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ABSTRACT 
Hypertension is a condition in which blood vessels experience continuous 
pressure higher than normal limits which can cause pain and even death. 
Hypertension is classified into several classes based on the measured blood 
pressure. To correctly diagnose hypertension is a critical task that requires 
medical specialists who are unfortunately not evenly distributed in every 
region. This research aims to implement Particle Swarm Optimization for 
hyperparameter tuning in machine learning algorithms in hypertension 
disease classification. This approach is developed by comparing the 
performance of Random Forest (RF), Light Gradient Boosting Machine 
(LGBM), and Extra Trees (ET). Each algorithm was trained using 
hyperparameters tuned based on previous research literature, tuned with 
Grid Search and Cross-validation (GSCV), and Particle Swarm Optimization 
with Cross-validation (PSO-CV). Several evaluation metrics were used in this 
study, such as precision, recall, F1-score, ROC-AUC, PR-AUC, but due to the 
case of data imbalance, recall became the main metric in this study. The 
experimental results show that the combination of LGBM and PSO-CV is the 
best combination of algorithms and hyperparameter optimization methods 
with precision, recall, F1-score, ROC-AUC, and PR-AUC values of 0.22, 0.63, 
0.33, 0.79, and 0.24, respectively. Not only that, every model that uses PSO-
CV is proven to be consistent and has a significant improvement, so the 
results of this study prove that PSO-CV can have a positive influence on 
model performance in this study, especially in the case of unbalanced data. 
In this study, it can also be seen which features affect hypertension based on 
the best model, namely LGBM + PSO-CV, so that it can be a literacy for readers 
and a reference for feature work. 
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1. INTRODUCTION 

Hypertension is a condition in which blood vessels 

experience increased pressure above normal limits that 

occurs continuously, hence it is commonly referred to as 

high blood pressure [1]. It is categorized as a serious 

medical condition because it can cause complications and 

trigger other deadly diseases, such as coronary heart 

disease, heart failure, aortic dissection, stroke, and 

chronic kidney disease [2], [3]. The Silent Killer is a 

nickname that can describe hypertension because 

sufferers often do not realize that they have the disease 

before blood pressure measurements [4]. Moreover, 

some cases state that it is possible that a chronic 

hypertension patient who momentarily has normal blood 

pressure, is misdiagnosed if based only on the readings 

of the sphygmomanometer [5]. This phenomenon is called 

Masked Hypertension, where patients with suspected 

hypertension have normal blood pressure when 

examined [6]. There are two risk factors for hypertension, 

namely unchangeable factors such as age, gender, and 

genetics. The second is factors that arise from human 

lifestyle. However, it can still be changed by taking 

appropriate treatment, such as smoking, alcohol 

consumption, excessive salt consumption, obesity, stress, 

and lack of physical activity [7]. Knowing the factors that 

https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:danielsengkey@unsrat.ac.id
https://doi.org/10.35882/ijeeemi.v7i2.86
https://creativecommons.org/licenses/by-sa/4.0/


 Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
 Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 387-400, May 2025  

e-ISSN: 2656-8624 

 

 
Corresponding author: Daniel Febrian Sengkey, danielsengkey@unsrat.ac.id, Department of Electrical Engineering, Faculty of Engineering, 
Universitas Sam Ratulangi, Jl. Kampus Unsrat, Bahu, Manado, Indonesia, 95115.  
DOI: https://doi.org/10.35882/ijeeemi.v7i2.86 
Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an 
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).  

388 

cause hypertension can undoubtedly make it easier for 

someone to take early prevention of the deadly disease. 

Therefore, regular blood pressure monitoring is needed to 

prevent the disease. In some places with limited medical 

facilities, further diagnosis is challenging due to the 

availability of the corresponding experts, who make it 

possible to request the appropriate advanced treatments 

[8], [9], [10], [11]. In the era of technological development 

in the Industrial Revolution 4.0, existing innovations are 

growing rapidly, one of which is Artificial Intelligence 

technology commonly known as Artificial Intelligence (AI), 

especially Machine Learning (ML) which can perform 

classification tasks with its algorithms which are known to 

have high accuracy so that it brings major changes in 

various industrial sectors, especially in the health industry  

[12]. Machine Learning (ML) is part of artificial intelligence 

commonly known as Artificial Intelligence (AI). ML is a 

computer science discipline that focuses on building 

computers or machines that can learn and have some 

kind of intelligence [13]. In short, machine learning is used 

to teach machines how to handle data efficiently [14]. In a 

study, it is explained that there are several tasks in 

machine learning which are categorized into 3 learning 

types, supervised, unsupervised, and reinforcement [15]. 

Supervised learning focuses on developing a function that 

associates inputs with corresponding outputs using given 

input-output examples. In contrast, unsupervised learning 

operates without supervision, identifying patterns in data 

independently. Meanwhile, reinforcement learning 

involves learning a set of decision-making rules based on 

feedback gathered from interactions with the 

environment. 

Classification is one of the important tasks in 

supervised learning, which is the process of categorizing 

a set of data into a particular class from several available 

classes. In other words, classification is the process of 

building a model based on training data (training set), 

which will then be used to perform classification on test 

data (test set) or on new data that the model has never 

seen before. The classification task has so many 

algorithms, and some of the selected algorithms used for 

the classification task in this research include Random 

Forest (RF), Light Gradient Boosting (LGBM), and Extra 

Trees (ET). RF is an algorithm that is often used in 

classification problems, where it works by approaching 

various decision trees through majority voting to reach a 

final decision. This approach is also referred to as the 

ensemble technique [16]. LGBM itself is often used in 

classification tasks, especially for gradient boosting, 

which has several advantages such as being efficient and 

flexible when used on large datasets, and is known for its 

high accuracy compared to other algorithms [17]. Having 

similar characteristics to random forest, which is included 

in the ensemble learning method, ET was chosen in this 

study. The thing that distinguishes ET from RF lies in the 

level of randomization applied when building a decision 

tree. Not only that, by randomly selecting features and 

split points without the most optimal split based on certain 

metrics, the ET approach can produce more diverse 

models that can improve performance on some datasets 

[18]. 

Several studies have proven that the Particle Swarm 

Optimization (PSO) method can improve the performance 

of machine learning algorithms in various fields. For 

example, PSO has been applied for hyperparameter 

tuning in Arabic sentiment analysis, COVID-19 big data, 

and heart disease prediction and classification using a 

combination of PSO and Ant Colony Optimization (ACO) 

[19], [20], [21]. PSO also played a key role in improving 

the Extreme Learning Machine Method (ELM) for 

classifying CKD cases [22] These results show that PSO 

is able to optimize hyperparameters effectively and 

improve model accuracy. 

A study in CoVID-19 analysis [20] shows that the 

application of PSO can improve model performance, with 

the best accuracy of 92.3% on MLP models optimized 

with PSO. However, this research only focuses on PSO 

without comparing it with other optimization methods. On 

the other hand, another study, [23], showed that Grid 

Search Cross-Validation (GSCV) was able to improve the 

accuracy of hypertension classification models by 13.7%, 

but this study only used limited machine learning 

algorithms. Meanwhile, the study 

“Photoplethysmography-based non-invasive blood 

pressure monitoring via ensemble model and imbalanced 

dataset processing” [24] obtained an F1-score value of 

81.6% with an AUC of 0.895, but did not discuss the 

handling of unbalanced data that could affect model 

performance. 

Based on previous studies, there is a gap in the 

application of PSO for hyperparameter tuning in 

hypertension classification. To the best of our knowledge, 

there has been no research that specifically compares the 

PSO method with GSCV in the context of hypertension 

classification by considering the handling of data 

imbalance and using various machine learning 

algorithms. Therefore, this study aims to implement PSO 

for hyperparameter tuning in machine learning algorithms 

in hypertension classification and compare the 

performance of models optimized using PSO-CV and GS-

CV as a baseline. The contributions of this research are 

as follows: 

1. Implement PSO for hyperparameter tuning in 

hypertension classification using ensemble learning-

based algorithms such as RF, LGBM, and ET. 

2. Comparing the performance of PSO-CV and GS-CV 

and proving the superiority of PSO-CV. 
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3. Using SMOTE balancing technique and weighting 

techniques which are the default parameters of the 

algorithms used in this research simultaneously and 

see the best performance to be used. 

4. Using stroke dataset in hypertension classification by 

considering relevant features as consideration. 

The remainder of this paper is organized as follows: In 

Section 2, we present the materials as well as the 

methods used in this research, such as the data sources, 

and the steps/stages in the research. Then we present the 

research results in Section 3, and in Section 4 we 

continue with a discussion of what has been obtained in 

Section 3. Finally, in Section 5 we conclude this research 

and potential issues to be explored further. 

 

2. MATERIALS & METHOD 

The course of this research loosely adopts the Cross-
Industry Standard Process for Data Mining (CRISP-DM) 
[25], [26]. In the initial stage, business understanding, we 
focus on conducting literature studies and understanding 
the basic concepts of theory to identify a problem to be 
studied. The data understanding stage involves collecting 
and understanding data by exploring the data to be used. 
The data preprocessing stage involves data cleaning, and 
data transformation consisting of data normalization and 
categorical data encoding, to ensure the data is ready to 
be used in machine learning model training. This stage 
also involves splitting the data using the train_test_split 
technique for the training set used to train and build the 
model and the test set for the final evaluation of the model. 
Fig. 1 shows the course of research, as adapted from the 
CRISP-DM. 

A. Dataset 

An openly available stroke prediction dataset from Kaggle 
is used for this research. The dataset consists of a total of 
5110 rows and 12 features [27]. We focus on the 
classification of hypertension so that the features used as 
labels are hypertension features which are categorized 
into 2 classes, namely 0 for non-hypertensive patients and 
1 for hypertensive patients. The dataset has an imbalance 
in the target variable, where class 0 has a data population 
of 90.3%, while class 1 has only 9.7% of the data. The 
distribution of data for training can be seen in Table 1  and 
the feature columns of the dataset are described in Table 
2. Feature data types include numeric and categorical. 

Table 1. Label distribution in the training and testing 
dataset. The numbers indicate an imbalance in 
frequency between the hypertension status. 

Label Dataset 

Training Testing Total 

0 3689 922 4610 

1 398 100 499 

 4087 1022 5109 

 
 No 9.1 In addition to unbalanced data, there are other 

limitations in this study, such as a relatively small dataset 
that increases the risk of overfitting the developed model 
due to the limitations of statistical analysis [28]. Another 
limitation is the features of the dataset that mostly come 
from certain demographic groups, thus underrepresenting 
the diversity of the population as a whole. 
 Based on the discussion, we found that the limitations 
in this study may affect the extent to which the research 
findings can be generalized to the wider population. For 
example, a model that shows high performance on this 
dataset may not necessarily show similar performance 
when applied to a significantly different population, 
especially since the model was designed to be more 
sensitive to the dataset used in this study. Therefore, 
cautious interpretation is required in this study, and further 
studies with larger and more diverse data are 
recommended to validate and strengthen the findings. 

B. Data Preprocessing 

Several tasks are performed in the data preprocessing 
stage, including handling missing values, where the 
missing values are only found in the BMI column, which is 
201 rows. Since the missing values amounted to <5 of the 
total data used, the decision taken was to fill the empty 
values using median value imputation, after that handling 
outliers, where further handling of outlier data was only 
done on the BMI feature because outlier cases on the 
Glucose Level feature usually reflect actual diabetes 
cases, both type 1 and type 2. Then, encoding categorical 
variables was applied to all features with categorical data 
types in the dataset. In this study, the decision to eliminate 
some features did not use the feature selection method 
but was only done manually on less relevant features 
generated from feature importance, namely id, 
type_gender, and type_domicile. Data type handling is 
only done on the age column which is in the form of a float 
and will be converted into an integer to simplify numeric 
data by rounding the number to the nearest integer. The 
last stage before separating the data is scaling and 
normalization, where scaling is done on features that have 
numeric (integer) data types, including Age, Average 
Glucose Level, and BMI by using the MinMaxScaler 
function. When the data has been scaled, the data type of 
the features that have gone through the scaling stage will 
change from integer to float. The dataset is divided into 2 
types, namely training data and testing data using a 
division pattern of 80:20 for the train set and test set. The 
split was done using the train_test_split technique and 
stratification to ensure that the class distribution of the 
dataset remains the same for each subset of data 
generated. This technique is particularly useful when 
working with unbalanced datasets. 

Handling imbalanced data is a process that is not 
mandatory for balanced data. However, in the case of the 
dataset that will be used for modeling has a very extreme 
class imbalance in the target variable (label), where the 
imbalance ratio is 1:10 where class 0 (no-hypertension) 
as the majority class has 4611 rows of data and class 1 
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(hypertension) as the minority class only has 498 rows of 
data. Handling data imbalance is necessary in cases of 
extreme data imbalance to prevent bias in the model to be 
built, where the model learns more from the majority class 
so that it loses information for the minority class [29]. This 
process is done using the Synthetic Minority Over-
sampling Technique (SMOTE) with the best sampling 
strategy of 75% and using the default parameters of the 
algorithm such as class_weight and scale_pos_weight. 
SMOTE is only applied to the training data to avoid the 
occurrence of leakage data that will affect model 
evaluation on data that has never been seen. SMOTE 
works by generating synthesized data for minority classes 
through interpolation of existing data, thus supporting 
improved underrepresentation of classes without simply 
repeating the same data or duplicating it. On the other 
hand, the workings of class weighting using class_weight 
and scale_pos_weight are to provide a greater penalty for 
misclassification of minority classes. This approach 
allows the model to focus more on the minority classes 
without changing the original data distribution. SMOTE 
was only applied to the training data to avoid data leakage 
that would affect model evaluation on unseen data, and 
SMOTE's own sampling_strategy setting was limited to 
75% to avoid potential overfitting due to extreme data 
imbalance that could potentially generate a lot of 
synthesized data. 
 As explained in the previous paragraph, data 
imbalance is a condition where one class is much more 
dominant than the other, which can cause machine 
learning models to be biased towards the majority class. 
In the real world, especially in the context of the medical 
world such as hypertension classification, the majority 
class usually contains “non-hypertensive” cases and the 
minority class contains “hypertensive” cases, because a 
person who does not have a certain disease is usually 
more than a person who has a certain disease [30]. If not 
handled properly, models trained on such datasets may 
overlook patients who really need medical attention. 
Therefore, it is important to apply balancing techniques as 
well as evaluation strategies that emphasize the 
importance of detection in minority classes [31]. In this 
study, data balancing techniques such as SMOTE and 
algorithm default parameters such as class_weight and 
scale_pos_weight were used to address the imbalance 
between hypertensive and non-hypertensive classes. 
These techniques were shown to effectively improve the 
representation of minority classes by synthesizing new 
examples based on existing samples. As a result, the 
model becomes better able to recognize important 
patterns from hypertensive patient data, thus improving 
performance on metrics such as recall and F1-score, 
which are very important in a medical context. 
 

C. Modeling and Hyperparameter Tuning 
In the modeling stage, several experiments were 

conducted to prove the effectiveness of the PSO method 

with the application of machine learning algorithms used 

in this study, namely Random Forest, LGBM, and Extra 

Trees. The initial stage begins with the creation of a basic 

model for each algorithm that will be used as a reference 

for the next step. After obtaining initial insight from the 

application of several balancing techniques such as 

SMOTE, class_weight, and scale_pos_weight 

parameters in each algorithm, the next stage is the last 

part of model building in this study, namely the application 

of GSCV and PSO-CV methods for hyperparameter 

tuning of machine learning algorithms to be used.  

In the experimental configuration of this study, a laptop 

with Windows 11 Home Insider Preview Single Language 

64-bit operating system (10.0, Build 26244), Intel(R) 

Core(TM) i3-1005G1 processor, CPU running at 

1.20GHz, and 4 GB RAM was used to run the Python 3 

classifier code on both Jupyter Notebook and Google 

Colab. Several packages and libraries, such as Scikit 

Learn, sklearn, Pandas, Numpy, Pyswarm, and Matplotlib, 

were used to run the code during training. In this 

implementation, the dataset is divided into 80% for the 

training set and 20% for the test set. 

Furthermore, the model design will be carried out 

using 3 machine learning algorithms, namely Random 

Forest (RF), Light Gradient Boosting (LGBM), and Extra 

Trees (ET). The reason for choosing these algorithms is 

because their characteristics are suitable for classification 

tasks, including hypertension classification. The three 

algorithms are ensemble learning algorithms that are able 

to handle some of the constraints that exist in this study, 

especially in the dataset used. Some of the reasons are 

that the algorithms are able to capture complex or non-

linear patterns, do not require excessive preprocessing, 

resistance to overfitting, high performance on variable 

data, and are able to overcome data imbalance problems 

such as in this study. 

In this research, hyperparameter tuning for machine 

learning algorithms using PSO is carried out and then 

compared with GS as a baseline model. In the model 

training stage, the training data is implemented in the 5-

fold cross-validation method for all machine learning 

algorithms. This is done so that there is no need to 

explicitly separate the dataset into validation subsets 

because validation is done iteratively in each fold. The 

reason for choosing 5 folds is because the dataset used 

includes data that is not too large, and to avoid the lack of 

quality of model evaluation if using more folds, the data 

selected is only 5 folds which is also based on previous 

studies. Not only that, small folds provide a fairly accurate 

evaluation while still being efficient in terms of computing 

time, especially if the dataset is small and the model used 

requires a considerable amount of training time. By 

dividing the data into 5 folds, each data will be used once 

as test data and 4 times as training data. This strategy is 

applied to reduce the bias that may occur if relying on only 
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one set of test data, as well as provide more stable and 

reliable results.. 

Hyperparameter tuning is the process of finding the 
best and optimal parameters of a machine learning model 
to obtain better performance from the built model [32]. In 
the context of machine learning, a hyperparameter is a 
parameter whose value is set before starting the learning 
process, which has a difference from the parameter value 
obtained by default when training [19]. Regarding the 
choice of hyperparameters and their ranges, these are 
usually determined based on domain knowledge, 
previous research findings, and experiments [33]. The 
method in this study uses GSCV and PSO-CV, to 
thoroughly test each hyperparameter combination in the 
search space. The reason for the selection of optimization 
methods in this study is, for GSCV itself is chosen 
because it is simple and provides a comprehensive 
overview, suitable for small search spaces, and is often 
used in previous studies. And for PSO-CV is chosen 
because it is flexible and efficient in exploring a large 
search space so that it can save more time than GSCV. 
To ensure the generalization of the best-performing 
hyperparameters during training, 5-fold cross-validation is 
used [34]. Table lists the application of hyperparameter 
tuning to each algorithm with different models and the 
search space used for hyperparameter tuning. 

 
D. Evaluation 

Model evaluation is carried out using test data or data that 
has never been seen during training. The model 
evaluation stage uses evaluation metrics such as 
accuracy, precision, recall, and F1-score, using ROC-
AUC and PR-AUC as an addition. In addition to 
calculations, analysis is also carried out to determine 
whether there is a tendency to misclassify classes with 
other classes using a confusion matrix [35]. In this 
research, we use: 
1) Precision, to measure the number of correct positive 
predictions compared to all positive predictions made by 
the model. Measuring with the formula thus shows how 
reliable the model is in classifying the sample as positive 
without error, Eq. (1) ;  

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝑻𝑷

𝑻𝑷+ 𝑭𝑷
    (1) 

2) Recall, to measure how well the model identifies 
positive samples by comparing the number of true 
positives to the total actual positives. This metric is 
important in cases where negative misclassification has 
more impact than positive, such as in disease detection, 
Eq. (2) [36]; 

𝑹𝒆𝒄𝒂𝒍𝒍 =  
𝑻𝑷

𝑻𝑷+𝑭𝑵
    (2) 

 

Fig. 1. The course of research. The heart of this work lies in the peach/orange shaded box, where Particle 
Swarm Optimization with Cross-Validation (PSO CV) is employed for hyperparameter tuning. 
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 3) F1-score, the harmonic mean of precision and recall, 
providing a balance between the two, especially on 
unbalanced data, Eq. (3) [37]; 

𝑭𝟏 =  
𝟐 ×𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ×𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
    (3) 

 4) Receiver Operating Characteristic: Area Under the 
Curve: ROC-AUC is a metric that measures the 
classification model's ability to distinguish between 
positive and negative classes, with a value of 1 indicating 
perfect separation and 0.5 indicating performance 
equivalent to a random guess [38]. ROC-AUC is a graph 
used to show the performance of the classification model 
at various threshold values. This graph plots the following 
2 things. True Positive Rate (TPR) or recall: this measures 
the proportion of positives that are correctly predicted by 
the model, also known as sensitivity, Eq. (4) [37];. 

𝑻𝑷𝑹 =  
𝑻𝑷

𝑨𝒄𝒕𝒖𝒂𝒍 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆
=  

𝑻𝑷

𝑻𝑷+𝑭𝑵
  (4) 

False Positive Rate (FPR): measures the proportion of 
negatives that are predicted as positives. FPR can be 
calculated as, Eq. (5) [37];: 

𝑭𝑷𝑹 =  
𝑭𝑷

𝑨𝒄𝒕𝒖𝒂𝒍 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆
=  

𝑭𝑷

𝑻𝑵+𝑭𝑷
   (5) 

where TP (True Positive) is the frequency of positive 
cases correctly predicted by the model, TN (True 
Negative) is the frequency of negative cases correctly 
predicted by the model, FP (False Positive) is the 
frequency of negative cases that the model incorrectly 
predicted as positive, and FN (False Negative) is  the 
frequency of positive cases the model incorrectly 
predicted as negative. 
 
5) Precision-Recall: Area Under the Curve: PR-AUC is a 
metric that measures the performance of the model on 
imbalanced data by calculating the area under the 
Precision-Recall curve, which is more informative than 
ROC-AUC in scenarios with minority classes. The higher 
the PR-AUC value, the better the model is at 
distinguishing positive from negative classes at various 
thresholds [38]. 

 
Table 2. Data type and descriptions for each feature in 
the dataset. 

Feature Type Description  

Id Numeric Unique identifier 

Gender Categorical "Male", "Female" 
or "Other" 

 

Age Numeric Age of the patient 

Hypertension Categorical 0 if the patient 
doesn't have 

hypertension, 1 if 
the patient has 
hypertension 

Heart_disease Categorical 0 if the patient 
doesn't have any 

heart diseases, 1 if 
the patient has a 

heart disease 

Ever_married Categorical "No" or "Yes" 

Work_type Categorical "children", 
"Govt_jov", 

"Never_worked", 
"Private" or "Self-

employed" 

Residence_type Categorical “Rural" or "Urban" 

Avg_glucose_level Numeric The average 
glucose level in 

the blood 

BMI Numeric Body mass index 

Smoking_status Categorical "formerly smoked", 
"never smoked", 

"smokes" or 
"Unknown" 

Stroke Categorical 1 if the patient had 
a stroke or 0 if not 

 
The previous paragraph discussed the evaluation 

metrics used in this study, where the selection of metrics 
was tailored to the needs of the study to assess the 
performance of the classification model. In this study, all 
metrics provided valuable information, but recall was 
chosen to be the main metric as the focus of analysis 
because it best reflects the clinical needs in the context of 
hypertension classification” [39].  
 From the previous discussion, it has been explained 
how the recall metric works, where recall will measure the 
extent to which the model is able to identify all cases of 
hypertension that actually exist. This is important because 
high false negatives can have a serious impact on 
patients, where patients can experience delays in 
diagnosis and treatment that can lead to complications. 

Table 3. The hyperparameter search that used in 
the tuning process with grid search (GSCV) and 
Particle Swarm Optimization (PSO-CV). 
 

Model Hyperparameter GSCV PSO-CV 

RF 
n_estimators [100, 300, 500, 

800, 1000] 
[100 ~ 500] 

 
max_depth [10, 20, 30, 60, 

None] 
[1 ~ 100] 

 min_sample_split [2, 5, 10] [2 ~ 10] 

 min_sample_leaf [1, 2, 4] [1 ~ 4] 

 bootstrap [True, False] - 

LGBM learning_rate [0.01, 0.05, 0.1] [0.01 ~ 0.1] 

 n_estimators [100, 200, 300] [100 ~ 300] 

 num_leaves [31, 50, 100] [31, 100] 

 min_data_in_leaf [51, 55, 60] [20 ~ 50] 

ET 
n_estimators [100, 300, 500, 

800, 1000] 
[100 ~ 500] 

 
max_depth [10, 20, 30, 60, 

80, None] 
[1 ~ 100] 

 min_sample_split [2, 5, 10] [2 ~ 10] 

 min_sample_leaf [1, 2, 4] [1 ~ 4] 
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Therefore, keeping the recall value high is a priority in this 
study. In addition to recall, other metrics such as precision 
and F1-score are used to balance the performance of the 
model, where precision measures the accuracy of positive 
predictions, while F1-score provides a balance between 
precision and recall, especially useful when there is an 
imbalance between the number of positive and negative 
cases.  
ROC-AUC and PR-AUC are then used to evaluate model 
performance more holistically under various thresholds. 
ROC-AUC provides an overview of the trade-off between 
true positive rate and false positive rate, while PR-AUC is 
considered more sensitive in situations of imbalanced 
data as in this study, as it focuses on the relationship 
between precision and recall. 

Misclassification has a huge impact on patient 
outcomes, where a high false negative will lead to the 
neglect of treatment in patients who are actually 
hypertensive, whereas a high false positive will lead to 
unnecessary or unneeded treatment [40], although the 
clinical consequences tend to be less severe than a high 
false negative. Therefore, metrics such as recall are 
relevant to ensure that the model has a high sensitivity to 
hypertension cases even if other metrics are considered. 

3. RESULT 

A. Balanced Dataset 

Table 4 shows the balanced labels in the training dataset 

after SMOTE is applied. The ratio of positive hypertension 

cases to negative hypertension cases has been 

improved, from 1:9.27 to 1:1.33. The balancing was not 

pushed further to 1:1 despite its theoretical plausibility to 

preserve the authenticity of the data fed to the algorithms. 

B. Model Performance 

The model evaluation results in this study are presented 

as a whole in one section to facilitate comparative 

analysis of model performance. The baseline model is 

used as an initial reference to assess the performance of 

the algorithm before balancing techniques and 

hyperparameter optimization are performed. In the 

baseline model, the results show that the ET al algorithm 

has a more stable performance than RF and LGBM 

because it has a better trade-off between recall and F1-

score. The PR-AUC of the ET model is also close to the 

PR-AUC of the RF algorithm, although the ROC-AUC is 

slightly lower. 

Furthermore, the application of balancing techniques 

was carried out with two methods, namely with default 

parameters (class_weight for RF and ET and 

scale_pos_weight for LGBM) and SMOTE with the best 

sampling_strategy of 75%. The evaluation results showed 

that the RF model with SMOTE had a significant increase 

in recall from 0.06 to 0.45 and F1-score from 0.10 to 0.34, 

although the PR-AUC had a slight decrease from 0.25 to 

0.23. The highest improvement was achieved by the 

LGBM model with scale_pos_weight, where recall 

increased from 0.07 to 0.49, so the F1-score also 

increased from 0.11 to 0.32. Meanwhile, the ET model 

with SMOTE experienced an increase in recall from 0.10 

to 0.35, but precision decreased from 0.31 to 0.23, 

resulting in a relatively small increase in F1-score from 

0.15 to 0.28.  

The average model has improved when balancing 

techniques are applied to each algorithm used, especially 

for recall which makes balancing techniques proven to 

have a major influence in improving model performance. 

The tuned model also proves to be more optimal, which 

makes the model not only in the sub-optimal 

configuration. The reason why the LGBM + PSO-CV 

model is superior to other models is because LGBM has 

Table 4. Comparison of the label distribution in the 
training before and after applying SMOTE. 

Label Before SMOTE After SMOTE 

0 3689 3689 

1 398 2766 

 

Table 5. Metric evaluation results for all models for 
each algorithm. 

Model Precision Recall 
F1-

score 
ROC-
AUC 

PR-
AUC 

Baseline RF 0.32 0.06 0.10 0.77 0.25 

RF + SMOTE 0.27 0.45 0.34 0.77 0.23 

RF + GSCV 0.24 0.34 0.28 0.77 0.22 

RF + PSO-CV 0.26 0.43 0.32 0.77 0.22 

Baseline LGBM 0.24 0.07 0.11 0.78 0.22 

LGBM + 
scale_pos_weight 

0.23 0.49 0.32 0.77 0.22 

LGBM + GSCV 0.25 0.43 0.32 0.79 0.24 

LGBM + PSO-CV 0.22 0.63 0.33 0.79 0.24 

Baseline ET 0.37 0.13 0.19 0.76 0.25 

ET + SMOTE 0.23 0.35 0.28 0.75 0.22 

ET + GSCV 0.50 0.01 0.02 0.75 0.22 

ET + PSO-CV 0.21 0.36 0.27 0.76 0.22 

 

 

 

Table 3. The best combination of 
hyperparameter values in each algorithm with 
the best balancing technique. 

Model HPs GSCV PSO-CV 

RF n_estimators 300 364 

 max_depth 60 77 

 min_sample_split 2 3 

 min_sample_leaf 1 1 

 bootstrap  False - 

LGBM learning_rate 0.01 0.010 

 n_estimators 200 207 

 num_leaves 31 31 

 min_data_in_leaf 55 46 

ET n_estimators 100 386 

 max_depth 60 29 

 min_sample_split 2 2 

 min_sample_leaf 1 1 
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a natural ability to handle unbalanced data by adjusting 

the weights using scale_pos_weight. Not only that, the 

characteristics of the dataset used also support boosting 

models so that LGBM, as a tree-based boosting model, is 

very suitable for handling complex interactions between 

features. For the optimization method itself, PSO-CV 

proved to be superior to GSCV because of the way it 

explores the hyperparameter space globally and 

efficiently and does not only search based on a grid like 

GSCV. 

For the final stage, hyperparameter tuning is 

performed using Grid Search Cross-Validation (GSCV) 

and Particle Swarm Optimization Cross-Validation (PSO-

CV) with the best balancing technique from the previous 

stage. The RF+PSO-CV model shows an increase in 

recall from 0.06 to 0.43 but is still lower than the RF model 

with SMOTE without hyperparameter tuning. The 

LGBM+PSO-CV model achieves the best performance, 

with a recall of 0.63, surpassing that of the LGBM+GSCV 

model, albeit with a slight decrease in precision. The ET 

model showed less stable results, where recall increased 

from 0.10 to 0.35 after the application of the best 

balancing, but decreased drastically in the ET+GSCV 

model to 0.01, despite remaining stable in the ET+PSO-

CV model. 

All models' performances are shown in Table which 

summarizes the performance of each method used in this 

study. Based on the performance, it can be seen that the 

combination of balancing techniques and hyperparameter 

optimization can significantly improve model 

performance, especially in the LGBM algorithm with the 

PSO-CV method. The last part is the result of the best 

hyperparameter combination obtained when training on 

each algorithm used in this study using GSCV and PSO-

CV which can be seen in Table 6. 

 

4. DISCUSSION 

A. Effects of Hyperparameter Optimization on Model 

Performance 

Hyperparameter optimization is an important stage in 

improving the performance of machine learning models, 

where in this study a comparison between Grid Search 

CV (GSCV) and Particle Swarm Optimization CV (PSO-

CV) is conducted. Experimental results show that PSO-

CV successfully produces models with better 

performance than GSCV, especially in improving recall 

and F1-score. This improvement can be attributed to 

PSO-CV's ability to explore a wider hyperparameter 

space and avoid local minimum traps, thus finding more 

optimal hyperparameter combinations. For example, the 

LGBM model optimized with PSO-CV shows a more 

significant recall improvement compared to the results 

from GSCV, demonstrating the effectiveness of swarm 

 

Fig. 2. Effects of shuffling a particular feature on the model performance (averaged). The x-axis indicates how 
much the performance degraded if the respective feature is shuffled. 
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intelligence-based optimization methods in handling 

imbalanced datasets. 

In addition, the performance of the model optimized 

with PSO-CV is also more stable than that of GSCV, as 

indicated by a more consistent F1-score value across 

experiments. This indicates that PSO-CV is not only able 

to improve model performance in certain scenarios but 

also produces a more generalized model. This is in line 

with previous research which suggests that population-

based approaches such as PSO can be more adaptive to 

complex dataset characteristics. Thus, the results of this 

study strengthen the evidence that using PSO-CV as a 

hyperparameter optimization method can be a more 

effective alternative to conventional approaches such as 

GS-CV, especially in the case of classification with 

unbalanced class distribution. 

In this study, there are potential limitations of the 

hyperparameter tuning methods used, where for GSCV 

has challenges in time efficiency where it requires more 

time because of the way it works that tries all 

combinations of parameters in the specified grid, which 

can reduce the quality of tuning results because the best 

possibility that could not be evaluated [41]. And for PSO-

CV itself does not have so many challenges in this study, 

only a little fluctuation in the results and is still reasonable 

because the performance gap is small. This is because 

PSO is scholastic or probability-based, which even 

though the parameters are the same, the final result can 

be slightly different between iterations because the 

particles are initialized randomly [42]. 

In the research entitled “Disease prediction via 

Bayesian hyperparameter optimization and ensemble 

learning” [43], it is said that the Bayesian Optimization 

(BO) optimization method is more stable and accurate 

than other optimization methods, such as grid search and 

random search. This is evidenced in the classification of 

breast cancer and cardiovascular disease, where BO 

manages to tune the XGBoost parameters efficiently and 

consistently with smaller variations in results in repeated 

tests. Not only that, there are also other studies 

comparing BO and PSO, where BO is often superior to 

PSO in terms of search efficiency and fewer iterations to 

achieve optimal performance, especially in low-

dimensional search spaces and when model evaluation is 

expensive. However, PSO is faster in global exploration, 

more parallelizable, and excels in high-dimensional 

problems [44]. 

 

B. Model Explainability 

An explainable model is essential, especially in clinical 

situations, where with an understanding of the inner 

workings of the model, physicians could make an 

informed decision about whether to use the model’s 

recommendation [45]. This can be achieved by using 

feature importance analysis, which measures how each 

feature affects the overall performance of the model [45], 

[46]. In this study, we apply the Permutation Feature 

Importance (PFI) [47]. Fig. 2 shows the importance of 

each feature in the best model, the LGBM+PSO-CV. It 

shows that by shuffling the age feature, the model 

performance is degraded by 0.2 on average, which is the 

largest of all features. This implies that age is the most 

influential feature for the LGBM+PSO-CV model. This can 

be seen as comparable to several studies in hypertension 

that, in the research design, divided the subjects based 

on age groups [48], [49]. The next two important features, 

the BMI and blood glucose level, have a far lower impact 

on the model. This can be attributed to the different 

impacts of each risk factor, depending on the age group 

[48], [50], [51], [52]. The last prominent feature is the 

smoking status, which is related to the patient’s smoking 

habit. Smoking is a known modifiable risk factor for 

hypertension [53]. A study found that medications for 

hypertension patients with a smoking habit have different 

effectiveness than those for non-smoking patients. By 

Table 4. Results of the Shapiro-Wilk test for 
normality distribution of the feature importance 
for each dataset used in model development 
and evaluation. 

Feature Train Test 

W p W p 

age 0.985 0.326 0.990 0.670 

avg_gluc_level 0.993 0.892 0.994 0.962 

bmi 0.991 0.803 0.991 0.785 

ever_married 0.985 0.363 0.965 0.009 

heart_disease 0.844 < 0.001 0.702 < 0.001 

smoking_status 0.987 0.499 0.987 0.453 

stroke 0.962 0.006 0.925 < 0.001 

work_type 0.977 0.088 0.979 0.112 

 

Table 5. Results of the unpaired t-test for 
features with normally distributed importance. 

Feature group1 group2 t p 

age Train Test 33.662 < 0.001 

avg_gluc_level Train Test 30.338 < 0.001 

bmi Train Test 25.663 < 0.001 

smoking_status Train Test 19.103 < 0.001 

work_type Train Test 25.945 < 0.001 

 

Table 6. The Wilcoxon Signed Rank test results 
for the features with partial or not normally 
distributed importance. 

Feature group1 group2 T p 

ever_married Train Test 4536 0.257 

heart_disease Train Test 5197 0.619 

stroke Train Test 3973 0.011 
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comparing the importance of each feature to the related 

medical studies, we can conclude that the best model we 

built in this study, LGBM+PSO-CV, complies with the 

findings in the medical field. 

We further analyze the trends in the feature 

importance statistically. For inference statistics, 

distribution normality assumption has to be established 

before choosing the statistical method for comparing 

these quantities. The Shapiro-Wilk test is used to check 

this assumption on each feature, in both the training and 

testing datasets. The results are shown in Table 7. With α 

= 0.05, we can see that the importance values of 

heart_disease and stroke are not distributed normally in 

both datasets, while the same situation can also be 

observed with the ever_maried feature, but only in the 

testing dataset. Therefore, a non-parametric statistical 

test will be used to compare the importance of each 

particular feature in the training and testing datasets, 

while the other features will be analyzed with a parametric 

method. In Table 8, we present the results of the t-test of 

age, avg_gluc_level, bmi, smoking_status, and 

work_type, between training and testing. The p-values 

indicate that the feature importances are significantly 

different between the two groups of data. Meanwhile, for 

features analyzed with the Wilcoxon Signed Rank test, as 

shown in Table 9. Only the stroke feature shows a 

statistically significant difference between training and 

testing. 

These statistical results should be interpreted 

independently, aside from their particular order, as shown 

in Fig. 2. The boxplots in Fig. 2 shows that for each 

particular feature, the importance quantity tends to be 

higher when evaluated with the training dataset, due to 

the internal parameters of the model itself being attuned 

to the training data. It can also be observed that the first 

three features with the highest importance quantities are 

consistent in training and testing, while smoking_status 

and ever_married, as well as stroke and work_type 

rankings are switched.  

Improving model performance especially in terms of 

recall is important in the medical world, where in the 

context of hypertension a high recall indicates that the 

model is able to identify more patients who actually suffer 

from hypertension, thus reducing the possibility of false 

negative detection. This is crucial, because patients with 

hypertension who are not detected early can be at risk of 

developing serious complications and triggering other 

deadly diseases such as coronary heart disease, heart 

failure, aortic dissection, stroke, and chronic kidney 

disease [2], [3]. 

Thus, the application of an optimized model in this 

area, namely recall, can strengthen a more precise and 

responsive clinical decision-making process. Medical 

personnel can utilize the model output as an additional 

tool for screening, especially in times when resources are 

limited or when workload is very high. In addition, 

improving the model's ability to identify high-risk cases 

has the potential to expedite medical action, increase 

patient adherence to therapy, and improve long-term 

health outcomes. 

Overall, these findings highlight the importance of 

developing predictive models that are not only accurate in 

general, but also sensitive in finding positive cases, 

especially in chronic diseases such as hypertension that 

require immediate treatment. 

 

5. CONCLUSION 

In this study, we implement one of the optimization 

methods, namely Particle Swarm Optimization (PSO) for 

hyperparameter tuning machine learning algorithms that 

focus on classification tasks, intending to see the 

performance of PSO by comparing it with other 

optimization methods, namely Grid Search. The class 

distribution of a dataset is crucial in machine learning, 

where the performance of the model built is based on the 

condition of the data used. The application of balancing 

techniques such as oversampling using SMOTE and 

weighting techniques using the default parameters of the 

algorithm used, such as class_weight for Random Forest 

and Extra Trees, and scale_pos_weight for Light Gradient 

Boosting (LGBM) has proven unable to produce models 

with satisfactory performance. Extreme data imbalance, 

limited sample datasets used, and weak feature 

correlation make the built model unable to classify data 

optimally.  However, in this study, PSO has a big share in 

improving the performance of the model built, where in 

each experiment using PSO, it is proven that the minority 

class has an increase when compared to models that do 

not use PSO, which can be seen during model evaluation. 

For the best results in this study that focus on the recall 

value that adapts to medical needs, obtained from a 

model that uses the LGBM algorithm with the 

scale_pos_weight parameter as a balancing technique, 

as well as the use of PSO for hyperparameter tuning of 

the algorithm used, namely with a recall value of 0.63 

which is slightly better than other models. 

Moreover, this study also obtained the feature 

importance of the best model using Permutation Feature 

Importance, where the age and BMI features are the most 

influential features, followed by the avg_gluc_level and 

smoking_status features which have moderate influence, 

as well as the stroke and ever_married features which 

have little influence, to features that have no effect such 

as work_type and heart_disease. 

Despite the problem of data imbalance, which is the 

main problem in this study, PSO can still be said to be the 

best optimization method that can improve the 

performance of the built model when compared to Grid 
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Search, which is famous for its consistency and accuracy. 

Future research can consider using more optimization 

methods, such as random search, Bayesian optimization, 

genetic algorithm, and other optimization methods that 

have their advantages to compare with PSO [54]. Not only 

optimization methods, but also exploration of additional 

machine learning techniques, such as ensemble learning 

or deep learning, might provide further improvements in 

model accuracy and robustness [55], [56]. In addition, 

future research can also use datasets that are better 

distributed and have balanced classes, and can consider 

the integration of additional data such as medical history, 

lifestyle, or genetic data to improve predictive capabilities. 
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