
           Corresponding Author: Mohamed.eassa.cs@o6u.edu.eg 

        10.     https://doi.org/10.61356/j.scin.2025.2619 

                            Licensee SciNexuses. This article is an open access article distributed under the terms and conditions of the 

                            Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0). 

 

 
 

 

 

 

 

 

1 |Introduction 

Alzheimer's disease (AD) is a neurodegenerative disorder and a leading cause of dementia, with symptoms 

such as memory loss, language difficulties, and impaired cognitive functions. As the global aging population 

grows, the prevalence of AD is expected to rise significantly in the coming years, making early diagnosis 

crucial for effective intervention. However, many patients are diagnosed in the later stages, missing the 

opportunity for initial treatment [1]. In this study, we aim to improve the early detection of Alzheimer's disease 

by applying machine learning models to a publicly available dataset. We explore the use of Random Forest, 

Support Vector Machine (SVM), XGBoost, and Stacking Model to analyze cognitive and brain structural data 

[2]. 
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This study investigates the use of machine learning models for diagnosing Alzheimer's disease, based on the 

Alzheimer's Disease Dataset from Kaggle. The dataset includes a variety of features that are crucial for identifying 

Alzheimer's in patients. We applied different models such as Random Forest, Support Vector Machine (SVM), 

XGBoost, and a Stacking Model to predict the disease's presence. After evaluating the performance of each model, 

the Stacking Model emerged as the most accurate, achieving an impressive accuracy rate of 96%. This result 

demonstrates the potential of combining multiple models to improve diagnostic accuracy in Alzheimer's disease 

detection. 
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2 |Data Preprocessing 

2.1 |Handling of Data with Numerous Missing Values 

Given the minimal amount of missing data in the dataset, we decided not to make significant changes, as the 

missing values were sparse and unlikely to impact on the overall analysis. Therefore, no further imputation or 

removal was required for variables with lesser amounts of missing data. 

2.2 |Handling of Outliers 

During the preprocessing phase, attention was given to potential outliers. Outliers were identified using box 

plots and the interquartile range (IQR) method. The IQR was calculated by determining the first quartile (Q1) 

and third quartile (Q3) for each variable, and the outlier range was set as values falling below Q1 - 1.5 * IQR 

or above Q3 + 1.5 * IQR. These identified outliers were then replaced with the median value to minimize 

their impact on the data distribution. 

2.3 |Data Encoding and Standardization 

2.3.1 |Data Encoding 

After basic preprocessing, categorical variables were encoded to fit machine learning models. Three features 

were encoded: 

 Gender: Converted into numerical values (see Table 1). 

 Education Level: Mapped to ordered numeric values based on educational attainment (see Table 2). 

 Ethnicity: Label encoded to represent diverse groups numerically (see Table 3). 

Table 1. Gender. 

Male Female 

0 1 

 

Table 2. Education Level. 

None High School Bachelor's Higher 

0 1 2 3 

 

Table 3. Ethnicity. 

Caucasian African American Asian Other 

0 1 2 3 

 

2.3.2 |Standardization 

For standardizing quantitative data, we use the following Eq. (1): 

               (1) 

3 |Correlation Analysis 

To highlight the key features related to Alzheimer's diagnosis, we used a Random Forest classifier. After 

training the model, we ranked the features based on their importance scores and selected the top ten for 

further analysis. We then computed a correlation matrix among these top features and visualized it using a 
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heatmap. As expected, the diagonal values were all one, showing each feature’s perfect correlation with itself. 

However, the off-diagonal values showed very weak correlations, mostly ranging between -0.03 and 0.03. This 

indicates that while these features are important for the model, they are not strongly correlated with each 

other [3]. Such low correlation values suggest that the selected features are likely to contribute unique 

information to the prediction task, which can help reduce redundancy in the model as shown in Figure 1. 

 
Figure 1. Correlation Heatmap of top features. 

 

4 |Establishment of the Diagnostic Model 

4.1 |Random Forest 

By training several decision trees on arbitrary data samples, Random Forest develops bagging algorithms. A 

distinct subset produced by sampling with replacement is used to train each tree. Because just a random subset 

of characteristics is taken into account at each split, overfitting is decreased and model diversity is increased. 

A majority vote across all trees determines the final prediction [4]. For Random Forest Equation, we use the 

following Eq. (2): 

              (2) 

Figure 2 illustrates the general structure of the Bagging algorithm used in Random Forest, where multiple 

base learners contribute to the final prediction through averaging. 
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Figure 2. General structure of the Bagging algorithm used in Random Forest. 

 

4.2 |SVM 

A popular supervised machine learning approach for classification tasks is Support Vector Machine (SVM). 

By maximizing the margin between the classes, SVM seeks to identify the hyperplane in the feature space that 

best divides various classes. When there are more dimensions than data points, it works especially well in 

high-dimensional spaces [5]. 

For SVM Equation, we use the following Eq. (3): 

             (3) 

Figure 3 shows the structure of SVM, where a hyperplane is created to separate different classes in the feature 

space. The model maximizes the margin between the classes, and the final decision boundary is determined 

by support vectors closest to the hyperplane. 

 
Figure 3. Structure of SVM. 

4.3 |XGBoost 

Building on the idea of Gradient Boosting, XGBoost (Extreme Gradient Boosting) is a potent machine 

learning technique. It is well known for its effectiveness and performance in resolving regression and 
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classification issues. In contrast to conventional boosting algorithms, XGBoost employs a number of 

sophisticated strategies, including regularisation and tree pruning, to improve model performance and lessen 

overfitting [6]. 

For XGBoost, we use the following Eq. (4): 

𝑓(𝑥) = 𝛴(𝑓𝑟𝑜𝑚𝑘 = 1𝑡𝑜𝐾)𝛾𝑘 ∗ ℎ𝑘(𝑥)               (4) 

Figure 4 shows the structure of XGBoost, where multiple decision trees work together to make the final 

prediction. Each tree is built to correct the mistakes of the previous one, and the results are combined to 

improve accuracy. 

 
Figure 4. Structure of XGBoost. 

 

4.4 |Stacking Model 

The Stacking model combines multiple machine learning algorithms, such as Random Forest, XGBoost, and 

CatBoost, to improve predictive performance. Each model is trained on the same dataset, and their 

predictions are then used as input for a meta-model. The meta-model learns how to combine the outputs of 

the base models to produce a final, more accurate prediction. This ensemble approach leverages the strengths 

of each individual model, reducing bias and variance, and often leading to better generalization [7]. 

For Random Forest Equation, we use the following Eq. (5): 

              (5) 

Figure 5 illustrates the general structure of the Stacking algorithm, where multiple base learners contribute to 

the final prediction. Each base learner makes an individual prediction, and these predictions are then 

combined by a meta-model to provide the final outcome." 
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Figure 5. Structure of the Stacking algorithm. 

 

5 |Model Comparison 

5.1 |Evaluation of the Three Models 

 Random Forest achieved an accuracy of 90%, with a good balance between precision (0.89) and recall 

(0.96) for class 0, and solid precision (0.91) and recall (0.78) for class 1. It’s F1-score for class 0 (0.92) 

and class 1 (0.84) are also commendable. 

 Support Vector Machine (SVM) achieved an accuracy of 83%, with precision and recall values of 

0.84 and 0.92 for class 0, and 0.82 and 0.69 for class 1. The SVM's performance is a bit lower in 

comparison to Random Forest and XGBoost, especially for class 1, where the recall is lower. 

 XGBoost performed the best with an accuracy of 92%, along with extremely high precision (0.96) 

and recall (0.80) for class 1, and high precision (0.90) and recall (0.98) for class 0. The F1-scores for 

class 0 and 1 are 0.94 and 0.87, respectively. 

Based on the evaluation of all three models as shown in Figure 6, XGBoost performed the best, achieving 

the highest accuracy (92%) and demonstrating robust performance in both precision and recall for both 

classes. It consistently outperforms Random Forest and Support Vector Machine (SVM), particularly for class 

1. Therefore, XGBoost is the most effective model among the three in this analysis. 

 
Figure 6. Comparisons of model accuracies. 
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5.2 |Best Performing Model Comparison with Stacking Model 

The Stacking Model outperforms XGBoost in all key metrics, achieving a higher accuracy of 96% compared 

to 92%. The Stacking Model also shows improved precision, recall, and F1-scores, particularly for class 0. 

Overall, the Stacking Model provides a more balanced and effective prediction, making it the better model 

for this task as shown in Table 4. 

 
Figure 7. XGBoost vs. Stacking Model Accuracy. 

 

Table 4. Evaluation of the applied models. 

 

 

6 |Conclusion 

From the model evaluation, it is clear that the Stacking Model outperforms the individual models in terms of 

overall performance. With an accuracy of 96%, it demonstrates excellent precision and recall across both 

classes, surpassing XGBoost, which is the second-best with an accuracy of 92%. The Random Forest model 

and Support Vector Machine (SVM) performed well, but with lower accuracy and F1-scores compared to the 

Stacking model. The Stacking Model, combining multiple classifiers such as Random Forest, XGBoost, and 

SVM, capitalizes on the strengths of each, leading to improved predictive accuracy. Therefore, for this task, 

Stacking proves to be the best model choice for high accuracy and reliable performance. 
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