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Abstract 

Hypertension is a major public health challenge globally, often undiagnosed until severe complications arise, highlighting the 

critical need for early and accurate risk prediction methods. Despite advances in machine learning (ML), many models remain 

black boxes, limiting clinical trust and adoption. This study addresses these gaps by evaluating and interpreting three ML 

classifiers—Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Naïve Bayes—for hypertension risk prediction, 

emphasizing both predictive performance and explainability. Using a comprehensive dataset of 4,187 participants, demographic 

and clinical factors, including age, gender, smoking status, blood pressure, BMI, glucose levels, and medication use, were 

analyzed. Descriptive statistics revealed significant differences between the at-risk and no-risk groups, particularly in terms of 

age, blood pressure, cholesterol levels, and diabetes prevalence. Chi-square and Welch's t-tests confirmed these distinctions (p 

<.001), underscoring the validity of the models' inputs. Model evaluation showed SVM as the most balanced classifier with an 

accuracy of 88.13% (95% CI [86.22%, 89.86%]) and substantial agreement (kappa = 0.7153). It achieved strong sensitivity 

(92.66%) and specificity (77.78%), alongside a favorable F1-score (0.9157), indicating robust true positive detection while 

minimizing false positives. KNN demonstrated high sensitivity (94.69%) but lower specificity (69.25%), with moderate overall 

accuracy (86.95%). Naïve Bayes, though highly sensitive (99.21%), suffered from poor specificity (34.63%), suggesting a high 

false-positive rate and imbalanced classification. McNemar's test indicated balanced errors only for SVM (p = 0.1036). Receiver 

Operating Characteristic (ROC) analysis revealed excellent discrimination for all models, with Naïve Bayes achieving an AUC 

of 0.953; however, this did not translate into practical reliability due to error imbalance. Explainable AI techniques, specifically 

SHAP values, elucidated key predictors in SVM, notably systolic and diastolic blood pressure, BMI, and heart rate, enhancing 

interpretability and stakeholder trust. According to the study, SVM offers the best trade-off between accuracy and interpretability 

for predicting hypertension risk. Integrating explainable ML models into clinical practice can improve early diagnosis, guide 

interventions, and inform health policies, supporting ethical, transparent, and effective AI-driven healthcare. 
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1. Introduction 

Machine learning is a subdivision of artificial intelligence 

that focuses on enabling machines and computers to mimic 

human learning and apply the knowledge to obtain solutions 

to problems [1]. Machine learning improves gradually 

through data exposure, making the machine gain more expe-

rience over time [2]. Machine learning is categorized into two 

categories, namely Supervised Machine Learning and Unsu-

pervised Machine Learning [3]. Supervised Machine learning 

is used to learn from labelled data. The training dataset is 

employed to train the model to produce the correct output by 

attempting to map points between the input and output. Un-

supervised machine learning uses unlabeled data, and the 

target variables are unknown [4]. In machine learning, there 

are two primary categories: classification and regression. This 

study will employ classification techniques and algorithms 

that assign predetermined output classes to input features. 

Examples of classification algorithms include logistic re-

gression, Support vector machines, Decision Trees, K-nearest 

neighbours (KNN), and Naïve Bayes [5]. The advantage of 

using Supervised Machine Learning is its high accuracy, as 

the models are trained on labeled data. The process of deci-

sion-making in supervised learning can be easily interpreted, 

and the pre-trained models save time and resources compared 

to building a model from scratch [6]. Machine learning also 

employs a single classifier, where a machine learning model is 

developed to address a specific challenge using a single al-

gorithm. The algorithms used in a single classifier are Deci-

sion Trees, Support Vector Machine (SVM), K-Nearest 

Neighbours (KNN), Logistic Regression, and Naïve Bayes. 

Hypertension, or high blood pressure, is a significant public 

health concern characterized by persistently elevated arterial 

pressure [7]. Its development is influenced by a complex inter-

play of lifestyle-related risk factors, including diet, physical 

inactivity, stress, and obesity [8]. This multifactorial nature 

makes hypertension a challenging condition to model statisti-

cally, as it requires careful consideration of both direct and indi-

rect associations among variables. Applying machine learning to 

study hypertension enables researchers to identify significant 

predictors, assess risk, and develop targeted interventions for the 

prevention and management of hypertension. Hypertension is 

asymptomatic, which is why it takes time to detect, and hence it 

is a high-risk condition and is usually called the silent killer [9]. 

The prevalence rate is well known to be higher in developing 

countries, although clinical estimates indicate that approximately 

10 percent of the total world population is affected [10]. It high-

lights the need for data-driven methods to identify crucial pre-

dictors and model the development and risk status associated 

with hypertension, particularly in populations experiencing rapid 

urbanization and lifestyle changes. 

In their study to predict hypertension, [11] used logistic 

regression and SHAP values. The study involved 10,000 

individuals and examined clinical factors, including age, BMI, 

Blood pressure, and lifestyle factors such as sodium intake 

and physical activity. A logistic model was trained to predict 

the presence of hypertension. The model yielded an 

AUC-ROC of 0.88, and SHAP values revealed that age, BMI, 

and sodium intake were the most significant predictors of 

hypertension. The study utilized data from at least 15,000 

individuals, incorporating lifestyle and clinical factors. Fea-

ture importance was used to interpret the results. The model 

achieved an accuracy of 92%, and the importance analysis 

identified age, BMI, and physical inactivity as the top pre-

dictors of hypertension. The study could have utilized XAI for 

explainability. 

In their study, [12] applied Neural networks and LIME to 

predict hypertension and interpret he results. The study used 

electronic health records from 20,000 patients, a neural net-

work model was trained, and LIME was used to interpret the 

results. The results indicated that an AUC_ROC of 0.91 was 

achieved, with family history and high cholesterol being the 

main predictors. [13] predicted hypertension using gradient 

boosting and interpreted the results using SHAP. The study 

utilized a dataset of 12,000 individuals, incorporating clinical 

and lifestyle variables. The results indicated that an ROC 

accuracy of 0.89 was achieved, with age, BMI, and sodium 

intake being the most influential predictors. 

Based on the global burden of hypertension and its clinical 

and lifestyle adverse outcomes, this subsection summarizes 

the predictive performance of three machine learning (ML) 

algorithms that will be used in this study: Support Vector 

Machine (SVM), K-Nearest Neighbours (KNN), and Naïve 

Bayes (NB) in the domain of health-related data classification. 

The models have been influential in medical research because 

they can process various types of data and facilitate ear-

ly-stage disease detection, such as hypertension, diabetes, and 

cardiovascular diseases. 

The other classification method commonly used is the 

Support Vector Machine (SVM), which is particularly effec-

tive when working with large-dimensional datasets and when 

the classification process involves binary classification [14]. 

Its kernel functions befit a non-linear and sophisticated rela-

tionship between disease outcomes and health indicators. The 

prediction of cardiovascular disease and hypertension using 

SVM has been effectively employed in various studies 

worldwide. For example, studies using Asian and European 

population datasets have demonstrated that SVM can achieve 

both high recall and high precision in predicting hypertension 

[15]. Nevertheless, SVM models usually require fine-tuning 

and feature scaling, which will be part of the research design 

in question. 

K-Nearest Neighbors (KNN) is an instance learning algo-

rithm that is based on the distance between instances and is 

both very simple and easy to understand [16]. KNN has been 

successfully applied in predictive models of diverse 

non-communicable diseases globally. Studies in Africa, South 

America, and the U.S. show that KNN gives satisfactory 
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results when the dataset is balanced and has no noise. How-

ever, it is weak in handling irrelevant features and imbalanced 

classes [17]. KNN can also be used as a base comparison in 

the modeling of hypertension, as opposed to being the first 

choice, due to its high computational complexity, and the 

parameter k needs to be carefully selected. Naïve Bayes (NB) 

is a probabilistic classifier that assumes independence among 

the predictors. Despite this supposition, NB is competitive in 

accuracy, especially in health studies that comprise extensive 

categorical data [18]. It has been used not only on all conti-

nents, such as in conducting research in Europe, the Middle 

East, and the U.S., but also in classifying diseases like hy-

pertension and other cardiovascular conditions. 

To assess and compare the performance of the chosen ma-

chine learning models —Support Vector Machine (SVM), 

K-Nearest Neighbours (KNN), and Naïve Bayes (NB) —the 

research will utilize standard classification measures applied in 

medical prediction. These are the accuracy that provides the 

overall correctness of the model, precision that shows the true 

positive predictions in proportion to all positive predictions, and 

recall (sensitivity) as an expression of the capacity to distinguish 

correctly among hypertensive patients. Additionally, a harmonic 

average of precision and recall, defined as the F1-score, was 

calculated to provide an unbiased picture (in the case of 

non-imbalanced classes) of the models. The Receiver Operating 

Characteristic (ROC) curve and the Area Under the Curve 

(AUC), where applicable, were used to determine the diagnostic 

potential of the models at various classification limits. These 

measures will ensure an extensive and impartial assessment of 

the efficacy of all algorithms in predicting the development of 

hypertension, taking into account clinical and lifestyle data. 

2. Research Materials and Methods 

2.1. Research Design 

This study used a dataset from Kaggle (Hyperten-

sion-risk-model-main). The primary objectives are to examine 

the key characteristics, such as age, systolic and diastolic 

blood pressure, cholesterol level, and glucose level, present 

within the dataset. Leveraging an existing dataset in Kaggle 

offers efficiency and cost-effectiveness, although the selected 

variables might constrain the research. Due to this, the dataset 

was carefully considered for quality and documentation. 

2.2. Data Collection 

Data collection refers to the process of gathering infor-

mation for research purposes. The research study utilized 

secondary data, as defined by [18, 19]. Secondary data are 

data that were initially collected for another purpose and can 

be further analyzed to provide additional or different infor-

mation, interpretations, and conclusions. Secondary data for 

the study were obtained and downloaded from Kaggle Hy-

pertension-risk-model-main. 

2.3. Data Analysis 

2.3.1. Data Partitioning 

To build machine learning models, the data was partitioned 

into training, testing, and validation sets, as described by [20]. 

As presented in Table 1, this study utilized 70% of the data for 

testing and training the k-Nearest Neighbors (KNN), Naïve 

Bayes, and Support Vector Machine (SVM) models. The 

70/30 split provides sufficient distinct data to test the model's 

performance in unseen situations while also allowing for 

efficient training of the model [21, 22]. The caret package in R 

was used to split the data into a training and testing set. The 

function createDataPartition() plays a role in maintaining the 

distribution of the outcome variable, which is responsible for 

classification during data splitting [23]. 

Table 1. Data Partitioning into Training and Testing for Machine 

Learning. 

Sample 

Risk 

Total 

No Yes 

Test 

890 367 1257 

70.8% 29.2% 100% 

30.8% 28.3% 30% 

Train 

2002 928 2930 

68.3% 31.7% 100% 

69.2% 71.7% 70% 

Total 

2892 1295 4187 

69.1% 30.9% 100% 

100% 100% 100% 

χ2=2.409 · df=1 · &phi=0.025 · p=0.121 

The dataset was divided into training and testing subsets to 

facilitate model development and evaluation. The training set 

comprised 2,930 observations (70% of the total), with 2,002 

(68.3%) labeled as "No" risk and 928 (31.7%) as "Yes" risk. 

The test set included 1,257 observations (30% of the total), 

containing 890 (70.8%) "No" risk and 367 (29.2%) "Yes" risk 

cases. Overall, the full dataset consisted of 4,187 observations, 

with 2,892 (69.1%) "No" risk and 1,295 (30.9%) "Yes" risk 

cases. A chi-square test revealed no statistically significant 

difference in risk distribution between the training and test 

sets, χ²(1) = 2.409, p =.121, indicating that the partitioning 

preserved the proportional distribution of risk categories 

across the subsets. 
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Figure 1. Data Partitioning and Cases Proportional Testing. 

Figure 1 above illustrates the distribution of a binary 'Risk' 

variable across 'Test' and 'Train' data partitions. The plot is a 

stacked bar chart showing the composition of each sample. The 

'Test' partition contains 1,257 observations, with 71% catego-

rized as 'No Risk' and 29% as 'Yes Risk'. The larger 'Train' 

partition, with 2,930 observations, shows a similar distribution 

of 68% 'No Risk' and 32% 'Yes Risk'. A Pearson's χ2 test, with a 

value of χ2 (1) =2.52, was conducted to compare the risk dis-

tribution between the two samples. The resulting p-value of 

0.11 indicates that there is no statistically significant difference 

in the composition of the risk variable across the two data par-

titions [24]. This suggests that the data was successfully split 

into two representative and unbiased samples, suitable for tasks 

such as training and evaluating a machine learning model [25]. 

2.3.2. Data Balancing 

The bar plot depicts the percentage of "No Risk" and "Yes 

Risk" occurrences across two distinct datasets. The left plot 

presents an imbalanced distribution, where "No Risk" con-

stitutes 68.3% (n = 2002) of the observations, while "Yes 

Risk" represents 31.7% (n = 928). In contrast, the right plot 

shows a perfectly balanced dataset, with "No Risk" and "Yes 

Risk" each accounting for 50% (n = 2002) of the total ob-

servations. This plot illustrates the contrast between the 

original, imbalanced data and a resampled, balanced version, 

a common practice in machine learning to mitigate model bias 

towards the majority class (Brownlee, 2020). During the 

exploratory phase, data balancing using the synthetic minority 

over-sampling technique (SMOTE) was considered due to the 

class imbalance (68.3% 'No Risk' vs. 31.7% 'Yes Risk'). The 

final models were trained on the balanced data and tested on 

the testing dataset to avoid potential bias introduced by the 

imbalanced nature of the clinical data. 

 
Figure 2. Balanced and Imbalanced Data. 
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2.3.3. Machine Learning Models Development 

This section provides detailed information on how each 

machine learning model, such as k-Nearest Neighbors (KNN), 

Naïve Bayes, and Support Vector Machine (SVM), will be 

developed. Each model is selected for its unique characteris-

tics, including data handling, interpretability, accuracy, and 

computational efficiency. 

I. Training K-Nearest Neighbors (KNN) 

KNN is one of the models whose training phase is very 

explicit; the model operates by memorizing the entire training 

data and using it directly to make predictions [26]. The feature 

vectors and their corresponding labels are stored from the 

datasets. Let the training data be represented by 

𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , 𝑥𝑛 , 𝑦𝑛}         (1) 

Where 𝑥1, 𝑦1𝑇ℎ𝑒𝑠𝑒 𝐸𝑛𝑑  Equations are labels for class 

classification. KNN stores the data in terms of training in-

stances and computer distances, that is, Euclidean distances 𝑥 

and training data 𝑥𝑖 [27]. 

ⅆ(𝑥, 𝑥𝑖) = √∑ (𝑥𝑖 −  𝑥𝑗)
2

𝑗=1
            (2) 

Where 𝜔ⅈ =
1

ⅆ(𝑥,𝑥𝑖)
 Applies inverse weighting to neighbors 

based on distance. 

II. Training Naïve Bayes 

The Bayes' theorem assumes that the probability of a class 

is known. 𝐶 In the presence of some features. 

𝑋 = 𝑥1. 𝑥2, … 𝑥𝑛                 (3) 

Bayes' theorem is written as 

𝑃(𝐶|𝑋) =
𝑃(𝑋|𝐶)⋅𝑃(𝐶)

𝑃(𝑋)
               (4) 

During the training phase, the algorithm learns the prior 

probabilities. 𝑃(𝐶) and likelihoods𝑃(𝑥𝑖|𝐶)  [28]. For each 

class, the training data is used to assign each feature provided 

in the class. The training data is represented as: 

𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛 , 𝑦𝑛)}        (5) 

where 𝑥𝑖
′𝑠 Is the feature vector for 𝑖𝑡ℎ data and 𝑦𝑖. These 

are the class labels. The classes are 𝐾 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝐶1, 𝐶2, … , 𝐶𝑘. 

The posterior probability is used for prediction, and the class 

with the highest posterior probability is selected for classifi-

cation. The logarithmic form is as follows: 

𝑙𝑜𝑔𝑃(𝑌 = 𝑐|𝑥) = 𝑙𝑜𝑔 𝑃(𝑌 = 𝑐) + ∑ 𝑙𝑜𝑔𝑃(
𝑝

𝑗=1
𝑥𝑗|𝑌 = 𝑐 (6) 

Laplace smoothing is applied to ensure that the challenge of 

zero probability does not affect the model [29]. When a par-

ticular class lacks a feature value that does not appear in the 

training data, a small constant is added to the count. 𝛼 =

1 of each feature. 

𝑃(𝑥𝑖|𝐶𝑘) =
𝐶𝑜𝑢𝑛𝑡 𝑜𝑓 𝑥𝑖 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝐶𝑘+ 𝛼 

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑢𝑛𝑡 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝐶𝑘+ 𝛼.|𝑉|
   

(7) 

III. Training Support Vector Machine (SVM) 

SVM is a robust and supervised learning algorithm used for 

classification that operates by finding an optimal hyperplane 

that increases the margin between different classes in feature 

space [30]. The closest points are referred to as support vec-

tors. For a binary classification, given the dataset =
{(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛 , 𝑦𝑛)}. The hyperplane is defined as 

follows: 

𝑤𝑇𝑥 + 𝑏 = 0                (8) 

𝑊 being the weight vector, 𝑏 is the intercept, and 𝑥 is 

the feature vector [31]. The next step is to maximize the dis-

tance between the hyperplane and the closest data points, 

which is expressed as 
2

‖𝑊‖
. The correct classification of all 

training points should be considered, which is why the con-

dition below must be met, allowing at least a margin of 1. 

𝑦ⅈ𝑐𝑤𝑇𝑥𝑖 + 𝑏 ≥ 1, ∀ⅈ              (9) 

The optimization problem of finding the optimal hyper-

plane is solved by maximizing the margin [32]. This is done 

by introducing the Lagrange multipliers, and the optimization 

problem is converted to, 

𝐿(𝑤, 𝑏, 𝛼) = 1
2⁄ ‖𝑤‖2 − ∑ 𝛼𝑖[𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏)

𝑛

𝑖=1
] − 1] (10) 

Where 𝛼𝑖 is the Lagrange multiplier, and 𝐿 is maximized 

with respect to 𝛼 and minimized with respect to 𝑤 𝑎𝑛𝑑 𝑏. 

Once the SVM model is trained, the decision function is 

evaluated: 

𝑦̂ = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥)𝑁
𝑖=1 + 𝑏)         (11) 

2.3.4. Cross Validation 

Model generalizability is a crucial feature in machine 

learning, and this study utilized 10-fold cross-validation 

during the model training process [33]. The data was parti-

tioned into ten subsets, nine of which will be used for training 

and one for validation. This will ensure that there is no over-

fitting [34]. 

2.3.5. Hyperparameter Tuning 

Hyperparameter tuning is a significant step in optimizing 
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machine learning models. Hyperparameters are set before the 

training process to control how the models learn [35]. In this 

study, parameter tuning was considered in all the models 

using grid search optimization. This process ensures the 

model's generalization, reliability, and accuracy, thereby re-

ducing the risks of overfitting and underfitting. 

3. Results and Discussion 

3.1. Descriptive Statistics 

Table 2 shows the descriptive statistics for the study varia-

bles. The total sample consisted of 4,187 participants. The 

mean age of participants was 49.53 years (SD = 8.56), with a 

median of 49, a minimum of 32, and a maximum of 70 years. 

Age distribution showed slight positive skewness (Skew = 

0.23) and moderate negative kurtosis (Kurtosis = -0.99), in-

dicating a fairly symmetrical distribution. Gender was coded 

as a binary variable (1 = Female, 2 = Male), with a mean of 

1.43 (SD = 0.50), suggesting a slightly higher proportion of 

females. The skewness for gender was 0.28 with a negative 

kurtosis of -1.92, showing a moderate deviation from nor-

mality. Current smoking status, also coded as binary (1 = 

Non-smoker, 2 = Smoker), had a mean of 1.49 (SD = 0.50) 

and showed minimal skew (0.02) but strong negative kurtosis 

(-2.00), indicating a relatively flat distribution. 

The number of cigarettes smoked per day had a highly 

skewed distribution (Skew = 1.25, Kurtosis = 1.04), with a 

mean of 9.02 (SD = 11.88) and a median of 0. This suggests 

that many individuals did not smoke, while a small number 

smoked heavily. Blood pressure medication usage (1 = not on 

medication, 2 = on medication) had a mean of 1.03 (SD = 

0.17), with strong positive skewness (5.55) and high kurtosis 

(28.78), indicating that most participants were not taking 

medication. Similarly, diabetes status (1 = non-diabetic, 2 = 

Diabetic) had a mean of 1.03 (SD = 0.16), skew = 6.01, and 

kurtosis = 34.14, again reflecting a low prevalence of diabetes. 

Total cholesterol had a mean of 236.65 mg/dL (SD = 44.22), 

ranging from 107 to 696 mg/dL, with moderate skewness 

(0.88) and leptokurtic distribution (Kurtosis = 4.28). Systolic 

blood pressure averaged 132.29 mmHg (SD = 21.98), and 

diastolic pressure averaged 82.89 mmHg (SD = 11.88), both 

showing moderate right skew and kurtosis. BMI had a mean 

of 25.80 (SD = 4.07), showing mild positive skewness (0.98) 

and moderate kurtosis (2.69). The heart rate had a mean of 

75.88 bpm (SD = 12.05), and the glucose level had a mean of 

81.96 mg/dL (SD = 22.90), with glucose exhibiting high pos-

itive skew (6.53) and extreme kurtosis (64.78), indicating the 

presence of outliers with abnormally high glucose levels. 

Lastly, the hypertension risk, coded as binary (1 = no risk, 2 = 

at risk), had a mean of 1.31 (SD = 0.46), skew = 0.82, and 

kurtosis = -1.32, indicating a slightly right-skewed distribu-

tion concentrated toward the "no risk" group. 

Table 2. Descriptive Statistics. 

Variables N Mean SD Median Skew Kurtosis SE 

Gender 4187 1.4311 0.4953 1.0000 0.2782 -1.9231 0.0077 

Age 4187 49.5307 8.5559 49.0000 0.2333 -0.9867 0.1322 

Current Smoker 4187 1.4949 0.5000 1.0000 0.0205 -2.0001 0.0077 

Cigarettes Smoked Per Day 4187 9.0165 11.8784 0.0000 1.2471 1.0358 0.1836 

Blood Pressure Medications 4187 1.0296 0.1695 1.0000 5.5475 28.7815 0.0026 

diabetes* 4187 1.0256 0.1578 1.0000 6.0109 34.1393 0.0024 

Total Cholesterol 4187 236.6528 44.2228 234.0000 0.8794 4.2823 0.6834 

Systolic Blood Pressure 4187 132.2917 21.9829 128.0000 1.1454 2.1766 0.3397 

Diastolic Blood Pressure 4187 82.8911 11.8785 82.0000 0.6969 1.2258 0.1836 

BMI 4187 25.8035 4.0672 25.4200 0.9794 2.6944 0.0629 

Heart Rate 4187 75.8767 12.0535 75.0000 0.6471 0.9030 0.1863 

Glucose Level 4187 81.9584 22.9038 80.0000 6.5269 64.7770 0.3540 

Hypertension Risk 4187 1.3093 0.4623 1.0000 0.8249 -1.3198 0.0071 
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3.2. Chi-Square Tests and Welch Two-Sample 

T-test 

Table 3 presents a comparison of demographic and clinical 

characteristics between individuals classified as at risk and 

those not at risk, based on a total sample of 4,187 participants. 

Gender distribution did not significantly differ between the 

groups, χ² (1, N = 4,187) = 0.276, p =.600, with females rep-

resenting 57% of the overall sample, and nearly identical 

proportions in the no-risk (57%, 95% CI [55%, 59%]) and 

at-risk groups (56%, 95% CI [54%, 59%]). However, a sig-

nificant difference was observed in age, with the at-risk group 

being older (M = 53.43, SD = 8.13, 95% CI [53, 54]) than the 

no-risk group (M = 47.79, SD = 8.16, 95% CI [47, 48]), 

t(2221.7) = -20.67, p <.001. Smoking status also showed 

statistically significant differences, χ² (1, N = 4,187) = 55.82, 

p <.001, where 53% (95% CI [51%, 55%]) of individuals in 

the no-risk group were current smokers compared to only 42% 

(95% CI [39%, 45%]) in the at-risk group. While individuals 

in the no-risk group smoked more cigarettes per day on av-

erage (M = 9.52, SD = 11.78, 95% CI [9.1, 10]) than those at 

risk (M = 7.88, SD = 12.03, 95% CI [7.2, 8.5]), this difference 

was also statistically significant, t(4134.2) = 3.47, p <.001. 

Other notable differences were observed in clinical char-

acteristics. Individuals in the at-risk group were significantly 

more likely to be on blood pressure medication (9.6%, 95% CI 

[8.1%, 11%]) compared to none in the no-risk group (0%, 95% 

CI [0.00%, 0.17%]), χ² (1, N = 4,187) = 291.47, p <.001. 

Diabetes prevalence was also higher among the at-risk group 

(4.4%, 95% CI [3.4%, 5.7%]) than the no-risk group (1.7%, 

95% CI [1.3%, 2.3%]), with this difference being statistically 

significant, χ² (1, N = 4,187) = 22.94, p <.001. Continuous 

clinical measures further showed significant group differences. 

Total cholesterol was higher among those at risk (M = 247.25, 

SD = 47.38, 95% CI [245, 250]) than those not at risk (M = 

231.91, SD = 41.88, 95% CI [230, 233]), t(2095.4) = -11.60, p 

<.001. Similarly, systolic blood pressure was significantly 

elevated in the at-risk group (M = 155.14, SD = 20.75, 95% CI 

[154, 156]) compared to the no-risk group (M = 122.06, SD = 

12.97, 95% CI [122, 123]), t(1754.6) = -51.26, p <.001. Di-

astolic blood pressure followed the same pattern (at-risk: M = 

93.85, SD = 11.28, 95% CI [93, 94]; no-risk: M = 77.99, SD = 

8.34, 95% CI [78, 78]), t (1517.3) = -42.96, p <.001. Other 

significant differences were observed in body mass index 

(BMI), heart rate, and glucose level. At-risk individuals had 

higher BMIs (M = 27.64 vs. 24.98), heart rates (M = 78.52 vs. 

74.69), and glucose levels (M = 84.78 vs. 80.69), with all 

comparisons yielding p <.001 and non-overlapping confi-

dence intervals, confirming statistically and clinically mean-

ingful group distinctions. 

Table 3. Chi-Square Test and Welch Two-Sample Test. 

Characteristic N 

Overall No 

95% CI 

Yes 

95% CI p-value2 

N = 4,1871 N = 2,8921 N = 1,2951 

male 4,187 
     

0.6 

Female 
 

2,382 (57%) 1,652 (57%) 55%, 59% 730 (56%) 54%, 59% 
 

Male 
 

1,805 (43%) 1,240 (43%) 41%, 45% 565 (44%) 41%, 46% 
 

age 4,187 49.53 (8.56) 47.79 (8.16) 47, 48 53.43 (8.13) 53, 54 <0.001 

Current Smoker 4,187 
     

<0.001 

Not-Current-Smoker 
 

2,115 (51%) 1,363 (47%) 45%, 49% 752 (58%) 55%, 61% 
 

Current-Smoker 
 

2,072 (49%) 1,529 (53%) 51%, 55% 543 (42%) 39%, 45% 
 

Cigarettes Smoked Per Day 4,187 9.02 (11.88) 9.52 (11.78) 9.1, 10 7.88 (12.03) 7.2, 8.5 <0.001 

Blood Pressure Medications 4,187 
     

<0.001 

Not on BP Medication 
 

4,063 (97%) 2,892 (100%) 100%, 100% 1,171 (90%) 89%, 92% 
 

On BP Medication 
 

124 (3.0%) 0 (0%) 0.00%, 0.17% 124 (9.6%) 8.1%, 11% 
 

diabetes 4,187 
     

<0.001 

Not Diabetic 
 

4,080 (97%) 2,842 (98%) 98%, 99% 1,238 (96%) 94%, 97% 
 

Diabetic 
 

107 (2.6%) 50 (1.7%) 1.3%, 2.3% 57 (4.4%) 3.4%, 5.7% 
 

Total Cholesterols 4,187 236.65 (44.22) 231.91 (41.88) 230, 233 247.25 (47.38) 245, 250 <0.001 

Systolic Blood Pressure 4,187 132.29 (21.98) 122.06 (12.97) 122, 123 155.14 (20.75) 154, 156 <0.001 
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Characteristic N 

Overall No 

95% CI 

Yes 

95% CI p-value2 

N = 4,1871 N = 2,8921 N = 1,2951 

Diastolic Blood Pressure 4,187 82.89 (11.88) 77.99 (8.34) 78, 78 93.85 (11.28) 93, 94 <0.001 

BMI 4,187 25.80 (4.07) 24.98 (3.52) 25, 25 27.64 (4.57) 27, 28 <0.001 

Heart Rate 4,187 75.88 (12.05) 74.69 (11.53) 74, 75 78.52 (12.77) 78, 79 <0.001 

Glucose Level 4,187 81.96 (22.90) 80.69 (19.91) 80, 81 84.78 (28.27) 83, 86 <0.001 

Abbreviation: CI = Confidence Interval 
1 n (%); Mean (SD) 
2 Pearson's Chi-squared tests; Welch Two Sample t-test 

3.3. Machine Learning Model Summary 

Table 4 presents the evaluation metrics for the three ma-

chine learning models, focusing on diagnostic accuracy, 95% 

confidence intervals (CI), Cohen's kappa, and McNemar's test. 

The models were trained and tested with "Yes" as the positive 

class, representing individuals who have been diagnosed with 

hypertension. Among the models, the Support Vector Ma-

chine (SVM) demonstrated the best overall performance, 

achieving an accuracy of 88.13%, with a 95% CI of (0.8622, 

0.8986) and a kappa value of 0.7153, reflecting substantial 

agreement between predicted and actual classifications. The 

non-significant McNemar's test p-value of 0.1036 suggests 

balanced error types, an important quality for clinical decision 

support systems. The K-Nearest Neighbors (KNN) model 

followed closely with 86.95% accuracy and a kappa of 0.6747, 

indicating moderate agreement. However, the highly signifi-

cant McNemar's p-value (3.58 × 10-8) suggests the model may 

be skewed in its prediction errors, potentially overpredicting 

one class, which could compromise sensitivity or specificity 

in practice. The Naïve Bayes model yielded the lowest accu-

racy (79.56%) and a kappa of 0.4120, indicating weak 

agreement beyond chance. McNemar's p-value (< 2.2 × 10-16) 

is extremely significant, further suggesting a strongly unbal-

anced classification error pattern. Although computationally 

efficient, its diagnostic reliability is limited in this context. 

From the results, the SVM model emerges as the most bal-

anced and reliable classifier for predicting hypertension risk 

among the models evaluated, combining high accuracy with a 

statistically sound error distribution. 

Table 4. Machine Learning Model Summary Report. 

Model Accuracy 95% CI Kappa McNemar's Test p-value Positive Class 

KNN 0.8695 (0.8497, 0.8875) 0.6747 3.58 × 10-8 Yes 

Naïve Bayes 0.7956 (0.7724, 0.8174) 0.4120 < 2.2 × 10-16 Yes 

SVM 0.8813 (0.8622, 0.8986) 0.7153 0.1036 Yes 

 

3.4. Machine Learning Model Performance 

Table 5 presents the evaluation metrics, indicating that the 

Support Vector Machine (SVM) model outperformed the 

others in predicting hypertension risk. It demonstrated a 

strong balance between sensitivity (0.9266) and specificity 

(0.7778), indicating that it effectively identifies both at-risk 

and non-risk individuals. The model achieved a precision of 

0.9051 and an F1-score of 0.9157, reflecting high accuracy in 

classifying true positive cases while minimizing false posi-

tives. Its balanced accuracy of 0.8522 and Kappa score of 

0.7153 further highlight its reliability and substantial agree-

ment beyond chance. 

Although the Naïve Bayes model achieved the highest 

sensitivity (0.9921), its specificity was considerably lower 

(0.3463), suggesting a high false-positive rate. The K-Nearest 

Neighbors model demonstrated good sensitivity (0.9469) and 

acceptable precision, but had a lower specificity (0.6925) 

compared to the SVM. Overall, the SVM provided the most 

consistent and balanced performance, making it the most 

suitable model for predicting hypertension risk in this study. 
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Table 5. Machine Learning Model Performance Metrics. 

Model Sensitivity Specificity Precision F1_Score Recall NPV PPV 
Balanced 

Accuracy 
Kappa 

K-NN 0.9469 0.6925 0.8757 0.9099 0.9469 0.8508 0.8757 0.8197 0.6747 

Naïve Bayes 0.9921 0.3463 0.7763 0.8710 0.9921 0.9504 0.7763 0.6692 0.4120 

Support Vector Machines 0.9266 0.7778 0.9051 0.9157 0.9266 0.8224 0.9051 0.8522 0.7153 

 

3.5. Receiver Operating Characteristic Curve 

and AUC 

Figure 3 presents the Receiver Operating Characteristic 

(ROC) curves for three machine learning models: K-Nearest 

Neighbors (KNN), Naïve Bayes, and Support Vector Machine 

(SVM). Each curve illustrates the trade-off between the True 

Positive Rate (Sensitivity) and the False Positive Rate (1 - 

Specificity) across different threshold values. The Area Under 

the Curve (AUC), shown in the legend, provides a quantita-

tive measure of each model's overall classification perfor-

mance. The results show that the Naïve Bayes model achieved 

an AUC of 0.953, indicating a near perfect classification ca-

pability. This means the model was able to perfectly distin-

guish between individuals at risk of hypertension and those 

not at risk. Such a performance reflects a highly effective 

understanding of the underlying patterns in the data. 

In contrast, both the KNN and SVM models recorded AUC 

scores of 0.9, which still represent strong performance but fall 

slightly short of perfection. Their ROC curves lie just below 

that of Naïve Bayes, particularly in the mid-range of false pos-

itive rates, suggesting relatively lower sensitivity-specificity 

trade-offs. Overall, the Naïve Bayes model proves to be the 

most effective tool for predicting hypertension risk based on the 

clinical and lifestyle features evaluated in this study. 

 
Figure 3. Receiver Operating Characteristic Curve and Area Under the Curve. 

3.6. Explainable Artificial Intelligence (XAI) 

To enhance the trust, transparency, and usability of machine 

learning models in high-stakes domains such as health diag-

nostics or financial risk assessment, Explainable Artificial 

Intelligence (XAI) plays a vital role. XAI refers to a set of 

techniques and tools that make the decisions and internal logic 

of machine learning models interpretable to human users. 

While complex models, such as Support Vector Machines, 

http://www.sciencepg.com/journal/ajai


American Journal of Artificial Intelligence http://www.sciencepg.com/journal/ajai 

 

163 

often offer superior predictive performance, they are typically 

considered "black boxes" due to their lack of interpretability. 

In this study, incorporating XAI methods such as SHAP 

(SHapley Additive exPlanations) or LIME (Local Interpreta-

ble Model-Agnostic Explanations) would help users under-

stand the contribution of each input variable to the model's 

prediction. This is especially important for building stake-

holder trust, facilitating policy uptake, and ensuring that the 

model's decisions can be scrutinized for fairness and bias. 

Future work should prioritize the integration of such tech-

niques to support the ethical and transparent deployment of 

these systems. 

3.6.1. Shapley Additive Explanations 

 
Figure 4. SHapley Additive Explanations for Support Vector Machines. 

Figure 4 displays the feature contributions to a Support 

Vector Machine model's prediction. The two most impactful 

features are systolic blood pressure (sysBP) at 180 mmHg and 

diastolic blood pressure (diaBP) at 110 mmHg. Both have 

significant positive contributions, with sysBP being the larg-

est. Other features, such as BMI (30.3) and heart rate (77), 

also have positive but smaller contributions. Conversely, age 

(43) and being female (male=0) show minor negative con-

tributions, suggesting they slightly decrease the model's out-

put. The remaining features have minimal impact. 

3.6.2. Model Breakdown 

 
Figure 5. Support Vector Machines Model Breakdown. 
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Figure 5 shows the "Breakdown profile" plot, which visual-

izes the contribution of various factors to a Support Vector 

Machine model's prediction. The final prediction is 0.99. The 

intercept contributes 0.313. A systolic blood pressure (sysBP) 

of 180 is the most significant positive contributor, adding 0.647 

to the model. Other factors, such as a diastolic blood pressure 

(diaBP) of 110, a BMI of 30.3, and a heart rate of 77, also 

contribute positively, albeit to a lesser extent. Gender (male=0), 

smoking status (currentSmoker=0), and other combined factors 

have minor negative contributions. 

4. Conclusions and Recommendations 

This study aimed to develop and evaluate machine learning 

models for predicting binary risk status ("Yes" or "No") using 

supervised classification techniques. The primary objective 

was to identify the most effective model among k-Nearest 

Neighbors (KNN), Naïve Bayes, and Support Vector Machines 

(SVM), based on diagnostic performance metrics including 

accuracy, sensitivity, specificity, precision, Cohen's kappa, and 

McNemar's test. Among the evaluated models, the Support 

Vector Machine (SVM) emerged as the most balanced and 

robust performer, achieving an accuracy of 88.13%, a kappa of 

0.7153, a sensitivity of 92.66%, and a specificity of 77.78%. 

The non-significant McNemar's test p-value (0.1036) indicates 

consistent classification without statistically significant error 

imbalance. KNN followed closely with 86.95% accuracy, high 

sensitivity (94.69%), but comparatively lower specificity 

(69.25%), suggesting a tendency to overpredict the positive 

class. Naïve Bayes, while delivering the highest sensitivity 

(99.21%), exhibited poor specificity (34.63%), resulting in a 

model that is heavily imbalanced and favors false positives. 

Based on these findings, SVM stands out as the most reliable 

model for risk prediction in this context. Practitioners and pol-

icymakers can adopt this model in decision-support systems for 

public health screening, financial risk assessment, or educa-

tional interventions targeting specific populations. Its balance 

between sensitivity and specificity makes it especially suitable 

for high-stakes applications, where minimizing both false neg-

atives and false positives is critical. Policy frameworks should 

advocate for the integration of machine learning into risk 

management practices and invest in capacity-building initia-

tives to improve data literacy and model transparency. Future 

studies should emphasize explainable AI techniques, external 

validation on diverse populations, and evaluation in real-world 

environments to enhance the utility and trustworthiness of 

predictive models. 

Abbreviations 

ML Machine Learning 

KNN K-Nearest Neighbors 

SVM Support Vector Machines 

NB Naïve Bayes 

ROC Receiver Operating Characteristic 

AUC Area Under the Curve 

NPV Negative Predictive Value 

PPV Positive Predictive Value 

F1 F1 Score (Harmonic Mean of Precision and Recall) 

Sens Sensitivity (True Positive Rate) 

Spec Specificity (True Negative Rate) 
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