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 The rapid identification and diagnosis of Alzheimer's disease (AD) is 

essential for initiating early intervention and effective treatment planning. 

Magnetic resonance imaging (MRI) provides valuable structural insights 

into the pathological alterations in the brain associated with AD. Early and 

accurate detection of AD is critical for initiating timely interventions. This 

study presents a classical machine learning (ML) approach for detecting AD 

using structured features extracted from MRI metadata, such as mini-mental 

state examination (MMSE) scores, brain volume metrics, and cognitive 

attributes. Unlike deep learning models that rely on raw imaging data, the 

interpretable framework offers reduced computational complexity and better 

alignment with real-world clinical constraints. Models such as random forest 

(RF) and extreme gradient boosting (XGBoost) achieved up to 85% 

accuracy, showing strong potential for deployment in resource-limited 

environments. The results demonstrate the potential of classical ML in 

supporting early AD diagnosis, particularly in low-resource clinical settings. 

Moreover, the proposed approach offers a computationally efficient and 

interpretable alternative to deep learning models, facilitating adoption in 

real-world healthcare environments. 
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1. INTRODUCTION 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by cognitive 

decline, memory loss, and a deterioration in the ability to perform everyday activities [1]. It is among the 

most prevalent forms of dementia, affecting approximately one in every nine individuals aged 65 and older. 

With the global population continuing to age, the incidence of AD is expected to rise significantly, posing 

growing challenges for healthcare systems worldwide [2]. Early and accurate diagnosis of AD is crucial for 

timely intervention, improved patient management, and the development of effective therapeutic strategies 

that may alleviate symptoms and slow disease progression [2]. Magnetic resonance imaging (MRI) has 

emerged as a vital tool in the diagnosis and monitoring of AD, offering high-resolution structural information 

that enables the visualization of neuroanatomical changes, such as hippocampal atrophy and cortical  

thinning [3]. However, manual interpretation of MRI scans remains time-consuming, subjective, and prone to 

inter-observer variability, thus motivating the need for automated diagnostic approaches. In recent years, 

machine learning (ML) has demonstrated remarkable success in medical image analysis, including the 

detection and classification of neurological diseases using MRI data [4]. While deep learning methods such 

https://creativecommons.org/licenses/by-sa/4.0/
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as convolutional neural networks (CNNs) have shown superior performance in extracting spatial features 

from raw imaging data [5], their practical implementation often demands large datasets, significant 

computational power, and specialized GPU-based hardware. 

In contrast, classical ML algorithms such as random forest (RF), support vector machines (SVM), 

and extreme gradient boosting (XGBoost) can offer high accuracy, computational efficiency, and greater 

interpretability, especially when applied to structured clinical and imaging-derived metadata [6].  

These attributes make classical ML models highly suitable for deployment in low-resource clinical 

environments where transparency and scalability are essential. This research aims to develop and evaluate a 

robust ML framework for the accurate detection of AD using clinically relevant features derived from MRI 

metadata [7]. Through comprehensive data preprocessing, statistical feature selection using analysis of 

variance (ANOVA)-based methods, and comparative analysis of multiple ML models, the study 

demonstrates the viability of using structured tabular data for AD classification. The proposed approach 

offers a practical and interpretable diagnostic aid to support early-stage AD detection in both research and 

clinical applications [8]. 

As shown in Table 1, recent studies emphasize deep learning approaches for MRI-based AD 

classification. However, most of them face limitations such as high computational demand, lack of 

interpretability, or limited modality input. In contrast, the present study addresses these gaps by applying 

classical ML models to structured clinical and neuroanatomical data, providing a lightweight and 

interpretable framework suitable for deployment in resource-limited environments. Future work will aim to 

integrate multimodal inputs and incorporate explainable AI techniques. Table 1 provides the comparison of 

recent studies. 

 

 

Table 1. Comparison of recent studies 
Reference Research summary Research gaps Future work 

[9] Developed a hybrid 3D-CNN and 
attention mechanism for AD 

classification using raw MRI scans. 

Achieved high accuracy by leveraging 
spatial features and deep attention 

layers. 

Model requires high 
computational power; lacks 

integration with structured 

clinical data; interpretability is 
limited. 

Integrate multimodal data 
(images+clinical), improve model 

explainability using tools like Shapley 

additive explanations (SHAP). 

[10] Used a CNN-based model to classify 
MRI data into stages of cognitive 

decline. Emphasized early detection 

through image feature extraction. 

Dataset imbalance not addressed; 
lacks comparison with classical 

ML methods. 

Employ data balancing (e.g., synthetic 
minority over-sampling technique 

(SMOTE), and include baseline ML 

comparisons for robustness. 
[11] Proposed an ensemble of deep learning 

models for longitudinal AD prediction. 

Utilized time-series imaging data for 
disease progression modeling. 

Methodology depends heavily on 

longitudinal data availability; not 

applicable in all settings. 

Develop models that work with 

single-timepoint data; explore 

clinical-data fusion strategies. 

[12] Compared performance of CNN, SVM, 

and k-nearest neighbors (KNN) models 
using OASIS dataset for binary AD 

classification. Found CNN slightly 

outperformed SVM. 

Limited model interpretability; 

only binary classification (no 
mild cognitive impairment (MCI) 

or early-stage granularity). 

Extend to multi-class classification 

including MCI; add explainability 
layer to improve clinical trust. 

[13] Implemented VGG-16 and ResNet-50 

architectures on AD image 

classification. Reported high accuracy 
using transfer learning on limited data. 

Transfer learning from non-

medical domains may introduce 

domain bias; no tabular features 
used. 

Combine deep features with cognitive 

scores for multimodal learning; retrain 

on medical-specific data. 

 

 

The findings of this research have the potential to significantly impact clinical practice by providing 

clinicians with an efficient and objective tool for early detection and monitoring of AD. By harnessing the 

power of ML and MRI technology, we strive to advance the field of neuroimaging and contribute to 

improved patient care in the management of this debilitating condition. The rest of the paper is organized as 

follows: section 2 discusses the dataset and pre-processing. Model development and hypertuning is described 

in sections 3. Performance comparison is shown in the section 4. In conclusion, final observations and 

recommendations for future work are presented in section 5. 

 

 

2. DATASET AND PRE-PROCESSING 

Alzheimer's disease neuroimaging initiative (ADNI) is a widely used dataset containing MRI scans, 

clinical, and genetic data from AD patients, individuals with MCI, and healthy controls [14]. By carefully 

selecting a suitable dataset and conducting thorough preprocessing, researchers can ensure the robustness and 
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reliability of the deep learning model developed for accurate detection of AD using MRI data. Additionally, 

documenting preprocessing steps is crucial for transparency and reproducibility in research. 

 

2.1.  Image dataset 

The dataset used for this project was sourced and was procured by Singh on Kaggle [15]. The 

dataset is a collection of MRI images of people’s brains. MRI is a method that utilizes strong magnetic fields 

and radio waves to produce images of the internal structure of the body. MRI is a commonly used imaging 

technique for diagnosing neurological conditions [16].  

The dataset has a total of 6,400 of high-quality jpeg files, separated into 4 folders, each containing 

different classes of MRI images. Table 2 is shown the dataset for different classes of MRI images. The 

images in the dataset provide insight into the brain patterns of Alzheimer’s patients and can be used to 

develop and evaluate ML algorithms for the early detection and diagnosis of AD. 

 

 

Table 2. Dataset for different classes of MRI images 
Folder name Description 

Normal This class contains images of healthy brains with no signs of AD. 

Very mild dementia This class contains images of brains affected by very mild dementia, 

which is a mild form of cognitive decline. 
Mild cognitive impairment This class contains images of brains with mild cognitive impairment, 

which is often a precursor to AD. 
AD This class contains images of brains affected by AD. 

 

 

2.2.  Table dataset 

In another dataset used for this project was also sourced from Kaggle by Choi [17]. The dataset is a 

csv file containing information about patients diagnosed with AD. The dataset relates to the OASIS project at 

https://sites.wustl.edu/oasisbrains/. A project that aims to provide neuroimage datasets for free, in the hopes 

of improving the research on neurodegenerative diseases. Table 3 is shown the dataset information about 

patients diagnosed with AD. The dataset could be used to find, study and understand how internal and 

external factors play a role in the development of AD. 

 

 

Table 3. Dataset information about patients diagnosed with AD 
Item Description 

Subject ID A unique identifier for each patient in the study. 

MR Delay The time elapsed between the MRI scan and the patient ‘s assessment. 

MRI ID A unique identifier for each MRI scan. 
Visit The number of visits to the study center. 

M/F The gender of the patient. 

Hand The handedness of the patient, left-handed or right-handed. 
Age The age of the patient. 

EDUC The level of education of the patient. 
Socio-economic status (SES) The SES of the patient. 

Mini-mental state examination (MMSE) The MMSE score, a measure of cognitive function. 

Clinical dementia rating (CDR) The CDR score, a scale for evaluating the severity of dementia. 
Estimated total intracranial volume (eTIV) The eTIV, a measure of the size of the brain. 

Normalized whole brain volume (nWBV) The nWBV, a measure of brain volume relative to overall size. 

Atlas scaling factor (ASF) The ASF, a value used to correct for differences in brain size across subjects. 
Group Classification for whether the patient has dementia, recovered from it or has 

never had it. 

 

 

2.3.  Image pre-processing 

Pre-processing for the image dataset is done using the ImageDataGenerator class from Keras [18]. 

The ImageDataGenerator generates new data from pre-existing ones. This increases the number of images 

that can be used to train our deep learning model. The parameters and explanation for the 

ImageDataGenerator is shown the Table 4. 

It is important to note that SMOTE was applied exclusively to the tabular dataset to address class 

imbalance between 'demented' and 'nondemented' classes. While image preprocessing such as horizontal 

flipping, rescaling, and brightness augmentation was conducted using ImageDataGenerator, no model was 

trained on this image data due to computational limitations [19]. Therefore, SMOTE was not applied to  

high-dimensional image data, as doing so can produce unrealistic and structurally invalid synthetic samples. 

 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2357-2368 

2360 

Table 4. Parameters and explanation for the ImageDataGenerator 
Item Description 

rescale rescale =1/255. The pixel values of the images are scaled down from 0-255 to 0-1. 
This normalizes the values within each image as well as making it faster to process images. 

brightness_range brightness_range = [0.8, 1.2]. New images are generated with 80% to 120% brightness 

levels of the original dataset. 
zoom_range zoom_range = [.99, 1.01]. New images are generated that came from zooming in 99% and 

zooming out 101% of the original dataset. 

data_format data_format = “channel_last”. Images are shaped in the format of (height, width, channels). 
fill_mode fill_mode = "constant". Areas that are out of bounds of the image are filled with 0s or black. 

horizontal_flip horizontal_flip = true. Randomly flips the original images horizontally to produce  

new images. 

 

 

2.4.  Table pre-processing 

In the table dataset, only columns SES and MMSE had empty values. These empty values are then 

replaced with their respective median values. Mean is very sensitive to outliers, but median is robust, hence it 

is much better to replace the empty values with median when the distribution is skewed [20]. 

Columns that are removed from the dataset are subject ID, MRI ID, Visit, and CDR. Subject ID and 

MRI ID are just unique identifiers, Visit is the number of visits the patient made with a doctor. CDR was 

removed because it represented the same information as the group feature [21]. Decided to utilize the group 

feature over CDR since it is a categorical variable, making it easier to handle in the later stages of model 

development. The categories of patients are depicted in Figure 1. There are 3 categories of patients, patients 

with dementia (demented), patients that had mild but later develop worse conditions (converted), and patients 

that never had dementia (nondemented). Because the converted group also experiences dementia, the group 

was re-categorized as demented as well. 
 

 

  
 

Figure 1. Distribution of patients across dementia categories 
 

 

2.5.  Table exploratory data analysis 

Exploratory data analysis (EDA) is done on the table dataset to find the patterns and relations 

between the columns of the dataset [22]. From Figure 2, for both dementia and non-dementia patients, there 

is a wide spread in brain size distribution. However, for patients that recovered from dementia the available 

stable funding (ASF) values ranged mostly around 1-1.4. An assumption could be made that dementia does 

not affect the brain size [23]. 

From the Figure 3, The study cohort included a demographic breakdown by age, gender, and 

dementia status. Participant data was collected and categorized into five distinct age groups, ranging from  

60-85 years, to analyze the distribution of males and females. The largest concentration of subjects was 

observed within the 71-75 age group, with subsequent analyses examining the correlation between gender 

and dementia prevalence across the entire sample. 

From Figure 4, further examination of dementia severity using the CDR score revealed a distinct 

pattern between genders. As shown in the violin plot, the distribution of CDR scores for females was more 

dispersed and extended to higher values compared to males. This wider range suggests a greater variability in 

the severity of dementia among female subjects. The CDR data reinforces the observation of a more 

pronounced impact of the condition within the female demographic of the study group. The only strong 

positive correlations from the dataset are between the number of visits (Visit) and the time interval between 

the examination and MRI scan in months (MR delay) [24]. The only strong negative correlation is between 

the brain’s volume (eTIV) and the proportion of brain volume occupied by Alzheimer's-specific 

neurodegeneration (ASF). Figure 5 is shown the assessing relationships between clinical measures using 

correlation analysis. 
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2.6.  Table encoding 

Categorical columns are encoded to integers. For the group column, demented is set as 1 while 

nondemented is set as 0. For the M/F column, which is the gender column, M is set as 1 while F is set as 0. 

Finally, for the hand column, R is set as 0. 
 

 

 
 

Figure 2. Brain size (ASF) distribution across dementia, non-dementia, and recovered groups 
 

 

  
 

Figure 3. Exploratory data analysis between male and female with age group 
 

 

 
 

Figure 4. Violin plots of CDR by gender 
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Figure 5. Assessing relationships between clinical measures using correlation analysis 
 

 

3. MODEL DEVELOPMENT AND HYPERTUNING 

All model development was focused on tabular data derived from clinical and structural MRI 

features. These features include MMSE scores, eTIV, nWBV, and other cognitive and anatomical indicators 

extracted from the OASIS dataset. This approach allowed for faster experimentation and greater 

interpretability, particularly beneficial in resource-constrained environments. The table dataset is separated 

into 2 parts X and Y. Y contains the group column, which acts as our classifier and X contains the rest of the 

columns in the table dataset. X is the features that might determine whether a person has dementia or not. 
 

3.1.  Feature selection for machine learning models 

The feature selection for the table dataset is performed using the SelectKBest from the Sklearn 

library. The SelectKBest uses the ANOVA F-value to rank the features [25], [26]. The ANOVA method 

measures the difference in means between two or more features and tests if this difference is significant. A 

large F-value indicates that the model provides a good fit to the data and the differences between the features 

are significant. The ANOVA-based feature selection shown in Figure 6. As revealed in the feature selection 

analysis, MMSE, nWBV, and gender (M/F) were among the most discriminative features, reinforcing their 

clinical relevance in AD diagnosis. From this we extracted the top 7 most relevant features, which are 

MMSE, nWBV, M/F, EDUC, MR Delay, eTIV, and SED. These 7 features are the ones that will be used 

later in our ML models. 
 

 

 
 

Figure 6. ANOVA F-value scores of selected features for the ML model 
 

 

3.2.  Data preparation 

The values for each column are normalized using the StandardScaler class from Sklearn. 

StandardScaler normalizes the data by subtracting it with the mean value and scaling it to unit variance [27]. 

The formula for StandardScaler is as in (1). 
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𝑧 =
𝑥−𝜇

𝜎
 (1) 

 

Where 𝜇 is the mean and 𝜎 is the standard deviation. The dataset is then divided into 2 sets. 80% of the 

dataset is reserved as training data, while the remaining 20% is reserved for testing the model. 
 

3.3.  Extreme gradient boosting classifier 

Developing a classification model using the XGBClassifier class from the XGBoost library. 

XGBClassifier is an implementation of the XGBoost algorithm for binary and multi-class classification [28]. 

Similarly, to XGBoost, it uses gradient boosting (GB) on decision trees (DTs) to produce accurate 

predictions for classification problems. The XGBClassifier model is developed using the default parameters 

of the class. By using the default parameters, the model is able to achieve decent results. The model has an 

accuracy, average precision, average recall, and average F1-score of 72%. The only lacking performance 

comes from the recall score for the demented group. The performance metric has a value of 65%, the only 

metric of the model to have a value less than 70%. 

For hyperparameter tuning, GridSearchCV class is utilized from the Sklearn library. GridSearchCV 

takes in a ML model, a parameter grid to search over, and a scoring method to evaluate the performance of 

the model on the validation set. In this example GridSearchCV is performed on the XGBClassifier 

parameters using accuracy as its metric of performance. Using cross-validation, the XGBClassifier model 

with default parameters had an average accuracy of 83.2%. By tuning the parameters using GridSearchCV, 

the cross-validation accuracy of the model had increased to 85%. 
 

3.4.  Random forest 

Developing a classification model using the RF classifier class from the sklearn library. RF 

classifier is an ensemble learning method that trains multiple DTs and aggregates [29] their outputs to make a 

final prediction. Each DT is trained on a random subset of the data, then the final prediction is made by 

taking the average of the predictions of all trees. The RF classifier model is developed using the default 

parameters of the class. By using the default parameters, the model is able to achieve decent results. The 

model has an accuracy, average precision, average recall, and average F1-score of 72%. There are no outlier 

results in the performance metrics. For hyperparameter tuning, GridSearchCV is utilized class from the 

Sklearn library. In this example GridSearchCV is performed on the RF classifier parameters using accuracy 

as its metric of performance. Using cross-validation, the RF classifier model with default parameters had an 

average accuracy of 82.9%. By tuning the parameters using GridSearchCV, the cross-validation accuracy of 

the model had increased to 84.9%. 
 

3.5.  Decision tree 

Developing a classification model using the DT classifier class from the Sklearn library. DT 

classifier works by recursively dividing the dataset into smaller and smaller subsets based on a feature until 

all the samples in a particular subset belong to the same class [30]. The final result of the model will have a 

tree-like structure with its root node as the original dataset, branches corresponding to features, and leaf 

nodes representing the final prediction made by the model. The DT classifier model is developed using the 

default parameters of the class. By using the default parameters, the model is able to achieve decent results. 

The model has an accuracy, average precision, average recall, and average F1-score of 79%. There are no 

outlier results in the performance metrics. Using cross-validation, the DT classifier model with default 

parameters had an average accuracy of 72.6%. By tuning parameters using GridSearchCV, cross-validation 

accuracy of the model had increased to 78.2%. 
 

3.6.  K-nearest neighbor 

Developing a classification model using the K-neighbors classifier class from the Sklearn library.  

K-neighbors classifier finds the class of an unseen sample data by finding the KNN to it in the training 

dataset and voting for the class that appears the most among these KNN [31]. The K-neighbors classifier 

model is developed using the default parameters of the class. By using the default parameters, the model is 

able to achieve subpar results compared to the previous models. The model has an accuracy, average 

precision and average recall of 67%. The recall for the demented group is considerably low, at 59% 

compared to the nondemented group at 74%. Using cross-validation, the K-neighbors classifier model with 

default parameters had an average accuracy of 71.8%. By tuning the parameters using GridSearchCV, the 

cross-validation accuracy of the model had increased to 74.1%. 
 

3.7.  Support vector machine 

Developing a classification model using the support vector classification (SVC) class from the 

Sklearn library. SVC works by finding the hyperplane in high dimensional space that best separates the data 
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into classes. The hyperplane is chosen in a way that maximizes the distance between the hyperplane and the 

closest data points from each class, called support vectors. During the classification process, new data points 

are mapped into the high dimensional space and then classified based on which side of the hyperplane they 

fall on. The SVC model is developed using the default parameters of the class. By using the default 

parameters, the model is able to achieve decent results. The model has an accuracy, average recall, and 

average F1-score of 76%. The recall for the demented group is considerably low, at 68% compared to the 

nondemented group at 84%. 

For hyperparameter tuning, GridSearchCV class is utilized from the sklearn library. In this example 

GridSearchCV is performed on the SVC parameters using accuracy as its metric of performance. Using 

cross-validation, the SVC model with default parameters had an average accuracy of 76.9%. By tuning the 

parameters using GridSearchCV, the cross-validation accuracy of the model had increased to 78.5%. 

 

3.8.  Multilayer perceptron 

Developing a classification model using the multilayer perceptron (MLP) classifier class from the 

Sklearn library. MLPClassifier is composed of multiple layers of interconnected nodes, called neurons, which 

process and transmit information. Each neuron in the MLP receives input from the neurons in the previous 

layer, processes the information using an activation function, and transmits the output to the next layer. This 

step repeats until the output layer where the model will assign a class to the data. The MLPClassifier model is 

developed using the default parameters of the class. The following are the default parameters of MLPClassifier. 

By using the default parameters, the model is able to achieve above average results. The model has 

an accuracy, average recall, average precision, and average F1-score of 72%. There are no outlier results in 

the performance metrics. For hyperparameter tuning, GridSearchCV class is utilized from the sklearn library. 

In this example GridSearchCV is performed on the MLPClassifier parameters using accuracy as its metric of 

performance. Using cross-validation, the MLPClassifier model with default parameters had an average 

accuracy of 76.2%. By tuning the parameters using GridSearchCV, the cross-validation accuracy of the 

model had increased to 79.5%. 

 

3.9.  Stochastic gradient descent 

Developing a classification model using the stochastic gradient descent (SGD) classifier class from 

the Sklearn library. SGDClassifier uses SGD algorithm for training the model. The basic idea of SGD is to 

approximate the gradient of the loss function with respect to the model's weights using one training sample. 

Then, the model's weights are updated in the direction of the negative gradient to reduce the loss. The 

SGDClassifier model is developed using the default parameters of the class. 

By using the default parameters, the model is able to achieve really good results. The model has an 

accuracy, average recall, and average F1-score of 84%. The recall value for the nondemented group is and 

the precision value for the demented group are both 100%. Using cross-validation, the SGDClassifier model 

with default parameters had an average accuracy of 77.2%. By tuning the parameters using GridSearchCV, 

the cross-validation accuracy of the model had increased to 80%. 

 

3.10.  Stochastic gradient descent and logistic regression 

By using the default parameters, the model is able to achieve really good results. The model has an 

accuracy, average recall, and average F1-score of 81%. There are no outlier results in the performance 

metrics. In this example GridSearchCV is performed on the GB classifier parameters using accuracy as its 

metric of performance. Using cross-validation, the GB classifier model with default parameters had an 

average accuracy of 83.2%. By tuning the parameters using GridSearchCV, the cross-validation accuracy of 

the model had decreased to 83%. GridSearchCV is performed on the logistic regression parameters using 

accuracy as its metric of performance. Using cross-validation, the GB classifier model with default 

parameters had an average accuracy of 79.6%. By tuning parameters using GridSearchCV, cross-validation 

accuracy of the model remained the same at 79.6%. 

 

 

4. PERFORMANCE COMPARISON 

To assess the effectiveness of the proposed ML models for AD classification, a comprehensive 

evaluation was conducted using four standard performance metrics: accuracy, precision, recall, and F1-score. 

Accuracy represents the overall proportion of correct predictions, while precision quantifies how many of the 

predicted positive cases are actually positive. Recall, or sensitivity, measures the model's ability to identify 

true positive cases, which is especially important in clinical applications such as AD detection. The F1-score, 

the harmonic mean of precision and recall, provides a balanced metric for assessing both correctness and 

completeness of the classification performance. Table 5 is the performance metrics of ML models. 
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Table 5. Performance metrics of ML models 
Model Accuracy 

(default) (%) 
Accuracy 

(tuned) (%) 
F1-score 
(tuned) 

Recall 
(demented) (%) 

Notes 

XGBoost 83.2 85.0 0.85 84.1 Best tuned model overall 

RF 82.9 84.9 0.84 82.0 High recall and interpretability 

SVM 76.9 78.5 0.76 68.0 Lower recall on demented class 
MLPClassifier 76.2 79.5 0.79 74.3 Good balance, slow convergence 

SGDClassifier 77.2 80.0 0.81 81.0 Very fast training 

KNN 71.8 74.1 0.72 59.0 Weakest recall performance 
DT 72.6 72.2↓ 0.70 65.0 Slight performance degradation 

GB 81.3 83.0 0.83 80.0 Good generalist performer 

 

 

The performance of all classifiers was evaluated using 5-fold cross-validation, and hyperparameter 

tuning was performed using GridSearchCV to identify optimal configurations. Across all models tested, 

XGBoost demonstrated the highest classification performance after tuning, achieving an accuracy of 85.0% 

and an F1-score of 0.85. Most notably, XGBoost attained a recall of 84.1% for the demented class, indicating 

a strong ability to correctly identify patients with AD. RF also performed robustly, with a tuned accuracy of 

84.9%, an F1-score of 0.84, and a demented-class recall of 82.0%. Both models benefitted significantly from 

ensemble learning techniques, which reduce overfitting and improve generalization. Other models such as the 

SVM and MLP classifiers showed moderate performance improvements after tuning, achieving recall values 

of 68.0% and 74.3% respectively. The SGDClassifier offered a lightweight yet effective alternative, with a 

tuned recall of 81.0%. In contrast, the KNN model exhibited the weakest recall for the demented class at 

59.0%, indicating poor sensitivity and limiting its clinical applicability. The DT classifier slightly degraded 

in performance post-tuning, likely due to overfitting specific parameter combinations, underscoring the 

superiority of ensemble methods for this task. 

In the clinical context, recall is particularly important, as it reflects the model’s ability to identify 

patients who are actually affected by AD. False negatives cases where patients with AD are incorrectly 

classified as healthy can lead to delayed intervention and worsen patient outcomes. Therefore, high recall in 

the demented class is prioritized over precision in this study. Ensemble models such as XGBoost and RF are 

thus more suitable for early-stage AD diagnosis, where sensitivity is vital for patient care. While the current 

evaluation framework provides a strong initial understanding of model performance, future work will expand 

upon these results by incorporating additional evaluation tools. In particular, receiver operating characteristic 

(ROC) curves and their corresponding area under the curve (AUC) values will be utilized to quantify model 

discrimination ability across classification thresholds. While accuracy and recall are useful metrics, the  

ROC-AUC will provide a more nuanced assessment of classifier discrimination ability, especially under 

imbalanced class conditions typical of medical datasets. Confusion matrices will also be generated to visually 

represent class-specific prediction outcomes and misclassification patterns. Furthermore, precision-recall 

curves will be employed to evaluate performance in imbalanced data scenarios where the demented class 

may be underrepresented. These additional analyses will offer a more nuanced understanding of the strengths 

and weaknesses of each model and will enhance the overall robustness and clinical interpretability of the 

proposed diagnostic framework. 

This research focused on structured tabular data derived from MRI metadata and clinical 

assessments, such as MMSE scores, brain volume metrics (e.g., eTIV and nWBV), and demographic 

features. These features are clinically meaningful and have been shown to be effective indicators of cognitive 

decline and neurodegeneration. The use of structured data allowed the application of classical ML models 

such as RF, XGBoost, and SVMs, which are computationally efficient, easier to interpret, and more suitable 

for deployment in real-world low-resource settings. Additionally, structured data-based models often require 

smaller training datasets and can still yield competitive performance in disease classification tasks. 

Looking forward, future work will address the limitations of this study by incorporating multimodal 

approaches that combine both imaging data and structured clinical features. A multimodal ML architecture 

could involve parallel processing of MRI images using CNNs and integration with tabular features via fully 

connected networks or ensemble fusion methods. This would enable the model to benefit from both spatial 

imaging patterns and domain-specific clinical insights. Furthermore, to overcome hardware limitations, 

future experiments will be conducted using cloud-based platforms such as Google Colab Pro, Amazon web 

services (AWS), or institutional high-performance computing (HPC) environments. These platforms provide 

access to GPU resources and scalable infrastructure, allowing for the training and evaluation of more 

complex deep learning architectures, including CNNs, autoencoders, and hybrid models. Through these 

enhancements, the proposed diagnostic framework can be expanded to deliver higher accuracy, richer 

interpretability, and broader applicability across diverse clinical contexts. 
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5. CONCLUSION 

This study demonstrated that classical ML algorithms, applied to structured clinical and 

neuroanatomical features from MRI metadata, can effectively detect AD with high accuracy. The XGBoost 

and RF classifiers achieved classification accuracies of 85.0% and 84.9%, respectively, with recall scores 

exceeding 82% for the demented class. These results highlight the potential of using lightweight and 

interpretable models for early-stage AD detection, particularly in low-resource clinical settings. Unlike deep 

learning models, which require large-scale datasets and extensive computing power, our approach leverages 

easily obtainable tabular data, offering faster and more transparent decision-making. Future work will focus 

on integrating multimodal learning strategies and further enhancing model interpretability through 

explainable AI techniques. 
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