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Abstract

Stroke prediction has many supporting features and variables. Some forecasts focus more on health or elements that are
already present. Predicting stroke risk by identifying habitual factors provides more advantages for preventive action. In
addition, the complexity of features or variables is a concern in predicting stroke risk. In this study, we used a public dataset
from Kaggle with 10 features or variables. In this study, we propose to collaborate algorithms and preprocessing in feature
selection using Pearson Correlation and Principal Component Analysis (PCA) dimension reduction to unravel the complexity
of variables and data processing computing. This aims to predict stroke risk more simply. The results of the experiment show
that feature selection using Pearson Correlation between features and labels produces maximum results using 5 features out
of 10 provided features. This approach produces the best performance on the Naive Bayes, Iterative Dichotomiser Tree (ID3),
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Logistic Regression with 100% accuracy and reduces

Sfeatures by 50% to support the reduction of the complexity of prediction variables and data processing computing.
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1. Introduction

Stroke is the leading cause of death and disability
worldwide, with significant impacts on public health
and healthcare systems [1]. In 2021, stroke was the
third leading cause of death globally, down from second
place in 2019, and caused about 10% of total deaths. In
high-income countries, although most diseases in the
top 10 causes of death increased due to population
ageing, the number of deaths from stroke was 18%,
between 2000 and 2021. However, stroke remains in the
top three causes of death [2]. Stroke, which was
previously thought to be the dominant disease affecting
the elderly group, is now increasingly experienced by
younger individuals [3].

This shows that stroke prevention and risk management
efforts are crucial in dealing with this significant burden
of disease. There are two primary categories of risk
factors that contribute to stroke: non-modifiable risk
factors, such as age and family history, and modifiable
risk factors, such as lifestyle and specific health
conditions [1], [4] - [6]. Lifestyle modifications and
appropriate health management have the potential to

intervene in modifiable risk factors, which are one of
the two categories.

Machine learning (ML) has become a potent instrument
in the healthcare industry recently, especially for
disease prediction. Large, complicated datasets may be
analyzed thanks to machine learning techniques, which
can also reveal complex patterns and relationships in the
data that are difficult to spot using conventional
techniques [4]. In particular, machine learning offers a
more reliable and scalable method for determining risk
factors in stroke prediction by processing and
evaluating various lifestyle and health data, including
blood pressure, physical activity, and eating patterns

[6].

Previous study has shown that an individual's risk of
stroke can be raised by factors such as their diet,
physical activity levels, and smoking behaviours [7].
The epidemiological literature also shows that the risk
of stroke can be substantially diminished by adopting a
healthy lifestyle [8]. Although there is evidence
supporting these links, predicting stroke risk remains
challenging due to the complexity of lifestyle-related
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data. This is where machine learning is critical. By
using machine learning methods, we can not only look
at big datasets more thoroughly, but we can also learn
more about how lifestyle choices affect the risk of
having a stroke [1]. The objective of this investigation
is to create a classification model that can predict and
identify stroke risk by analysing the lifestyle patterns of
individuals, utilising machine learning techniques. In
this context, the utilisation of machine learning enables
a more comprehensive and exhaustive examination of
the correlation between a variety of lifestyle factors and
stroke risk.

Machine learning, particularly algorithms like Random
Forest, SVM, and Logistic Regression, has shown great
promise in predicting stroke risks. Random Forest, for
example, has been proven to achieve high accuracy
rates in stroke prediction models, often surpassing
traditional statistical methods. The technique works by
building multiple decision trees and combining their
results to improve prediction accuracy. Regarding the
development of machine learning, specifically Random
Forest, it has been demonstrated to achieve superior
accuracy in comparison to Decision Tree and Logistic
Regression, with an F1 score of 94%. The results of the
study applied 10 attributes and showed that BMI is one
of the most significant predictor factors [9]. Stroke
disease prediction using machine learning using the
Random Forest algorithm with an F1 score of 99%. The
investigation used 10 attributes without identifying the
most crucial factor attribute [10]. Stroke disease
classification is carried out by comparing the accuracy
of two methods, namely SVM and PSO.

Moreover, by using a Publicly Available Dataset from
Kaggle, the SVM approach generated an accuracy of
88% while the PSO-SVM method generated an
accuracy of 95%. This model can offer a greater
awareness of stroke risk at the individual level by
simultaneously examining a variety of lifestyle factors
[6]. This enables healthcare providers to offer patients
recommendations that are more personalized and
precisely targeted. Previous studies on stroke detection
has also been conducted using the Naive Bayes
Algorithm and PSO. There are 11 features used, with an
accuracy result of 86.21% with the Naive Bayes
Algorithm, and 95.02% with the PSO-Naive Bayes
Algorithm [11]. Research on the early identification
system of stroke disease using Reverse Propagation
Artificial Neural Network.

The study used 10 features and showed a result of
97.8%. In addition, this study can also provide new
insights into the relationship between lifestyle factors
and stroke risk [12]. Research on stroke risk prediction
using Machine Learning Techniques was also carried
out with a stacking method and 10 attributes that
showed an accuracy of 98%. By understanding the
relative contribution of each factor in influencing stroke
risk, more specific and measurable interventions can be
developed to prevent or reduce that risk [13]. The
Classification and Regression Tree (CART) Algorithm

is also useful for predicting stroke disease. The study
used ten features achieving an accuracy of 89.83% [14].
Extreme Gradient Boosting was also used in stroke
prediction research, achieving an accuracy of 94.3%.
The study included ten attributes [15].

Previous research compared five algorithms for stroke
prediction: Random Forest, KNN, Artificial Neural
Network, SVM, and Logistic Regression. There are ten
features employed, demonstrating that the Random
Forest and KNN algorithms outperformed the other
three algorithms. The Random Forest has an accuracy
of 85%, whereas KNN has an accuracy of 82.5% (16).
Another study found that machine learning systems can
anticipate strokes with an accuracy of up to 91%. The
study used ten features to compare several algorithms.
These algorithms are: Logistic Regression, Random
Forest, KNN, Naive Bayes, Support Vector, and
xgboost. The Random Forest algorithm [17] provides
the maximum accuracy.

The predictive model that will be developed in this
study will be able to help healthcare providers provide
more personalized recommendations by utilizing
machine learning's capacity to analyze the intricate
interplay of lifestyle factors. In contrast to conventional
methodologies, which may concentrate on a restricted
number of variables, this method provides a
comprehensive understanding of the correlation
between lifestyle choices and stroke risk.

The novel approach employed in this research is the
combination of Pearson Correlation for feature
selection and PCA for dimensionality reduction,
although numerous studies have applied machine
learning to stroke prediction. This unique process is
important for healthcare applications that focus on
being efficient and accurate, as it simplifies the features
while keeping their ability to predict outcomes. This
study uses a publicly available dataset from Kaggle,
which has been widely used in previous research,
ensuring the reproducibility of our results. By
leveraging this dataset, our study not only builds upon
existing work but also offers a new perspective by
introducing advanced preprocessing techniques such as
PCA and Pearson Correlation. These methods
contribute to improving the efficiency of machine
learning models in stroke prediction, particularly in
terms of computational complexity and feature
selection.

The objective of this study is to develop a more
practical, scalable, and precise tool for identifying
individuals at risk, facilitating timely intervention, and
contributing to the global initiative to reduce the
prevalence of stroke by integrating machine learning
into stroke prediction. Additionally, it is anticipated
that this research will facilitate the development of more
advanced diagnostic methods and intervention
strategies, thereby improving public health outcomes
related to stroke prevention.
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The results of this study can be used to develop more
effective public health policies for encouraging healthy
lifestyles and lowering the prevalence of stroke in the
community. In the context of globalization and
urbanization, it is important to effectively identify and
address stroke risk factors [1].

2. Methods

The purpose of this study is to predict stroke early based
on the lifestyle of the community. Overall the flow of
this research is shown in Figure 1.

Dimension Feature
Reduction Selection
Classification

Figure 1. Block diagram of early prediction of stroke disease

Based on Figure 1, the research began with gathering
information from which this study used public datasets
obtained from Kaggle. Preprocessing—that is,
standardising with Z-Score, dimension reduction with
PCA, and feature selection with Pearson Correlation—
next comes. The classification process follows from
there. This work applied five classification techniques:
Naives Bayes, Decision Tree ID3, Support Vector
Machine (SVM), K-Nearest Neighbours (KNN), and
Logistic Regression. The Confusion Matrix then
allowed one to compare the outcomes. Then the results
were compared with the Confusion Matrix.

2.1 Dataset

In this study, a public dataset of 4981 data taken from
kaggle at the following link
https://www kaggle.com/datasets/fedesoriano/stroke-

prediction-dataset . The dataset was divided into
training data and testing data with a ratio of 80:20. The
dataset consists of several variables that represent the
characteristics of the individuals being studied. The
Gender variable indicates the respondent’s sex, while
Age describes the individual’s age. The Hypertension
variable identifies whether a person has a history of
high blood pressure, and Heart disease shows whether
the individual has a heart condition. The Ever married
variable explains the marital status of the respondent,
indicating whether they have ever been married or not.

The Work type variable represents the type of
employment, which can include private employees,
self-employed individuals, government workers, or
children if the data corresponds to younger age groups.
The Residence type variable describes the type of
living area, distinguishing between rural and urban

regions. Furthermore, Avg glucose level shows the
average blood glucose level of an individual, while BMI
(Body Mass Index) represents the ratio of weight to
height, reflecting body composition. Lastly, the
Smoking_status variable describes an individual’s
smoking habits with categories such as unknown, never
smoked, smokes, and formerly smoked.

2.2 Research Scenario

In this study, 3 research scenarios were carried out as
shown in Figure 2. Based on Figure 2, there are 3
scenarios that are carried out at the preprocessing stage.
Scenario 1 shows all datasets used for all features,
which are then classified. In the classification stage, this
study applies 5 classification algorithms, namely
Naives Bayes, Decision Tree ID3, Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), and
Logistic Regression, which are then evaluated with a
confusion matrix.

[ Scenario 2 ] I

Scenario 3 ]

Scenario 1

Using Pearson Using Pearson
Correlation for Correlation for
f Features Selection Features Selection
Classification Correlations Correlation of Dimeniional
between features and reduction using
features tables PCA

l Evaluation ] ‘ ¢

I Classification ] [ Classification I

Classification

’ Evaluation ]

[ Evaluation ] [ Evaluation ]

Figure 2. Block diagram of research scenario

In scenario 2, feature selection is carried out using
Pearson Correlation. This stage uses two approaches,
namely the search for correlations between features and
the correlation of features and tables. Then in each
approach, classification is carried out with the same
algorithm as scenario 1, and evaluated with a confusion
matrix. In scenario 3, the same as scenario 2, in the
preprocessing stage, feature selection is carried out
using Pearson Correlation. However, on scenario 3 This
study applied dimensional reduction using Principal
Component Analysis (PCA). Furthermore,
classification and evaluation are carried out, with the
same algorithm on scenario 1 and 2. Several machine
learning algorithms are implemented [18], [19].

In this study, the Naive Bayes algorithm was applied to
estimate stroke risk by calculating conditional
probabilities based on selected lifestyle features. This
probabilistic approach was chosen for its simplicity and
efficiency in handling independent attributes such as
age, hypertension, and glucose level [20]. The Decision
Tree C4.5 algorithm was implemented to classify stroke
risk by selecting attributes that provided the highest
information gain ratio, forming a hierarchical structure
that identified the most influential lifestyle factors. This
process allowed the model to produce interpretable
decision paths that indicate the dominant variables
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contributing to stroke occurrence [21]. The Support
Vector Machine (SVM) algorithm was utilized to
determine the optimal separating hyperplane that
distinguishes individuals with potential stroke risk from
those without. A kernel function was applied to handle
nonlinear relationships among lifestyle variables,
improving classification accuracy in high-dimensional
feature space [22]. The Logistic Regression model was
used to estimate the probability of early stroke
occurrence by modeling the relationship between
multiple lifestyle predictors and the binary outcome
variable. The sigmoid function was employed to map
the relationship between input factors and stroke
probability, enabling interpretable probability-based
classification [23]. The K-Nearest Neighbours (KNN)
algorithm was applied to classify new instances based
on their similarity to existing data points in the dataset.
By calculating the proximity of each individual’s
lifestyle features—such as BMI, age, and smoking
status—to neighbouring samples, the model was able to
infer stroke risk based on the closest patterns in the
training data. [24], [25].

2.3. Preprocessing

In machine learning, preprocessing is the first stage to
prepare raw data such that the algorithm may make
most use of it. Raw data unprocessed can include errors,
noise, empty data, or improper formats. Preprocessing
is therefore necessary to enable the data to become
cleaner and more ordered, so enabling the model to
operate more precisely and effectively [26]. To mitigate
the intricacy of multiple features in stroke prediction,
we implemented Pearson Correlation for feature
selection and PCA for dimensionality reduction as part
of our preprocessing pipeline. Our investigation is a
substantial contribution to the field because this
combination is rarely investigated in the literature for
stroke prediction. Categorical features are modified by
label encoding during preprocessing.

Furthermore, the use of a Kaggle dataset guarantees the
reproducibility of the results of our study and
underscores the potential of public datasets to enhance
the generalization and efficacy of machine learning
models in healthcare applications. By utilizing publicly
available datasets, our research can be independently
validated by other researchers, ensuring transparency
and fostering further advancements in the field.

The standardization process was performed to
transform all numerical features into a common scale
with a mean of 0 and a standard deviation of 1. The Z-
Score normalization technique was employed to
prevent attributes with larger numerical ranges from
dominating the computation in machine learning
algorithms. This step ensured that all lifestyle-related
variables, such as age, BMI, and glucose level,
contributed proportionally to the model. [27]. The Z-
score equation is shown Formula 1.

z="+ (M

g

z is standardized data value, x is original value, p is
mean of the data, and o is standard deviation.

Following data standardization, Principal Component
Analysis (PCA) was applied to reduce the
dimensionality of the dataset while maintaining the
maximum amount of information. PCA identifies a set
of principal components that represent linear
combinations of the original variables with the highest
variance. In this research, PCA was used to simplify the
dataset and enhance computational efficiency during
stroke risk classification, without significantly reducing
the predictive capability of the model. The Principal
Component Analysis (PCA) process in this study
involved several key stages. First, the data were
standardized to ensure that each feature contributed
equally to the analysis. Next, a covariance matrix was
constructed to measure the correlation between the
variables. Based on this matrix, eigenvalues and
eigenvectors were then calculated, where the
eigenvectors represent the directions of the principal
components and the eigenvalues indicate the amount of
variance explained by each component. Finally, the data
were projected onto the principal components with the
highest variance, resulting in a lower-dimensional
representation that retains most of the essential
information. This dimensionality reduction technique is
widely applied in various domains, including image
processing and genetic data analysis, to simplify data
structures while preserving important patterns and
relationships [28].

The Pearson Correlation technique was applied in this
study to select the most relevant features by quantifying
the linear relationship between each variable and the
target class. This method calculates the correlation
coefficient (r) to determine the strength and direction of
association, where values close to +1 indicate a strong
positive correlation, values close to —1 indicate a strong
negative correlation, and values near 0 represent little to
no linear relationship. By identifying features with high
correlation values to the target variable, less influential
or redundant attributes were removed, thereby
improving the model’s efficiency and interpretability.
The Pearson correlation used in this study serves as an
essential step in the preprocessing stage to ensure that
only meaningful lifestyle-related variables contribute to
stroke prediction. The correlation coefficient is
mathematically expressed as shown in Formula 2 [29].

_ TXi-X)(i-7)
"= o R2 s0ri- 172 )

Xi dan Yi are represent the values of the feature and
goal variables, respectively. X dan Y = represent the
means of each variable. Interpretation of Correlation
Coefficient, when r < 0 is Positive correlation (if X
increases, Y also increases). r < 0 is Negative
correlation (if X increases, Y decreases). r = 0 is No
linear correlation.
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2.4 Evaluation Using the Confusion Matrix

In this study, the evaluation used to measure the
performance of the algorithm is Confusion Matrix,
which includes accuracy equation is shown in Formula
3, precision equation is shown in Formula 4, recall
equation is shown in Formula 5, and F1-score equation
is shown in Formula 6.

TP+TN
Accuracy = ——————— 3)
TP+FN+TN+FP
.. TP
Precision = 4)
TP+FP
TP
Recall = 5)
TP+FN
2 (Precision)(Recall
F1 Score = 2{recision)(Recall) (6)
Precision+Recall

TP is True Positive, TN is True Negative, FP is False
Positive, and FN is False Negative [30]. The way the
Confusion Matrix works is by comparing the number of
predictions with correct values and the number of
predictions with wrong values in the prediction class
whether or not they have a stroke. The description of
the Confusion Matrix is shown in Table 3.

Table 3. Confusion Matrix

Predicted

Positive Negative
Actual Positi\./e TP FN
Negative FP TN

3. Results and Discussions
3.1 Preprocessing Features

This study will compare the performance of feature
selection with two different methods, namely feature
selection with a dimension reduction approach and
feature selection using correlation techniques. The

difference between these two approaches is that
Principal Component Analysis (PCA) is used to reduce
dimensions by turning the original feature into a main
component without reducing the feature whereas
Pearson Correlation selects features that have a strong
correlation with the target, eliminating features that
have a low or insignificant correlation. In the
preprocessing process, three things are carried out,
namely standardization using Z-Score, dimension
reduction using PCA, and feature selection using
pearson correlation. Using the PCA approach, the
dimensions are reduced from ten to three major
features. Figure 3 depicts an overview of the PCA-
based feature transformation findings.

PC1 PC2 PC3

2545247 3652845 1.178087

2282765 2.303843 -0.837016

1.634646 -0.632934 0.958564

1.700947 1.529020 -1.145725

1.469942 1.155522 1.025082

4976 -0.927145 -0.003126 -0.993150

4977 1.288481 0476637 0.988576

4978 2237912 -0.583123 -1.229674

4979 0694555 -0.545549 -1.020161

4980 2.075185 0.100636 0.814883

Figure 3. Visualization of PCA methods

PCA reduction techniques help reduce the number of
features (variables) in a dataset without losing
significant information. In this study, this aims to
reduce the dimensions of quite a lot of variables, namely
10 variables and improve their performance.

Correlation Matrix Heatmap
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Figure 4. Pearson correlation results

1148



Riska et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 5 (2025)

At the feature selection stage using pearson correlation,
there are two approaches. The first approach is to look
for correlations between features and the second is the
correlation of features and labels. In the first approach,
the "ever married" feature is reduced while leaving 9
features, namely, gender, age, hypertension,
heart_disease, work_type, Residence_type,
avg_glucose_level, bmi, smoking_status. In the second
approach that is linked to the label, there are 5 features
that are maintained age, heart_disease,
avg_glucose level, hypertension, ever married. An
overview of the correlation results obtained with the
implementation in python is shown in Figure 4.

3.2 Performance Using All Features

In the first stage, the performance of 5 machine learning
algorithms was evaluated to see the results of stroke
prediction with 10 features or variables. The
performance results were evaluated using a confusion
matrix. The performance results are shown in Table 4.

Table 4. Performance evaluation results with all features

followed by the Naives Bayes, KNN, and Decision tree
ID3 algorithms have the lowest performance.
Dimensional reduction using PCA results in more
degraded performance than when using all features
without reduction as shown in Table 4.

3.4 Performance Using Pearson Correlation

Feature selection using pearson correlation is divided
into two, namely correlation between features or
variables and correlation between features and labels. In
the correlation between features, one feature reduction
is produced, namely "ever married". The results of the
algorithm performance by omitting one feature, namely
"ever married" are shown in Table 6.

Table 6. Pearson Correlation Performance Results By Reducing A
Single Feature

Algorithm Confusion Matrix Evaluation Performance
Accuracy  Precision  Recall F1
score
Naives Bayes 1.00 1.00 1.00 1.00
Decision Tree ID3 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00
KNN 0.94 0.91 0.94 0.92
Logistic Regression 1.00 1.00 1.00 1.00

Algorithm Confusion Matrix Evaluation Performance
Accuracy  Precision  Recall F1

score
Naives Bayes 1.00 1.00 1.00 1.00
Decision Tree ID3 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00
KNN 0.94 0.91 0.94 0.92
Logistic Regression 1.00 1.00 1.00 1.00

In Table 4, it shows that four machine learning
algorithms are very resilient in completing stroke
disease classification so that they get 100% accuracy
results, namely the bayes naives algorithm, ID3,
Support Vector Machine (SVM), and logistic
regression. The KNN algorithm gets a lower accuracy
of about 94%. The performance shown has
computational weaknesses and complexity of features
or variables where it consists of 10 features so that
further research is carried out to reduce features and
select features using PCA and Pearson Correlation.

3.3 Performance Evaluation Involving PCA

At the performance stage, it uses the Z-score and PCA
standardization approach. There are 5 algorithms used
to test stroke classification performance. The
performance results of each algorithm are compared in
Table 5.

Table 5. Results of performance evaluation involving PCA

Algorithm Confusion Matrix Evaluation Performance
Accuracy  Precision  Recall F1

score
Naives Bayes 0.94 0.91 0.94 0.92
Decision Tree ID3  0.90 0.91 0.90 0.91
SVM 0.95 0.89 0.95 0.92
KNN 0.94 0.89 0.94 0.92
Logistic 0.95 0.89 0.95 0.92

Regression

From the results of Table 5, it is known that the
collaboration of PCA dimension reduction and SVM
machine learning algorithms and Logistic regression
has high performance with the same accuracy of 95%,

In Table 6, when reducing data using the Pearson
correlation between variables, the performance tends to
be good for all algorithms, especially the Naives Bayes,
ID3, SVM, and Logistic Regression algorithms. Next is
a feature selection approach using Pearson Correlation
that connects features and labels or outputs. The results
are shown in Table 7.

Table 7. Results Of Performance Evaluation Involving Pearson
Corelation Label

Algorithm Confusion Matrix Evaluation Performance
Accuracy  Precision Recall Fl
score
Naives Bayes 1.00 1.00 1.00 1.00
Decision Tree ID3 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00
KNN 0.94 0.92 0.94 0.92
Logistic Regression 1.00 1.00 1.00 1.00

In Table 7, Feature reduction using the correlation
feature with a threshold value with a label of 0.1
produces 5 features with very satisfactory performance
results, namely  hypertension,  heart disease,
ever_married, age, avg glucose level features. In
addition to producing satisfactory performance, namely
with 100% accuracy on Naives bayes, ID3, SVM,
Logistic Regression algorithms. Each of these features
plays a crucial role in determining stroke risk.
Hypertension is a well-established medical risk factor,
as elevated blood pressure can damage blood vessel
walls and increase the likelihood of clot formation or
rupture in the brain, thereby strongly enhancing the
model’s predictive capability. Heart disease also
contributes  significantly, since cardiovascular
conditions such as heart failure or atrial fibrillation can
cause emboli formation, which obstructs cerebral blood
flow and raises the risk of ischemic stroke. The
ever_married feature reflects lifestyle and behavioral
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variations related to marital status, where differences in
diet, stress, and physical activity between married and
unmarried individuals may influence  stroke
susceptibility. Age remains a fundamental non-
modifiable risk factor, as advancing age brings
physiological changes such as reduced arterial elasticity
and a higher incidence of comorbidities like
hypertension and diabetes, increasing stroke
vulnerability. Lastly, the average glucose level feature
is strongly linked to diabetes, which can lead to vascular
damage and atherosclerosis due to chronic
hyperglycemia, thereby elevating the risk of
cerebrovascular events. Collectively, these five features
provide an interpretable and biologically meaningful
foundation for early stroke prediction based on lifestyle
and health indicators. Overall, these five features are not
only statistically significant within the model but are
also supported by strong clinical evidence. The
combination of clinical factors (hypertension, heart
disease, glucose level, and age) with a
sociodemographic factor (marital status) provides a
more comprehensive view of stroke risk, thereby
enhancing both the accuracy and clinical relevance of
the developed predictive system.

3.5 Performance Evaluation Involving Pearson
Corelation Between Variables And PCA

At this stage, feature selection is carried out using
Pearson correlation and PCA dimension reduction.
Features are selected first with Pearson correlation and
then reduced with PCA. The results of the pearson
correlation collaboration between variables, the PCA
reduction algorithm, and the algorithm are shown in
Table 8.

Table 8. The Results of The Performance Evaluation Involving
Pearson Corelation Between Variables And PCA

Algorithm Confusion Matrix Evaluation Performance
Accuracy  Precision  Recall F1
score
Naives Bayes 0.94 0.92 0.94 0.92
Decision Tree 0.91 0.91 0.91 0.91
1D3
SVM 0.95 0.89 0.95 0.92
KNN 0.93 0.90 0.93 0.92
Logistic 0.95 0.95 0.95 0.92
Regression

Table 9. The Results of The Performance Evaluation Involving
Pearson Corelation Label And PCA

Algorithm Confusion Matrix Evaluation Performance
Accuracy Precision  Recall F1
score
Naives Bayes 0.91 0.93 0.91 0.92
Decision 0.91 0.90 0.91 0.90
Tree ID3
SVM 0.95 0.89 0.95 0.92
KNN 0.94 0.90 0.94 0.92
Logistic 0.95 0.89 0.95 0.92
Regression

From the results of Table 8, there is a decrease in
accuracy in all algorithms so this method is not
recommended. The next experiment involves the

selection of Pearson Correlation features between
features and labels by involving PCA shown in Table 9.

In Table 9, there is also a decrease in all algorithms
compared to only using the selection of the pearson
correlation feature without dimension reduction.

3.5 Discussions

Unlike previous studies that primarily focused on
maximizing classification accuracy, this study places
greater emphasis on reducing the number of features
through techniques like Pearson Correlation and
Principal Component Analysis (PCA). By identifying
and retaining only the most relevant features, this
approach not only enhances computational efficiency
but also provides more interpretable and actionable
insightsThe significance of feature selection in the
prediction of stroke risk is underscored by the results of
this study, particularly in the reduction of
computational costs and feature complexity while
preserving high accuracy.

These results are compared to those of previous
research, and several significant observations are
revealed. For example, Random Forest has been
employed in studies to achieve F1 scores as high as 99%
[10], despite the absence of identification of the most
critical features. Other studies that employed SVM and
PSO-SVM achieved accuracy rates of 88% and 95%,
respectively, which  further substantiated the
significance of SVM in stroke classification [6]. In a
similar vein, research employing Naive Bayes and
PSO-Naive Bayes achieved accuracy rates of 86.21%
and 95.02%, respectively, while Reverse Propagation
Artificial Neural Networks achieved 97.8% accuracy
[12].

The present research prioritizes feature selection as a
critical step in improving efficiency, in contrast to
previous studies that primarily focused on optimizing
classification accuracy using full feature sets. By
reducing the number of features by 50%, the model
effectively reduces computational complexity while
maintaining a high level of accuracy across multiple
algorithms, particularly SVM and Logistic Regression.
This approach aligns with prior research showing that
SVM consistently demonstrates superior performance
in stroke classification tasks. Furthermore, this study
identified five key features that significantly contribute
to stroke risk: age, heart disease, average glucose level,
hypertension, and ever married. These findings suggest
that lifestyle interventions, particularly those focusing
on glucose intake and hypertension management, could
be particularly effective in reducing stroke risk. By
emphasizing the most influential habitual factors, this
research provides not only a model with high accuracy
but also one that can inform preventive measures in
public health.

A key contribution of this study is its exploration of the
relative contribution of each feature to stroke risk, an
area that has not been explicitly examined in many prior
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studies. By isolating and focusing on specific lifestyle
factors, such as hypertension control and glucose
intake, this study offers a practical perspective on stroke
prevention strategies. This differs from previous
research that mainly concentrated on optimizing model
performance metrics. In comparison to studies that have
concentrated on full-feature sets to improve accuracy,
this study highlights the importance of feature selection
as a critical step to improve model efficiency. The
reduction in the number of features allowed the model
to maintain high accuracy while simultaneously
reducing computational complexity. This trade-off
between accuracy and efficiency is crucial in real-world
healthcare scenarios, where speed and resource
optimization are just as important as predictive power.

Overall, the findings underscore that the optimization of
stroke prediction models is significantly influenced by
feature selection, particularly through Pearson
Correlation. This method facilitates the practical
implementation of machine learning-based stroke
prediction systems in real-world healthcare applications
by reducing feature complexity and enhancing
computational efficiency. Additionally, by focusing on
the relative contribution of lifestyle factors, this study
provides actionable insights that can inform healthcare
policies, such as encouraging dietary changes and
lifestyle adjustments to reduce stroke risk.

4. Conclusions

This research focuses on feature reduction to reduce
feature complexity and later can reduce computation in
data processing. In research, stroke risk prediction
through more features in habits can be one of the
breakthroughs for early prevention of stroke risk. The
dataset used is taken from the public dataset in Kaggle.
Three aspects have been focused on: improving
accuracy performance. Second, using the Pearson
correlation feature selection method, both correlation
between variables and correlation with labels. Third,
collaboration in feature selection and dimension
reduction is carried out. The purpose of this selection
is to reduce the complexity of features or variables and
will reduce the computation of data processing. From
the results of pre-processing and collaboration
experiments, stable SVM and Logistic regression
algorithms were obtained in various treatments. This
can be seen in the comparison of performance in Table
4- Table 9 and Table 7 as the best results. The
identification of five key features : hypertension,
heart_disease, ever_married, age, and
avg glucose level highlights both their statistical
significance and clinical relevance. Among these,
reducing glucose intake and managing hypertension-
triggering foods in daily life play an important role in
minimizing stroke risk. In conclusion, this study offers
anovel approach to stroke risk prediction by integrating
PCA for dimensionality reduction and Pearson
Correlation for feature selection, a combination that is
not commonly found in previous stroke prediction

studies. Additionally, the use of a publicly available
Kaggle dataset adds value by ensuring the
reproducibility of our findings, which is essential for
advancing machine learning applications in healthcare
and promoting their wider adoption in predictive
modeling.

However, there are some limitations to this study.
Future research should incorporate cross-validation or
stratification, particularly in cases with imbalanced
classes, to determine whether the accuracy claims
presented in this study reflect overfitting. Additionally,
we specifically highlight that the use of public datasets
from Kaggle, while clinical in nature, may not fully
reflect the complexity of real-world patient data,
particularly due to differences in population
characteristics across regions. We also acknowledge
that the developed model needs further testing on
larger-scale and more diverse datasets to ensure
scalability and the generalizability of the results.

As a direction for future research, although this study
has utilized real clinical data from the publicly available
Kaggle dataset, further validation with local clinical
data from each country is still required. This is
important because population characteristics, lifestyle
factors, and stroke risk patterns may vary across
regions. Consequently, the developed prediction model
can become more accurate, relevant, and ready for
practical implementation in specific clinical contexts.
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