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Abstract—Predictive analysis of stroke using
machine learning (ML) is a promising approach
for early detection and reducing the number of
stroke patients. However, the inherent class
imbalance in medical datasets poses a significant
challenge, often causing models to fail to detect
certain minority cases, such as stroke. This study
aims to evaluate and compare two popular
techniques for addressing class imbalance:
oversampling using the Synthetic Minority
Oversampling Technique (SMOTE) and cost-
sensitive learning, within the context of stroke
prediction. Using the public Kaggle stroke
dataset, three ML algorithms (Random Forest,
Support Vector Machine, and XGBoost) were
trained and tested in three scenarios: baseline
(without balancing), SMOTE, and cost-sensitive
learning. The results show that both balancing
techniques significantly improve recall for the
minority class, particularly in the SVM model,
but at the cost of reduced precision and accuracy
across the entire model. Feature importance
analysis using SHAP identified age and
hypertension as the most important factors in
predicting stroke, consistent with previous
research findings. Despite these improvements,
this study highlights the trade-off between
sensitivity and precision, which must be
considered for practical application in medical
decision support systems. Future research
should explore hybrid approaches and validate
results on larger and more diverse datasets.
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I. INTRODUCTION

Stroke is one of the leading causes of death and
permanent disability worldwide, posing a
significant social and economic burden,
especially in developing countries [1]. Early
prevention of stroke risk is essential to reduce
mortality and improve the quality of patients'
health. The development of machine learning
(ML) methods has shown promising results in
predicting stroke risk based on medical data
(2], [3].

In addition to the model used in this study,
various machine learning approaches such as
Decision Tree, Logistic Regression, and
ensemble techniques (stacking, bagging) have
also been widely applied in stroke prediction
using clinical data [2], [3]. The studies report
promising results, but still face challenges
related to detecting minority cases when the
data is imbalanced [4], [5].

However, the effectiveness of ML-based
prediction models is greatly influenced by the
characteristics of the data used. One of the
main challenges in medical diagnosis using ML
is the problem of class imbalance, where the
number of stroke cases is much less than the
number of non-stroke instances [5]. This
imbalance often makes the model biased
towards the majority class and unable to detect
minority cases optimally[4].

Various techniques have been proposed to
overcome this problem, especially



oversampling techniques such as Synthetic
Minority Oversampling Technique (SMOTE)
[6], [7] and [8], [9] cost-sensitive learning.
SMOTE aims to improve model performance
by creating mock data on minority classes,
while  cost-sensitive  learning  adjusts
classification errors to make the model more
sensitive to minority classes.

Many studies have explored these techniques in
the context of stroke prediction, but few studies
have directly compared the effectiveness of
oversampling learning and cost-sensitive
learning using public stroke datasets. This
study aims to fill that gap by evaluating both
methods using several ML algorithms, as well
as providing a comparative analysis of their
impact on stroke prediction.

The main contributions of this study are as

follows:

e Implement and compare oversampling
(SMOTE) and cost-sensitive learning
techniques for stroke prediction using
Random Forest, SVM, and
XGBoost.Presents a  comprehensive
evaluation using public datasets from
Kaggle, highlighting the trade-offs between
recall, precision, and overall model
accuracy.

e Analyzes the importance of features and
discusses their implications for real-world
medical decision support systems.

II. METHODOLOGY

This study uses the Kaggle public stroke
dataset, which consists of clinical data and
patient demographics. The research stages
include data pre-processing, classification
model training, data imbalance problem
handling, and model performance evaluation.

A. Data Pre-processing

Data processing is done to prepare the dataset
that will be used for the machine learning
model. The steps include:
e Deletion of ID columns that are not
relevant for prediction.

e  Missing value handling by calculating
the missing BMI data based on the
average value.

e Transforming category variables
using one-hot encoding to convert
categories into binary features.

e Normalizing numeric features using
StandardScaler to provide uniform
feature values, especially for models
like Support Vector Machine (SVM).

The dataset was then divided into training and
testing sets using stratified sampling with a
ratio of 80:20, to maintain the class distribution
of stroke and non-stroke cases.

Ahead of the model-building process,
exploratory data analysis (EDA) was
conducted to assess the distribution of key
variables such as age, glucose level, and BMI,
and detect outliers or missing values that may
affect the prediction results. The relationship
between key features was analyzed to reduce
the possibility of multicollinearity, as
recommended by previous research [3]. The
selection of input features also considers
features that are considered important based on
the results of SHAP analysis, which has been
widely used in stroke prediction research to
ensure transparent results [10].

B. Classification Model

The three main algorithms used are Random
Forest, Support Vector Machine (SVM), and
XGBoost, which have been proven effective in
medical data prediction in previous studies.
The selection of this model was also based on
previous research trends, highlighting that
ensemble models such as Random Forest and
XGBoost consistently provide high accuracy in
health data prediction [1], [2]. Nevertheless,
SVM is still widely used for binary
classification in disease diagnosis, despite its
higher sensitivity to imbalance compared to
ensemble models [3]. To ensure optimal
results, each model was trained on data that had
undergone value replacement, encoding, and
normalization processes in accordance with
best practices from previous studies.

C. Handling Data Imbalance

Two main approaches are applied:
e SMOTE (Synthetic Minority
Oversampling  Technique) [11]:
Adding synthetic samples to minority
classes.

o Cost-Sensitive Learning [8], [9]:
Adjusting the classification error to



make the model more sensitive to
stroke cases.

D. Model Evaluation

Evaluation was performed using accuracy,
precision, recall, Fl-score, and AUC (area
under the curve) metrics in the baseline,
oversampling, and cost-sensitive learning
scenarios. Feature evaluation was performed
by utilizing SHAP (Shapley Additive
exPlanations).

II. RESULTS AND DISCUSSION

A. Experiment Results

Table 1 shows a comparison of model
performance for baseline, SMOTE
oversampling, and cost-sensitive learning. In
the baseline, all models had high accuracy but
low recall in the minority class (stroke), where
SVM was unable to detect stroke cases (recall
= 0%). SMOTE learning and cost-sensitive
learning improved recall, especially for SVM
(from 0% to 50% and 68%, respectively),
however, the improvement was accompanied
by lower precision and accuracy, which is a
classic trade-off that occurs in imbalanced
medical classification problems. In particular,

Figure 1 ROC Curve Model Baseline

ROC Curve - Baseline

1.0 4
0.8 4
L
]
& 0.6
[
2
8
&
v 0.4
2
=
0.2
— Random Forest (AUC=0.79)
SVM (AUC=0.62)
0.0 —— XGBoost (AUC=0.80)
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 1 shows the ROC curves of the baseline
models. Random Forest and XGBoost have
quite high AUC values (0.79 and 0.80),
compared to SVM, which has a low
performance with an AUC of only 0.62,
indicating that SVM has difficulty in
recognizing stroke patients in unbalanced data
conditions.

Figure 2 ROC Curve Model with SMOTE
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Figure 3 ROC Curve Model Cost-Sensitive
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Figure 3 shows the ROC curve of cost-sensitive
learning. In this model, SVM obtained the
highest AUC of 0.80, and the balance between
recall and precision was better across models.
This supports the assertion that cost-sensitive
approaches are very effective in minimizing
false negatives without sacrificing overall
performance, making them very suitable for
medical decision support.

These findings emphasize the importance of
selecting an appropriate data balancing method
in stroke prediction. While SMOTE and cost-
sensitive learning can both improve the
detectability of minority classes, cost-sensitive
learning offers a stronger trade-off between
recall, precision, and AUC, especially for SVM
methods, making it more implementable in
scenarios where missing stroke cases can have
fatal consequences.

In addition to quantitative performance, model
capability was assessed using SHAP analysis.
The results show that age and hypertension are
the main factors that have the most influence
on stroke prediction, which is consistent with
previous studies. The ability to explain is
critical in building trust among healthcare
professionals and aiding the implementation of
machine  learning-based  decision-making
systems in the real world.

B. Feature Analysis and Practical
Implications

Examination of the salient features using
SHAP, as shown in Figure 4, indicates that age
and hypertension are the two most important
factors in stroke prediction. This is in line with
previous medical research that emphasizes age

and history of chronic diseases as the main risk
factors for stroke [1], [2]. Other factors, such as
glucose levels and BMI, also contributed,
although not as much as the two main factors.
Previous studies have also shown that
oversampling techniques such as SMOTE can
significantly improve recall in minority classes,
especially in the case of stroke prediction, but
a decrease in precision is a consequence that
must be considered. This decrease has the
potential to increase the number of false
positives, which can impact medical workload
and patient anxiety [4], [5]. For this reason,
some researchers suggest evaluating medical
utility models using net benefit or decision
curve analysis, so that not only the statistical
aspects can be measured, but also the practical
impact in the medical setting [12].

Figure 4 SHAP-based Feature Importance
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The SHAP visualization in Figure 4 also
clarifies the strong relationship between age
and hypertension in influencing stroke
prediction outcomes. These findings further
reinforce that the combination of these two
factors is a key indicator for stroke risk, as
reported in previous studies[4], [5]. From a
medical practice perspective, understanding
these most influential features is crucial to
helping healthcare professionals detect and
intervene more effectively in high-risk patient



groups. Additionally, the use of explainability
visualizations like SHAP can enhance
transparency and strengthen doctors' trust in
the machine learning-based prediction systems
they use[6].

A limitation of this study is the very small
number of stroke cases in the dataset (~5%);
therefore, the effectiveness of the balancing
model cannot be fully generalized to the entire
population. In addition, the decrease in
precision after balancing requires special
attention in the implementation of medical
decision support systems, as the risk of false
positives may impact resource allocation and
patient concerns [3], [4].

IV. CONCLUSION

This study compares the effectiveness of
oversampling (SMOTE) and cost-sensitive
learning techniques in dealing with imbalanced
data problems in machine learning-based
stroke prediction. The results show that both
approaches can improve the model's ability to
detect stroke cases (recall), especially in SVM
algorithms, although it is often followed by a
decrease in precision and accuracy. Based on
the feature importance analysis using SHAP,
age and hypertension are the main risk factors
for stroke, consistent with the findings of
previous case studies.

The limitation of this study lies in the limited
amount of stroke data, so the results of this
generalization still need to be tested on a larger
and more diverse dataset. For future research,
researchers are expected to explore hybrid
techniques (e.g., a combination of SMOTE and
cost-sensitive  learning) and test their
effectiveness in real-world applications
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