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Abstract: Stroke is one of the non-communicable diseases with a relatively high rate of mortality
and disability, making early detection very important to support fast and appropriate patient
treatment. This study aims to apply the Extreme Gradient Boosting (XGBoost) algorithm to predict
stroke disease based on patient health data. The dataset used was obtained from Kaggle, consisting
of 150 patient records, which were divided into 100 training data and 50 testing data. The data
processing was carried out using Google Colab, including preprocessing, model training, and
performance evaluation stages. The results show that the model achieved an accuracy of 68%, an
Fl-score of 0.43, and a ROC-AUC of 0.717, indicating that the model has a fairly good classification
ability in distinguishing stroke and non-stroke patients. In addition, age, average glucose level, and
BMI were the most influential variables in stroke prediction. This study also produced a simple
web-based application used to support early stroke detection by allowing input of patient health
data and automatically displaying prediction results. Thus, the XGBoost algorithm has potential as
a supporting method for early stroke detection using machine learning.

Keywords: machine learning; stroke; XGBoost.

1. Introduction

Stroke is one of the most common non-communicable diseases that causes death and
disability worldwide. Stroke is a neurological disorder caused by cerebrovascular
disturbances that develop rapidly, last for more than 24 hours, and can lead to death
without any other cause besides vascular impairment [1]. The Ministry of Health of the
Republic of Indonesia reported that stroke is one of the leading causes of death and
disability in Indonesia, with a prevalence reaching 8.3 per 1,000 population in 2024, and it
is also classified as a catastrophic disease with the highest healthcare expenditure [2].
Several risk factors that can increase the likelihood of stroke include hypertension,
diabetes, heart disease, obesity, smoking habits, lack of physical activity, and unhealthy
lifestyles [3].

The high prevalence of stroke indicates that early detection and risk prediction of this
disease are very important. Fast and accurate diagnosis can help medical professionals
provide earlier treatment, thereby minimizing the risk of complications and death.
However, conventional stroke diagnosis still faces various challenges because it requires
advanced clinical examinations, the use of medical imaging technology, relatively high
costs, as well as the support of medical experts and adequate healthcare facilities [4].
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With the advancement of technology, artificial intelligence-based approaches,
particularly machine learning, are increasingly being used in the healthcare field. Machine
learning is a technology capable of learning patterns from large datasets to generate
predictions based on historical data [5]. In the healthcare context, this technology can
assist medical professionals in analyzing patient data and predicting disease risk,
including stroke, in a faster and more efficient way. One of the most widely used
algorithms is Extreme Gradient Boosting (XGBoost). XGBoost is a decision tree-based
algorithm designed to achieve optimal predictive performance when processing complex
data. It is also equipped with a regularization mechanism that helps reduce the risk of
overfitting, resulting in a more stable model that can produce better prediction outcomes
[5].

Previous studies have shown that XGBoost performs well in disease prediction.
Research on stroke prediction has reported that the XGBoost model can achieve an
accuracy of 89.4% on testing data [4]. Another study on heart disease prediction showed
that the XGBoost algorithm achieved a classification performance with an accuracy of 73%
and an AUC of 0.795 [6]. However, research on stroke prediction still shows variations in
model performance influenced by differences in datasets, preprocessing techniques,
handling of imbalanced data, and feature selection. In addition, model evaluation in some
previous studies has not been conducted comprehensively [7].

Based on these issues, this study aims to apply the XGBoost algorithm to predict
stroke risk using patient health data. The dataset used was obtained from the Kaggle
platform, consisting of several variables such as gender, age, hypertension, heart disease,
work type, residence type, average glucose level, BMI, and smoking status. Data
processing was carried out using Google Colab, including preprocessing, model training,
and performance evaluation stages to assess the predictive capability of the resulting
model.

2. Materials and Methods

This study applies a classification method using the Extreme Gradient Boosting
(XGBoost) algorithm to predict the risk of stroke based on patient health data. The
research stages are systematically designed to enable the process to be replicated or
further developed in future studies. The research procedure includes data collection, data
preprocessing, data splitting, model training, model testing, performance evaluation, and
result visualization. All data processing and model implementation were carried out
using the Google Colab platform as a machine learning development environment. The
research workflow is shown in the following figure:
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Figure 1. Research Workflow

2.1. Load Dataset

The dataset used in this study was obtained from Kaggle and consists of 150 patient
records. The dataset is divided into 100 training data and 50 testing data. The variables
used include gender, age, hypertension, heart disease, work type, residence type, average
glucose level, BMI, and smoking status. This data is used as the basis for building a stroke
prediction model.

Several variables such as age, hypertension, heart disease, blood glucose level, body
mass index, and smoking status are known to be associated with stroke risk; therefore,
these variables are commonly used in machine learning-based stroke prediction studies

8].

2.2. Preprocessing Data

Data preprocessing is an important stage in machine learning-based research
because it improves data quality before model training. Processes such as handling
missing values, transforming categorical data using encoding techniques, and data
normalization can improve classification model performance. In addition, model
evaluation using precision, recall, F1-score, and ROC-AUC is considered effective for
measuring the model’s ability to distinguish between stroke and non-stroke classes [9].

At this stage, data cleaning is performed to handle missing values, duplicate data,
and inconsistent data. Next, categorical data is transformed into numerical data using
encoding techniques so that it can be processed by the XGBoost algorithm. In addition,
data normalization is applied to improve prediction model performance.

2.3. Split Data

The process of splitting data into training and testing sets is a common stage in
machine learning research because it helps evaluate the model’s predictive ability more
accurately. The use of training and testing data also ensures that the model does not only
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learn patterns from specific data but can also generalize to new data with different
characteristics [9].

The dataset is divided into 100 training samples and 50 testing samples. The training
data is used to build the XGBoost model, while the testing data is used to evaluate its
performance. This division helps prevent overfitting so that the evaluation results can
more objectively represent the model’s performance.

2.4. Train Model XGBoost

In this stage, the model is trained using the XGBoost algorithm with the training
data that has been preprocessed. The model learns the relationship between patient health
variables and the likelihood of stroke using the XGBoost algorithm, which applies
gradient boosting to gradually improve predictive performance [10]. XGBoost is
considered capable of producing strong and stable predictive performance while
minimizing errors, making the classification model more optimal in distinguishing stroke
and non-stroke patients [10].

2.5. Predict on Testing Data

The trained model is then used to predict the testing data to determine stroke and
non-stroke classifications. The prediction process is performed by inputting the testing
data into the XGBoost model so that it can classify based on learned patterns. This stage
evaluates the model’s ability to recognize unseen data that was not used during training.
The prediction results are used to assess the model’s performance and its objectivity in
classifying new data [7].

2.6. Evaluate Model

Model evaluation is conducted to determine the performance of the XGBoost
algorithm in predicting stroke disease. Performance is measured using the confusion
matrix, accuracy, precision, recall, and F1-score to provide a comprehensive analysis of
classification results. Additionally, the ROC-AUC curve is used to evaluate the model’s
ability to distinguish between positive and negative classes.

Accuracy measures overall prediction correctness, precision and recall evaluate the
model’s ability to identify stroke and non-stroke classes, while Fl-score measures the
balance between precision and recall. ROC-AUC measures the model’s ability to
distinguish between classes based on predicted probabilities, where a higher AUC value
indicates better classification performance [11].

2.7. Visualize Coufusion Matrix

The confusion matrix is visualized to show the number of correct and incorrect
predictions for each class, making it easier to analyze classification performance. This
visualization helps evaluate the model’s ability to distinguish between stroke and non-
stroke cases based on prediction results.

2.8. Visualize ROC-AUC Curve

The ROC-AUC curve is visualized to assess the model’s ability to distinguish
between stroke and non-stroke classes based on prediction results. The ROC (Receiver
Operating Characteristic) curve shows the relationship between the true positive rate and
false positive rate in a classification model. Meanwhile, the AUC (Area Under Curve)
measures the model’s overall ability to distinguish between positive and negative classes.
An AUC value closer to 1 indicates better classification performance.
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3. Results

3.1. Data Processing Results

This study utilizes a stroke disease dataset obtained from Kaggle. The initial dataset
contains patient health data with various variables related to stroke risk factors. After the
data selection and preprocessing stages, the dataset used in this study consists of 150
patient records, which are then divided into 100 training data and 50 testing data.

The preprocessing stage was carried out to ensure the quality of the dataset before
being used in the model training process. This process includes checking missing values,
removing inconsistent data, and converting categorical data into numerical data using the
Label Encoding method. The variables used in this study consist of:

Gender;
Age;
Hypertention.
Hearth Disease
Ever Married
Work Type
Residence Type
Average Glucose Level
BMI (Body Mass Index)
Smoking Status
After all data processing is completed, the dataset is used to build a stroke disease
prediction classification model using the XGBoost algorithm. This stage is conducted so
that the model can learn the relationship between patient health factors and the likelihood
of stroke occurrence. Preprocessing steps such as data cleaning, encoding, and
normalization play an important role because data quality significantly affects machine

learning model performance. Preprocessing in stroke datasets can improve classification
model stability and help the algorithm recognize data patterns more effectively [12].

¥ 0 N0
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e

3.2. Data Splitting Results

The dataset is divided into training and testing data using the train-test split method.
The training data is used to train the XGBoost model to recognize dataset patterns, while
the testing data is used to evaluate the model’s ability to predict new data. The use of the
train-test split method in machine learning research is considered effective for model
evaluation because the test results are obtained from data that was not used during the
training process [12]. In addition, data splitting helps reduce the risk of overfitting so that
the model can achieve better predictive performance [12].

Table 1. Data Splitting Results

Data Type Number of Data Percentage
Training Data 100 66,7%
Testing Data 50 33,3%
Total 150 100%

Table 1 shows the division of the dataset consisting of 150 data points into two
categories, namely training data and testing data. A total of 100 data points (66.7%) are
allocated as training data, which are used to train the model so that it can learn the
patterns and characteristics of the data. Meanwhile, 50 data points (33.3%) are used as
testing data to evaluate the model’s performance after the training process. This 2:1 data
split ratio is a commonly used approach because it provides a balance between the model
learning process and the evaluation of prediction accuracy.
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3.3. XGBoost Model Training Results

The classification model in this study was built using the Extreme Gradient Boosting
(XGBoost) algorithm. This algorithm was chosen because it has strong capabilities in
handling classification problems and can improve prediction performance through a step-
by-step gradient boosting method. The use of the XGBoost algorithm in stroke prediction
research is considered effective because it can produce good classification performance on
patient health data. XGBoost has high predictive ability with a good Area Under Curve
(AUC) value in stroke prediction cases [13].

In this study, the XGBoost model was built using several parameters, namely
n_estimators = 100, learning_rate = 0.1, max_depth = 4, and random_state = 42. These
parameters were used to control the model learning process in order to achieve optimal
prediction performance. After the training process was completed, the model was then
used to make predictions on the testing data.

3.4. Model Evaluation Results

Model evaluation was conducted to determine the performance level of the XGBoost
algorithm in predicting stroke disease. The model performance was measured using
several evaluation metrics, namely accuracy, precision, recall, F1-score, and ROC-AUC.

Table 2. XGBoost Model Evaluation Results

Evaluation Method Value
Accuracy 0,68
Precision Stroke 0,55
Precision Stroke 0,35
F1-Score Stroke 0,43
ROC-AUC Probability 0,717

Based on the evaluation results, the model achieved an accuracy of 0.68 or 68%. This
result indicates that the model is able to classify stroke and non-stroke data fairly well.

The precision value of 0.55 shows that most of the data predicted as stroke actually
belong to the true stroke category. Meanwhile, the recall value of 0.35 indicates that the
model still has limitations in detecting all stroke cases in the dataset used.

The Fl-score value of 0.43 reflects the balance between precision and recall in the
classification model’s performance. In addition, the ROC-AUC value of 0.717 indicates
that the model has a fairly good ability to distinguish between stroke and non-stroke
classes.

3.5. Confusion Matrix Results

The confusion matrix is used to evaluate the performance of the classification model
by showing the number of correct and incorrect predictions. The results of the confusion
matrix in this study are presented in Table 3. The following is the confusion matrix figure:
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Figure 2. Confusion Matrix XGBoost

Table 3. Confusion Matrix

Actual / Prediction Non-Stroke Stroke
Non-Stroke 28 5
Stroke 11 6

Based on the confusion matrix results, it is known that 28 non-stroke data points were
correctly predicted as non-stroke, while 6 stroke data points were correctly predicted as
stroke. However, the model still produced prediction errors, where 5 non-stroke data
points were predicted as stroke and 11 stroke data points were predicted as non-stroke.
These results indicate that the model performs better in recognizing the non-stroke class
compared to the stroke class. This condition may be influenced by an imbalance in the
data distribution between stroke and non-stroke classes in the dataset used.

The results of this study are consistent with previous findings, which show that the
XGBoost algorithm is able to produce good classification performance based on confusion
matrix analysis and ROC-AUC evaluation. Therefore, this algorithm is considered
effective in solving classification problems in the healthcare field [14].

3.6. ROC-AUC Results

The Receiver Operating Characteristic — Area Under Curve (ROC-AUC) test was
conducted to evaluate the model’s ability to distinguish between the positive class (stroke)
and the negative class (non-stroke). In this study, the ROC-AUC calculation was
performed based on the predicted probabilities (y_prob) generated by the model.

Table 4. ROC-AUC Results

Method ROC-AUC Value
y_prob (probabilitas) 0,717

Based on the test results, the ROC-AUC value of 0.717 indicates that the model has a
fairly good ability to distinguish between stroke and non-stroke patients. This value
suggests that the model’s classification performance is better than random classification
in identifying both classes.

3.7. Feature Importance Results

The XGBoost model also produces feature importance values that indicate the
contribution level of each variable to the stroke prediction results. Based on the test
results, it was found that age, average glucose level, and Body Mass Index (BMI) are the
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variables with the greatest influence on stroke prediction. The following figure presents

the feature importance visualization:
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3.8. Stroke Risk Analysis Based on Research Variables

Based on the analysis of the stroke prediction dataset, observations were conducted
on several variables, namely gender, age, hypertension, heart disease, marital status, work
type, residence type, smoking status, Body Mass Index (BMI), and average glucose level.
This analysis aims to identify groups with a higher tendency toward stroke occurrence
based on the mean values and percentage distribution of each variable. The results of the
analysis are presented in tabular form to facilitate the interpretation of factors associated

with stroke risk.

Table 5. Stroke Risk Analysis Results

. L. Stroke Risk .
Variable Code Description Interpretation
Result
Pada dataset ini, perempuan memiliki persentase
0 = Female, 0=0.216; Lo o .
Gender kejadian stroke yang sedikit lebih tinggi
1 =Male 1=0.183 . . S
dibandingkan laki-laki.
} 0 = No hypertension, 0=0.221; Patients without hypertension show a higher stroke
Hypertension . s
1 = Hypertension 1=0.128 percentage in this study dataset.
. 0 = No heart disease, 1=0.212; Patients with a history of heart disease tend to have a
Heart Disease . . . .
1 = Has heart disease 0=0.196 slightly higher stroke risk..
) 0 = Not married, 1=0.228; Married patients show a higher stroke percentage
Ever Married . . -
1 = Married 0=0.115 compared to unmarried patients.
2=0,273;
1=0,193; Work category coded as 2 has the highest stroke
Work Type 0-3 = encoded categories gory g.
0=0,185; percentage compared to other categories.

3=0,063
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) 0 = Rural (pedesaan), 1 =0,245; Patients living in urban areas have a higher tendency
Residence Type
1 = Urban (perkotaan) 0=0,147 toward stroke.
) ) 0-3 = encoded Smoking status category coded as 0 shows the
Smoking Status 0-3 = encoded categories ) ) :
categories highest stroke percentage in the dataset.

Age Patient age value

Stroke = 67.82
years; Non-stroke
=48.13 years

Stroke patients have a higher average age compared
to non-stroke patients.

BMI Body Mass Index

Stroke =29.36;

There is no significant difference in BMI between

Non-stroke = 29.33 stroke and non-stroke patients.

Avg Glucose Level Blood glucose level

Stroke = 121.96;
Non-stroke =
127.91

The average glucose levels between stroke and non-
stroke patients do not show a large difference.

3.9. Stroke Prediction Application

This early stroke detection application was developed as a simple web-based
application as an implementation medium to test the results of data processing and the
performance of the model that was previously built using Google Colab with the XGBoost
algorithm. The following figure shows the final result of the stroke prediction application:

4. Discussion

® Prediksi Stroke

Sistem Deteksi Dini Stroke

Hasil Prediksi

Sedang

(S e i e et

Figure 4. Stroke Prediction Application

This study applies the Extreme Gradient Boosting (XGBoost) algorithm to predict
stroke disease based on patient health data obtained from Kaggle. The dataset used
consists of 150 patient records, which are divided into 100 training data and 50 testing
data. The variables used include gender, age, hypertension, heart disease, ever married,
work type, residence type, average glucose level, BMI, and smoking status.

Before the training process, the data underwent preprocessing stages including
handling missing values, cleaning inconsistent data, and converting categorical data into
numerical form using Label Encoding. In addition, data normalization was performed to
improve model performance. These steps are important because XGBoost can only
process numerical data.
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The evaluation results show that the XGBoost model achieved an accuracy of 0.68
with a ROC-AUC of 0.717, indicating a fairly good classification performance. A precision
value of 0.55, recall of 0.35, and F1-score of 0.43 indicate that the model still has limitations
in detecting all stroke cases, although it performs reasonably well in identifying the
positive class.

Based on the confusion matrix, the model correctly predicted 28 non-stroke cases and
6 stroke cases. However, 11 stroke cases were misclassified as non-stroke, and 5 non-
stroke cases were predicted as stroke. This indicates that the model performs better in
recognizing the non-stroke class compared to the stroke class, which may be influenced
by data imbalance.

The variable analysis shows that age has the strongest influence on stroke occurrence,
with stroke patients having a higher average age compared to non-stroke patients. The
variables heart disease, ever married, and residence type also show differences in risk
distribution. Meanwhile, BMI and blood glucose level do not show significant differences
between the two classes.

5. Conclusions

Based on the data processing and analysis results using the XGBoost algorithm, this
machine learning method can be used to assist in predicting stroke disease based on
patient health data. The dataset used was obtained from Kaggle, while the data processing
was carried out using the Python programming language through Google Colab. The
evaluation results show that the model achieved an accuracy of 68% and a ROC-AUC of
0.717, indicating a fairly good classification performance. A precision value of 0.55
indicates that the stroke class predictions are reasonably accurate; however, a recall value
of 0.35 shows that the model is still not optimal in detecting all stroke cases. Based on the
confusion matrix, the model performs better in recognizing non-stroke data compared to
stroke cases, which is likely influenced by data imbalance.

In addition, the variable analysis shows that age, heart disease, marital status,
residence type, work type, and smoking status are associated with stroke risk. Age is the
most dominant factor, as stroke patients have a higher average age compared to non-
stroke patients. The feature importance results also show that age, average glucose level,
and BMI contribute the most to the prediction process.
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