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ABSTRACT

Hypertensionis one ofthe |eading causes of cardiovascular disease, necessitating
early prediction and detection of hypertension risk. The objective of this study is
to optimize the K-Nearest Neighbor (KNN) algorithm in predicting hypertension
risk using GridSearchCV.The dataset used was sourced from Kagg!e}nd includes
2,340| samples with 11 health attributes such as age, gender, and cholesterol
levels. After data processing, the KNN model was optimized with Grf'dSearchCV,\
evaluating combinations of hyperparameterslsuch as the number of neighbors
(k), weight type, and distance metric. As a result, the best model is an accuracy
of 86% for theLtesting data with GrdeearchCV,\rﬂpreseming a 4% increase
compared to KNN without GridSearchCV,\which only achieved an accuracy of
82%. Additionally, the ROC AUC Score of 0.9197 indicated good classification
performance. This study concludes that hyperparameter| optimization using
GridSearchCV can significantly enhance the predictive performance of the KNN
model in classifying hypertension risk.
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million. On the other hand, the number of
hypertension cases in developed countries has

1. INTRODUCTION

Hypertension. also called hypertension, it
is a long-term condition characterized by
increased arterial pressure, which plays a
significant role in causing cardiovascular
diseases like heart attacks and strokes [1] ,[2].
Worldwide, more than one billion people suffer
from hypertension and its prevalence is
increasing, particularly in countries with low
and middle incomes. China has the highest
number of hypertension cases, with 226 million
people affected, followed by India with 200
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decreased [3], [4]. The increasing burden of
hypertension underscores the need for effective
early prediction and detection to enable timely
medical interventions and improve patient
health outcomes [5]. With the growing reliance
on data-driven approaches in healthcare,
predictive models have become essential tools
in managing chronic diseases like hypertension.

One such data-driven approach is data
mining, which has proven effective in analyzing
large datasets and uncovering hidden patterns




[6]. In the healthcare sector, data mining
techniques are applied to predict, classify, and
analyze disease outcomes, providing valuable
insights that can guide clinical decision-making
[7]. Machine learning, an integral part of data
mining, is particularly useful for disease
prediction, including  hypertension, by
processing patient data to identify key risk
factors [8], [9]. Among the various machine
learning algorithms, K-Nearest Neighbor
(KNN) is widely appreciated for its simplicity
and effectiveness in classification tasks [10].
KNN's  ability to  handle complex
multidimensional data makes it a suitable
choice for predicting hypertension risk based on
factors such as age, gender, and cholesterol
levels [11], [12].

However, despite its effectiveness, one
limitation of KNN lies in determining the
optimal hyperparameters . 3uch as the number of
neighbors or the distance metric, which greatly
affects the model's performance [13], [14]. This
is why hyperparameter Mwing is crucial [15],
[16]. Hy;Jm}l(n‘amr).'p!‘hﬂing involves selecting
the best sect of parameters to enhance the
accuracy, precision, overall model performance
[17]. Traditional manual tuning methods are
often inefficient and prone to errors, especially
when dealing with large datgf sets| and complex
models [18]. To address 'these challenges,
automated techniques have been developed to
expedite this tuning process [19].

One of the most popular techniques for
hypemarmneter\)ptimization is GridSearch
Cross-Validation (GridSearchC V)\ This
method systematically searches through a pre-
defined set of hyperpammeler\Cmeinations.
evaluating each combination using cross-
validation to minimize overfiiting is performed
to ensure that the model generalizes well to the
new data [20], [21]. By assessing model
performance across multiple data subsets,
GridSearchCV ~identifies  the optimal
hypemarmneter\‘combination to  maximize
metrics like accuracy [22]. This comprehensive
search process makes it highly effective for
optimizing machine{learning algorithms such as
KNN, particularly 'in healthcare applications
[23].

Previous studies that serve as references
for this research include the study by
Sudriyanto,\wbich focused on neural network
optimization for hypertension prediction using
the Particle Swarm Optimization (PSO)
algorithm. This research combined Neural
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Networks (NN) with PSO to optimize weights
and biases, resulting in improved prediction
performance. The dataset used included
hypertension data with variables such as age,
gender, blood pressure, cholesterol levels, and
others. Experimental results showed that Neural
Networks with PSO produced a lower Root
Mean Squared Error (RMSE) wvalue (0.170)
compared to Neural Networks without PSO
(0.197). indicating improved accuracy in
predicting hypertension risk [24].

Another study by ()ngkosianbhadra\ﬁnd
Lzestariheueloped a hypertension risk predictive
model using the Gradient-Boosting Decision
Tree (GBDT) algorithm optimized with various
hyperpﬂrf;me!er%m'ng methods, including Tree
Parzen Pstimation, which achieved the highest
accuracy  of 74.43%. The dataset used
comprised 70693 rows of  information
provided by the Centers for Disease Control and
Prevention (CDC), with 17 attributes covering
behavior, medical history, and health status.
The results demonstrated that hyperparameter
optimization with Tree Parzen “Estimation
improved model performance, producing more
accurate  hypertension risk  predictions
compared to other tuning methods such as
GridSearch and Bayesian Optimization [25].

Unlike these approaches, this research
uses the KNN algorithm optimized with
GridSearch\O‘st—\a'a.lidation, which represents
a novel approach in classifying hypertension
data. Additionally, this study focuses on KNN
hyperparameter optimization through
Gr.-‘dSac'.-rchCVhN:echnique that has not been
widely applied t© KNN in the context of
hypertension prediction.

This research focuses on enhancing the
performance of the KNN algorithm for
predicting hypertension risk by utilizing
GridSearchCV yperparamelte rxmm“ng . The
goal is to optimize the KNN model by finding
the best hyperparmneters\that can improve its
ability to classify individuals based on key risk
factors. By combining the strengths of KNN and
the systematic optimization provided by
GridSearchCV the. goal of this study is to create
a reliable predictive model that can assist
healthcare professionals in identifying high-risk
individuals,  thereby enabling  earlier
intervention and reducing the health burden
associated with hypertension.




2.  RESEARCH METHODE ™

The dataset used in this research was
obtained from an open-source relevant to
hypertension risk factors, including information
such as age, gender, body mass index,
cholesterol levels, blood pressure, and other
health history. The data was sourced from
Kagg]e\ via the following link:
https://www.kaggle com/datasets/khan1803115
/hy pertension-risk-model-
main?resource=download, comprising a sample
of 2 .M(JLpatient records.

Before analysis, the data underwent a
cleaning and preprocessing stage, where each
entry was checked to ensure there were no
missing or incomplete data. Subsequently, the
data was split into two parts: the rraining set and
the rest set, to ensure that the model could adapt
and provide accurate results for previously
unseen data. This process guarantees that the
dataset used «can yield reliable and
representative predictions for hypertension.

All analyses were conducted using
Jupyter\Notebook. The research process is
further explained through the steps presented in

Figure I.

Data Preparation

¥

Data Preprocessing

¥

Data Splitting

L 2

Classifieation Using KNN

¥

Hyperparameter Optimization
(GridSearchCV)
W

I Best Evaluation Result I

Figure 1. Research Stages

2.1. Data Preparation

This stage involves collecting a
hypertension dataset that includes various
features related to patient health metrics, such
as gender, age, BMI, cholesterol levels, blood
pressure, and more. The data was obtained from
open sources, such as Kagg]e.\‘ﬂais dataset
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forms the foundation of thclrcscarch, making it
essential to ensure that the data used is relevant
and representative.

2.2. Data Preprocessing

Data preprocessing is crucial for
enhancing model accuracy and ensuring
consistent results. At this stage, missing values

in the dataset are handled using S.-'mpl'e;‘mpu.'er,\\

which can fill gaps with statistical measures

such as the mean. Additionally, MinMaxScaler

is used to scale features so that all variables
have auniform range (usually between 0 and 1),
which allows the model to process data more
efficiently without being affected by large
numbers

2.3.  Splitt Data

After pre-processing, the dataset is split
into two parts: fraining data and festing data,
using the train_test_split function. The training
data is utilized to train the KNN model, while
the fest data is reserved for evaluating the
model's performance. This division is crucial to
ensure that the model can generalize well to
new and unseen data.

24.  Classification Using KNN

At this stage, the K-Nearest Neighbor
(KNN) algorithm is used to classify patients as
either at risk or not at risk of hypertension. A
pipeline is created to streamline the
classification  process, integrating data
preprocessing steps and the KNN algorithm
into a single workflow. This pipeline simplifies
the process and ensures that all steps are applied
consistently during both the training and testing
phases.

2.5. Hyperpammelerbptimizatjon
((TJ‘deer'n‘r:hCV)\\

Hyperparameter aing is performed
using GridSearchCV0__ enhance  the
performance of the KNN model. This process
involves testing wvarious values for key
parameters, such as the number of neighbors
(k), typel of weights, and distance metrics, to
identify the combination that provides the best
accuracy. By systematically exploring these
parameters, the model is optimized to be more
effective for the specific dataset.

2.6. Validation and Evaluation
To evaluate the performance of the
applied model, validation is conducted using k-




fold cross-validation. In this study, k-fold cross-
validation is implemented with a training-to-
testing data ratio of 8:2, with variations in the
value of k ranging from 1 to 50. The model will
be evaluated by assessing the performance of an
optimized KNN model using GridSearchC V Tor

hy;u)r,-u'rr(rmp.'prMng_
3. RESULTS AND DISCUSSION

The study comprises seven main stages:
data preparation, preprocessing, data splitting
into training and testing sets, classification
using the KNN method, hyperparameter
optimization using GridSearchCV Torthe KNN
model, comparing KNN performance before
and after hypemaramerer%plimizatinn. and
finally, obtaining the best classification results
based on evaluation metrics such as accuracy.

3.1. Preparing Data For Classification

This research utilizes a 2024 dataset
sourced from Kaggle.\‘f?he dataset contains
several key features  for predicting
hypertension, including gender (coded as 0
for female, 1 for malf.-L- X1), age (X2),
smoking status (coded a$ O for non-smoker,
1 for smoker - X3), daily cigarette
consumption (X4), diabetes status (coded as
0 for non-diabetic, 1 for diabetic| - X35),
cholesterol level (X6), systolic' blood
pressure (X7), diastolic blood pressure
(X8), body mass index (X9), heart rate per
minute (X10), glucose level (X11), and the
final outcome of hypertension risk (coded
as 0 for not at risk, 1 for at risk).

As shown in Table 1, the dataset
consists of 12 features with a total of 2,340
data entries. Out of these 12 features, one
serves as the target variable, while the
remaining 11 act as inputs. The feature
designated as the target is "risk," while the|
11 features analyzed in this study include
gender, age, smoking status, daily cigarette
consumption, diabetes presence, cholesterol
level, systolic blood pressure, diastolic
blood pressure, body mass index, heart rate
per minute, and glucose level.

Before building the machine learning
model, the dataset must go through
preprocessing steps and ensure that the
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classes are balanced, making it ready for
further analysis.

Tahﬂl 1. Dataset used

No. X1 X2 X3 X4 X5 .. Xu Risk

2 0 46 0 0 0 76 0
3 1 48 1 20 0 70 0
4. 0 6l 1 30 0 103 1
5 0 46 1 23 [} 85 [}
[ 0 43 0 0 0 99 1
7 0 63 0 ] 0 85 0
8 0 45 1 20 0 78 0
9 1 52 0 0 0 Ik 1
10 1 43 1 30 ] &8 1
11 0 50 0 0 0 76 0
12 0 43 ] ] 0 6l 0
13 1 46 1 15 0 64 1
14 0 41 0 0 0 84 1
15. 0 38 1 20 0 70 1
16 1 48 1 10 [} 72 1
17 0 46 1 20 0 80 0
i8 0 3R 1 5 0 78 0
2.340. 1 40 0 0 0 72 1

3.2. Data Splitting

The data is divided into two parts: the
fraining set and the fest sef. This division is
made so that the model can leam from the




training data and then be tested with the test data
to evaluate its performance. The data split is
shown in Figure 2.

Split Data

X_train, ¥ _tes train, y_test = train_test_split

(X, v, test_si 1, stratifyzy, randde_stat

X_train.shape, X_test.shape, y_train.shepe, y_test.shspe

I 1]: ((3872, 11}, (468, 11), (1372.), (488,))

Figure 2. Data Spiit Process

In the code above, the input variables are
stored in X, while the target variable is stored in
y. The data is split use an 8(:20 ratio, 80% of
the data for training and 20% for testing, using
the rain_tesi_splir method in the
sklearn sitsdel_selection to split the data
randomly. with the ameter stratify=y to
ensure thalt the class distribution remains
balanced between the| fraining and fest sets.
A total of 1,872/ data pdints are used for training,
and 468 data points arc used for testing.

3.3, Building the KNN Model Without
GridSearchCV ™
Before applying GridSearchCV ~far
hyperpamneterﬁ:lﬁmizatian. an initial model is
built using the KNN algorithm with K = 5. At
this stage, the model is trained using the dataset
that has been split into 80:20 training and test
data.
The KNN model can be seen in Figure 3.

KNN without GridSearchCV

¢]- knn_model = KueighborsClassifier(r_neighborsss)
knn_modal £it(X_train_scaled, y_train)
7 » KhelghborsClassifier
kneighborsclassifier()

Figure 3. Building a KNN Model Without
GridSearchCV

Next, in the con&g’fﬂ mairix for KNN
without GridSearchCV, Ts.shown in Figure 4,
the results from the confusion matrix indicate
that out of the total 468 test data, there are 199
true positives, 187 true negatives, 35 false
positives,and 47 false negatives.
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Confusion Matrix (KNN tanpa GridSearchCV)

True label

Predicted label

Figure 4. Confusion Matrix KNN Withent
GridSearchCV

Next \qre the prediction results and
evaluation gendrated from the KNN model
without GridSearchCV."~,

Predict and Evaluate

GrigSesrchyliin’,
eed knnl)

@ B.81 @.as 234
1 .54 8.38 234

accuracy 8.8 4568
macra avg 0.63 [ o.az A8
welghted avg 0.03 0.2 0. ane

Figure 5. Prediction Resuits and Fvaluation of KNN
Without GridSearchC V]

The training and testing scores for the
KNN model without GridSearchCV Canbe seen
in Figure 6.

Train vs Test Accuracy (Manual KNN dengan n_neighbors=35)

L] —a— Train Score

OBE
#— lest Score

0.83

4'0 4.9 5.'-) 51 5.2
Number of Neighbors (k)
Figure 6. Pior Training v Testing Aceuvacy KNN
Without GridSearehC

As shown in Figure 6, the accuracy
obtained from the fraining data reached 88%.
indicating that the model can recognize patterns




in the training data well. However, when the
model was tested using the test data, the
accuracy dropped to 82%. This difference in
accuracy suggests the presence of overfirting,
where the model is too fitted to the training data
and struggles to generalize to new, unseen data.

Overfitting occurs when the model leamns
too many details and noise from the traning
data, leading to decreased performance on the
test data. Therefore. the next step is to perform
hyperparameter optimization using
GridSearchCV fo-find the optimal value for K,
in order to improve accuracy and reduce the risk
of overfitting with the help of K-Fold Cross
Validation.

3.4. KNN with GridSearchCV >~

At this stage, H ;.',')crpc'u‘arm!ermmg is
performed using GridSearchCV i e best
combination of parameters for the KNN model.
The range of values explored for
llypciparwncl\:rﬁ\m&ludcs K values from 1 to
50, weight options of uniform and distance, and
p values tested as 1 (Manhattan) and 2
(Euclidean). This process is conducted using
cross-validation with 3 different scenarios. The
KNN model with GridSearchCV Gan.be seen in
Figure 7.

KMNN with GridSearchCV

s werbouesi)

Seidsearchey

estimator: Pipeline
srep: Pipelise
simpletmpter
P
Hinfans:aler
!
wheLghborsclassiFler

I
Figure 7. Building a KNN Model with GridSea mf:('LI

Next, in the confusion mairix for KNN
with GridSearchCV . asshown in Figure 8, the
results indicate that out of a total of 468 resting
data , there are 204 true positive cases. 199 true
negative cases, 30 false positive cases, and 35
false negative cases.
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Confusion Matrix [KNN dengan GridSearchCV)

200

180

160

140

120

True label

100

B8O

60

Predicted label
Figure 8. Confusion Marrix KNN with Cra}.l'.\'mu':'li("'l1

The following are the prediction results and
evaluation produced by the KNN model with
GridSearchCV|

Predict and Evaluate GridSearchCV

Figure 9. Predicrion Results and Evaluation of KNN
\‘-’."fh1 GridSearchCV

The training and testing scores for the
KNN model with GridSearchCV Sr.be seen in
Figure 10.

1IN ve St Accurscy (NN Osngan Manhatian dan Unitarn v

/v/\ B LA e N

Nuimizer of heghbars (8]

Figure 10. Plot Training vs Testing Accuracy KNN
With GridSearchCV

The tuning results indicate that the best
parameters for the model are K value of 13, p of




1 (Manhattan), and uniform weights. The
accuracy achieved by this model is 85% for the
training data and 86% for the testing data,
indicating that there is no overfitiing as the
training and testing accuracies are fairly
balanced.

The model also achieved :mLf:OC AUIC
Score of 0.9197, which demonstrates good
performance in classification. The ROC Curve
can be seen in Figure 11.

Recelver Operating Charactenstic (ROC) Curve

03 -

o
o
Ay

True Positive Rate
e
L)
A S

02 -

- —— ROC curve (area = 0.92)

o0 02 na 046 08 Lo
False Positive Rate

Figure 11. ROC Curve

3.5. Comparison Between KNN Without
GridSearchCV™~and  KNN  With
GridSearchCV
To compare the best accuracy

between KNN and KNN optimized with

GridSearchCV, i is_essential to evaluate

their training results and performance. The

standard KNN classification  process
involves calculating the distance between
the test data and its nearest neighbors and
manually selecting the optimal number of

neighbors (k).

In contrast, KNN optimized with
Grfd.&'mrc'hcth-mmatically searches for
the best parameter combinations, including
the k value and distance metric, using cross-
validation. This technique enables the
model to find the parameter configuration
that yields the highest accuracy, reduces the
risk of averfitting, and enhances the
stability of model performance.

To compare the performance of both
approaches, the first step is to train both the
standard KNN and the KNN with
C Frid.&'em'r‘h(‘v\ﬁsing the same dataset. The
next step is to evaluate their accuracy on the
test data. The test results show that KNN
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with GridSearchCV ashicved an accuracy
of 86%, which is higher than the standard
KNN's accuracy of 82%. This confirms that
parameter optimization using
GridSearchCV an_si enificantly improve
model  performance. The  accuracy
comparison between the KNN method and
the KNN optimized with GridSearchCV Ts~
displayed in Table 2.

atl

T'.lbt'1l‘Cm:r;mri.\'rm Between KNN Without GridSearchCV
KNN Wirh Gafn'.\'w.r:r:'h("l-i

Metodd Kiareasi]
KNN without GricfSeareht | 2 |

KNN with (?n‘n‘.\'mn‘hCﬂl, 864

3.6. Exploratory Data Analysis (EDA)

Next, the researcher analyzed the
relationship between condition attributes and
the target using exploratory data analysis
{EDA) to identity the conditions that contribute
to the highest risk of hypertension. The EDA
process can be seen in Figure 12.

Exploratory Data Analysis (EDA)

car_var =

1. Figsize=(15, 3))

Ip{cat_var, axes,flatten(]}|:

t{umcat, data=df, he="Rick®, aw=ax 3

plt. tignt_layout{)
Pt ol

Figure 12. Esploratory Data Analysis Process

From the EDA process. the data
identified the highest-risk factors as follows:

TuIJeIIS. Maost Risky Conditions
Exploratory Daia Amadysis (EDA) Ploi Results

Gender Women

Age 46— 63 years
Smoker Do not smoke
Number of cigareties/day ]

History of disbetes No diabetes
Cholesterol 200 - 250
Systolic blood pressure 1400 - 180
Diastolic bloed pressure 88 - 08

BMI 24-30

Heart rate 75/ minute
Glucose 60 - 80

4. CONCLUSION

This study successfully optimized the
performance of the K-Nearest Neighbor (KNN)
algorithm for predicting hypertension risk using
Gr.-‘dSmrc.-hCV.\\With this approach. the
optimized KNN model achieved an accuracy of




85% on the training data and 86% on the testing
data, indicating the model's ability to generalize
well without overfitting. The ROC AUC Score
of 09197 demonstrates that the model has
excellent classification capability. These
findings underscore the importance of
h}';u)J‘,'u'rJ‘(r;npm“\funing in enhancing the
performance of machine learning models,
especially in the context of predicting
hypertension risk.

This research is expected to aid
healthcare professionals in early detection of
hypertension risk and help reduce the public
health burden. For future research, it is
recommended that this model be evaluated with
alarger and more diverse dataset to improve the
generalizability of the results. The use of other
optimization methods, such as Random Search
or Bayesian Optimization, could also be
considered to compare the effectiveness of
hyperparameter . tuning. Implementing
additional features or conducting deeper
analysis on the influence of specific attributes
on predictions could provide more valuable
insights for predicting hypertension risk.
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