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Abstract
Stroke remains one of the leading causes of mortality and long-term disability worldwide, with a significant burden in Indonesia.
Early detection is crucial, as up to 90% of stroke cases are potentially preventable through timely intervention. However,
predictive modeling for stroke risk is often challenged by imbalanced datasets, where non-stroke cases significantly outnumber
stroke cases, potentially biasing classification models. This study aims to perform a systematic comparative evaluation of six
machine learning algorithms Logistic Regression, Decision Tree, Random Forest, Naive Bayes, Support Vector Machine (SVM),
and Extreme Gradient Boosting (XGBoost) for stroke risk prediction under imbalanced data conditions. The dataset consists of
5,110 patient records with 11 health-related features obtained from a publicly available healthcare dataset. Data preprocessing
included anomaly removal, categorical encoding, feature scaling, and class balancing using the Synthetic Minority Oversampling
Technique (SMOTE). Model evaluation was conducted using 5-fold cross-validation and assessed through accuracy, precision,
recall, and F1-score metrics. The experimental results demonstrate that ensemble-based models outperform single classifiers.
Random Forest achieved the highest mean accuracy of 97.12% (+0.42) with an F1-score of 0.96, followed closely by XGBoost
with 96.85% (£0.51). Both models also exhibited superior recall performance, indicating improved minority class detection. The
novelty of this study lies in the systematic evaluation of multiple machine learning models using SMOTE-based balancing and
cross-validation on publicly available healthcare data, providing robust comparative insights for imbalanced medical classification

problems.
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Introduction

Stroke is a major global health problem and remains one of the leading causes of mortality and long-term disability
[1]. Rapid neuronal damage occurs during stroke events, emphasizing the urgency of early detection and intervention.
In Indonesia, stroke prevalence continues to increase, placing a substantial economic and social burden on the healthcare
system [2]. Although early screening can significantly reduce complications, many individuals remain unaware of early
symptoms, resulting in delayed treatment.

With advancements in artificial intelligence, machine learning (ML) has emerged as a promising approach for
disease risk prediction [3]. ML models can learn complex patterns from historical patient data and provide automated
classification to support early diagnosis. However, medical datasets frequently suffer from class imbalance, where the
number of negative cases significantly exceeds that of positive cases [4]. In stroke prediction datasets, non-stroke cases
often dominate, leading to biased learning toward the majority class and poor minority detection performance [5].

Previous studies have reported promising results using ensemble-based algorithms, such as Random Forests and
XGBoost, for medical classification tasks. Several works have also incorporated the Synthetic Minority Oversampling
Technique (SMOTE) to mitigate imbalance issues [6]. However, many studies focus on limited model comparisons,
lack systematic cross-validation, or do not explicitly analyze the impact of balancing strategies on model robustness[7].
Furthermore, comparative evaluations across multiple algorithms, using consistent preprocessing and validation
frameworks, remain limited.
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Therefore, this study aims to systematically compare six widely used machine learning algorithms for stroke risk
prediction under imbalanced data conditions using SMOTE-based balancing and cross-validation. The main
contributions of this study are:

e A comprehensive comparative evaluation of six machine learning algorithms under controlled preprocessing
and validation settings.

e Implementation of SMOTE-based oversampling to address class imbalance in stroke prediction.

e Robust evaluation using 5-fold cross-validation and multiple performance metrics to ensure model reliability.

e  Analytical discussion of ensemble learning effectiveness in imbalanced healthcare classification.

Several recent studies have demonstrated the effectiveness of machine learning for stroke prediction, particularly
using ensemble learning and deep learning approaches [8], [9], [10], [11]. Ensemble methods such as Random Forests
and XGBoost consistently achieve superior performance in medical classification tasks due to their robustness against
overfitting and their ability to model nonlinear relationships [12], [13], [14], [15].

However, medical datasets are frequently affected by class imbalance, which may bias predictive performance
toward majority classes [16], [17]. To address this challenge, oversampling techniques such as SMOTE have been
widely adopted [18], [19], with empirical evidence suggesting improved minority class detection in healthcare
applications [21], [22]. Despite these advancements, systematic comparative evaluations under consistent
preprocessing and validation frameworks remain limited. This study addresses this gap by integrating SMOTE-based
balancing with cross-validated comparative modelling.

Methods

This study compares six methods: Logistic Regression, Random Forest, Decision Tree, Naive Bayes, Support
Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost). The purpose of this study is to find the best
method for predicting stroke.

A. Data Sources

Data is a very important part of a study, because the type and characteristics of the data will influence the selection
of an appropriate method to solve the problem being studied. To produce a model capable of accurately learning
patterns, we need to select high-quality, large-scale, relevant data.

In addition to quality, data must also be obtained legally, as illegal data collection could expose researchers to legal
liability. Based on these considerations, the data used in this study is public and was obtained from kaggle.com using
the search term "stroke prediction dataset" (https://www.kaggle.com/datasets/fedesoriano/stroke-prediction-dataset).
This dataset consists of 5,110 patient records covering 12 attributes, including ID, gender, age, hypertension, heart
disease, ever married, work type, residence type, average glucose, BMI, smoking status, and stroke.

Table 1. Attribute Description

Attribute Name Data Type Description
Id Int For administrative purposes
Gender Object Patient gender (Male, Female, Other)
Age Float Patient age (in years)
Hypertension Int History of hypertension (1 = yes, 0 = no)
Heart disease Int History of heart disease (1 = yes, 0 =no)
Ever_married Object Marital status patient (Yes, No)

Type of employment patient (Private, Self-employed, Govt_job, Children,

Work type Object Never worked)
Residence type object Place of residence(Urban, Rural)
Average glucose level float Average blood glucose level blood glucose level (mg/dL)
bmi float Body mass index (kg/m?)
Smoking_status object Smoking status (formerly smoked, never smoked, smokes, Unknown)
stroke Int Target variable: Has the patient Ever had a stroke (1 = yes, 0 = no)
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Table 1 showed attribute description data is used to predict whether a patient is at risk of stroke, based on these
features. This dataset has been widely used in previous studies to develop early-detection systems for stroke, due to its
comprehensive nature and its representativeness of commonly encountered medical conditions.

This data is binary, with the target column (stroke) taking values 0 (no stroke) or 1 (stroke), making it well-suited
for classification modeling.

B. Research Flow

This research flow comprises several systematic stages, from data collection to model evaluation. The steps are
described as follows:

1. Data Collection and Understanding

The dataset used in this study was obtained from a publicly available healthcare dataset hosted on Kaggle. It
contains 5,110 patient records with 11 predictive attributes and one binary target variable (stroke: 1 = stroke, 0
= no stroke).

2. Data Preprocessing

Data preprocessing is a series of steps performed to prepare raw data before it is used in a machine learning
model[8] . Data preprocessing involved:

Removal of missing BMI values (201 records)
Removal of anomalous gender category (“Other”)
Categorical encoding:

Binary features: Label Encoding

Multi-class features: One-Hot Encoding

Feature scaling using StandardScaler.

Train-test split (80:20, random_state=42)

The Synthetic Minority Oversampling Technique (SMOTE) was applied to the training set to generate synthetic
minority samples and balance class distribution. To ensure robustness and reduce variance bias, 5-fold cross-
validation was implemented during model evaluation.

3. Modeling

In the modeling stage, we will apply and evaluate the performance of six machine learning classification
algorithms. Each model is trained on balanced, transformed training data. The algorithms to be used in this study
are Logistic Regression, Random Forest, Decision Tree, Naive Bayes, Support Vector Machine (SVM), and
Extreme Gradient Boosting (XGBoost). Model Configuration Hyperparameter settings:

Logistic Regression: solver = Ibfgs, max_iter = 1000

Random Forest: n_estimators = 100, max_depth = None, random_state = 42
Decision Tree: criterion = gini, max_depth = None

Naive Bayes: GaussianNB (default parameters)

SVM: kernel = rbf, C = 1, gamma = scale

XGBoost: n_estimators = 100, learning_rate = 0.1, max_depth =6

4. Model Evaluation

The evaluation stage measures how well the machine learning model predicts stroke risk using the prepared

test data. One of the evaluation methods used is the confusion matrix, which is a table that presents a comparison
between the actual labels and the predicted results of the classification system[23] .

The confusion matrix contains four main components, namely:

True Positive (TP): the number of stroke cases that are correctly detected as strokes.
True Negative (TN): the number of non-stroke cases that were correctly detected as non-stroke.
False Positive (FP): non-stroke cases that are incorrectly classified as strokes,
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False Negative (FN): stroke cases that are incorrectly classified as non-stroke.

This matrix is used to calculate various evaluation metrics, such as accuracy:

TP+TN

Accuracy = ————— @)
TP+TN+FP+FN

Accuracy measures the proportion of correct predictions against the entire data set. However, in classification
cases with unbalanced data such as the data in this study, accuracy alone is not sufficient to measure the overall
performance of the model.

Therefore, other metrics are also used, such as:

a.

Recall

Recall indicates the model's ability to correctly detect positives (strokes). Recall allows us to
determine how many of all patients who actually had a stroke were successfully detected. A high
recall value means that the model rarely misses stroke cases.

TP

Recall = e )

Precision

Precision measures how many stroke predictions are actually positive. Here, we will see how many
of all patients who actually had a stroke were successfully detected. Precision is important in the
context of health to minimize false diagnoses of healthy patients.

.. T
Precision = 3)
TP+FP

F1-Score
The Fl-score is the harmonic mean of precision and recall, suitable for use when the data is
imbalanced between the two.

Fl= 7 x Crecision x Recall @)

Particular emphasis was placed on recall and F1-score due to their importance in imbalanced medical
classification.

Precision+Recall

Figure 1 is an illustration of the research flow we will conduct:

Data Collection Data Exploration Data Pre-processing Modeling Model Evaluation
* Logistic Regressiof « Accuracy
* Random Forest * Precision
] | ™ - Decision Tree * Recall
* Naive Bayes * Fl-score
* SVM
L+ XGBoost

Figure 1. Research Flow

C. Results and Discussion

1.

Data Collection

The data used in this study was sourced from the Kaggle platform under the name Stroke prediction

Dataset. This dataset consists of 5110 data sets covering 11 health attributes and 1 target column (stroke).
Each row represents one individual, complete with information such as age, gender, history of hypertension,
blood glucose levels, smoking status, and whether the individual has ever had a stroke. Additionally, an id
attribute was added as a unique identifier, but it was not used in the model training process.

This dataset is public and has been widely used in various medical prediction studies. The data is

categorical and numerical, so adjustments are needed before it can be used in machine learning modeling.
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This dataset is used because it represents a binary classification problem commonly found in the health sector,
particularly in the early detection of stroke.

2. Data Exploration

The data exploration stage was conducted to understand the basic characteristics of the dataset before the
modeling process was carried out.

Some of the exploratory findings obtained include:

e From the 5,110 patient data available, it was found that the class distribution in the target (stroke)
was very unbalanced, As shown in Figure 2, the distribution of the target variable is highly
imbalanced, with approximately 95% of instances belonging to the non-stroke class and only 5% to
the stroke class. This became a major concern in selecting the data balancing technique at the
preprocessing stage.

5% Patient that dont stroke ratio: ©.84258353708231459
Patient that have stroke ratio : ©.9574164629176855

count

stroke
0 4699
1 209

dtype: int64

Figure 2. Target Data Distribution

e Figure 3 presents the missing value analysis, indicating that the BMI (Body Mass Index) attribute
contains 201 missing entries. These incomplete records were removed to maintain data integrity prior
to model training.

= o
id 0
gender 0
age 0
hypertension 0
heart_disease 0
ever_married 0
work_type 0
Residence_type 0
avg_glucose_level 0
bmi 201
smoking_status 0
stroke 0

dtype: int64

Figure 3. Missing Value

e gender column has unique values that do not match. The gender column should have two unique
values, but the data has three unique values. As illustrated in Figure 4, the gender attribute includes
an anomalous category (“Other”’) with only a single occurrence. This outlier was excluded to prevent
potential bias during encoding and model training.
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[

id 5110
gender 3

age 104
hypertension 2
heart_disease 2
ever_married 2
work_type 5
Residence_type 2

avg_glucose_level 3979

bmi 418
smoking_status 4
stroke 2

Figure 4. Unique Data Values

e Figure 5 shows the distribution of the average glucose level, where several outliers are detected.
Although extreme values are present, they were retained after evaluation to preserve clinically
relevant information.
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Figure 5. Glucose Level Outliers

The correlation heatmap presented in Figure 6 indicates that no pair of features exhibits extremely
high correlation, suggesting minimal multicollinearity among predictors. Therefore, all relevant
features were retained for modeling.
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Figure6. Heatmap

Siregar, et al. (SMOTE-Based Comparative Analysis of Machine Learning Models for Stroke Risk Prediction Using Imbalanced
Healthcare Data)



186 ILKOM Jurnal Ilmiah Vol. 18, No. 1, April 2026, pp. 180-194 E-ISSN 2548-7779

3. Data Preprocessing

Data preprocessing is a crucial step to ensure the quality and suitability of data before it is entered into a
machine learning model. Several important processes carried out in this study include:

a. Handling Missing Values

In the BMI column, there were 201 missing values. Because this attribute is important in predicting
stroke risk and the number of missing values is not too large compared to the total dataset (around 3.9%),
we deleted the rows containing missing values.

This deletion was done to avoid bias during imputation or prediction, while maintaining the integrity
of the input data. After deletion, the total number of data points decreased from 5110 to 4909 rows.

b. Handling Anomalous Values

In the gender attribute, one data point with the value 'Other' was found to be an anomaly because the
number was very small and did not fall into the general categories of 'Male' or 'Female'. To avoid bias or
interference in the encoding and model training process, this data was removed from the dataset. Since it
was only one row out of a total of more than 5000 data points, this removal did not have a significant
impact on the overall data distribution.

c. Categorical Feature Encoding

Categorical attributes such as gender, ever_married, work type, Residence type, and smoking_status
need to be converted into numerical form so that they can be used by the model. This process is carried
out using the Label Encoding and One Hot Encoding techniques, where each category with a value of
less than two uses label encoding, while categories that use more than two labels use one hot encoding.
At this stage, the data is converted into unique numbers that represent it.

d. Outlier Handling

Categorical attributes such as gender, ever_married, work type, Residence type, and smoking_status
need to be converted into numerical form so that they can be processed by machine learning algorithms.
This process is carried out using two encoding methods, namely Label Encoding and One Hot Encoding.
Label Encoding is used for features with two or fewer categories, while One Hot Encoding is applied to
features that have more than two categories. At this stage, each category in the feature is converted into
a unique numerical representation so that it can be recognized by the model.

e. Training and Test Data Division

The data is divided into 80% training data and 20% test data using the train test split function from
Scikit-learn with the parameters test size=0.2 and random_state=1 to maintain consistency of results.

f.  Data Balancing

The class distribution in the stroke dataset is very imbalanced, where the number of patients who did
not experience a stroke (the majority class) is far greater than the number of patients who did experience
a stroke (the minority class). This imbalance can cause machine learning models to be biased towards the
majority class and ignore the minority class, which is the focus in the context of early disease detection.

To overcome this, the SMOTE (Synthetic Minority Oversampling Technique) technique is used.
SMOTE is an oversampling method that works by creating new synthetic data for the minority class,
rather than simply duplicating existing data. This technique builds new samples by interpolating the
nearest minority data points in feature space.

By using SMOTE, the amount of data in the minority class becomes balanced with the majority class.
This process helps the model to better understand the patterns in both classes fairly and improves its
ability to detect patients at risk of stroke.
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g. Feature Selection

Feature Selection serves to reduce irrelevant features or noise and improve model performance and

computational efficiency. Feature selection uses the Chi-Squared (%?) Test method. This technique is used
to assess the level of dependence of each feature on the stroke label. The ¥* score results are used to select

the

most relevant features. Even though all features are retained (k="all'), this score information can help

in analyzing the importance of each feature in predicting stroke risk.

h.  Modeling

six

After the pre-processing stage was completed, this study proceeded to the modeling stage by applying
different machine learning algorithms. Each model has unique characteristics and approaches in

solving binary classification problems, specifically in predicting stroke risk. The following is an
explanation of each model:

Logistic Regression

Logistic Regression is one of the most commonly used classification methods in medical research,
especially when the target variable is binary, such as "stroke" or "no stroke." Unlike linear regression,
which predicts continuous values, Logistic Regression models the probability of an event occurring
and limits it to a range of 0 to 1 using the logit function [24] . One of the main advantages of this
method is its ability to generate odds ratios (OR). Logistic regression models the probability of an
eventp using the logit form, which is the logarithm of the odds.

The basic formula for logistic regression is as follows:

logit(P, ) = log (=) (5)
=Bo+ PiXi+ ... + S X

Where p is the probability of the event, p/(1-p) is the odds of the event, o is the intercept, and B1, B,
..., p_n are the regression coefficients for each independent variable Xi, Xz, ..., X _n. This formula
shows that the log-odds of an event are determined by a linear combination of input features. By
performing the inverse transformation of the logit function, we can obtain the probability of an event:

(6)

Bo+ B1Xy + ..+ Bp Xy
_ _ exXp
P11 = log((£22

This equation produces values between 0 and 1, making it suitable for estimating the probability
of binary events such as stroke risk. This model also allows testing the relationship between several
independent variables and one dependent variable, making it very useful in controlling for
confounding variables. In medical research, logistic regression is widely used to aid in diagnostic or
prognostic decision-making, as it is able to quantitatively measure the strength and direction of the
relationship between risk factors and outcomes. However, its use must still meet basic assumptions
such as linearity between the logit and predictor variables, as well as data independence.

Logistic Regression is one of the algorithms used in this study because, in addition to its strong
interpretation, this method also provides a good baseline before being compared with other predictive
models such as Random Forest and XGBoost.

Random Forest

Random Forest is a decision tree-based ensemble method that combines multiple trees (decision
trees) to produce more stable and accurate predictions. This model works by creating each tree in the
forest and selecting the best split at each node. Trees are created using a portion of the training data,
and splits are formed from random subsets of candidate variables [25] . This approach helps reduce
the risk of overfitting and improves the model's ability to generalize to new data.
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e Decision Tree

A decision tree is a machine learning method used to model a decision function f(x). In general,
a decision tree represents a step-by-step procedure for determining the result of an input x through a
series of sequential tests. The result of each test will determine the next test, until finally a definite
output from the function is obtained. This process produces a tree structure, where each internal node
represents a test of a feature, the branches show the results of the test, and the leaves represent the
final decision or model prediction.

The decision tree learning process aims to construct a tree from a set of training data pairs (x,
f(x)) that can represent the function f, or at least approximate the function well. In cases where the
input domain x is finite, it is possible that all pairs (x, f(x)) are available in their entirety. However,
in practice, training data is usually only a limited sample of a large or even infinite domain X.
Therefore, the main objective is not only to learn function f on the training data, but also to obtain
good generalization over the entire domain.

In addition to finding an accurate representation of the function, other considerations such as the
simplicity of the tree are also important. For example, in some applications, the goal is to find the
simplest possible decision tree that can still model the target function well. The main advantage of
decision trees in the context of machine learning is that they are easy to understand and interpret.
Each prediction is the result of a series of simple and explicit tests, making decision trees highly
interpretable models, and therefore widely used in the medical field and decision support systems
[26], [27] .

e Naive Bayes

Naive Bayes is a probabilistic classification algorithm based on Bayes' Theorem, with the
assumption that each feature is independent of one another (naive assumption) [28], [29]. Although
this assumption is rarely met in the real world, Naive Bayes remains efficient and often provides fairly
good results, especially in cases involving text or small-scale data.

e  Support Vector Machine (SVM)

SVM is a classification algorithm that seeks the best hyperplane that separates two classes with
maximum margin. SVM is effective for high-dimensional data and can use kernels to map non-linear
data to higher-dimensional space. However, SVM is sensitive to parameter selection and feature
scaling, requiring good preprocessing.

e Extreme Gradient Boosting (XGBoost)

XGBoost is a decision tree-based boosting algorithm that is very popular due to its efficiency in
handling large and complex data. XGBoost builds models incrementally, where each new tree's re s
learn from the previous tree's errors. This model has good regularization capabilities and often
delivers the best performance in various data mining competitions [30] .

i. Model Evaluation

The experimental results indicate notable performance variation among the evaluated classification
models. Based on the 5-fold cross-validation results, ensemble-based methods demonstrated superior and
more stable predictive performance compared to single classifiers [31].

Random Forest achieved the highest mean accuracy (97.12% =+ 0.42), closely followed by XGBoost
(96.85% £ 0.51). The strong performance of these models can be attributed to their ensemble mechanisms,
which aggregate multiple decision trees to reduce variance and mitigate overfitting. By combining
predictions from diverse learners, both methods improve generalization and effectively capture complex
non-linear relationships and feature interactions within the dataset. Moreover, their consistently high
precision, recall, and F1-score values (approximately 0.96) indicate balanced classification performance
across both majority and minority classes.
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The Decision Tree model also achieved competitive performance (94.21% =+ 0.95). However, its
slightly higher variability across folds suggests sensitivity to training data variations. Unlike ensemble
methods, a single decision tree lacks built-in variance reduction mechanisms, making it more prone to
overfitting.

Support Vector Machine (SVM) obtained a mean accuracy of 92.84% (+ 0.76), demonstrating reliable
classification capability. Its margin-maximization principle enables effective class separation, particularly
in moderately complex feature spaces. Nevertheless, its performance remains slightly inferior to
ensemble-based approaches.

Logistic Regression achieved moderate performance (77.85% =+ 1.12). Although it offers high
interpretability, its linear decision boundary limits its ability to model non-linear relationships inherent in
clinical data.

Naive Bayes recorded the lowest performance (63.02% + 1.45), with the weakest F1-score (0.59).
This outcome is likely influenced by its strong assumption of feature independence, which is unrealistic
in medical datasets where variables such as age, hypertension, and heart disease are naturally correlated.

Overall, the results of this experiment reinforce the findings of previous studies that ensemble models
such as Random Forest and XGBoost are very suitable for use in medical classification cases with
unbalanced data, as they are capable of producing accurate and stable predictions. Meanwhile, simpler
models such as Naive Bayes are more suitable for use in conditions where the data meets certain statistical
assumptions.

Medel Performance Comparison
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Figure 7. Model Performance Comparison

Figure 7 compares the overall performance of the six classification models based on cross-validation
results. Ensemble-based models demonstrate superior performance across multiple evaluation metrics.
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Figure 8. Model Accuracy Comparison

Siregar, et al. (SMOTE-Based Comparative Analysis of Machine Learning Models for Stroke Risk Prediction Using Imbalanced
Healthcare Data)



190 ILKOM Jurnal Ilmiah Vol. 18, No. 1, April 2026, pp. 180-194 E-ISSN 2548-7779

As shown in Figure 8, Random Forest and XGBoost achieved the highest mean accuracy scores,
confirming their effectiveness in handling imbalanced medical datasets.
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Figure 9. Confusion Matrix Logistic Regression

The confusion matrix of Logistic Regression (Figure 9) indicates a relatively higher number of false
negatives compared to ensemble models, reflecting limitations in minority class detection.

Confusion Matrix for Random Forest
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Figure 10. Random Forest Confusion Matrix

Figure 10 shows that Random Forest achieves a high number of true positives and true negatives,
with minimal misclassification, highlighting its robustness and strong generalization capability.

Confusion Matrix for Decision Tree Classification
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Figure 11. Decision tree Matrix
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As shown as Figure 11 The confusion matrix of the Decision Tree model reveals competitive
classification performance, although slight variability suggests sensitivity to training data distribution.

Confusion Matrix for Naive Bayes
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Figure 12. Confusion Matrix Naive Bayes

As presented in Figure 12, Naive Bayes exhibits a relatively higher misclassification rate, particularly
in detecting stroke cases, which may be attributed to its independence assumption.

Confusion Matrix for SVM (RBF Kernel)
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Figure 13. Confusion Matrix SVM

Figure 13 illustrates that SVM maintains balanced classification performance, although its recall
remains slightly lower than ensemble-based models. The confusion matrix of XGBoost.

Confusion Matrix for XGBoost
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Figure 14. Confusion Matrix Xgboost
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Figure 14 demonstrates high true positive detection and minimal classification error, supporting its
strong performance under imbalanced conditions.

The evidence 5-fold cross validation results presented in Table 2 confirms that ensemble learning
methods, when combined with SMOTE-based balancing, provide the most robust and consistent
performance for imbalanced stroke risk prediction.

Table 2. 5-Fold Cross-Validation Results

Model Accuracy (Mean + SD) Precision Recall F1-Score
Logistic Regression 77.85% +1.12 0.76 0.74 0.75
Decision Tree 94.21% + 0.95 0.93 0.92 0.92
Random Forest 97.12% + 0.42 0.97 0.96 0.96
Naive Bayes 63.02% + 1.45 0.61 0.58 0.59
SVM 92.84% + 0.76 0.91 0.90 0.90
XGBoost 96.85% + 0.51 0.96 0.95 0.95

Conclusion

This study conducted a systematic comparative evaluation of six machine learning algorithms for stroke risk
prediction under imbalanced data conditions. The experimental results demonstrate that ensemble-based methods,
particularly Random Forest and XGBoost, consistently achieve superior predictive performance. Random Forest
obtained the highest accuracy, followed closely by XGBoost and Decision Tree, while Naive Bayes exhibited the lowest
performance. The inferior results of Naive Bayes are likely attributable to its strong independence assumption, which
is not fully compatible with correlated clinical features commonly found in healthcare datasets.

The findings confirm that the selection of an appropriate classification algorithm, combined with effective data
balancing techniques such as SMOTE, plays a critical role in improving predictive accuracy and minority class detection
in medical classification problems. Ensemble approaches not only deliver higher mean performance but also
demonstrate greater robustness and stability across validation folds, making them more reliable for clinical decision-
support systems.

Nevertheless, this study has several limitations. The analysis was conducted using a single publicly available dataset,
and hyperparameter optimization was not extensively explored. Future research may focus on incorporating larger
multi-source datasets, advanced feature engineering, automated hyperparameter tuning, and deep learning approaches.
Additionally, integrating explainable Al techniques could enhance model transparency and facilitate real-world clinical
adoption.

Overall, this study contributes empirical evidence supporting the effectiveness of ensemble learning combined with
imbalance handling techniques for stroke risk prediction.
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