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 Stroke is one of the leading causes of death worldwide, creating an urgent 

need for effective early detection systems, particularly because conventional 

methods often struggle with class imbalance and produce biased evaluations. 

Previous studies have primarily focused on accuracy while overlooking 

model consistency, data pre-processing quality, and probability-based 

evaluation. This study evaluates model performance under three conditions: 

original data using extreme gradient boosting (XGBoost) with 

scale_pos_weight, original data using the easy ensemble classifier, and 

class-balanced data generated using random oversampling (ROS), adaptive 

synthetic sampling (ADASYN), and synthetic minority over-sampling 

technique (SMOTE). Each model underwent missing value handling, 

normalization, feature preparation, and hyperparameter optimization using 

grid search. Performance was assessed using area under the receiver 

operating characteristic curve (AUROC), area under the precision-recall 

curve (AUPRC), confidence intervals, calibration curves, Shapley additive 

explanations (SHAP), decision curve analysis (DCA), and external 

validation. The results demonstrate that data resampling significantly 

improves performance, with the XGBoost-SMOTE combination achieving 

the best results, including an accuracy of 0.99, AUROC of 0.998, and 

AUPRC of 0.986, outperforming the other approaches. This method 

provides more consistent and balanced predictions, supporting the 

application of artificial intelligence for early stroke risk identification. 
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1. INTRODUCTION 

Every year 13.7 million people experience stroke, and more than 5.8 million of them die from this 

disease [1]. According to the World Health Organization (WHO), stroke is the second cause of death 

globally, contributing to around 11% of total deaths [2]. Disabilities that often occur after a person 

experiences a stroke include speech problems, physical limitations, weakness or paralysis on one side of the 

body, difficulty in grasping or holding objects, and decreased communication abilities [3]. 

Research on stroke shows that this condition requires serious attention because it can have a 

significant impact on a country’s economic growth. If not treated quickly and appropriately, stroke can cause 

serious complications such as dementia [4]. Dementia is a medical term that refers to a number of symptoms 

associated with a significant decline in cognitive function, causing disruption in a person’s daily activities [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Symptoms that often occur in dementia include disturbances in memory, judgment skills, problem-solving, 

language, and independence in daily activities [6]. 

There are various ways that can help medical staff quickly identify whether someone is experiencing 

stroke symptoms, one of which is using machine learning technology. The use of this technology has proven 

effective in classifying and optimizing the development of the health service system [7]−[9]. For example, 

treating patients infected with heart disease can be predicted from data generated by the health industry so 

that it can help and save someone’s life in the long term, at least it can shorten the time it takes to find out if a 

patient is diagnosed with the disease because it is helped by the machine learning method used [10], [11]. 

There have been several previous studies with the same case, namely the prediction of stroke. 

Existing research has applied several machine learning methods for classification, including the random 

forest (RF) classifier method, artificial neural network (ANN), support vector machine (SVM), C4.5, and 

naïve Bayes (NB). The best result from previous research was 98% accuracy. 

Previous research related to stroke prediction, this research used the extreme gradient boosting 

(XGBoost) method and also implemented data pre-processing techniques including labelEncoder, and 

dealing with empty values using the technique of changing empty values with average values. This research 

achieved an accuracy rate of 96% [12]. Other studies also predict stroke but use different methods, namely 

XGBoost, k-nearest neighbor (KNN), NB, RF, SVM, and logistic regression (LR). The implementation of 

the pre-processing technique of this research is to overcome missing values and normalize data. The results 

of this research reached 91% accuracy [13]. The next research has the same topic, namely stroke 

classification using machine learning methods, namely ANN, SVM, decision tree (DT), LR, and bagging 

and boosting. implementation of techniques before entering the classification process, namely cleaning data, 

includes dealing with missing values and deleting duplicate data. The results of this research state that the 

best level of accuracy is 95% [14]. Next, research on the same topic also uses several machine learning 

methods including NB, RF, LR, KNN, stochastic gradient descent (SGD), DT, and multilayer perceptron 

(MLP). This research also applies several pre-processing techniques to first overcome missing values in the 

processing dataset, and overcome data imbalance in the dataset using synthetic minority over-sampling 

technique (SMOTE). The results of this research obtained an accuracy rate of 98% [15]. The latest research 

is on stroke prediction machine learning algorithms, development and evaluation of prediction models. This 

research carries out a comparative analysis of machine learning methods using datasets with balanced and 

unbalanced data conditions. The results of this research have the best accuracy of 96% using the RF method 

using balanced data [16]. 

There are shortcomings in that previous research firstly has not addressed the condition of 

unbalanced data, this can cause the model to be biased towards the majority class, causing inaccurate 

evaluations such as misleading accuracy, and the potential for overfitting on majority data. As a result, the 

model may fail to recognize or predict occurrences of minority classes effectively, reducing the general 

ability of the model to adapt, and producing suboptimal solutions in the relevant application context [17]. 

Apart from that, data normalization techniques have not been implemented, and differences in scale between 

features can significantly affect the performance and stability of the model. Features with a larger range of 

values tend to have a more dominant influence in the learning process, while features with a smaller range of 

values may play less of a role or be ignored in determining model predictions [18]. The last technique that is 

not applied is k-fold cross-validation in evaluating machine learning models, there is a risk that the 

evaluation of model performance will be inconsistent and subjective. By only doing one division of training 

data and validation data, evaluation results can be too optimistic or pessimistic depending on how the data is 

randomly divided, thus not providing an accurate picture of how well the model can predict unseen data [19]. 

To get good accuracy, rely on one of the data pre-processing techniques, namely feature selection 

when using this method in the classification process. Recent research on the effect of feature selection on 

the accuracy of machine learning models has made a major contribution to the identification process [20]. 

Apart from that, the accuracy of the model achieves good results by applying the data balancing method, 

which has been proven in research regarding the impact of the data balancing approach with a case study  

[21]. Another technique that can be applied to achieve good evaluation scores is data normalization. This 

technique has also been proven to be able to increase accuracy in the classification process. This has been 

done in research investigating the impact of data normalization on classification performance [22]. The 

last one is the implementation of the k-fold cross-validation technique. This technique is not a function 

that increases accuracy directly, but rather an evaluation technique that helps in validating model 

performance better [23]. 

This study classified stroke risk through a series of stages consisting of data pre-processing 

(imputation of missing body mass index (BMI) values, handling outliers using the interquartile range (IQR) 

method, encoding categorical variables using LabelEncoder, and normalizing numerical features with min-

max scaling), dividing the data into training and test data, and applying various balancing techniques to the 
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training data using SMOTE, adaptive synthetic sampling (ADASYN), and random oversampling (ROS).  

The model was then developed using the XGBoost algorithm with hyperparameter tuning, including 

variations of the scale_pos_weight parameter, and the EasyEnsemble method as a comparison. Performance 

evaluation was conducted using the area under the receiver operating characteristic curve (AUROC) and area 

under the precision-recall curve (AUPRC) metrics, calibration plots, Shapley additive explanations (SHAP) 

interpretability analysis, bootstrap confidence intervals, and external validation to determine the optimal 

model for predicting stroke risk. 

 

 

2. METHOD  

This section explains the research flow regarding disease classification, starting from data acquisition, 

data pre-processing, use of the XGBoost model, and evaluation of model performance as in Figure 1. Figure 1 

clearly illustrates the overall process in a visual manner. Thus, readers can easily follow the methodology. 

 

 

 
 

Figure 1. Research flow 

 

 

2.1.  Dataset 

This research dataset was taken from the Kaggle dataset [24]. This dataset has 5,110 data points, 

consists of 12 attributes, 10 independent variables as features, and one dependent variable as a class label. 

The 10 independent variables in question are gender, age, hypertension, heart_disease, ever_married, 
work_type, residence_type, avg_glucose_level, bmi, and smoking_status. The label is the stroke attribute in 

this dataset. The class has two values: 0, which means there is no indication of stroke, and 1, which means 

there is an indication of stroke. Table 1 dataset describes the dataset feature information. 

 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 655-671 

658 

Table 1. Dataset 
No Feature Information 

1 Gender Female 

Male 

2 Age Age 

3 Hypertensi 1 hypertension 

0 does not have hypertensi 
4 heart_disease 1 Have heart disease 

0 does not have heart disease 

5 ever_married 1 means married 

0 means not married 

6 work_type Children 
Personal 

Never work 

Government work 

Entrepreneur 

7 Residence_type Rural 
Urban 

8 avg_glucose_level Average glucose level 

9 bmi body mass index 

10 smoking_status Never smoked 

Used to smoke 
11 Stroke 0 (Class does not indicate stroke) 

1 (Class indicated stroke) 

 

 

2.2.  Pre-processing data 

In this study, the data preprocessing stage consists of four main steps. These steps include data 

imputation, categorical encoding, outlier handling, and feature scaling. These steps aim to ensure that the 

data used in the training model is clean, consistent, and ready for processing by machine learning algorithms. 

 

2.2.1. Data imputation 

Dataset features that have empty values, namely the BMI feature, we chose a technique to overcome 

this by changing the empty values to the average value of BMI having a stroke and BMI not having a stroke. 

The empty values of the entire dataset features can be seen in Table 2. Table 2 shows that the empty value is 

201 data, if the empty value in the BMI feature has class 0, then the empty value is changed to the average BMI 

value of class 0, and vice versa if the empty value in the BMI feature has class 1, then the empty value is 

changed to the average BMI value of class 1. The average BMI values of classes 0 and 1 can be seen in Table 3. 

 

 

Table 2. Features that have an empty value condition 
No. Feature Number of empty values 
1 Gender 0 
2 Age 0 
3 Hypertensi 0 
4 heart_disease 0 
5 ever_married 0 
6 work_type 0 
7 Residence_type 0 
8 avg_glucose_level 0 
9 bmi 201 
10 smoking_status 0 
11 Stroke 0 

 

 

Table 3. Average BMI class 1 and BMI class 0 
No. Feature Average value 
1 BMI indicates stroke (1) 30.47 
2 BMI does not indicate stroke (0) 28.82 

 

 

Table 3 shows a comparison of the average BMI values between two classes: class 1 (indicating 

stroke) and class 0 (not indicating stroke). Based on the calculation results, individuals who experienced a 

stroke had an average BMI of 30.47, while individuals who did not experience a stroke had an average BMI 

of 28.82. All stages of this process can be seen in Figure 2. 
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Figure 2. Visualization of the experiment setup for filling in blank values in the BMI feature 
 

 

2.2.2. Categorical encoding 

Applying the LabelEncoder technique to convert categorical features into numeric data, only a few 

attributes are changed in this labeling, including gender, ever_married, work_type, residence_type, and 

smoking_status. The results of this process can be seen in Table 4. Figure 3 shows the complete process of 

converting categorical values to numeric values using LabelEncoder. Since machine learning algorithms like 

XGBoost can only process numeric data, label encoding techniques are used to transform those features. 
 

 

Table 4. LabelEncoder results 
Gender Age Hypertensi Heart_

disease 

Ever_ 

married 

Work_ 

type 

Residence_

type 

Avg_Glucose_ 

level 

bmi Smoking_ 

status 

Stroke 

1 67 0 1 1 2 1 228.69 36.6 1 1 

0 61 0 0 1 3 0 202.21 30.47 2 1 

1 80 0 1 1 2 0 105.92 32.5 2 1 
0 9 0 0 1 2 1 171.23 34.4 3 1 

0 79 1 0 1 3 0 174.12 24 2 1 

0 82 0 1 0 2 1 215.6 24.9 2 0 

0 54 0 0 1 0 0 91.61 25.2 2 0 

0 49 0 0 1 2 0 138.16 19.4 2 0 
0 24 0 0 1 2 1 75.23 29 2 0 

0 37 0 0 1 2 0 75.18 48.2 1 0 

1 34 0 1 1 2 1 106.23 28.82 1 0 

 
 

 
 

Figure 3. Visualization of the experiment setup for converting categorical values to numeric values  

with LabelEncoder 
 
 

2.2.3. Outlier handling 

To avoid the extreme influence of unrepresentative values [25], outlier detection and handling are 

performed on numeric features such as avg_glucose_level and BMI. This process uses the IQR method, 

determining the lower and upper bounds based on the (1). 
 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1 (1) 
 

Information: Q1 is first quartile (25th percentile) → lower limit of the first 25% of data. 𝑄3 is third quartile 

(75th percentile) → upper limit of the last 25% of data. IQR is interquartile range, shows the spread of the 
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middle data (50% of the data). After the Q1 and Q3 values are obtained, the lower and upper limits for 

detecting outliers are calculated as (2) and (3). 
 

𝐿𝑜𝑤𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄1 − 1.5 × 𝐼𝑄𝑅 (2) 
 

𝑈𝑝𝑝𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄3 + 1.5 × 𝐼𝑄𝑅 (3) 
 

Information: lower bound is minimum value that is still considered normal, upper bound is the maximum value 

that is still considered normal, and values outside the range lower bound, upper bound are considered outliers. 

 

2.2.4. Feature scaling uses the min-max normalization technique 

To ensure the values of widely different dataset features have a uniform scale when building 

machine learning models, we need to standardize. One of the standardization techniques used is min-max 

normalization, which changes the original data linearly so that the values between attributes are balanced. 

With this normalization, attribute values are transformed such that they range between 0 and 1, allowing for 

consistent comparisons across attributes [26]. Numeric features with widely varying value ranges, such as 

age, average glucose level, and body weight, were normalized using the min-max normalization method to 

keep each attribute’s value within the range of 0 to 1, preventing any single feature from dominating the 

model’s learning process due to differences in scale. Only these features require normalization because they 

are continuous numeric values with significant variations in values. Other features, such as gender, smoking 

status, occupation, residence type, and sex, were categorized using LabelEncoder, and the hypertension and 

heart disease features were already binary data sets of 0 and 1 and therefore did not require additional 

normalization [27]. This method can use the (4). 
 

𝑁 =
𝑀𝑖𝑛𝑅𝑎𝑛𝑔𝑒(𝑥−𝑚𝑖𝑛𝑉𝑎𝑙𝑢𝑒)(𝑚𝑎𝑥𝑅𝑎𝑛𝑔𝑒−𝑚𝑖𝑛𝑅𝑎𝑛𝑔𝑒)

𝑀𝑎𝑥𝑉𝑎𝑙𝑢𝑒−𝑀𝑖𝑛𝑉𝑎𝑙𝑢𝑒
 (4) 

 

Where N is the normalized value (the new value after transformation); x is the original value of an attribute 

before normalization; minValue is the maximum value of the attribute, and maxValue is the normalized value 

in the range 0, 1. minRange is the lower bound of the desired new scale range (usually 0); and maxRange is 

the upper bound of the desired new scale range (usually 1). The entire normalization process can be seen  

in Figure 4. 
 
 

 
 

Figure 4. Visualization of the experiment setup for numeric features that have very different value ranges 

using min-max normalization 
 

 

2.3.  Split data 

Training/test data split divides the dataset into training data and test data. The split in this study 

divides the training data and test data into 70/30 using a stratified split to maintain class proportion balance. 

The stratified 5-fold cross-validation process is applied only to the training data to evaluate and optimise 

model performance. In contrast, the test data is used once in the final stage to measure the model's 

generalisation ability without the risk of data leakage. With this division, the primary objective is to evaluate 

the model’s performance when making predictions using a total of 1,536 test data points. In general, machine 

learning models can produce good accuracy if they have a small amount of test data [28]. Therefore, in this 

study, we increased the amount of test data and evaluated whether the model produced satisfactory results. 

Table 5 illustrates the data distribution. 
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Table 5. Results of feature selection using the backward elimination method 
Fold=k1–k5 

Amount of training data Test data amount Amount of data 

3,582 1,536 5,118 

 

 

2.3.1. Sampling 

This research dataset experienced unbalanced data conditions, we applied several methods, one of 

which was the use of the SMOTE method to overcome this. This method can handle a class imbalance in the 

dataset by balancing the number of minority classes so that it is comparable to the majority class. The result 

of this technique is synthetic data created based on the KNN [29] as defined in (5). 
 

𝑋𝑠𝑦𝑛 = 𝑋𝑖 + (𝑋𝑘𝑛𝑛 − 𝑋𝑖)−   (5) 
 

Next, applying the ROS method, this method can also perform data balancing. This method works 

by randomly copying the minority class (fewer classes) until the number is comparable to the majority (more 

classes) [30]. Furthermore, the implementation of the random undersampling (RUS) method works by 

randomly reducing the number of majority classes so that it is proportional to the number of minority classes. 

This approach reduces the majority representation in the dataset [31]. 

The latter implements the ADASYN method, this method operates by identifying the relative 

difficulty level of each minority example in the dataset, this is done by calculating the ratio between the 

number of majority neighbors and the total number of neighbors (majority and minority) for each minority 

example. Minority examples that have lower ratios are considered more difficult and more important to 

expand. ADASYN then creates synthetic samples for these examples by extending the line between the 

minority example and its neighbors in feature space, focusing on the examples that are most difficult for the 

model to identify. This approach ensures that the resulting dataset has a better representation of minority 

classes, improving model performance in cases with significant class imbalance [32]. An overview of the 

entire data balancing process with all the methods used can be seen in Figure 5. 
 

 

 
 

Figure 5. Data balancing and non-balancing results 
 

 

2.4.  Classification with XGBoost algorithm, EasyEnsemble classifier, and hyperparameter tunning 

This study employs three modelling methods to evaluate algorithm performance under various data 

conditions, including oversampled data and original unbalanced data, during both the classification and 

hyperparameter tuning stages. In the first method, the XGBoost algorithm was trained on training data that 

had undergone oversampling with SMOTE, ADASYN, and ROS. Since the class distribution in this data was 

balanced, the settings were made without the scale_pos_weight parameter. In the second method, the 

characteristics of class imbalance were maintained by using XGBoost on the original data without sampling. 

This method allows the scale_pos_weight parameter to be included in the hyperparameter search space 

because it serves to impose a greater penalty on prediction errors in minority classes. This enables the model 

to learn from imbalanced class distributions more proportionally. 

XGBoost combines boosting and gradient boosting methods. In boosting, XGBoost is used to 

classify errors from previous models, and it is use of gradient descent helps minimize errors during the 

creation or development of new models [33]. XGBoost requires several parameters to obtain an optimal 

model called hyperparameters which are used to adjust various aspects of machine learning so that they can 

influence the performance of the method in processing datasets, several parameters are used to improve 

classification using the XGBoost method [34], can be seen in Table 6. 
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Table 6. Parameters in XGBoost method 
Parameter Information 

max_depth Maximum depth of the tree. 

eta (learning_rate) Prevents overfitting by reducing size 

min_child_weight Minimum weight of child_node 

n_estimators Number of trees 

subsample Randomly sampling from training data before constructing the tree. 
random_state internal random number generator initialization 

 

 

Hyperparameter tuning was performed using the grid search method, which tests all parameter 

combinations in a predetermined search space. The range of values used included max_depth with five 

variations (8, 10, 11, 13, 15), learning_rate with five values (0.01, 0.02, 0.05, 0.07, 0.1), min_child_weight 

with two values (0.5 and 1.0), and n_estimators with two variations (150 and 300). The subsample parameter 

is locked at a value of 0.5 to maintain consistency in the proportion of samples used in each tree, while 

random_state is set to 42 to ensure reproducibility. With this configuration, the total number of 

hyperparameter combinations tested is 100 (5×5×2×2×1). Each combination is evaluated using k-fold cross-

validation (k=5), resulting in a total of 500 model trainings. This approach ensures that hyperparameter 

selection is stable, consistent, and capable of representing the model's performance in a generalizable manner 

on unseen data.  

The third method uses an EasyEnsemble classifier on the initial data to address data imbalance. This 

method works by undersampling the majority class to form several balanced subsets. Then, in each subgroup, 

several weak models are trained, and a pooling mechanism is used to combine their predictions. The result is 

a model that is more resistant to class imbalance and more stable. Additionally, we perform parameter tuning 

on the model using EasyEnsemble. The parameters we use are n_estimators, base_estimator (a DT with two 

max_depth), and substitution; the best values for each can be found by testing the method, specifically 

through a grid search view. 

 

2.5.  Evaluation and interpretation 

Model performance evaluation is conducted comprehensively by combining several key metrics. It 

also includes uncertainty analysis, calibration measurements, model interpretability, and external validation 

to ensure generalisation capabilities. This evaluation approach is designed in accordance with best practices 

in machine learning-based predictive modelling in the health domain and for handling imbalanced data. 

 

2.5.1. AUROC and AUPRC 

AUROC and AUPRC is used to assess the discriminatory performance of a model. AUROC 

assesses the model’s ability to distinguish between positive and negative classes at various decision 

thresholds. In contrast, AUPRC assesses unbalanced datasets more accurately because it focuses on the 

relationship between precision and recall for minority classes. Using these two metrics ensures an unbiased 

and balanced evaluation, particularly when predicting the risk of rare events [35]. 

 

2.5.2. Confidence intervals 

To illustrate the statistical uncertainty of the evaluation results, each performance metric is 

accompanied by a confidence interval. Confidence intervals are calculated through repeated bootstrapping on 

the test data, and the estimates obtained reflect the variability of model performance across different  

samples [36]. Combining CIs improves the reliability of interpretation and allows for better comparisons 

between models. 

 

2.5.3. Calibration plots 

To assess calibration, calibration plots and additional calibration scores, such as the Brier score, are 

used. Calibration determines the level of likelihood of the model's predictions compared to the actual 

probability of events. Calibration plots are used to assess whether the model tends to be overconfident in its 

predictions. Clinical applications and decision support systems require good models because they can 

distinguish classes and generate well-calibrated probabilities [37]. 

 

2.5.4. Explainability 

Using the explainable method, SHAP, the aspect of interpretability was examined. This study 

provides an understanding of the contribution of each feature to model predictions at both the global level 

(across the entire dataset) and the local level (for individual predictions). The explainability approach makes 

the model clear and facilitates stakeholders, especially those working in the medical or public policy fields [38]. 
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2.5.5. Decision analysis 

In addition to standard metrics, a decision analysis was performed to evaluate the model's value in 

real-world decision-making. Decision curve analysis (DCA), which assesses the net benefit of the model at 

various risk thresholds, is included in this analysis. DCA serves to evaluate whether the model truly has 

clinical or operational advantages over basic methods such as treat-all or treat-none. Therefore, the evaluation 

not only considers statistical performance but also the value of the model in real-life situations [39]. 

 

2.5.6. External validation 

The trained and evaluated model is then tested through external validation with data from various 

sources or time periods. External validation shows the model’s performance in situations outside the initial 

training data distribution. This step is crucial for assessing the generalisation and strength of the model and is 

essential in predictive research aimed at wider application [40]. 

 

 

3. RESULTS AND DISCUSSION 

This section presents the results of the modelling and evaluation process of this study. To fulfil the 

research objectives, a comprehensive analysis was conducted to evaluate the performance of the XGBoost 

model under three different conditions: oversampling data, original data with weight adjustment using 

scale_pos_weight, and original data processed using the EasyEnsemble classifier. To evaluate the practical 

benefits of the model in decision making, decision analysis included performance evaluation using AUROC 

and AUPRC metrics, prediction calibration, uncertainty levels through confidence intervals, model 

interpretability using SHAP, and decision analysis. To ensure the model’s generalisation ability to data 

outside the training distribution, external validation was also performed. The following are the test results for 

the original data with weight adjustment using scale_pos_weight, as shown in Figure 6. 

 

 

   
   

 
 

Figure 6. Evaluation results of AUROC and AUPRC, confidence intervals, calibration plots, explainability, 

decision analysis, and external validation in testing original data with the XGBoost method using the 

scale_pos_weight parameter 

 

 

Figure 6 shows that the XGBoost model calibrated using scale_pos_weight exhibits solid predictive 

performance on the test data, with the best combination of hyperparameters being learning_rate=0.01, 

max_depth=8, min_child_weight=1.0, and n_estimators=150. The model achieved an AUROC value of 

0.836, indicating a strong ability to distinguish between stroke and non-stroke classes. The AUPRC value of 

0.314 remained above the baseline in conditions of high class imbalance. The calibration graph indicates that 

the model tends to estimate probabilities conservatively in the low range but is more accurate at high 
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probabilities. SHAP analysis confirmed that age, BMI, and glucose levels are the most influential predictors, 

in line with clinical literature. In addition, DCA shows that the model provides better decision benefits than 

treat-all or treat-none strategies, proving that this class-weighting approach is practical and relevant for stroke 

risk prediction scenarios. Furthermore, the results of testing on the original data using the EasyEnsemble 

classifier method are shown in Figure 7. 

 

 

   
   

 
 

Figure 7. Evaluation results of AUROC and AUPRC, confidence intervals, calibration plots, explainability, 

decision analysis, and external validation in testing original data using the EasyEnsemble Classifier method 

 

 

Figure 7 shows the best performance results for the EasyEnsemble classifier method using the 

original data with the DT configuration depth=6, n_estimators=30, and replacement=false. In the external test 

set, the model achieved an AUROC of 0.839, indicating strong discriminatory power; however, the AUPRC 

value of 0.239 suggests challenges in predicting minority classes. The calibration curve shows that the 

prediction probabilities are not fully aligned with the actual probabilities, especially in the middle probability 

range. Feature importance analysis identifies age as the most influential predictor, followed by BMI and 

average glucose level, while other features contribute minimally. Meanwhile, DCA shows that the model 

provides small but still positive decision benefits at most thresholds. Overall, this model is suitable for use as 

a solid baseline, but improvements in accuracy for minority classes are still needed. Next are the results of 

testing on sampled data using the ADASYN technique, which were then classified using the XGBoost 

method, as shown in Figure 8. 

Figure 8 shows the results of testing the sampling data (adasyn) using the XGBoost method, 

indicating that the best configuration, with max_depth=15, learning_rate=0.05, min_child_weight=1.0, and 

n_estimators=300, exhibits fairly good classification capabilities. The AUROC value of 0.768 indicates that 

the model can distinguish between negative and positive classes moderately. In contrast, the AUPRC value of 

0.107 suggests that performance on minority classes remains limited, which may be attributed to data 

imbalance. Although the probability predictions are not yet fully aligned with the actual distribution, the 

calibration curve gives a Brier score of 0.0921. This indicates that the probability predictions are relatively 

accurate. According to SHAP analysis, the variables of age, BMI, and average glucose level are those that 

most influence the model's predictions. These findings are consistent with previous studies. However, DCA 

shows that the model does not provide a greater net benefit compared to the “serve all” and “serve none” 

strategies. As a result, the model cannot be used for threshold-based decision making. The following are the 

results of classification using the XGBoost method in the second data sampling condition with the ROS 

technique, as shown in Figure 9. 
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Figure 8. Evaluation results of AUROC and AUPRC, confidence intervals, calibration plots, explainability, 

decision analysis, and external validation in sampling data testing (adasyn) using the XGBoost method 
 

 

   
   

 
 

Figure 9. Evaluation results of AUROC and AUPRC, confidence intervals, calibration plots, explainability, 

decision analysis, and external validation in sampling data testing (ROS) using the XGBoost method 
 

 

Figure 9 shows the results of hyperparameter optimization, indicating that the optimal configuration 

for the XGBoost model was found with a combination of max_depth=8, learning_rate=0.01, 

min_child_weight=1.0, and n_estimators=300. With these settings, the model performed very well in 

classifying the test data. The strong ability to distinguish between positive and negative classes is demonstrated 

by an AUROC of 0.975. The results are consistent with the precision-recall curve, which shows an AUPRC 

value of 0.870, indicating the model’s stability in unbalanced data conditions. Although the general trend 

remains on the ideal line, calibration evaluation shows that the predicted probabilities tend to be less confident 
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across most of the prediction range. According to explainability analysis using SHAP, age, BMI, and smoking 

status are the most significant factors affecting predictions. Other features, such as gender, marital status, and 

hypertension, have a negligible influence. According to the decision curve test, the model consistently 

outperforms the treat-none and treat-all strategies, providing a positive net benefit at various decision thresholds. 

Finally, the results of classification using the XGBoost method in the third data sampling condition, with the 

SMOTE technique, are presented in Figure 10.  

 

 

   
   

 
 

Figure 10. Evaluation results of AUROC and AUPRC, confidence intervals, calibration plots, explainability, 

decision analysis, and external validation in sampling data testing (SMOTE) using the XGBoost method 

 

 

Figure 10 shows that the results of sampling data testing (SMOTE) with the XGBoost method have 

the best hyperparameter optimisation for the XGBoost model sampling data testing, which can be achieved 

with a combination of max_depth=10, learning_rate=0.02, min_child_weight=1.0, and n_estimators=150. An 

excellent ability to distinguish between positive and negative classes has been demonstrated in the evaluation 

of external test data, as indicated by an AUROC value of 0.998, which shows an excellent capability. The 

model's robustness in conditions of an imbalanced class distribution is demonstrated by the precision-recall 

curve, which yields an AUPRC of 0.986. Although the calibration results show a deviation in the middle 

probabilities from the ideal line, the model still shows an acceptable prediction tendency. According to 

SHAP analysis, age, BMI, and smoking status are the main factors in the model’s decision-making. Factors 

such as occupation and marital status follow these factors. However, the results of the DCA show that the 

model provides a greater net benefit than the treat-all and treat-none strategies at various decision threshold 

values. Overall, the results demonstrate that the XGBoost model optimised with SMOTE exhibits excellent 

performance, is stable, and is practically relevant for prediction tasks on imbalanced data. Table 7 shows the 

results of the overall classification comparison of the proposed tests. The results presented are the best tests 

for each data condition. 

Table 7 presents the test results on the original data, indicating that XGBoost, with settings of 

learning_rate 0.01, max_depth 8, min_child_weight 1.0, and n_estimators 150, exhibits moderate 

performance, with AUROC 0.836, AUPRC 0.314, and accuracy 0.88. It is reported that age, BMI, and blood 

glucose concentration level are the most effective predictors. On the original data, the EasyEnsemble 

Classifier model exhibits comparable performance, with an AUROC of 0.839, but a lower AUPRC (0.239) 

and an accuracy of only 0.69. This suggests that sensitivity to minority classes is lacking, even though the 

essential features that emerge are essentially the same. Model performance showed significant differences in 

the sampled data scenario. ADASYN produced an AUROC of 0.768, AUPRC of 0.107, and an accuracy of 

0.87, indicating that this method was unable to improve classification capabilities optimally. In contrast, ROS 
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shows a significant improvement, with an AUROC of 0.975, AUPRC of 0.870, and accuracy of 0.94.  

The main features affecting the prediction are age, BMI, and smoking status. With the configuration 

max_depth 10, learning_rate 0.02, min_child_weight 1.0, and n_estimators 150, SMOTE provided the best 

approach; achieving an AUROC of 0.998, AUPRC of 0.986, and accuracy of 0.998, making it the most 

superior model in separating classes and handling data imbalance. Overall, these findings show that, 

compared to traditional sampling and ensemble approaches, oversampling techniques, particularly SMOTE, 

significantly improve model performance. 
 

 

Table 7. Comparison of the overall classification results of the proposed test 
Method Best parameters AUROC AUPRC SHAP-top features Accuracy 

Testing original data with the 

XGBoost method using the 

scale_pos_weight parameter 

learning_rate=0.01, 

max_depth=8, 

min_child_weight=1.0, 

n_estimators=150 

0.836 0.314 age, bmi, 

avg_glucose_level. 

0.88 

Testing original data with the 

EasyEnsemble classifier method 

DecisionTree depth=6,  

n_estimators=30,  

replacement=False 

0.839 0.239 age, bmi,  

avg_glucose_level. 

0.69 

Data testing sampling with the 

XGBoost method 

ADASYN 

max_depth=15,  
learning_rate=0.05,  

min_child_weight=1.0,  

dan n_estimators=300 

0,768 0.107 age, bmi,  
avg_glucose_level. 

0.87 

ROS 

max_depth=8,  
learning_rate=0.01,  

min_child_weight=1.0, 

n_estimators=300. 

0,975. 0,870 age, bmi,  
smoking_status. 

0.94 

SMOTE 
max_depth=10, 

learning_rate=0.02, 

min_child_weight=1.0, 

n_estimators=150 

0,998 0.986 age, bmi, 

smoking_status. 

0.99 

 

 

4. CONCLUSION 

This study demonstrates that the performance of stroke prediction models can be significantly 

enhanced by employing data preprocessing methods, addressing class imbalance, and optimising 

hyperparameters. Testing conducted under various data conditions confirms that XGBoost is the most 

consistent model, with an AUROC of 0.998, AUPRC of 0.986, and accuracy of 0.998. This model 

demonstrates exceptional discrimination capabilities and strong prediction stability, despite the original class 

distribution being imbalanced. ADASYN and ROS were able to improve performance, but did not 

consistently outperform SMOTE. For now, EasyEnsemble classifier and XGBoost work well on raw data 

with scale_pos_weight, but are less effective at identifying minority classes. The findings indicate that the 

combination of XGBoost and SMOTE is most effective in supporting the early identification of stroke risk. 

Further evaluation results, including AUROC, AUPRC, confidence intervals, calibration plots, SHAP-based 

interpretability analysis, and DCA, are reinforced. Overall, this study demonstrates that employing proper 

balancing techniques and systematically tuning model parameters are crucial steps in enhancing prediction 

quality for medical problems with imbalanced class distributions. The recommended method is not only more 

accurate but also easier to interpret and has relevant practical benefits to aid clinical decision-making. 
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