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Abstract

According to the Global Burden of Disease (GBD) Study, stroke is the third leading cause of death globally.
Recognizing its signs early is crucial for both prevention and effective treatment. Although machine learning has
made significant progress in predicting strokes, many current models operate like "black boxes", making them hard
to interpret and often resulting in high error rates. This study aims to enhance prediction accuracy and interpretability
in stroke risk detection by integrating Winsorizing Interquartile Range (IQR) for outlier management, a tree-based
classification method, and Explainable Artificial Intelligence (XAI) techniques. The proposed approach applies
Winsorizing Interquartile Range to handle extreme values while employing tree-based methods for prediction due to
their superior performance in processing tabular data. Additionally, Explainable Artificial Intelligence techniques are
utilized to improve model transparency and interpretability. Testing was conducted using the Cerebral Stroke
Prediction-Imbalanced Dataset, comparing results with various existing models. The suggested approach
demonstrated the lowest prediction error rates, achieving a False Positive Rate (FPR) of 15.74% and a False Negative
Rate (FNR) of 8.56%. Additionally, it attained an accuracy of 84.39%, sensitivity of 91.43%, specificity of 84.26%,
Area Under the Receiver Operating Characteristic Curve (AUROC) of 94.74%, and G-Mean of 87.76%,
outperforming previous studies in stroke risk prediction. The combination of Winsorizing Interquartile Range,
Random Under-Sampling, tree-based classification, and Explainable Artificial Intelligence techniques effectively
enhances prediction accuracy and transparency, supporting early stroke detection with improved interpretability. This
study contributes to medical informatics by integrating transparent predictive models suitable for decision support
systems.
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1. INTRODUCTION

Stroke occurs when blood flow to the brain is disrupted, either due to a blockage (ischemia) or
bleeding in the brain's blood vessels [1]. This interruption leads to a sudden loss of brain function [2].
In 2021, the Global Burden of Disease (GBD) Study identified stroke as the third leading cause of death
after ischemic heart disease and COVID-19 [3]. This statement is supported by data from the World
Stroke Organization (WSO), which recorded more than 12.2 million new stroke cases in 2022, with an
annual death toll reaching 3.3 million [4]. The high incidence and mortality rates of stroke highlight the
importance of preventive measures, including early identification of stroke risk to reduce morbidity and
mortality rates. Early identification of a person's potential risk of stroke can be achieved by recognizing
the main symptoms and risk factors [5], [6]. A lack of public awareness regarding stroke symptoms and
improper response to the condition can lead to delays in receiving medical treatment and increased
prevalence of the disease [7], [8]. The most significant risk factors identified in stroke development
include age, gender, family medical history, hypertension, smoking habits, excessive alcohol
consumption, obesity, diabetes, heart disease, and lack of physical activity [9], [10], [11], [12].
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Machine learning methods have been explored as a way to identify strokes early based on risk
factors. Various studies have focused on improving the accuracy of stroke prediction using machine
learning (ML) and deep learning (DL) techniques, as accurate predictions are essential for doctors to
make well-informed clinical decisions [13]. Liu et al. [14] introduced a combination of Deep Neural
Network (DNN) and Automated Hyperparameter Optimization (AutoHPO) to reduce prediction errors,
achieving a FPR of 33.10% and a FNR of 19.10%. Meanwhile, Shih et al. [15] leveraged Transfer
Learning (TL) alongside Deep Neural Networks (DNN) to enhance prediction accuracy, obtaining a
FPR of 23% and a FNR of 14.40%. Despite their high accuracy, both models are considered "black-
box" systems, meaning their decision-making processes lack transparency [16]. To address this,
Kokkotis et al. [17] implemented SHapley Additive Explanations (SHAP) to provide insights into how
a Multi-Layer Perceptron (MLP) model operates. However, the MLP model's overall performance
remained relatively modest, with a FPR of 29.35% and a FNR of 18.60%.

While previous research has advanced stroke risk prediction using ML and DL methods [14],
[15], [17], some obstacle still persist. The key concern is the relatively high prediction error rates, often
caused by noise and outliers in the data [18]. Outlier detection is crucial in medical data prediction
because it can reveal important information about a patient based on the physiological data provided
[19]. If outliers are not properly addressed, they can disrupt the patterns learned by the model, leading
to higher prediction errors [14]. However, employing effective outlier detection techniques can help
mitigate these errors [20]. Another limitation of earlier studies is the use of black-box models like Deep
Neural Networks and Multi-Layer Perceptron (MLP), which offer high accuracy but lack
interpretability. This makes it difficult for doctors and healthcare professionals to understand the
reasoning behind diagnostic outcomes [21].

This study aims to address these gaps by integrating Winsorizing Interquartile Range (IQR), tree-
based models, and Explainable Artificial Intelligence (XAI) techniques to improve stroke risk prediction
and its interpretability. Winsorizing IQR is capable of reducing the impact of outliers without losing
valuable data [22]. Meanwhile, tree-based models are preferred because they effectively handle
uninformative features and are more robust against outliers compared to deep learning models like MLP
[23]. Furthermore, to enhance prediction transparency, this study will implement Explainable Artificial
Intelligence (XAI) techniques, including SHAP (SHapley Additive exPlanations) [24], LIME (Local
Interpretable Model-agnostic Explanations) [25], and PDP (Partial Dependence Plot) [26]. These XAl
techniques will be compared to assess the consistency of their interpretations and determine the most
effective and comprehensible method for explaining prediction results. This method aims to improve
understanding of the risk factors associated with stroke prediction, thereby enabling healthcare
professionals to make more accurate diagnoses and appropriate treatment decisions for patients.

2. METHOD

In this study, the stages carried out include data preprocessing, data sorting, data balancing on
training data, model development, evaluation model, and interpretation model. The research stages are
listed in Figure 1.

2.1. Data Retrieval

This study utilizes Cerebral Stroke Prediction-Imbalanced Dataset from Kaggle [27], which
includes 43,400 patient records. Among these, 783 individuals have been diagnosed with stroke, making
up roughly 1.8% of the dataset. Each record consists of 12 attributes, along with a target class labeled
"stroke".
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Figure 1. Research Stages

2.2. Data Preprocessing

Data preprocessing is conducted through several stages, including data cleaning, handling missing
values, encoding, and outlier processing.

a. Data Cleaning: Removed irrelevant attribute, such as id. Additionally, the age attribute is
converted from float to integer, and the gender attribute's "Other" category is removed to retain
only Female and Male categories.

b. Handling Missing Values: Handling missing values involves imputing data for the bmi and
smoking_status attributes. The bmi values are filled using the median, categorized by gender.
Meanwhile, missing entries in smoking_status are replaced with "Unknown." After imputation,
smoking_status consists of four categories: Unknown, formerly smoked, never smoked, and
smokes.

c. Encoding: Categorical and numerical columns are separated. Since machine learning models
cannot process categorical data directly, one-hot encoding is applied to categorical attributes.

d. Outlier Handling: Outliers are addressed using the Winsorizing Interquartile Range (IQR)
method. This method replaces detected outlier values with the lower or upper quartile limits
[22]. Visualization of the Interquartile Range (IQR) technique for outlier detection is shown in
Figure 2.

IQR
—_—
Q1-1,5xI1QR Q1 Q3 Q3+15xIQR

Figure 2. IQR Technique for Outlier Detection

2.3. Data Split

In this study, the dataset is split into training and testing subsets. Training data is used for model
learning and construction. Testing data evaluates the model’s performance in predicting new data
correctly. A 5-fold cross-validation technique is applied to ensure predictions are robust and prevent
overfitting to specific classes.
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2.4. Imbalanced Dataset Resampling

Imbalanced dataset resampling techniques aim to ensure a balanced dataset and minimize bias
toward a particular class. Resampling methods are explained below:

a. RUS (Random Under-Sampling): Randomly decrease the number of samples from majority class
[28]. A subset of these samples is chosen and combined with the minority class data to create a
more balanced training dataset.

b. SMOTE (Synthetic Minority Over-sampling Technique): This method identifies K-Nearest
Neighbors (KNN) for each minority class samples and creates synthetic data in proportion to the
minority-majority ratio [29]. SMOTE is formulated in Equation 1 [30].

Xsyn = Xi T (Xknn — X)) X 6 (1)

Xsyn 18 the new synthetic data, x; represents an original minority class sample, Xy, is one of

its nearest neighbors (from the same class), and § is a randomly chosen value between 0 and 1.
c. ADASYN (Adaptive Synthetic Sampling): Generates synthetic data by considering noise,
distribution, density, decision boundaries, and sample uncertainty [31].

2.5. Model Development

Model development integrates resampling techniques for imbalanced datasets with RF, GBTs,
and XGBoost. Descriptions of these models are as follows:
a. Random Forest (RF): Predicts the target variable by aggregating results from multiple decision
trees [32]. Predictions are based on the most frequently occurring class across different trees [33].
b. Gradient Boosting Trees (GBTs): This approach utilizes ensemble learning, where predictions are
refined iteratively. By computing gradients of the loss function, the model gradually adjusts to
correct errors and enhance accuracy [34] [35].
c. XGBoost: A highly effective classification model, enhancing decision tree performance by
considering loss functions and regularization techniques [36].
Hyperparameter tuning is applied to determine the optimal parameter combinations for models
with the lowest prediction error rates. Grid Search is used to explore the best hyperparameter
configurations and is evaluated using cross-validation.

2.6. Model Evaluation

Model effectiveness is measured based on the confusion matrix to determine the level of success
of'a model in classifying test data. The confusion matrix consists of four main components, namely True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). True Positive (TP) is
number of samples of class Cx that are correctly predicted by the model. True Negative (TN) is number
of samples that are not class Cx and not predicted as Cn. False Positive (FP) is number of samples that
are not class Cy, but predicted as Cn. False Negative (FN) is number of samples that should be included
in Cy, but predicted as another class.

To evaluate the effectiveness of the stroke risk prediction method, this study employed various
performance metrics. These include accuracy, as defined in Equation 2; sensitivity, described in
Equation 3; specificity, outlined in Equation 4; the G-Mean metric, referenced in Equation 5; and the
Area Under the Receiver Operating Characteristic Curve (AUROC). Accuracy represents the overall
reliability of predictions, while sensitivity determines the ability to identify true positive cases.
Specificity measures how effectively the model classifies negative instances. G-Mean evaluates the
balance between sensitivity and specificity. AUROC evaluates the effectiveness of a classification
model by measuring its performance across various threshold values [15].
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Accuracy = i TP, (2)

2:?’:129’:1 Cij
e TP(C;)
Sensitivity = TPCO+FNCY 3)

o TN(C;)
Spesificity ~ TN(C)+FP(C) ¥

GMean = \/Sensitivity (C;) x Spesificity (C;) 5)

2.7. Model Interpretation

2.7.1. SHAP

Provides insights into feature contributions within predictions by applying game theory
principles, specifically Shapley values, to measure the relative impact of each feature [37]. The Shapley
value formula listed in Equation 6 [24].

@y (f,t) =2y EM{]}W [fVu{]}(TVu{j}) - fV(TV)] (6)

@, (f, T) represents contribution of Jth feature on the prediction outcome, f* denotes prediction

model, T denotes the actual input vector, ¥V € M{J} denotes the subset of features that do not contain
the Jth feature, f, (Ty/) denotes the model prediction if only feature V is active, T;, denotes the input to
only the subset I/, and M is the total number of features.

2.7.2. LIME

LIME is a method that builds a locally interpretable model to approximate the behavior of the
original model around a specific prediction point [25]. LIME method formula listed in Equation 7 [25].

§() = argminges L(Q,s,m) +9(s) (7)

&(7) is alocal explanation for instance T, s € S is a local explanatory model from the set S which
denotes the set of interpretable models. Q is the original (black-box) predictive model and m (o) is a
proximity weight between samples o and T to determine how relevant the data o is in providing a local
explanation around 7. The function L(Q, s, ;) evaluates the difference in explanatory models according
to the local behavior of the original model, while 9(s) measures the complexity of the explanatory
model, which is used to maintain interpretability.

2.7.3. Partial Dependence Plot (PDP)
Analyzes black-box models to demonstrate how predictions are influenced by specific features
[35]. This method aims to measure the influence of one or more features on model predictions, by

averaging the model predictions against all other feature combinations. In a prediction model f(X)
consisting of a set of input features X where X, is the feature being analyzed and X is the marginalized

feature, the partial dependence function for feature X, is formulated in Equation 8 [26].

PDy(X) = [ f(Xa Xp)dP(Xp) (8)
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3. RESULT

This study focuses on predicting stroke risk by incorporating Winsorizing Interquartile Range
(IQR), tree-based models, and Explainable Artificial Intelligence (XAI) methods. The goal is to enhance
both the accuracy of stroke risk prediction and the interpretability of the results. This research utilizes
Python and several machine learning libraries, including pandas, matplotlib, imblearn, and sklearn.

3.1. Data Pre-processing

3.1.1. Data Scrubbing

This initial phase involved a data scrubbing which includes removed id attribute as it does not
provide meaningful information regarding the patient's condition, converted age attribute from float to
integer, and eliminated "Other" category in the gender attribute to retain only Female and Male
categories. The results of data scrubbing are shown in Table 1.

Table 1. Data Scrubbing Results

. heart  ever_ work Residence 'S . smoking
gender age hypertension . ; _glucose bmi stroke

disease married _type _type level _status

Male 3 0 0 No children  Rural 95.12 18.0 NaN 0

Male 58 1 0 Yes Private ~ Urban 87.96 392 VT 0
smoked

Female 64 1 0 Yes Govt job  Rural 228.43 NaN smokes 0

Male 14 0 0 No children  Urban 82.48 24.8 NaN 0

3.1.2. Missing Data Management

Missing values in the bmi attribute are imputed using the median value, categorized by gender.
Gender is considered to anticipate potential differences in BMI calculations across different genders.
Figure 3 shows that the BMI distribution across gender categories is skewed, making the median a more
stable choice for imputation compared to the mean. The median BMI values are 27.5 for females and
28.1 for males, and these values are used for imputing missing BMI values based on gender.
Additionally, missing values in smoking_status are imputed with the value "Unknown".
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Figure 3. Distribution of BMI Attribute Data based on Class on Stroke Attribute:
(a) gender="Female”; (b) gender="Male”
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3.1.3. One-Hot Encoding

Attributes like gender, ever married, Residence type, smoking status, and work type are
categorical nominal variables, meaning they lack a natural order or ranking. One-hot encoding is
performed to ensure the model does not mistakenly infer relationships between categories. The value 1
on the columns signifies the presence of a specific category, while 0 denotes its absence. The results of
One-Hot Encoding are shown in Table 2.

Table 2. One-Hot Encoding Results

. smoking  smoking
. heart avg glucose . ever_married
age hypertension . bmi ... _status_never _status stroke
disease level No

- - - smoked smokes
3 0 0 95.12 18.0 1 0 0 0
58 1 0 87.96  39.2 0 - 1 0 0
64 1 0 22843 275 0 0 1 0
14 0 0 82.48 24.8 1 0 0 0

3.2. Handling Outliers using Winsorizing IQR

In this study, the Winsorizing Interquartile Range (IQR) method is used for outlier detection and
processing. The first step involves checking the correlation between each attribute and the target variable
(stroke) to determine which attributes require outlier treatment. The correlation of attributes to stroke is

shown in Figure 4.

age
hypertension
heart_disease
avg_glucose_level
bmi

ever_married_MNo

ever_married_Yes
Residence_type_Rural
Residence_type_Urban
gender_Female

gender_Male
work_type_Govt_job
work_type_Never_worked
work_type_Private
work_type_Self-employed
work_type_children
smoking_status_Unknown
smoking_status_formerly smoked
smoking_status_never smoked
smoking_status_smokes

Korelasi Fitur dengan Stroke

0.16 0.15

0.11

0.02
-0.07
0.07
-0.00
0.00
-0.01
0.01
-0.00
-0.01
-0.00

0.10

0.05

-0.00

-0.05
-0.04

-0.00 - 005

0.01
stroke

Figure 4. Features Correlation to Target Stroke Variables before Winsorizing IQR

Attributes with high correlation to stroke include age (0.16), heart disease (0.11), hypertension

(0.08), and avg glucose level

(0.08),

whereas low  correlation attributes  include

smoking_status_formerly smoked (0.04), bmi (0.02), gender Male (0.01), and smoking_status smokes
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(0.01). Since most low to high correlation attributes are categorical data, they do not contain extreme

values or outliers. Therefore, Winsorizing IQR is only applied to numerical attributes, as they are more
susceptible to outlier effects.

In this dataset, only three attributes—age, avg_glucose level, and bmi—are continuous requiring
an outlier check within stroke categories, as shown in Figure 5.
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Figure 5. Data Distribution before Winsorizing IQR
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Figure 5 shows that the age attribute exhibits several outliers among stroke patients, the
avg glucose level attribute shows outliers among those without a stroke, and the bmi attribute displays
outliers across both groups. Winsorizing IQR is applied to these three attributes to correct outliers. The
method replaces extreme values with the upper or lower quartile limits. Following the application of
Winsorizing, the data distribution becomes more compact, effectively minimizing extreme values across
all three attributes, as depicted in Figure 6.
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Figure 6. Data Distribution after Winsorizing IQR

In attribute age (stroke class = 1), outliers below the lower quartile are replaced with 31.5.
Attribute avg_glucose level (stroke class = 0), outliers above the upper quartile are replaced with 162.92
mg/dL. Attribute bmi (stroke class = 0), outliers above the upper quartile are replaced with 46.65.
Attribute bmi (stroke class = 1), outliers below 18.15 or above 40.15 are replaced accordingly. These
adjustments significantly reduce extreme values in avg_glucose level and bmi, while age distribution
remains relatively unchanged as most data falls within a reasonable range. The change in correlation
after Winsorizing IQR is shown in Figure 7.

A stronger correlation was observed between stroke and avg_glucose_level increasing from 0.08
to 0.13, indicating that the previous extreme values of avg glucose level were obscuring the true
relationship between the feature and the target. The remaining attributes showed minimal changes in
correlation, indicating that outliers did not significantly impact stroke prediction.
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Figure 7. Features Correlation to Target Stroke Variables after Winsorizing IQR

3.3. Comparison of Resampling Methods with Tree-based Models

The comparison of imbalanced dataset resampling methods and tree-based classification models
is shown in Table 3. The evaluation metric used is sensitivity (recall). Sensitivity is critical in medical
applications as it measures how effectively the model detects disease cases (positives). False Negatives
(misclassifying sick patients as healthy) can delay treatment, making sensitivity the most prioritized
metric. High sensitivity allows the model to identify individuals at risk of stroke, enabling early medical
intervention.

Table 3. Experimental Results per Class

Model Imbalanced Dataset Resampling Class  Sensitivity
Random Forest RUS 0 0.817913
1 0.825061
SMOTE 0 0.999155
1 0.330786
ADASYN 0 0.999061
1 0.238870
Gradient RUS 0 0.825635
Boosting Trees 1 0.859587
SMOTE 0 0.998568
1 0.332068
ADASYN 0 0.991856
1 0.362739
XGBoost RUS 0 0.806905
1 0.831488
SMOTE 0 0.998287
1 0.325674
ADASYN 0 0.997864
1 0.325682
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SMOTE and ADASYN yield imbalanced sensitivity between stroke (positive class = 1) and non-
stroke (negative class = 0) predictions. False Negative rates remain high because synthetic samples from
SMOTE and ADASYN tend to overlap, making stroke detection challenging. RUS achieves balanced
sensitivity between stroke (1) and non-stroke (0) predictions. RUS also produces higher sensitivity for
stroke cases (1) compared to SMOTE and ADASYN, making it more effective in classifying stroke
risks accurately. Thus, RUS is selected as the preferred resampling technique for handling imbalanced
stroke data. The sensitivity results across RF, GBTs, and XGBoost are relatively similar. To enhance
performance and identify the most effective model, hyperparameter tuning is employed for optimization.

3.4. Hyperparameter Tuning

Hyperparameter tuning is performed on RUS combined with Random Forest, Gradient Boosting
Trees, and XGBoost. The GridSearchCV library from scikit-learn is used to find the optimal parameter
combination for better predictions. The results of hyperparameter tuning are shown in Table 4.

Table 4. Hyperparameter Tuning

Model Optimized Parameter Optimal Parameter Evaluation
Random n_estimators: [100, 300, 500] n_estimators = 500 Accuracy = 0.8071
Forest max_depth: [3, 5, 7] max_depth =7 Sensitivity = 0.8467
min_samples_split: [2, 10, 20] min_samples_split = 20 Specificity = 0.8064
min_samples_leaf: [1, 5, 10] min_samples_leaf =1 AUROC =0.9086
max_features: ['sqrt', 'log2'] max_features = 'sqrt' G-Mean = 0.8261
FPR =0.1936
FNR =0.1533
Gradient n_estimators: [100, 300, 500] n_estimators = 300 Accuracy = 0.8439
Boosting learning_rate: [0.001, 0.01, 0.1]  learning_rate = 0.1 Sensitivity = 0.9144
Trees  max_depth: [3, 5, 7] max_depth =3 Specificity = 0.8426
subsample: [0.7, 0.8, 1.0] subsample = 0.7 AUROC = 0.9474
min_samples_split: [2, 10, 20] min_samples_split =10 G-Mean = 0.8776
FPR=0.1574
FNR = 0.0856
XGBoost n_estimator: [100, 300, 500] n_estimator = 100 Accuracy = 0.8244

learning_rate: [0.001, 0.01, 0.1]
max_depth: [3, 5, 7]

subsample: [0.7, 0.8, 1.0]
colsample bytree: [0.7, 0.8, 1.0]
min_child weight: [1, 5, 10]

learning_rate = 0.1
max_depth =3
subsample = 0.7
colsample bytree = 0.8
min_child weight =1

Sensitivity = 0.8479
Specificity = 0.8240
AUROC =0.9203
G-Mean = 0.8357
FPR=0.1760

FNR =0.1521

Table 4 shows that Gradient Boosting Trees outperforms Random Forest and XGBoost across all
metrics. Additionally, combination RUS and Gradient Boosting Trees shows improved sensitivity after
hyperparameter tuning, confirming that optimization enhances classification model performance and
reduces prediction errors. Hyperparameter tuning helps determine the best model parameters, providing
valuable insights for evaluating the overall model improvement.

3.5. Model Interpretation

3.5.1. Feature Importance

Figure 8 illustrates the feature importance results from the Gradient Boosting Trees model. The
three attributes with the highest contribution to predictions are age, avg_glucose level, and bmi. Age
and avg_glucose_level contribute 0.381902 and 0.378323, respectively, indicating they are the most
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important attributes in stroke predictions. BMI contributes 0.144196, which, while lower than age and
avg glucose level, still supports the overall predictions. Other attributes contribute less than 0.05,

meaning their impact on prediction is minimal.

Feature Importance
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heart_disease [l
smoking_status_never smoked [l
smoking_status_formerly smoked [l
hypertension [l
smoking_status_smokes [l
work_type_Govt_job [l
smoking_status_Unknown [l
Residence_type_Urban [l
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Figure 8. Feature Importance

3.5.2. SHAP (Shapley Additive Explanations)
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Figure 9. Global Interpretation of SHAP

Figure 9 highlights that the key factors influencing stroke predictions are age, average glucose
level, and BMI. Older individuals have a higher likelihood of stroke, while younger individuals have a
lower stroke risk. Higher glucose levels increase stroke vulnerability compared to lower glucose levels.
Higher BMI contributes to stroke risk, though not as significantly as age and glucose levels.
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Figure 10. Local Interpretation of SHAP: (a) stroke (class = 0) ; (b) stroke (class = 1)

Figure 10 (a) reveals that young age significantly reduces stroke probability on this sample.

Normal glucose levels and ideal BMI further lower stroke risk. Additional factors such as non-smoking
status, unmarried status, and non-self-employment have a mi nor impact on reducing stroke risk. Figure
10 (b) highlights that high glucose levels are the strongest contributors to stroke probability on this
sample. Obesity (high BMI) and old age further increase stroke risk. Urban residence has a minor impact
on stroke risk.

3.5.3. LIME (Local Interpretable Model-agnostic Explanations)
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Figure 11. Local Interprefation using LIME on Sample Stroke (class = 0)

Figure 11 shows a model prediction of 100% probability of no stroke for an individual,
determined by key attributes such as age, avg glucose level, and health history. Specifically, the
person's young age (14 years) is a major factor in lowering stroke risk, while their normal blood glucose
level (98.9 mg/dL) further supports a low probability of stroke. Additionally, the absence of
hypertension and heart disease contributes to the prediction, albeit with a minor impact. Other attributes,
such as residence type, work type, smoking status, marital status, and gender, have very little to no
influence on the prediction outcome.
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Figure 12. Local Interpretation using LIME on Sample Stroke (class = 1)

Figure 12 shows a model prediction of 99% probability of stroke for another individual, primarily
influenced by advanced age and elevated glucose levels. In this case, the age of 67 years significantly
increases stroke risk, while a high avg glucose level (189.69 mg/dL) further intensifies the likelihood
of stroke. Additionally, factors like urban residence and self-employment contribute positively to the
probability of stroke, although their impact is relatively minor compared to age and glucose levels.

3.5.4. PDP (Partial Dependence Plot)
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Figure 13. Global Interpretation of PDP

Figure 13 identifies three attributes with strong influences on stroke predictions are age,
avg glucose level, and bmi. Stroke risk sharply increases after age 40 and is extremely high after age
60, confirming age as a primary risk factor. Partial dependence graphs show a drastic rise in stroke
probability for glucose levels exceeding 150 mg/dL, reinforcing its significant impact on stroke risk.
BMI effects are more fluctuating, with higher BMI values (>35) showing mild increases in stroke risk.
However, BMI's influence is not as strong as age and glucose levels.

At the local interpretation level, differences arise between SHAP and LIME, particularly in
ranking feature importance. However, both methods agree that age and avg glucose level contribute
the most to stroke predictions. Thus, feature importance, SHAP, LIME, and PDP consistently identify
age, avg_glucose level, and BMI as the key predictive attributes for stroke risk.

4.  DISCUSSIONS

The effectiveness of the proposed approach—combining Winsorizing IQR, RUS, and Gradient
Boosting Trees (GBTs)—was evaluated against previous studies, including AutoHPO with DNN [14],
RUS with Multi-Layer Perceptron (MLP) [17], ADASYN with Neural Network - Random Forest (NN-
RF) [38], and RUS with TL-DNN [15]. These approaches were evaluated using the Cerebral Stroke
Prediction-Imbalanced Dataset, with their performance metrics summarized in Table 5.

Table 5. Metric Comparison with Previous Research.
Accurac Sensitivity  Specificity ¥ AUROC G-Mean FPR FNR

Method

y (%) (%) (%) (%) (%) (%) (%)
ﬁ‘f]"HPO with DNN 71.6 67.4 32.60 ] 469 3310 19.1
RUS with MLP [17] 71 81.4 70.65 8§14 7583 2935 186
ADASYN with NN-RF o, ] ] w6 ] ] ]
[38]
RUS with TL-DNN [15]  80.5 85.6 77 80 8120 23 144
Winsorizing IQR with
RUS and GBTs 84.39 91.4 84.26 9474 8776 1574 856
(Proposed)
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Integrating advanced techniques such as outlier handling, data balancing, an optimized
classification process, and targeted hyperparameter tuning, this study presents a robust approach for
predicting stroke risk that markedly outperforms previous models. The proposed method achieved an
accuracy of 84.39%, a sensitivity of 91.44% (ensuring most true stroke cases are correctly identified), a
specificity of 84.26% (accurately classifying non-stroke cases), an AUROC of 94.74% (demonstrating
excellent discriminative ability across thresholds), and a G-Mean of 87.76%. Additionally, it recorded
a false positive rate (FPR) of 15.74% and a false negative rate (FNR) of 8.56%. Notably, compared to
the RUS-TL-DNN model developed by Shih et al. [15], the approach reduced the FPR by 7.24% and
the FNR by 5.84%, underscoring its enhanced reliability in clinical contexts.

Moreover, the research leverages explainable Al (XAI) techniques to provide deeper insights into
the model's predictions by highlighting critical factors such as age, average glucose level, and BMI.
These key predictive factors not only validate the findings of previous studies like those by Kokkotis et
al. [17] but also underscore their central role in stroke risk assessment. By integrating transparent and
interpretable predictive models tailored for decision support systems, this research makes a significant
contribution to both medical informatics and interpretable machine learning, ultimately fostering more
trustworthy and informed decision-making in clinical practice.

5. CONCLUSION

This study proposes the Winsorizing IQR technique combined with Random Undersampling
(RUS) for data balancing and Gradient Boosting Trees for classification. The combination of these
methods achieved the highest evaluation metrics compared to other approaches, with the results
achieved 84.39% accuracy, 91.44% sensitivity, 84.26% specificity, 94.74% AUROC, 87.76% G-Mean,
15.74% FPR, and 8.56% FNR. The findings indicate that applying Winsorizing IQR in data
preprocessing enhances data quality by reducing outlier influence, positively impacting classification
model performance. Additionally, the combination of RUS and Gradient Boosting Trees proved more
effective in classifying imbalanced stroke data compared to SMOTE or ADASYN. Moreover, the use
of eXplainable Artificial Intelligence (XAI) techniques—such as SHAP, LIME, and PDP—offers
valuable insights into the global risk factors affecting stroke diagnosis. These methods highlight age,
blood glucose level, and BMI as the most significant predictive attributes. This research makes a
significant contribution to the field of medical informatics and interpretable machine learning by
integrating transparent predictive models suitable for decision support systems. The study enhances our
understanding of how to develop reliable and comprehensible tools in medical informatics. The
integration of robust data preprocessing methods with cutting-edge classification algorithms not only
improves predictive performance but also fosters trust among healthcare professionals by elucidating
the underlying decision-making process. Looking forward, future studies should consider to explore
alternative imbalanced dataset resampling techniques that can achieve a more optimal balance—such as
a combination of undersampling and oversampling. This approach aims to reduce the bias introduced
by the majority class while preserving as much valuable information as possible.
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