boosting (XGBoost), Random Forest, Artificial Neural Network (ANN), Support Vector Machine (SVM), and
Decision Tree, respectively. Consequently, the dataset was subjected to Stratified K-Fold cross-validation (CV) with k =10

for the training of each model.

Performance evaluations

Here, the efficiency of the models will be assessed for hypertension risk severity. After the learning process of the model
is completed, the ML model is evaluated based on its ability to correctly identify recall, F1-score, Cohen’s kappa statistic,
precision, and area under the curve (AUC). The mathematical formulations applied in this study for the performance
metrics are presented in Equations 2-5, as shown in [25]. Where TP represents True Positive, TN represents True Negative,

FN represents False Negative, and FP represents False Positive, respectively, as presented in Equations (2-5).

A B TP + TN
Y = TP Y TN FP+ FN
Precision = L
recision — TP+ FP
TP
N=—""
Recall = 75—7n

(2)
(3)
(4)
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9T P
Fl-Score = o b Y FPT FN (5)

XAl

XAl models have become critical in disease prediction, specifically in hypertension management. This results in the need
for justifying why ML model decisions must be transparent for numerous reasons. Lack of transparency makes the
process through which Al models reach a certain output difficult to understand, hence the problem of making strategic
actions based on their results [26]. Frequently used methods for model explainability include LIME and SHAP. LIME is one
of the most widely used methods in the interpretation of the predictions of any classifier [27], while SHAP is based on
cooperative game theory and gives equal weight to all features by assigning a single value. It calculates the contribution
of a feature for a specific prediction by considering all feature possibilities [28]. This study will employ LIME for the
interpretation of all ML classifiers utilized in this study based on the selected features relevant to the overall model
classification.

System requirements

The successful implementation operation of the ML model for hypertension risk prediction requires specific system
resources to ensure efficient computation, scalability, and robustness. These requirements are categorized into hardware
and software components.

Hardware Requirements

The hardware infrastructure provides the necessary computational support for implementing the ML model, performing
training, testing, and evaluation processes. The minimum hardware specifications include:

a. Intel Core i5 or higher, 2.5 GHz processor

b. 8 GB RAM

¢. 500 GB Hard Disk Drive

d.LCD

Software Requirements

The software environment is essential for designing, simulating, and validating the ML models. The following software
components are required:

a. 64-bit Windows 10 or higher operating system

b. Rstudio Editor

¢. R (with libraries such as caret, tidyverse, explainers for preprocessing and training of the models to XAl for the
hypertension risk data)

Results And Discussion

Experimental setup

As a result of carrying out cross-validation training, a stratified 10-fold cross-validation was utilized in this study to train
the dataset. This technique is one strategy that is employed to evaluate ML models while ensuring that each fold of the
dataset preserves the percentage of samples for each class. After the evaluation of the ML models, the two best-
performing models were subjected to XAl in order to enhance transparency regarding the features that contributed to
the success of the models’ prediction process.
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Results

Figure 5 shows the cross-validation plots for the five models used in this study. XGBoost (#boosting iteration) presents a
line graph showing performance metrics across various boosting iterations. The performance of the XGBoost model
depends on the tuning of max_tree_depth, colsample_bytree, subsample, and eta. It is observed that higher accuracy is
achieved with larger tree depths; for example, depth = 3 performs better than depth = 1. Also, higher values of
subsample (1.0) generally perform better than 0.5 or 0.75. Optimal results occur with a balanced colsample_bytree value,
where values like 0.8 perform consistently well. In Random Forest (# randomly selected predictors), cross-validation
shows a plot of accuracy against the number of randomly selected predictors. The highest accuracy is observed when the
number of predictors is moderate (e.g., 6). It is observed that either too few or too many predictors (e.g., 2 or 10) result in
lower performance, highlighting the importance of fine-tuning the number of predictors for optimal model accuracy. In
the ANN (#hidden units), cross-validation illustrates accuracy in relation to hidden units and weight decay. It is
observed that a weight decay of three hidden layers of 3 had increased in accuracy at specific configurations of the
neurons. For the SVM (cost), model accuracy after cross-validation varies based on its tuning parameter which is the cost
function. It is observed that an increase in the cost parameter results in an increase in accuracy, implying that the SVM
model’s performance improves with higher cost values. The Decision Tree (complexity parameter) model is evaluated in
relation to the complexity parameter during cross-validation. It is observed that as the complexity parameter increases,
accuracy decreases, therefore lower values of the complexity parameter provide better model prediction capability.
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FIGURE 5: Cross Validation Plots for the XGBoost, RF, ANN, SVM and DT

ANN, Artificial Neural Network; DT, Decision Tree; RF, Random Forest; SVM, Support Vector Machine; XGBoost, eXtreme Gradient
Boosting

Furthermore, the confusion matrices for the five ML models evaluated in this study are presented in Figure 6. Figure 6
shows the actual and predicted labels for each of the ML model using the 30% test set for which the actual values were
known.
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FIGURE 6: Confusion Matrix Plots for the XGBoost, Random Forest, Artificial Neural Network, Support Vector Machine, and
Decision Tree

Again, the ROC curve alongside its AUC was computed for each ML model in this study; the results of the ROC-AUC are
shown in Figure 7. The ROC curve was employed in order to determine the degree to which the models were able to
differentiate between high- and low-risk severity of hypertension. If the ROC value is closer to 1, it indicates that the
model's measure of separability is good. On the other hand, if the value is close to 0, it indicates that the model has the

worst possible measure of separability.
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FIGURE 7: ROC Curve with AUC Plots for the XGBoost, Random Forest, ANN, SVM and Decision Tree

ANN, Artificial Neural Network; AUC, Area Under the Curve; ROC, Receiver Operating Characteristic; SVM, Support Vector Machine;
XGBoost, eXtreme Gradient Boosting

The results of the ML classifiers presented in Table 2 indicate that both XGBoost and Random Forest outperform the other
models in terms of all evaluated metrics. They achieve the highest Accuracy (0.98), Recall (0.98), Precision (0.99), and F1-
score (0.99). Moreover, their AUC (1.00) suggests perfect discrimination ability, and their kappa (0.96) reflects excellent
agreement between predicted and actual values. The ANN and SVM models perform slightly lower but still maintain
competitive metrics. ANN achieves an Accuracy of 0.94, with Recall (0.96), Precision (0.95), F1-score (0.96), and a strong
AUC (0.96). Similarly, SVM performs marginally better than ANN in terms of Precision (0.96) and AUC (0.99), but its kappa
(0.88) is slightly higher than ANN'’s 0.86, indicating better reliability. The Decision Tree model demonstrates the weakest
performance, with an Accuracy of 0.89 and the lowest scores across all metrics. Its AUC (0.90), F1-score (0.92), and kappa
(0.75) reflect moderate performance, which may be attributed to its relatively simple structure compared to ensemble

and advanced models.
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ML Models Accuracy Recall Precision F1-score AUC Kappa
XGBoost 0.98 0.98 0.99 0.99 1.00 0.96
RF 0.98 0.98 0.99 0.98 1.00 0.96
ANN 0.94 0.96 0.95 0.96 0.96 0.86
SVM 0.95 0.96 0.96 0.96 0.99 0.88
DT 0.89 0.94 0.90 0.92 0.90 0.75

TABLE 2: Test Set Results on ML Models

ANN, Artificial Neural Network; AUC, Area Under the Curve; DT, Decision Tree; ML, Machine Learning; RF, Random Forest; SVM,
Support Vector Machine; XGBoost, eXtreme Gradient Boosting

Furthermore, in this study, out of the five models selected for severity risk prediction, XGBoost and Random Forest
algorithms performed the best in terms of all performance metrics. The provided visualizations in Figure 8 depict the
results of the LIME analysis for both Random Forest and XGBoost models. Each figure demonstrates feature importance
and explanation summaries for the respective models, providing insights into their predictive behavior and how

individual features contribute to specific predictions.
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FIGURE 8: Lime Feature Importance and Explanations for XGBoost and Random Forest

LIME, Local Interpretable Model-Agnostic Explanations; XGBoost, eXtreme Gradient Boosting

To further evaluate the accuracy of the models and the XAl integration in the models performance, benchmarking this
study with recently existed research in domain of hypertension prediction or cardiovascular disease prediction was

carried out, which is presented in Table 3.
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Referenc

e

31]

[34]

[35]

[36]

[37]

Year

2025

2024

2024

2024

2024

2025

2025

2025

2025

Integration of XAl

SHAP LIME

v

Nil Nil

Nil Nil

Nil Nil

Model

GB, CatB,
LGBM, RF,
SVM,
ANN,
XGBoost

SVM, DT,
GLM

LR, SVM,
RF, ANN,
CRNet

RF,
XGBoost,
LGBM,
CatB,
EnAutoM
L

LGBM, LR,
RF, SVM,
NB, KNN

XGBoost,
RF, SVM,
DT

XGBoost,
RF, LR, NB,
KNN

SVM, RF,
KNN, DT,
LR, NB,
VotEn,
StackEn

GLMnet,
OFS,
CART,
OCT, RF,

Accuracy of Models Used

XGBoost SVM

0.756

0.90

94.6

0.98

0.748

0.90 0.87

0.897

0.876

0.734 0.568

ANN RF

0.768 0.80

0.971 0.963

0.97

0.755

0.89

0.88

0.894

0.833

DT

0.83

0.82

0.845
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XGBoost,
NB, SVM

[38] 2025 Nil Nil LR, 0.633 0.62 0.578 0.60
XGBoost,
RF, DT,
CatB, ANN

Proposed 2026 v XGBoost, 0.98 0.95 0.94 0.98 0.89
Model RF, ANN,
SVM, DT

TABLE 3: Benchmarking Machine Learning Models for Hypertension Risk Assessment with XAl Integration

ANN, Artificial Neural Network; CatB, Categorical Boosting; CART, Classification and Regression Trees; CRNet, CardioRiskNet; DT,
Decision Tree; GB, Gradient Boosting; GLM, Generalized Linear Model; KNN, K-Nearest Neighbors; LGBM, Light Gradient Boosting
Machine; LIME, Local Interpretable Model-agnostic Explanations; LR, Logistic Regression; OCT, Optimal Classification Trees; OFS,
Online Feature Selection; NB, Naive Bayes; RF, Random Forest; SHAP, SHapley Additive exPlanations; SVM, Support Vector Machine;
XGBoost, eXtreme Gradient Boosting; XAl, Explainable Artificial Intelligence

Discussions

XGBoost and RF are the most effective classifiers, demonstrating exceptional performance across all metrics, followed by
ANN and SVM, which exhibit slightly lower but still strong performance. The Decision Tree, while functional, lags
significantly behind, suggesting limited applicability in high-stakes predictive tasks compared to the other
models. For XAl, the Random Forest model illustrates the relative contribution of features to the prediction outcomes. The
RF LIME feature importance plot in Figure 6 highlights that features such as SP, FBS, and BMI played significant roles in
shaping the model's decisions. Positive contributions (in blue) and negative contributions (in red) are shown for each
prediction case, suggesting which features supported or contradicted a given classification. The explanation fit values
also indicate how well the local explanations align with the overall prediction probability, reinforcing the model's reliance
on these features. The RF LIME explanation summary (in Figure 6) aggregates feature importance across cases, showing
that age, alcohol consumption, BMI, and SP consistently emerge as significant contributors. The weight of these features
varies across cases, with some features having contrasting roles (e.g., BMI may support a "high" label in one instance but
contradict it in another). This variability underscores the complexity of the Random Forest model's decision boundaries
and its ability to adapt to varying feature interactions. For the XGBoost model, Figure 6 provides similar insights but
reveals distinct feature importance patterns, which shows that XGBoost also relies heavily on SP, FBS, and BMI.

However, the distribution of supports and contradictions across cases differs slightly, with XGBoost demonstrating more
defined contributions for certain features. For example, SP appears to have a consistently high influence on predictions,
often dominating the explanation fit scores. The LIME explanation summary for XGBoost (in Figure 6) shows a broader
reliance on features like cholesterol, sodium levels, and DP compared to Random Forest. This suggests that XGBoost may
capture additional subtle interactions in the data, leading to a more diverse feature utilization. The presence of
contrasting contributions for features such as BMI and cholesterol reflects the nuanced decision-making of XGBoost,
which is known for its ability to capture non-linear relationships. Comparing the two models, both Random Forest and
XGBoost emphasize key clinical features such as SP, BMI, and FBS. However, XGBoost seems to leverage a wider range of
features and exhibits stronger local explanations for certain cases. This could indicate that XGBoost, with its gradient-
boosting approach, captures complex patterns more effectively than the Random Forest's ensemble of decision trees.
These differences highlight the importance of model selection and interpretation when dealing with medical data, where
understanding feature contributions can provide critical insights into patient outcomes.
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The proposed solution in this study involves developing an integrative ML approach to predict hypertension severity risk
using XGBoost, Random Forest, ANN, SVM, and Decision Tree models. The study incorporates XAl (LIME) to provide
interpretability and insights into model predictions. The results achieved demonstrate that XGBoost and Random Forest
outperform other models with an accuracy of 98% and an AUC of 1.00, indicating excellent predictive capability. ANN
and SVM also performed well, while the Decision Tree model showed the weakest performance. The LIME analysis further
highlighted the key features influencing predictions, such as SP, FBS, and BMI. What is unique in this study is the
application of multiple ML models for severity risk classification, and leveraging XAl (i.e., LIME ) to improve transparency
in hypertension prediction, which is not extensively covered in previous studies.

Conclusions

This study developed a comprehensive framework for the identification and prediction of hypertension risk severity
levels using machine learning models alongside their explainability techniques. Among the different machine learning
models evaluated, XGBoost and Random Forest achieved very high predictive accuracy (98%), outperforming all other
models. The best-performing model was XGBoost, which efficiently exploited a wide range of features, capturing
complex patterns to yield more accurate predictions with stronger local explanations compared to the other models.
LIME explanations of the models provided rich insights into their decision-making through key clinical features such as
SP, FBS, and BMI, with additional contributions from cholesterol and DP for XGBoost. The insights from the explainability
analysis are more interpretable and reliable, thereby showing good applicability in a clinical setup. These results indicate
the potential of explainable machine learning models in improving hypertension management by facilitating better
clinical decision-making and personalized treatment strategies. Further studies should be conducted to validate the
framework with larger and more diverse datasets, integrating the insights into real-world clinical workflows for further
improvement in the management and treatment of hypertension.
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