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Abstract: 

Dementia is a progressive neurodegenerative disorder that leads to cognitive decline and significantly affects patients' 
quality of life. Early detection is crucial for determining appropriate medical interventions and slowing disease progression. 

This study aims to develop a machine learning-based dementia prediction model and compare the performance of three 

algorithms: Support Vector Machine (SVM), Random Forest (RF), and XGBoost. The dataset, obtained from the Kaggle 
platform, consists of 373 MRI-based patient records categorized into three diagnosis groups: Converted, Demented, and 

Nondemented. To address class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) was applied. 

Experimental results show that the XGBoost algorithm achieved the best performance, with an accuracy of 93.86%, 

precision of 94%, recall of 94%, and F1-score of 94%, outperforming SVM and Random Forest. The application of SMOTE 
improved the model’s sensitivity to minority classes. The combination of XGBoost and SMOTE demonstrates high 

accuracy in dementia prediction and holds potential for integration into clinical decision support systems (CDSS) to assist 

early diagnosis. 
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1. Introduction: 

Dementia is a progressive neurodegenerative disorder characterized by a decline in cognitive functions, 

significantly impacting patients’ quality of life and imposing substantial socioeconomic burdens worldwide [1]. 

According to the World Health Organization (WHO, 2023), more than 55 million people currently live with dementia, 

and this number is expected to double by 2050 [2]. Early detection of dementia is crucial to enabling timely medical 

intervention and slowing disease progression. However, conventional diagnostic approaches still rely heavily on 

clinical assessment and neuroimaging, which are both time-consuming and costly, making large-scale early screening 

impractical. 

Recent advancements in artificial intelligence (AI) and machine learning (ML) have opened new opportunities for 

data-driven medical diagnostics. Numerous studies have proposed predictive models to identify dementia risk using 

demographic, neuropsychological, and clinical data. Research [3] utilized a Support Vector Machine classifier to 

predict dementia severity based on cognitive assessment scores, demonstrating the feasibility of ML in dementia 

classification implemented a Random Forest model to predict the transition from mild cognitive impairment (MCI) to 
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dementia, achieving an accuracy of 88%. Furthermore, [4] showed that Extreme Gradient Boosting (XGBoost) can 

effectively handle non-linear clinical data, yielding diagnostic accuracy above 93%. 

Despite these promising results, previous studies exhibit several limitations. First, most existing models are trained 

on imbalanced datasets, where non-demented cases dominate early or converted dementia classes. This imbalance 

biases the models toward the majority class, thereby reducing sensitivity to minority cases and leading to misleading 

performance metrics. Second, comparative evaluations across multiple ML algorithms under controlled experimental 

settings are limited, as many studies focus on a single model, making it difficult to determine the optimal algorithm 

for dementia prediction. Third, few studies explicitly integrate data balancing techniques such as SMOTE into 

dementia prediction frameworks, which limits their applicability in real-world clinical datasets that inherently suffer 

from imbalance. 

To address these gaps, this study proposes a comprehensive machine learning framework for dementia prediction 

that integrates the Synthetic Minority Oversampling Technique (SMOTE) to mitigate data imbalance, followed by a 

comparative evaluation of three widely used algorithms Random Forest (RF), Support Vector Machine (SVM), and 

Extreme Gradient Boosting (XGBoost). By systematically comparing these models on a balanced dataset, the research 

aims to identify the algorithm that offers the best trade-off between accuracy and sensitivity to minority classes. 

The main objectives of this study are to: 

1. Evaluate and compare the predictive performance of RF, SVM, and XGBoost in multi-class dementia 

classification. 

2. Assess the effect of applying SMOTE on model performance, particularly in enhancing detection for minority 

classes. 

3. Identify the most robust model that can potentially be integrated into a Clinical Decision Support System 

(CDSS) for early dementia detection. 

The novelty of this study lies in combining SMOTE-based data balancing with a comprehensive comparative 

evaluation of multiple ML algorithms using the same dataset, providing an empirical understanding of their 

performance under balanced conditions. The findings are expected to contribute to the development of reliable, data-

driven decision support tools in neuroinformatics and early dementia diagnosis. 

In summary, this research contributes both theoretically and practically to the field of neuroinformatics and 

predictive healthcare. It not only enriches the existing literature on ML-based dementia prediction but also provides a 

methodological framework that can be adapted for broader clinical applications in early disease detection. 

2. Method: 

This research was conducted through several stages to obtain an optimal dementia prediction model. In general, 

the research stages include: dataset collection, data pre-processing, class distribution balancing, machine learning 

model training and testing, and model performance evaluation. Figure 1 shows the research flow. 
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Figure 1.  Research Flow 

a. Dataset 

The dataset used was obtained from the Kaggle platform, containing clinical and demographic data of patients 

across three diagnostic categories Converted, Demented, and Nondemented [5]. The data was then processed 

and used to train a machine learning model to classify the level of dementia based on available features. 

b. Preprocessing Data 

The pre-processing stage is performed to ensure the data is ready for use in the model training process. This 

stage includes: 

• Data Cleaning 

At this stage, we check for missing values, outliers, and data inconsistencies. Missing values are 

filled in using the imputation method using the mean or mode, depending on the variable type [6]. 

• Feature Transformation 

All numeric features are normalized to equalize the scale between variables, so that no single feature 

dominates the model learning process. For categorical features, an encoding process is performed 

using the Label Encoding technique so that they can be processed by the machine learning algorithm 

[7]. 

c. Handle Imbalance Data Using SMOTE 

The dementia dataset is characterized by class imbalance because the amount of data in the Nondemented 

category is significantly greater than the Converted and Demented categories. This condition can lead to 

model bias, where the model tends to classify data into the majority class. To address this issue, the Synthetic 

Minority Oversampling Technique (SMOTE) method was applied. SMOTE works by generating new 

synthetic samples for the minority class based on interpolation between existing samples [8]. This technique 

not only increases the data volume but also enriches the minority data distribution without significantly 

adding noise. The application of SMOTE is expected to improve the model's ability to recognize patterns in 



 

International Journal of Artificial Intelligence in Medical Issues 

82 

 

the minority class, resulting in more balanced classification results [9]. To illustrate the effect of the SMOTE 

method on class distribution, Figure 2 visualizes the data before and after the balancing process. 

Figure 2.  Class distribution before and after the implementation of SMOTE 

d. Split Data 

After preprocessing and balancing, the dataset was divided into training and testing subsets with a ratio of 

80:20 using stratified sampling to maintain class proportions. All experiments were conducted using Python 

3.10, with implementations based on open-source libraries including Scikit-learn, XGBoost, NumPy, and 

Pandas. 

e. Algorithms 

This study uses three different machine learning algorithms to compare their performance, namely Support 

Vector Machine (SVM), Random Forest (RF), and Extreme Gradient Boosting (XGBoost). 

• SVM 

The SVM algorithm works by finding the optimal hyperplane that separates data classes with the 

maximum margin [10], [11]. The main goal of SVM is to minimize classification error by 

maximizing the distance between the separating hyperplane and the nearest data point from each 

class [12], [13]. Because the data is nonlinear, a Radial Basis Function (RBF) kernel is used to map 

the data to a higher-dimensional space. Mathematically, the SVM optimization function can be 

expressed as equation (1). 

min
𝑤,𝑏,ξ

1

2
|𝑤|2 + 𝐶 ∑ ξ𝑖

𝑛

𝑖=1

 
(1) 

with limitations (2): 

𝑦𝑖(𝑤 ⋅ ϕ(𝑥𝑖) + 𝑏) ≥ 1 − ξ𝑖,  ξ𝑖 ≥ 0 (2) 
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𝑤 represents the weight vector that determines the orientation of the separating plane (hyperplane) 

in the feature space, while 𝑏 is the bias that adjusts the plane's position relative to the origin. The 

value of 𝜉𝑖  is called the slack variable, a tolerance variable used to accommodate data that cannot 

be perfectly separated by a hyperplane. The parameter 𝐶 is a regularization constant that controls 

the trade-off between the maximum margin and the classification error in the training data; the larger 

the 𝐶 value, the lower the tolerance for classification error. Furthermore, the function 𝜙(𝒙 ) is a 

nonlinear mapping function that transforms data from a low-dimensional space to a higher-

dimensional space, so that data that was originally linearly inseparable can be separated with a more 

optimal margin. 

The RBF kernel used is defined as (3):  

𝐾(𝑥𝑖, 𝑥𝑗) = exp(−γ|𝑥𝑖 − 𝑥𝑗|2) (3) 

This approach allows SVM to handle non-linearly separable data distributions, as well as improving 

the model's ability to detect complex patterns between features in the case of multi-class dementia 

classification. 

• Random Forest 

Random Forest is an ensemble learning-based algorithm that combines multiple decision trees to 

produce more accurate and stable predictions [14], [15]. Each tree is built based on a randomly 

selected subset of data and features [16], [17]. The final prediction is obtained through a majority 

voting process for classification or averaging for regression, which can be mathematically written 

as equation (4). 

𝑦̂ = mode(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝐾(𝑥)) (4) 

 

ℎ𝑡(𝑥) indicates the classification outcome of the th-𝑡 tree, while 𝐾 represents the overall number of 

trees in the model. The function {mode} chooses the class label that appears most often as the 

prediction. Random Forest was chosen for this study because it can handle high-dimensional 

features efficiently, is stable against noise, and provides competitive classification results across 

different data types. 

• XGBoost 

XGBoost is a gradient boosting-based algorithm that builds a predictive model incrementally. Each 

new tree is added to correct the prediction errors made by the previous model [18], [19]. This process 

is based on the principle of additive learning, where the final model is the sum of a number of weak 

learners [20]. In general, the objective function of XGBoost can be expressed as (5). 

 

ℒ(𝜙) = ∑ 𝑙 (𝑦𝑖 , 𝑦𝑖
(𝑡)̂

)

𝑛

𝑖=1

+ ∑ Ω(𝑓𝑘)

𝑡

𝑘=1

 

(5) 
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Where 𝑙 (𝑦𝑖 , 𝑦𝑖
(𝑡)̂

) is the loss function between the actual labels 𝑦𝑖 and prediction 𝑦𝑖
(𝑡)̂

. Ω(𝑓𝑘) is a 

regularization function that controls the complexity of the 𝑘th tree, and 𝑓𝑘  is the decision function 

of the 𝑘t tree. 

The predictions are updated iteratively as equation (6): 

𝑦𝑖
(𝑡)̂

= 𝑦𝑖
(𝑡−1)̂

+ η𝑓𝑡(𝑥𝑖) (6) 

𝜂  is learning rate controls the contribution of each new tree to the overall model. This approach 

makes XGBoost superior in handling high-dimensional data, reducing overfitting through L1 and 

L2 regularization, and increasing computational efficiency by parallelizing the training process. 

f. Evaluation 

All three models were trained using SMOTE balanced data, with a ratio of 80% training data and 20% test data. 

Parameter optimization was performed using a grid search approach to obtain the best parameter combination 

that yields maximum performance. Four evaluation metrics are used in this study, namely accuracy, precision, 

recall, and F1-score, each of which is calculated based on the True Positive (TP), True Negative (TN), False 

Positive (FP), and False Negative (FN) values. Equations (7) - (10) explain how to calculate F1-score, recall, 

accuracy, and precision. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (7) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (8) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (9) 

F1-Score = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  +  𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

TP refers to the condition when the model correctly classifies the sample as positive. Meanwhile, TN occurs 

when the model correctly identifies the sample as a negative class. Conversely, FP occurs when the model 

erroneously classifies a negative sample as positive, and FN refers to the condition when the model fails to detect 

a sample that actually belongs to the positive class. 

3. Result and Discussion: 

Result 
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Experimental results showed significant differences in the performance of the three machine learning algorithms 

used to predict dementia levels: Converted, Demented, and Nondemented. The evaluation used four key metrics: 

accuracy, precision, recall, and F1-score, to obtain a comprehensive overview of the model's performance. 

Table 1.  Evaluation Results of Machine Learning Models for Dementia Prediction 

Algorithm Accuracy (%) Precision (%) Recall (%) F1 – Score (%) 

Random Forest 91.23 91.00 91.00 91.00 

SVM 82.46 84.00 82.00 83.00 

XGBoost 93.86 94.00 94.00 94.00 

Based on the results in Table 1, The XGBoost algorithm achieved the highest performance, with an accuracy of 

93.86%, precision of 94%, recall of 94%, and F1-score of 94%. This superior performance highlights XGBoost’s 

capability to handle complex, nonlinear interactions between features, attributed to its gradient boosting mechanism 

that iteratively corrects residual errors from prior trees. Random Forest, although achieving a slightly lower accuracy 

(91.23%), still demonstrated strong performance due to its ensemble bagging approach, which mitigates overfitting 

and provides robust generalization. Meanwhile, SVM achieved the lowest performance (82.46%), reflecting its 

sensitivity to nonlinear feature distributions and its limited adaptability to high-dimensional, imbalanced medical 

datasets. 

To gain a more detailed understanding of each model's classification capabilities, we analyzed the confusion 

matrix of the best-performing model, XGBoost. Figure 3 displays the confusion matrix of the XGBoost prediction 

results on the test data. 

 

Figure 3.  Confusion Matrix Model XGBoost in Dementia Prediction 

The confusion matrix shows that the XGBoost model has a high correct classification rate across all classes, 

especially the Nondemented category, which has the largest amount of data. Some misclassifications still occur in the 
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Converted class, which is sometimes predicted as Demented, which can be explained by the similarity in clinical 

features between the two conditions. However, overall, the model maintains a balanced performance across classes 

with nearly uniform recall rates, indicating the effectiveness of the SMOTE technique in addressing data imbalance. 

This analysis reinforces the finding that XGBoost is the most effective algorithm for detecting dementia, with a 

combination of high accuracy, precision, and generalizability. This improved performance demonstrates that boosting-

based models are capable of capturing the complex nonlinear patterns often found in medical and psychometric data 

of dementia patients. 

Discussion 

The results of this study provide empirical evidence that the application of boosting-based machine learning 

algorithms, specifically XGBoost, has strategic potential in supporting the early detection of dementia. With an 

accuracy of over 93%, this model can serve as an analytical tool to identify patients at risk of cognitive decline at an 

early stage. This advantage can be integrated into a Clinical Decision Support System (CDSS) to assist healthcare 

professionals in objective, data-driven patient screening. Implementing an XGBoost-based system has the potential to 

improve diagnostic accuracy, accelerate the identification process, and reduce reliance on costly neuroimaging 

examinations. 

From a healthcare efficiency perspective, the application of machine learning-based predictive models allows for 

rapid and automated classification without compromising the reliability of the results. With stable performance across 

all evaluation metrics, this model can support more efficient clinical decision-making, particularly in environments 

with limited expertise or advanced diagnostic facilities. The use of predictive models like XGBoost can also assist 

healthcare professionals in prioritizing interventions for patients showing early signs of dementia, allowing for more 

effective allocation of care resources. 

Furthermore, the results of this study have implications for the development of preventative and personalized 

healthcare systems. The integration of machine learning models into longitudinal patient data monitoring enables the 

continuous identification of cognitive changes, which can ultimately support early intervention strategies and 

predictive care. Thus, utilizing machine learning for dementia prediction contributes not only to improved diagnostic 

accuracy but also to care efficiency, reduced economic burden, and improved overall quality of life for patients. 

4. Conclusion: 

This study presented a comparative evaluation of three machine learning algorithms SVM, RF, and XGBoost for 

the classification of dementia conditions, including Converted, Demented, and Nondemented categories. Using a 

dementia dataset obtained from Kaggle, the research implemented the Synthetic Minority Oversampling Technique 

(SMOTE) to address the issue of class imbalance commonly found in medical data. The experimental findings 

demonstrated that XGBoost achieved the highest predictive performance, with an accuracy of 93.86%, precision of 

94%, recall of 94%, and an F1-score of 94%, outperforming both Random Forest and SVM. These results indicate 

that the boosting-based learning mechanism of XGBoost effectively captures complex, non-linear feature interactions 

and provides robust classification outcomes even in the presence of imbalanced data distributions. 

The application of SMOTE proved effective in enhancing model sensitivity toward minority classes, particularly 

Converted and Demented, thereby reducing bias toward the majority class (Nondemented). The consistency of the 
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evaluation metrics across all models further suggests that machine learning approaches, especially ensemble-based 

algorithms like XGBoost, have strong potential to be implemented in Clinical Decision Support Systems (CDSS) for 

early dementia detection. Such systems could assist healthcare professionals by providing faster, data-driven 

diagnostic insights that contribute to more accurate clinical decision-making, improved patient management, and 

efficient resource allocation in healthcare institutions. 

Nevertheless, this study has several limitations that should be acknowledged. The dataset used in this research was 

limited in both size and diversity, with a relatively small number of Converted and Demented cases, which may 

constrain the model’s generalizability to broader clinical populations. Moreover, the dataset primarily consisted of 

tabular clinical attributes without incorporating additional modalities such as neuroimaging, genetic, or behavioral 

data, which could potentially enrich the predictive capacity of the model. Another limitation lies in the use of a single 

data split (80:20) for training and testing, without cross-validation, which may introduce variability in performance 

estimation and reduce robustness. These constraints indicate that while the proposed approach shows strong potential, 

further validation with larger, heterogeneous, and multi-source datasets is necessary to confirm the reliability of the 

findings. 

Future studies are encouraged to expand the current research in several directions. Integrating multimodal data 

sources such as neuroimaging, genetic markers, and cognitive test results could substantially enhance model accuracy 

and interpretability. In addition, the incorporation of explainable AI (XAI) methods, such as SHAP or LIME, would 

allow for better understanding of feature contributions to model predictions, improving clinical transparency and trust. 

Exploring advanced hybrid architectures that combine ensemble methods and deep learning—such as XGBoost-CNN 

or Deep Forest—may also yield further improvements in performance. Furthermore, employing k-fold cross-

validation and external validation using independent datasets is recommended to strengthen the generalization and 

clinical applicability of the model. 

In conclusion, this research provides empirical evidence that machine learning, particularly ensemble-based 

methods such as XGBoost coupled with SMOTE balancing, can serve as an effective framework for early dementia 

prediction. The proposed approach not only enhances classification accuracy and sensitivity toward minority dementia 

classes but also establishes a methodological foundation for developing intelligent, data-driven systems to support 

early detection, timely intervention, and improved healthcare efficiency in neurodegenerative disease management. 

References: 

[1] S. V. Birajdar, M. Mulchandani, F. Mazahir, and A. K. Yadav, “Chapter 1 - Dementia and neurodegenerative 

disorder: An introduction,” U. Gupta and P. B. T.-N.-B. A. for the T. of D. Kesharwani, Eds., Academic Press, 

2023, pp. 1–36. doi: 10.1016/B978-0-12-824331-2.00007-8. 

[2] Z. He et al., “The current status, trends, and challenges of Alzheimer’s disease and other dementias in Asia 

(1990–2036),” Front. Public Heal., vol. 13, no. June, 2025, doi: 10.3389/fpubh.2025.1583339. 

[3] A. Javeed, A. L. Dallora, J. S. Berglund, A. Ali, L. Ali, and P. Anderberg, “Machine Learning for Dementia 

https://doi.org/10.1016/B978-0-12-824331-2.00007-8
https://doi.org/10.3389/fpubh.2025.1583339


 

International Journal of Artificial Intelligence in Medical Issues 

88 

 

Prediction: A Systematic Review and Future Research  Directions.,” J. Med. Syst., vol. 47, no. 1, p. 17, Feb. 

2023, doi: 10.1007/s10916-023-01906-7. 

[4] F. Yi et al., “XGBoost-SHAP-based interpretable diagnostic framework for alzheimer’s disease.,” BMC Med. 

Inform. Decis. Mak., vol. 23, no. 1, p. 137, Jul. 2023, doi: 10.1186/s12911-023-02238-9. 

[5] ShashwatWork, “Dementia Prediction Dataset.” Kaggle, 2021. 

[6] H. Darwis, A. N. P. Pagala, S. Anraeni, T. Amaliah, I. As’ad, and A. U. Tenripada, “Analysis of Public 

Sentiment about Childfree in Indonesia using Support Vector Machine Methods,” in 2025 19th International 

Conference on Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 1–8. doi: 

10.1109/IMCOM64595.2025.10857551. 

[7] Herman, H. Darwis, Nurfauziyah, R. Puspitasari, D. Widyawati, and A. Faradibah, “Comparative Analysis of 

Anxiety Disorder Classification Using Algorithm Naïve Bayes, Decision Tree and K-NN,” in 2025 19th 

International Conference on Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 

1–6. doi: 10.1109/IMCOM64595.2025.10857485. 

[8] R. R. Raja and H. Darwis, “A Comparative Study of Public Opinion on Indonesian Police : Examining Cases 

in the Aftermath of the Kanjuruhan Football Disaster,” vol. 6, no. 1, pp. 260–270, 2025, doi: 

10.56705/ijodas.v6i2.235. 

[9] A. L. H. A. H. H. D. A. Kurnia, “SMOTE Technique Utilization in Cirrhosis Classification: A Comparison of 

Gradient Boosting and XGBoost,” JICO Int. J. Informatics Comput., no. Vol. 1 No. 1 (2025): May 2025, pp. 

34–40, 2025. 

[10] H. Darwis, R. Puspitasari, Purnawansyah, W. Astuti, D. Atmajaya, and M. Hasnawi, “A Deep Learning 

Approach for Improving Waste Classification Accuracy with ResNet50 Feature Extraction,” in 2025 19th 

International Conference on Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 

1–8. doi: 10.1109/IMCOM64595.2025.10857536. 

[11] A. R. Manga’, A. Nanda, A. N. Handayani, H. W. Herwanto, R. A. Asmara, and D. Lantara, “Comparison 

Between Single-Input and Multi-Input Classification with the Application of Canny Feature Extraction and 

Classification Algorithms on the Toraja Buffalo Dataset,” in 2025 19th International Conference on 

https://doi.org/10.1007/s10916-023-01906-7
https://doi.org/10.1186/s12911-023-02238-9
https://doi.org/10.1109/IMCOM64595.2025.10857551
https://doi.org/10.1109/IMCOM64595.2025.10857485
https://doi.org/10.56705/ijodas.v6i2.235
https://doi.org/10.1109/IMCOM64595.2025.10857536


 

International Journal of Artificial Intelligence in Medical Issues 

89 

 

Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 1–8. doi: 

10.1109/IMCOM64595.2025.10857554. 

[12] Purnawansyah, A. P. Wibawa, T. Widiyaningtyas, Haviluddin, H. Darwis, and H. Azis, “An in-depth 

exploration of supervised and semi-supervised learning on face recognition,” vol. 15, no. 1, 2025, doi: doi: 

10.1515/comp-2025-0029. 

[13] A. R. Manga, Nirmala, H. Azis, F. Fattah, Y. Salim, and H. Darwis, “ResNet-50 for Flower Image 

Classification: A Comparative Study of Segmentation and Non-Segmentation Approaches,” in 2025 19th 

International Conference on Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 

1–6. doi: 10.1109/IMCOM64595.2025.10857520. 

[14] Y. Salim, A. F. Rakasyah, H. Darwis, Harlinda, Irawati, and A. R. Manga, “Comparative Analysis of Machine 

Learning Algorithms and Ensemble Techniques for Diverse Image Classification Tasks,” in 2025 19th 

International Conference on Ubiquitous Information Management and Communication (IMCOM), 2025, pp. 

1–7. doi: 10.1109/IMCOM64595.2025.10857517. 

[15] H. Azis, P. Purnawansyah, and N. Alfiyyah, “Multiclass Classification on Nominal Value of Rupiah 

Banknotes Based on Image Processing,” Ilk. J. Ilm., vol. 16, pp. 87–99, Apr. 2024, doi: 

10.33096/ilkom.v16i1.1784.87-99. 

[16] A. Gaffar, N. Azmi, E. Alwi, S. Abdullah, and D. Widyawati, Optimizing Brain Tumor Classification with 

ResNet-50 Feature Extraction and Machine Learning Algorithms. 2025. doi: 

10.1109/IMCOM64595.2025.10857486. 

[17] A. R. Manga’, A. N. Handayani, H. W. Herwanto, R. A. Asmara, Y. I. Sulistya, and K. Kasmira, “Analysis 

of the Ensemble Method Classifier’s Performance on Handwritten Arabic Characters Dataset,” Ilk. J. Ilm., 

vol. 15, no. 1, pp. 186–192, 2023, doi: 10.33096/ilkom.v15i1.1357.186-192. 

[18] B. A. Maulana and N. Hidayati, “Churn Prediction in Credit Customers Using Random Forest and XGBoost 

Methods,” Indones. J. Data Sci., vol. 6, no. 1, pp. 82–90, 2025, doi: 10.56705/ijodas.v6i1.215. 

[19] R. Rahmaddeni, M. K. Anam, Y. Irawan, S. Susanti, and M. Jamaris, “Comparison of Support Vector Machine 

and XGBSVM in Analyzing Public Opinion on Covid-19 Vaccination,” Ilk. J. Ilm., vol. 14, no. 1, pp. 32–38, 

https://doi.org/10.1109/IMCOM64595.2025.10857554
https://doi.org/10.1515/comp-2025-0029
https://doi.org/10.1109/IMCOM64595.2025.10857520
https://doi.org/10.1109/IMCOM64595.2025.10857517
https://doi.org/10.33096/ilkom.v16i1.1784.87-99
https://doi.org/10.1109/IMCOM64595.2025.10857486
https://doi.org/10.33096/ilkom.v15i1.1357.186-192
https://doi.org/10.56705/ijodas.v6i1.215


 

International Journal of Artificial Intelligence in Medical Issues 

90 

 

2022, doi: 10.33096/ilkom.v14i1.1090.32-38. 

[20] G. Titaley, N. Rismayanti, A. Handayani, and J. Ardiansah, “Performance Comparison of Ensemble Learning 

Models for Brain Tumor Detection on Augmented MRI Datasets,” Ilk. J. Ilm., vol. 17, pp. 86–97, Aug. 2025, 

doi: 10.33096/ilkom.v17i2.2523.86-97. 

 

https://doi.org/10.33096/ilkom.v14i1.1090.32-38
https://doi.org/10.33096/ilkom.v17i2.2523.86-97

