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1. Introduction

ABSTRACT

Stroke is a serious medical condition resulting from disturbances in blood
flow to the brain, signaling a chronic health issue that requires an
immediate response. Principal risk factors increasing the likelihood of
stroke include the presence of pre-existing conditions such as Diabetes
Mellitus (DM), hypertension, and high cholesterol levels. Effective
preventive measures are crucial to minimize stroke risk, and using predictive
methods based on data analysis from the clinical examination dataset over
the last three years (2019-2021), known as the general checkup (GCU)
dataset, presents an innovative approach. This study aims to predict an
individual's stroke risk for the following year. In this context, the study also
addresses the preprocessing stage of the GCU dataset, which includes
solutions for missing values by substituting them with the statistical mean,
label encoding, feature correlation analysis using entropy values, and
addressing data imbalance with the Adaptive Synthetic (ADASYN)
technique. To evaluate their predictive performance, the research involves
comparisons among various machine learning models. The outcome of the
experiment shows that the Random Forest model is the best model, with
98.7% accuracy and 63.9% F1-Score. This research highlights the
importance of preemptive measures against stroke by utilizing predictive
techniques on clinical data, with the Random Forest model proving most
effective in forecasting stroke probability.

© 2025 The Author(s).
This is an open access article under the CC-BY-SA license.

Stroke prevalence in Indonesia has been increasing, as reported by the Basic Health Research of the

Republic of Indonesia, which is conducted every five years [1], [2]. Between 2013 and 2018, stroke cases
rose from 7% to 10.9% of the total population. Major risk factors, including Diabetes Mellitus (DM),
hypertension, and high cholesterol, further contribute to this growing health concern. The 3.9%
increase underscores the need for early detection and preventive strategies to mitigate stroke risks.

Machine learning (ML) models have been explored for stroke prediction based on clinical
examination data. Prior research has evaluated various approaches: Emon, et al. [3] examined machine
learning systems to choose the optimum model of stroke prediction. Sailasya, et al. [4] implemented DT
and RF to predict the stroke of Kaggle dataset. Meanwhile, Kaur ez al. [5] implemented some of deep
learning-based models to estimate stroke using electroencephalogram (EEG) data.

Alshammari et al. [6] developed a national stroke data management system using Deepnet and
Decision Tree (DT) but faced challenges in generalizability due to limited dataset representation. Dritsas
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et al. [7] used Naive Bayes for long-term stroke risk prediction, but reliance on Kaggle data reduced its
applicability to broader populations. Kokkotis ez al. [8] tackled data imbalance with random under-
sampling and Multi-Layer Perceptron (MLP). Santos et al. [9] applied Artificial Immune Systems and
DT, managing imbalance through One-Sided Selection.

Thanka ez al. [10] improved stroke prediction using an Artificial Neural Network (ANN) combined
with SMOTE and Random Undersampling but risked overfitting due to limited data. Dahiya, ez al. [11]
and Abdullahi ez al. [12] applied boosting-based models using SMOTE-ENN to handle imbalance.
Meanwhile, Wu et al. [13] predicted stroke in the elderly in China but did not compare it with other
techniques like ADASYN. Rahman et al. [14] analyzed feature correlations for early stroke prediction
but lacked discussion on handling missing data, noise, and input errors.

Despite these advancements, challenges remain. Many studies rely on non-representative datasets,
such as those from Kaggle, which is limiting their generalizability. Additionally, while performance
metrics (AUC, accuracy, precision, recall) are commonly used for evaluation, fewer studies assess the
clinical relevance of predictive features [7]. Complex deep learning models risk overfitting when trained
on limited data [10]. Moreover, existing research often lacks discussions on handling missing values,
noise, and input errors in medical datasets [14].

This study aims to address these gaps by developing a novel modified Random Forest (RF) model
for annual stroke risk prediction based on comprehensive general checkup (GCU) data collected between
2019 and 2021. The key contributions of this study include:

e Real-world GCU Clinical Data Analysis: Unlike previous studies that rely on non-representative
datasets, we use real-world GCU data, providing a more accurate and clinically relevant prediction.

e Enhanced Problem-Solving Methods: We systematically handle missing values, evaluate feature
correlations, and apply robust oversampling techniques to address data imbalance, ensuring reliable
model performance.

e Modified RF: Instead of standard RF, we introduce modifications to enhance predictive accuracy
and reduce overfitting, making it more effective for annual stroke risk prediction. Overcoming this
gap, our research enhances the robustness and applicability of stroke prediction, offering a more
practical approach to early risk assessment and prevention strategies.

2. Method
2.1. Related Works

Stroke is a chronic disease caused by multiple risk factors. Therefore, several studies have focused on
analyzing these risk factors [7], [15]. Previous research has identified several risk factors associated with
stroke, including diabetes [7], high blood pressure, and unhealthy lifestyle patterns [15]. Analyzing
stroke risk factors is crucial because it allows for the identification of people at high risk of stroke, thereby
enabling early prevention and intervention measures. By understanding factors such as smoking and
unhealthy lifestyle habits, healthcare professionals are expected to develop more effective strategies to
reduce the incidence of stroke. This knowledge can also assist in educating the public about the
importance of maintaining heart and vascular health through positive lifestyle changes.

Emon et al. [3] carried out a comprehensive analytical approach among ten basic machine-learning
models for stroke prediction using a dataset from Bangladesh. This study replaced missing values with
the mean/median, followed by data normalization and feature correlation analysis. The findings
highlighted a significant correlation between age and stroke risk, with weighted voting yielding the best
predictions. Sailasya et al. [4] implemented six machine-learning models for stroke prediction using a
public dataset from Kaggle. This research included filling in null values with the mean, converting string
data to integers through label encoding, and applying undersampling techniques to address imbalanced
data. The Naive Bayes model achieved the highest prediction accuracy of 82%. However, the imbalance
technique used is undersampling, which removes majority class data. This poses a risk because, in medical
data, every data point is highly valuable.
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Santos, et al. [9] employed the DT to forecast for stroke using an imbalanced data from the study by
Liu ez al. [16]. This research eliminated features with missing values and applied the One-Sided Selection
(OSS) undersampling technique, resulting in a 70% accuracy. However, the limitation of this study is
that it only uses a DT developed with Genetic Programming (GP) without comparing it to other models
such as RF, XGBoost, or Logistic Regression (LR). Additionally, it removes data with missing values
but does not discuss the imputation approaches that could be used. Abdullahi ez al. [12] analyzed the
use of boosting-based models in stroke prediction with a dataset from Kaggle featuring twelve attributes.
The preprocessing handling included null value imputation using K-Nearest Neighbors, converting
categorical features to numerical, discretization, outlier removal, and applying SMOTE-ENN for
imbalanced data. However, the study focuses only on achieving high accuracy without discussing the
relevance of relationships between clinical features in the dataset. Additionally, the dataset used is not a
primary but a public dataset from Kaggle.

Rahman ez al. [14] evaluated the efficiency of several machine learning models in predicting stroke
using a dataset sourced from Kaggle. Their analysis revealed significant correlations between stroke
occurrences and factors such as age, heart disease, and hypertension. Additionally, they implemented the
Random Oversampling technique to address imbalanced data issues, with the Light Gradient Boosting
Machine model achieving the highest accuracy. Govindarajan et al. [17] classified stroke predictions with
a dataset from Sugam Multispecialty Hospital, India, and conducted a series of preprocessing steps.
However, in the study, the dataset used consists of only 507 patients, which is not representative enough
and does not include handling for imbalanced data. Fang ez al. [18] applied a feature selection strategy
for stroke prognosis, using a dataset from the International Stroke Trial (IST) website, utilizing Pearson
Correlation Analysis and Recursive Feature Elimination with Cross-Validation. Tazin ez al. [19]
performed stroke detection and prediction using Logistic Regression, RF, and Voting techniques,
addressing data preprocessing that includes filling null values with the mean, applying label encoding,
and employing the SMOTE for imbalanced data. Li ez al. [15] enhanced the stroke risk screening level
with data from the China National Stroke in 2017, addressing imbalanced data with SMOTE. However,
the study does not analyze the correlation between clinical features in the dataset. Fernandez et al. [20]
researched clinical factors in stroke patients to predict mortality using data from a European Tertiary
Hospital, with preprocessing that involves feature correlation analysis and managing imbalanced data
using Random Undersampling (RUS).

These studies collectively highlight the significance of addressing imbalanced data and the critical
role of feature selection, and the eftectivity of different machine learning models in medical applications.
The chart for this exercise is illustrated in Fig. 1.

Data Preprocessing

GCU Stroke

Dataset A -
Start Label Encoding Handling Missing Value

f Using Mean

J

Feature Correlation

Handling Imbalanced

Data Using ADASYN 1 Model Prediction | Analysis

Training Data (—|

Testing Data

Fig. 1. Proposed Flowchart

Fig. 1 highlights key steps such as data preprocessing (handling missing values, feature correlation
analysis, and balancing data with ADASYN), followed by training and evaluation using various machine
learning models, and finally, performance comparison using a confusion matrix. Fig. 4 presents the effect
of ADASYN implementation on model performance, showing improvements in all confusion matrix for
the minority class (stroke cases). Table 2 gives a detailed evaluation of the predicted outcomes. In Section
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3 of the paper, we discuss the importance of feature selection and ranking using entropy values (Fig. 3),
explaining how key features such as sports history, blood sugar levels, and BMI contribute significantly
to stroke prediction. We have elaborated on the effectiveness of RF in making predictions based on
feature importance analysis.

2.2. Dataset

This research utilizes the General Checkup (GCU) dataset, which was comprehensively collected in
a clinical setting over three consecutive years, from 2019 to 2021 [21]. This dataset consists of 28 of
these variables with 1333 rows of data. Detailed characteristics of these variables can be seen at Table 1.

Table 1. Summary of the Dataset

Attributes Al Max. Min. Avg. Med. StdDev Var.

Value
Age 0 52 26 48.26 49 3.49 1.22
bloodpressure_sistole 14 190 90 124.44 120 14.95 2.23
bloodpressure_diastole 14 116 60 81.65 80 9.5 9.03
bloodpressure_Mean Arterial 14 136.66 73.33 95.91 93.33 10.7 1.14
BMI 14 59.72 15.35 27.54 27.34 4.41 1.94
stomach_circumference 14 143 60 90 90 9.95 9.91
bloodsugar_fast_glucose 14 390 57 113 100 44.85 2.01
bloodsugar_fast_glucose_2hour_pp 16 538 51 127.81 108 61.15 3.74
cholesterol 14 493 69 210.24 209 39.90 1.59
cholesterol_LDL 14 312 13 133.7 133 33.16 1.09
cholesterol_HDL 14 112 1.06 45.15 44 9.85 9.71
trigliserida 14 1174 28 140.26 118 96.97 9.40
cholesterol_ CVD_riskratio 14 11.7 0.22 3.06 3.025 0.934 8.74
score stress 1203 43 1 13.13 11 10.25 1.05
kidney_creatinine 14 18.4 0.41 1.11 1.1 0.68 4.73
kidney_EGFR 16 247.6 3.8 82.08 79 18.23 3.32
kidney_ureum 14 156 8 24.37 23 10.64 1.13
bloodsugar_ HbA1lc 1331 231 221.25 224.5 224.5 9.19 8.45
hematology_leko 14 14700 3100 7266.3 7100 1750.74 3.06
hematology_mcv 14 99 27.8 84.74 85.5 5.80 3.36
hematology_mch 14 37.2 17.3 28.66 29 2.24 5.02
hematology_mchc 14 38.7 13.2 33.77 33.7 1.37 1.87

The summary of categorical data in this study is as follows: The gender variable has no missing data,
with 245 females and 1,088 males. The history_smoke variable has 14 missing values, with 1,007
individuals who do not smoke, 100 light smokers (1-5 cigarettes per day), 105 moderate smokers (6-10
cigarettes per day), 80 heavy smokers (11-15 cigarettes per day), and 27 individuals who smoke more
than 15 cigarettes per day. For the history_sport variable, there are 92 missing values, with 684
individuals who do not exercise, 281 individuals who exercise less than 3 times a week, and 276
individuals who exercise more than 3 times a week. Meanwhile, the category_stress variable has 1,203
missing values, with 37 individuals classified as having low stress, 56 with medium stress, and 37 with
high stress. The urine_protein variable has 18 missing values, with 1,199 individuals showing no protein
in their urine, 80 with a small amount (+), 28 with a moderate amount (++), 6 with a high amount
(+++), and 3 with a very high amount (++++). The urine_glucose variable has 19 missing values, with
1,222 individuals showing no glucose reduction in their urine, 42 with a small reduction (+), 28 with a
moderate reduction (++), 19 with a high reduction (+++), and 5 with a very high reduction (++++).
Finally, the class variable has no missing data, with eight individuals classified as positive and 1,325 as
negative.

In the General Checkup (GCU) dataset under study, the age of individuals undergoing examination
ranges from 26 to 52 years, with a dominant age group between 46 and 52 years. Furthermore, the
majority of the examination subjects are male. This is consistent with findings that most positive stroke
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cases are also identified in males, particularly in the age group of 45 to 50 years. Significantly, some
individuals with a positive stroke have shown blood sugar_fast_glucose values reaching 303, indicating
the condition of Diabetes Mellitus as a pre-existing disease.

The GCU dataset also includes variables related to physical activity, including sports history and
smoking history. The sports history variable is categorized based on the frequency of sports activities per
week, while the smoking history variable is categorized based on the number of cigarettes consumed
daily. Analyzing these variables is important, considering that a healthy lifestyle can reduce the risk of
stroke.

Moreover, the dataset includes variables that describe an individual's stress condition, namely stress
score and category, filled out by the hospital medical team. However, it was found that many stress-
related data are not filled in, possibly because respondents are reluctant to undergo testing to assess their
stress levels.

2.3. Label Encoding

In this phase, values are encoded on the General Checkup (GCU) dataset, which contains string-
formatted data [22]. This process entails converting string-type data into an integer or numeric format
[4], resulting in a dataset with a numeric representation. There are five columns in this research dataset
that are converted through the encoding process, namely: gender (gender), smoking history
(history_smoke), sports history (history_sport), protein in urine (urine_protein), and protein glucose
(protein_glucose).

2.4. Handling Missing Value

Resolving missing values in a dataset is an important step in analyzing data [23]. This research applies
a statistical technique, mean imputation, to replace null values in the GCU dataset. Zero-value
distribution within the dataset is displayed in Tables I and II. In this research, several features underwent
column deletion (drop column) due to a significant number of null values, including blood sugar level
HbA1lc (bloodsugar_hbAlc), stress category (category_stress), and stress score (score_stress). Handling
missing values is essential, particularly in disease prediction research [24].

2.5. Feature Correlation

Identifying the correlation among features within the dataset is an important step in disease
prediction [25]. Feature correlation analysis can enhance prediction accuracy and disease classification
[26]. This research initiates the identification of feature correlations by using a heatmap [27], [28].
Subsequently, this study applies entropy values in the RF to determine the importance of ranking
features in the dataset. The equation for the entropy value is presented in the equation (1) [29].

%¢P;log,P; )

Here C represents the count of both positive and negative classes, and P denotes the sample
proportion for class i (stroke and non-stroke).

2.6. Handling Imbalanced Classes

The stroke data in this study is categorized as highly imbalanced, with a total of 1333 data entries, of
which only 8 entries are classified as positive stroke cases and 1325 entries as negative. To assess the level
of data imbalance, the Imbalance Ratio (IR) is used, calculated using the following equation [29].

IR = Instance Minority/Instance Majority 2)

where the minority instance represents the number of entries in the minority class, while the majority
instance is the number of entries in the majority class. Data is considered imbalanced when the IR value
approaches 0 and less imbalanced as the IR value approaches 1. For the GCU stroke dataset analyzed,
the IR value was found to be 0.00603, indicating a significant level of imbalance.
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Given the low IR value, handling imbalanced data in this research becomes crucial. The Adaptive
Synthetic (ADASYN) oversampling technique is chosen for its ability to avoid overfitting and its
suitability for high-dimensional data [30]-[33]. ADASYN addresses the weaknesses of Random
Oversampling, which often leads to overfitting by merely duplicating samples from the minority class
[34]-[36]. Additionally, ADASYN (Adaptive Synthetic Sampling) generates synthetic data that is more
focused on regions with a more complex minority class distribution [37], [38], unlike SMOTE, which
only creates new samples using a simple interpolation approach [39]. ADASYN operates by calculating
Euclidean distance, determining neighborhood, calculating the number of synthetic samples created,
and performing interpolation [40], as explained in equations (3) through (7).

G = (m; —m)p @

where m; total number of majority data and m; total number of minority data. Thus, G total number
of minorities data that will be produced. The factor f§ represents the ratio between the desired minority
data compared to the majority data. A 8 value of 1 indicates a highly balanced outcome after the
application of ADASYN. The subsequent process involves finding the nearest K value for each minority
sample and calculating the 7; value (4). This step signifies that each minority sample will be assigned
with a divergent environment.

1, = instance majority / k (4)

The value of 7; indicates the level of majority class dominance within a specific environment.
Environments with higher ri values contain a larger proportion of majority class samples, making them
more challenging to learn from. Therefore, the 7; values must be normalized so that the total sum of 7;
values equals 1 (5).

ro=r/Yn (5

Calculating the quantity of synthesized examples to be made for each environment is achieved
through step (6). A higher value of r; in environments dominated by the majority class results in
generating more synthetic minority class examples for that environment. Consequently, this approach
lends an adaptive characteristic to the ADASYN algorithm, ensuring that the augmentation of synthetic
samples is focused on areas where the minority class is underrepresented.

Gi ZGXTI: (6)

To generate G; data in each environment, the first step is to select a minority example, named xi,
from that environment. Subsequently, another minority example, named XZ;, is randomly selected from
the same environment. Thus, a fresh synthesized instance could be estimated by applying the function
(7), allowing for the creation of synthetic data based on combining these two minority examples.

Si=x+ (XZ; — x4 @)

In the equation, A is a unique raw numeric range of values between 0 and 1. Si is the newly created
synthetic example, while x; and XZ; represent two minority examples originating from the same
environment. The process of creating this synthetic example is conducted through a linear combination
of x; and XZ;, where A serves as the weight in that combination, facilitating variation in generating
synthetic data.

2.7.RF Algorithm

The RF is a prediction algorithm within the ensemble learning category [41], based on the principle
of combining several predictions to form a stronger unity. The RF model, an improvement over the DT,
incorporates various DT in its construction. The prediction process with the RF model begins with a
random bootstrap from the training data, followed by the construction of several decision trees. As a

Adiwijaya and Ramadhban (Analyzing risk factors and handling imbalanced data...)



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 45
Vol. 11, No. 1, February 2025, pp. 39-54

ree—
final step, the RF model applies a voting mechanism to the predictions of different determination trees
to determine the final prediction output. In the Diabetes Mellitus (DM) context of disease prediction
research, the RF model has proven superior performance compared to seven other machine learning
models [22]. Furthermore, RF has also been applied in various other studies, including disease prediction
[29] and consumer behavior [42].

3. Results and Discussion

This research evaluated the performance of several machine learning models by comparing prediction
results after addressing data imbalance. The models' performance was measured using metrics from the
confusion matrix [43].

3.1. Feature Correlation Analysis

Understanding the heatmap correlation feature process is crucial before making predictions because
it provides information about the relationships among features within a dataset. This identification of
relationships among features aids in analyzing the correlations between them, enabling an understanding
of whether there are linear relationships among individual features in the dataset. The heatmap
correlation assists in several ways, such as understanding the patterns of relationships which offer insights
into how features interact and influence each other, and it can be used to select the most relevant features
to be incorporated in the predictive model, potentially enhancing the model's performance. The feature
correlation is visualized using a heatmap, as shown in Fig. 2.
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This heatmap highlights the five feature pairs with the strongest correlations: (1) "MAP blood
pressure” and "diastolic blood pressure," showing the score for 0.96; (2) "fasting blood sugar 2-hour pp"
and "fasting blood sugar," exhibiting the score for 0.91; (3) "LDL cholesterol" and "cholesterol," along
with "hematology mch" and "hematology mcv," both demonstrating the score for 0.83; (4) "fasting blood
sugar" and "urine protein," with a score measured at 0.78; and (5) "CVD risk ratio cholesterol" and
"cholesterol," reflecting a correlation of 0.77.

Additionally, the outcomes of the entropy-based feature importance analysis are presented in Fig. 3.
Prior to making predictions, evaluating feature importance through entropy is essential, as it offers
critical insights into the relevance of each feature in the model. This analytical step helps in
understanding how any features contribute to the predictivity of the model, enabling a more targeted
focus on the most influential features. It also aids in potentially refining the model by selecting key
features to improve performance or simplify its structure.
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Features that significantly influence predictions will exhibit high entropy before data splitting and
low entropy afterward. Therefore, features that can significantly reduce uncertainty become critically
important to identify. Features that significantly impact predictions affect the model's precision, stability,
and generalization. Thus, understanding the importance of features provides valuable insights for
optimizing models used for prediction tasks.

Based on Fig. 3, the top five features that significantly influence the stroke class are (1) sports history,
(2) fasting blood sugar, (3) age, (4) Body Mass Index (BMI), and (5) hematology leko. On the other
hand, the five features with the lowest ranking are (1) urine protein, (2) gender, (3) protein glucose, (4)
LDL cholesterol, and (5) cholesterol. Using the entropy feature importance method along with RF
resulted in an accuracy of 98.7%, but precision was only 49.3%, recall 50%, and f1-score 49.6%. The
RF method produced the most superior metrics values compared to seven other machine learning models
when using feature importance. This occurred due to the ability of the RF method to identify and utilize
the most relevant features in making predictions. Here are some additional explanations based on the
feature ranking in Fig. 3.

e Features with the Greatest Influence. These features have a significant impact on stroke prediction:
| ee—
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Exercise history (history_sport): The most influential feature indicates that exercise habits are
strongly related to stroke risk. Regular physical activity can reduce the risk of stroke by
improving cardiovascular health.

Fasting blood sugar (bloodsugar_fast_glucose): High fasting blood sugar levels indicate a risk
of diabetes, which is a major factor in cardiovascular disease and stroke.

Age (age): Stroke risk increases with age due to reduced elasticity of blood vessels and a higher
likelihood of conditions like hypertension and diabetes.

Body Mass Index (BMI): A high BMI is linked to obesity, hypertension, and diabetes— which
are both main potential risk factors for stroke.

Hematology leko (hematology_leko): Possibly related to white blood cell count, which can be
an indicator of chronic inflammation or other health conditions associated with stroke.

e Features with Moderate Influence

Waist circumference (stomach_circumference): An indicator of central obesity, which is linked
to a higher risk of metabolic syndrome and stroke.

Kidney urea (kidney_ureum): Reflects kidney function, as kidney problems are often associated
with hypertension and cardiovascular disease.

Hematology MCV (hematology_mcv): The average size of red blood cells, which may be linked
to anemia or other blood disorders affecting oxygen supply to the brain.

Diastolic & systolic blood pressure (bloodpressure_diastole, bloodpressure_sistole):
Hypertension is one of the main risk factors for stroke.

Triglycerides (trigliserida): High triglyceride levels are associated with atherosclerosis, which
can lead to ischemic stroke.

e Features with Low Influence. These features have a smaller impact on stroke prediction, possibly
due to variability in the dataset or weaker correlations.

Total cholesterol, LDL, and HDL levels: Although high cholesterol can be a stroke risk factor,
it may not show a strong correlation in this dataset.

Kidney creatinine (kidney_creatinine) & EGFR: Indicators of kidney function, but they may
not directly impact stroke risk in this model.

Gender (gender): While men and women may have different stroke risks, its impact is smaller
compared to other medical factors.

Urine protein (urine_protein): This could indicate kidney problems but is not a key factor in
this dataset.

3.2. ADASYN Result Analysis

In this section, an analysis of the application of ADASYN is carried out, as well as an analysis of the
use of a combination of important features with ADASYN, as shown in Fig. 4.

B0 (negative) M1 (positive)

X X X xX X X
o <N 0 ~ o) 00
a a ) o o <)

X X

(< N o I~ o 2

— | —

WITHOUT WITH WITHOUT WITH WITHOUT WITH

PRECISION RECALL F1-SCORE

Fig. 4. Performance Prediction Comparison of Each Dataset Class With and Without ADASYN

Implementation
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Based on Fig. 4, the label "with" in the image above represents the ADASYN and RF (our proposed
model) the precision metric in the positive category improved from 0% to 8%. This result indicates that
the utilization of ADASYN has enhanced the model's quality in accurately recognizing the positive
category. Concurrently, the recall metric associated with the positive category also showed an escalation
from 0% to 20%. These findings suggest that the performance of ADASYN has supported the model
in detecting more instances that fall into the absolute positive category. Additionally, the Fl-score
related to the positive category demonstrated an increase from 0% to 11%. This outcome indicates that
the adoption of ADASYN has improved the balance between precision and recall for the positive
category. Overall, these results demonstrate that the use of ADASYN has enhanced the model's
performance in identifying the minority class (positive) through improvements in all confusion matrix
for the positive class. This means that ADASYN is effective in overcoming the issue of class imbalance
and enhancing the models' capacity to classify the minority class, by generating synthetic samples of the
minority class. Thus, ADASYN facilitates learning patterns from classes that are underrepresented by
the model, consequently refining the model's capability to detect elements from the minority class.

A significant contribution of this study is the integration of ADASYN with feature importance
analysis using entropy values within the RF model. Feature importance analysis is critical in
understanding which variables contribute most to stroke prediction. Our study identifies sports history,
fasting blood sugar, age, and BMI as the most influential features, with entropy scores of 0.16, 0.16,
0.15, and 0.11, respectively.

The combination of ADASYN with feature importance offers two advantages:

e Enhanced Model Sensitivity: ADASYN increases the representation of stroke cases, enabling the
model to learn patterns from minority class samples better. As a result, the importance of certain
features (e.g., sports history and fasting blood sugar) becomes more prominent after balancing the
dataset.

e Improved Feature Discrimination: The entropy-based ranking demonstrates that features identified
as important in the imbalanced dataset remain relevant even after ADASYN is applied. This
suggests that the synthetic data generated by ADASYN effectively preserves the underlying
relationships in the dataset, allowing the model to make more informed predictions.

Feature selection based on entropy values enhances model performance by identifying the most
relevant predictors and eliminating less informative features that may introduce noise. This study found
that selecting the top-ranked features based on entropy improved precision and recall. For example,
when using all features without selection, the RF achieved an F1 score of 49.6%. However, after selecting
only the top-ranked features (sports history, fasting blood sugar, age, and BMI), the F1 score increased
to 63.9%, representing a significant performance boost. This improvement demonstrates that entropy-
based feature selection helps the model focus on the most impactful variables, reducing computational
complexity and improving predictive accuracy.

The effectiveness of ADASYN in this study stems from the fact that the dataset contains only eight
positive cases out of 1333 total entries, leading to an extreme imbalance (Imbalance Ratio = 0.00603).
ADASYN assigns more synthetic samples to areas of the feature space where the minority class is
underrepresented. Given the small number of stroke cases, ADASYN helps by placing new synthetic
samples closer to actual positive cases, making the model more likely to learn the distinguishing
characteristics of stroke patients. The generated synthetic samples aligned with features such as sports
history, blood sugar levels, age, and BMI, which were ranked as the most significant factors in stroke
prediction using entropy analysis. By expanding the decision space for these key features, ADASYN
helps balance the learning process.

Although ADASYN improves minority class prediction, it is important to recognize its limitations,
especially on more complex data sets: An Overfitting Risk: If the synthetic samples are too similar to
existing examples of minority classes, the model might memorize them instead of generalizing to unseen
data. This risk increases when the dataset size is small, and the synthetic points are heavily concentrated
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in a limited feature space [38]. Distortion of Data Distribution: Unlike techniques such as SMOTE,
which creates synthetic samples along feature-space lines between minority class instances, ADASYN
prioritizes regions with high-class imbalance. This may lead to an unevenly distributed decision
boundary, potentially distorting the natural distribution of stroke occurrences [35]. Feature Importance
Misalignment: ADASYN assumes that minority samples should be generated where a class imbalance is
highest. However, if this assumption does not align with true feature importance, it may introduce
synthetic noise rather than informative samples. For example, if synthetic instances are generated in a
region of feature space where stroke occurrences are naturally unlikely, it could degrade model
performance [34]. Scalability Challenges: ADASYN’s effectiveness may decrease due to difficulties in
defining appropriate feature neighborhoods in highly imbalanced datasets with a complex feature space.
For instance, if some features have highly nonlinear relationships with stroke risk, ADASYN might
struggle to generate synthetic samples that correctly capture these interactions [39].

Alternative or complementary approaches can be considered to mitigate these limitations: Hybrid
Techniques: Combining ADASYN with techniques such as Tomek Links or ENN could help filter out
synthetic noise while retaining meaningful minority class samples. Feature Engineering for Synthetic
Data Validation: Before training, an additional validation step can be introduced to compare synthetic
instances with real minority cases to assess the consistency of the generated samples. Alternative
Imbalance Handling Methods: While ADASYN benefited this dataset, future work could explore
generative models (e.g., Variational Autoencoders or GANSs) that create more robust synthetic samples
by preserving the dataset’s natural feature distributions.

3.3. Comparison Machine Learning Models

In this section, a comparison is made between the proposed RF model and several other machine-
learning models. Results of the Prediction are shown in Table 2.

Table 2. Result of the Prediction

Model Acc (%) Prec (%) Rec (%) F1-Score (%)
DT 96 53.3 58.4 54.5
RF (our proposed model) 98.7 74.4 63.9 57.7
AdaBoost 97.5 59.8 63.9 57.7
XGBoost 97.5 66.5 59.2 57.7
LR 88.2 64.4 51.7 57.7
NB 78 51.7 50.7 51.3
SVM 90.2 50.5 55.5 48.5
MLP 84.7 62.6 49.8 48.9

The experiments in Table 2 include applying strategies to cope with unbalanced data, including filling
in null values, assessing feature importance ratings, and implementing various machine learning models
to compare their performance against the proposed RF. These results show that the RF surpasses other
models in all aspects of performance measurement.

Specifically, the DT model, as shown in Fig. 4, after implementing strategies to handle imbalanced
data, demonstrated an increase in precision by 3.9%, recall by 9.2%, and fl-score by 5.2%. However,
there was a decrease in accuracy by 1.5%, indicating that the application of ADASYN allowed the RF
model to make more accurate predictions by reducing bias in the data. Although the DT model recorded
higher accuracy compared to ensemble models such as AdaBoost and XGBoost, the lower f1 score for
DT indicates the shortcomings of this model in achieving a balanced precision and recall compared to
AdaBoost and XGBoost.

Using feature importance in RF enables the model to identify and leverage the most informative
features in separating target classes, resulting in more accurate predictions. This is evidenced by a
relatively high precision rate (74.4%), indicating that most of the correct expectation created by the
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modeling is relevant, and a fairly good recall rate (59.8%) in identifying most of the positive cases in the
dataset. These results demonstrate that the importance of feature application in RF has positively
impacted the quality of predictions. Meanwhile, other models exhibit varied performance. AdaBoost and
XGBoost, although high in accuracy, display slightly lower precision, recall, and F1-Score values than
RF. This indicates that feature importance in these models also has a positive impact, but not to the
extent achieved by RF. On the other hand, LR, NB, SVM, and MLP perform less well compared to RF
and other ensemble models. This is due to these models' lesser capability to handle complex or
imbalanced features in the dataset. Meanwhile, RF and other ensemble models using feature importance
have eftectively addressed this issue.

The Logistic Regression (LR) and Naive Bayes (NB) models recorded high recall but low precision,
indicating a tendency for these models to mistakenly classify negative cases as positive. On the other
hand, the Multi-Layer Perceptron (MLP) model showed unsatisfactory performance, with an fl-score
that was one of the lowest among the tested models. This indicates that MLP is less effective in handling
imbalanced data despite the application of data imbalance handling techniques using ADASYN. Table 3
show Tukey HSD (Honestly Significant Difference) testing.

Table 3. Tukey HSD (Honestly Significant Difference) Testing

Groupl Group2 Mean Difference p-value HO
AdaBoost DT -2.2 0.999999708 Rejected
AdaBoost LR -4 0.999981975 Rejected
AdaBoost MLP -5.9 0.999753214 Rejected
AdaBoost NB -10.075 0.992670987 Rejected
AdaBoost RF 6.45 0.99955621 Rejected
AdaBoost SVM -3.75 0.999988403 Rejected
AdaBoost XGBoost 0 1 Rejected

DT LR -1.8 0.999999928 Rejected
DT MLP -3.7 0.999989421 Rejected
DT NB -7.875 0.998392289 Rejected
DT RF 8.65 0.997102627 Rejected
DT SVM -1.55 0.999999974 Rejected
DT XGBoost 22 0.999999708 Rejected
LR MLP -1.9 0.999999895 Rejected
LR NB -6.075 0.999700633 Rejected
LR RF 10.45 0.990902379 Rejected
LR SVM 0.25 1 Rejected
LR XGBoost 4 0.999981975 Rejected
MLP NB -4.175 0.999975869 Rejected
MLP RF 12.35 0.976453942 Rejected
MLP SVM 2.15 0.999999751 Rejected
MLP XGBoost 5.9 0.999753214 Rejected
NB RF 16.525 0.897664163 Rejected
NB SVM 6.325 0.999609646 Rejected
NB XGBoost 10.075 0.992670987 Rejected
RF SVM -10.2 0.992114121 Rejected
RF XGBoost -6.45 0.99955621 Rejected
SVM XGBoost 3.75 0.999988403 Rejected

Based on Table 3, the Tukey HSD test helps identify which pairs of groups have statistically
significant differences. In the context of disease prediction, the Tukey HSD test can compare the
performance of various predictive models or diagnostic methods to determine the most effective [44].
According to the Tukey HSD test source, the differences between the tested models (e.g., AdaBoost,
DT, RF, XGBoost, etc.) are not highly significant. However, RF often achieves high accuracy and more

.
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excellent stability compared to DT, AdaBoost, or SVM, especially when working with datasets that
contain complex features. Additionally, RF is more effective than SVM or LR in handling large datasets
with numerous features. Moreover, RF is less likely to overfit than DT, as it utilizes the bagging
mechanism [45].

4. Conclusion

This study aimed to forecast the risk of stroke in individuals within the next year by utilizing the
General Checkup (GCU) dataset. The findings reveal that the proposal model improved prediction
accuracy by 98.7% and fl-score by 63.9%. Additionally, the research successfully identified key features
in the dataset with strong correlations, such as MAP and diastolic blood pressure, while establishing the
order of feature importance. Notably, sports history was found to influence the stroke variable
significantly. Addressing dataset imbalance was critical in enhancing prediction performance, as an f1
score of any offered RF model improved by 14.2% after implementing ADASYN. The study further
examines stroke risk factors, highlighting sports history, blood sugar (fast glucose), age, and BMI as the
most influential. Sports history and blood sugar (fast glucose) recorded the highest entropy importance
scores at 0.16, followed by age at 0.15 and BMI at 0.11. These insights can aid in formulating effective
strategies for stroke prevention and treatment. Future Research, While this study successfully employed
a modified RF model to predict stroke risk using clinical checkup data, several limitations and
opportunities for future research can be identified: 1) Data Quality and Missing Values. Although this
study addressed missing values using mean imputation, the approach may not be the most effective in
all cases. Future research may also explore a more sophisticated method of imputation, such as multi-
imputation or imputation based on machine learning, to boost the accuracy of addressing the missing
data; 2.) Feature Importance and Data Imbalance. The study used ADASYN to handle imbalanced data
and entropy to select features, which significantly improved model performance. However, other
techniques for addressing data imbalance exist, such as SMOTE or SMOTE-Tomek. Exploring these
methods' effectiveness, individually or in combination with ADASYN, could yield further improvements
in stroke prediction accuracy; 3) Model Generalization. The dataset used in this study was limited to
GCU clinical data from 2019-2021. Expanding the dataset to include data from diverse populations or
other geographical locations could improve the model's generalizability. Additionally, incorporating data
from other clinical risk factors or advanced diagnostic methods (e.g., genetic or imaging data) may
enhance prediction; 4) Advanced Machine Learning Techniques. Although RF outperformed other
models in this study, further exploration of deep learning techniques or hybrid models that combine the
strengths of different algorithms (e.g., a combination of RF with neural networks or boosting methods)
could be beneficial in improving predictive accuracy, especially for complex and non-linear relationships
in the data; 5) Clinical Relevance of Predictive Features. Further research could delve deeper into the
clinical relevance of the features identified in this study, such as sports history, blood sugar levels, and
BMI. Understanding how these features influence stroke risk in a clinical setting could help refine stroke
prevention strategies; 6) Evaluation Metrics and Decision Support. While confusion matrix were used
in this study, additional evaluation metrics, such as AUC-ROC or precision-recall curves, could be
considered to comprehensively evaluate model performance. Developing decision support systems based
on these models could facilitate real-time clinical decision-making. By addressing these areas, future
research could significantly contribute to the development of more accurate, robust, and clinically
applicable stroke prediction
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