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ABSTRACT
Alzheimer’s disease (AD) is a neurodegenerative process that leads to irreversible cognitive impairment in the elderly population 
and constitutes a significant socio-economic burden on a global scale. The lack of a definitive cure for the disease has made 
early diagnosis strategies based on magnetic resonance imaging (MRI) data critical. This study offers an innovative perspective 
to the literature by systematically examining current deep learning approaches used in AD diagnosis. The review includes a 
comprehensive technical evaluation of innovative preprocessing techniques, specialized convolutional neural network (CNN) 
architectures, and different input representation strategies (2D, 3D, and stacked sections) used in the process from raw data to 
clinical prediction. Focusing on methodological gaps in the existing literature, this study discusses key obstacles threatening 
diagnostic validity, such as class imbalance and data leakage, and highlights application suggestions for overcoming these 
problems. Ultimately, the research gaps identified in light of the findings and the practical solutions offered aim to contribute 
to the design of next-generation diagnostic systems by providing researchers with a strategic roadmap in terms of model 
generalizability and clinical integration.
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INTRODUCTION
Alzheimer’s disease (AD) is a slow neurological disease 
that directly affects the development of mental abilities and 
neurocognitive functionality, destroying the thought process 
and consciousness of a person (Srivastava et al, 2021). The 
exact cause of the disease is unknown, but it is more common 
in older people, and can be fatal, although it is more frequently 
seen in people with chronic diseases such as diabetes, cardio 
problems, and hypertension (Srivastava et al, 2021) in later 
life (Alzheimer Derneği, 2015; Alzheimer Derneği, 2016). It is 
the leading cause of dementia in the elderly due to damage 
to neurons related to human memory (Breijyeh & Karaman, 
2020) and questioning and learning functions (Jack et al, 
2008). The neurological disorder begins with a gradual 
deterioration, and symptoms increase day by day (Han & 
Kaushik, 2020). Memory problems are one of the first signs 
of Alzheimer’s disease (Alzheimer Derneği, 2015), but these 
symptoms can vary from person to person (Alzheimer 
Derneği, 2016). Factors such as difficulty finding appropriate 
and correct words during speech, spatial problems, and loss 
of reasoning ability are also among the symptoms (Han & 
Kaushik, 2021). The appearance of the first symptoms of mild 
cognitive impairment is considered an early signal that a 
person may have AD (Üngar et al., 2014). Although there is 
no complete cure for AD, early detection can help in taking 

preventive measures and improve AD symptoms (Breijyeh & 
Karaman, 2020).

Alzheimer’s disease can be diagnosed and its progression 
monitored using clinical measurements, but identifying these 
symptoms requires expertise and is a very time-consuming 
process (Kundaram & Pathak, 2021; Nasır et al., 2021). Early 
diagnosis is very difficult unless symptoms become very 
pronounced. Early detection of AD can help reduce the risk 
of neuronal damage (Dadar et al., 2022; Aderghal et al., 2018). 
Early diagnosis raises awareness of the need for patients to 
take precautionary measures to reduce the risk of the disease 
progressing from mild cognitive impairment to Alzheimer’s 
disease (Srivastava et al, 2021). Studies suggest different 
machine learning and deep learning methods for predicting 
the stages of AD through self-regulating analysis of magnetic 
resonance imaging (MRI) images, providing efficient and 
improved diagnostic results for AD (Aderghal et al., 2018; 
İbrahimi & Luo, 2021; Faruk et al., 2017). The main factors 
or parameters used by researchers are the cortical thickness 
of the human brain, gray matter (GM) density in the brain, 
ventricular enlargements, and brain crumples. Many research 
studies claim a relationship between gray matter reduction 
and some brain diseases such as Alzheimer’s disease (Dadar 
et al., 2022). The hippocampus is the part of the brain affected 
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in the first stage of Alzheimer’s disease. White matter 
(WM), GM, and cerebrospinal fluid are the main and most 
primitive tissues in images of the human brain. Researchers 
have discovered that of these three basic tissues of the brain, 
GM shrinkage corresponds more to physical decline in mild 
cognitive impairment (Hızır et al., 2015).

METHODS
Ethics
Ethical approval was not required for this study as it does not 
involve human participants, animal subjects, or identifiable 
personal data. All procedures were carried out in accordance 
with the ethical rules and principles.

Datasets
In recent years, many research centers around the world 
have been collecting and releasing a large amount of medical 
and visual data to the public. Publicly available data plays 
a significant role for researchers conducting research and 
development on AD. Online datasets generate biomarker 
information such as neuroimaging methods, genetic and 
blood information, clinical and cognitive assessments. 
Among the most widely used datasets are the Alzheimer’s 
disease neuroimaging initiative (ADNI) (Jack et al., 2008), 
the Australian Imaging, Biomarker and Lifestyle Flagship 
Study of Aging (AIBL) (Ellis et al., 2009), the Open Access 
Imaging Studies Series (OASIS) (Marcus et al., 2010; Marcus 
et al., 2007; LaMontagne et al., 2019), and Minimal Interval 
Resonance Imaging in Alzheimer’s Disease (MIRIAD) 
(Malone et al., 2013).

ADNI stands out as the most widely used, longitudinal, and 
multicenter study. The aim of ADNI is to investigate whether a 
combination of MRI, PET, other biomarkers, and clinical and 
neuropsychological assessments can measure the progression 
of mild cognitive impairment and early AD. ADNI-1, ADNI-
GO, ADNI-2, and ADNI-3. The following collections are 
complementary and improved upon the previous ones. ADNI 
researchers collect various data types from patients, including 
clinical, genetic, MRI, PET images, and biological samples. 
ADNI-1 includes 200 NC, 400 MCI, and 200 AD. ADNI-GO 
adds 200 MCI to ADNI-1. ADNI-2 expands on ADNI-1 and 
ADNI-GO with 150 NC, 100 early MCI, 150 late MCI, and 150 
AD. ADNI-3 expands on the existing ADNI-1, ADNI-GO, and 
ADNI-2 by adding 133 NC, 151 MCI, and 87 AD. It collects 
imaging and medical data from 211 individuals with AD, 133 
individuals with MCI, and 768 healthy individuals without 
cognitive impairment. OASIS aims to share neuroimaging 
brain datasets with researchers in related fields. There are 
three versions of OASIS: OASIS-1 contains 434 MRI scans 
from 416 subjects. OASIS-2 contains 373 MRI scans from 150 
subjects. OASIS-3 contains 2,168 MRI and 1,608 AIBL PET 
scans from 1,098 subjects.

The MIRIAD dataset contains 708 MRI scans from 46 AD 
patients and 23 NC volunteers.

Some research uses the above datasets in conjunction with 
their own datasets. For example, the 2016 study by Suk et al. 
(2016b) used images from ADNI-2 and its in-house dataset 
with 37 participants, consisting of 12 MCI subjects and 25 NC 
subjects. In the study conducted by Basaia et al. in 2019, 3D 
T1-weighted images were collected from 124 patients with AD 

probability, 50 patients with HBB and 55 healthy controls, and 
the dataset was named “Milan” dataset.

Preprocessing
The size of the training and test datasets affects the 
classification performance. In the studies conducted, the data 
are used after passing through preprocessing steps. Some MRI 
software such as FreeSurfer (Fischl, 2012), computational 
anatomy toolbox (CAT12), FMRIB Software Library (FSL) 
(Jenkinson 2012), statistical parametric mapping (SPM), 
ANTS (Avants et al., 2009) are preprocessing libraries used. 
Recording, normalization, smoothing, segmentation, skull 
scraping, noise reduction, temporal filtering, and covariate 
extraction are among the most commonly used preprocessing 
techniques.

Registration: It is the spatial alignment of image scans to ensure 
anatomical consistency between individuals and studies. It is 
also used in multimodal tasks for common registration. MIN 
305, Collin27 and MNI152 are among the most commonly 
used templates. Liu et al. (2016) reported higher performance 
in their 2016 study adopting multiple templates over a single 
template. By using multiple templates for feature extraction, 
it selects the most representative features of each template. 
By training multiple DVM classifiers, it combines the results 
of all classifiers. However, multiple templates lead to high 
computational costs, especially in image registration.

Normalization
Density normalization, also known as area correction or 
density inhomogeneity correction (Zhao et al., 2023), means 
rescaling the density of each pixel to a normalized density. 
During MR imaging, devices with different capabilities 
scan different subjects or the same subject at different time 
intervals, which can lead to significant density changes. 
Large density changes significantly affect the performance of 
preprocessing such as registration and segmentation.

Skull stripping: Brain scan involves removing extra-brain 
tissues such as skull, fat, eye, etc., and separating the remaining 
GM, WM, and cerebrospinal fluid (CSF) (Zhao et al., 2023).

Tissue segmentation: Tissue segmentation means dividing 
an image scan into segments corresponding to various tissues. 
Tissue volume is a frequently used measurement after tissue 
segmentation. GM probability maps are a popular input 
form in classification tasks. Preprocessing techniques such as 
density normalization and registration are usually required 
(Zhao et al., 2023).

Data enhancement: Data enhancement is one of the methods 
of enhancing a dataset by generating new data samples from 
existing data without engaging in new data collection, in 
order to overcome the limitation of the number of subjects 
in a dataset. Data enhancement techniques include clipping, 
mirroring, random translation, gamma correction, scaling, 
random rotation, elastic transformation, vertical flipping, 
horizontal flipping, and different types of blurring. In 
addition, new synthesis techniques such as autoencoders 
and generative adversarial networks are also used in data 
enhancement. However, synthesis techniques need further 
proof of the effectiveness of the images generated in AD-
related classification and prediction tasks (Zhao et al., 2023).

Figure shows a flowchart illustrating the preprocessing 
process for MRI images used for Alzheimer’s disease.
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LITERATURE REVIEW
Traditional Machine Learning
Support vector machines (SVMs) are one of the supervised 
learning methods used to solve classification and regression 
problems. SVMs map the input to points in a multidimensional 
space to maximize the margin between hyperplanes of 
different data types. A kernel function, such as a Gaussian 
or polynomial function, maps the existing multidimensional 
space to a higher-dimensional space. SVMs can be used alone 
or in conjunction with other methods for traditional machine 
learning and deep learning methods. Since SVMs can achieve 
relatively good performance and their operating principles 
are clear and understandable, SVMs are widely applied in 
industrial and scientific fields. In a study by Suk et al. in 2014, 
a linear SVM is used to work with feature representations 
found by a Deep Boltzmann Machine (DBM) for hierarchical 
classifiers. In the study by Suk et al. in 2015, multi-core SVMs 
are used to classify integrated features from multi-mode 
inputs, while in the study by Suk et al. in 2016, a linear SVM 
classifier is used. In the study by Shi et al. in 2018, a model is 
proposed that takes stacked deep polynomial networks (DPN) 
as feature extractors and a linear kernel SVM as a classifier.

When comparing multi-core and single-core SVMs, multi-
core algorithms are seen to offer greater flexibility. Although 
multi-core SVMs have performed well in most tasks, efficiency 
is one of the most important problems in developing multi-
core SVMs. The computational complexity and difficulty 
of multi-core SVMs are much more significant than those 
of single-core SVMs. In terms of space, multi-core SVM 
algorithms need to calculate the core combination coefficients 
corresponding to each core matrix, therefore multi-core 
matrices need to be included in the processing. The need 
to store multi-core matrices in memory simultaneously is 
among the challenges encountered. If the number of samples 

is very large, the size of the core matrix will be very large. If 
the number of cores is also very large, it will undoubtedly 
occupy an enormous amount of memory space. In terms of 
time, training multi-core SVMs is time-consuming. High 
time and space complexity are among the main reasons why 
multi-core SVM algorithms are not widely used (Suk et al., 
2025, Shi et al., 2018).
Random forest (RF) is an ensemble algorithm consisting of 
decision trees. Multiple decision tree classifiers form the 
random forest. While the decision trees are trained in parallel, 
the Random Forest combines all classification voting results 
and ultimately selects the class with the most votes. Random 
Forest is a flexible and practical method, capable of processing 
inputs without dimensionality reduction and working well 
on large datasets. When working with multiple inputs, it can 
estimate the importance of different variables depending on 
the type of problem. Computing multiple decision trees and 
integrating their outputs can consume many computational 
resources. In 2015, Moradi et al. (2018) proposed a novel 
biomarker-based diagnostic for classifying different stages of 
MCI using a low-density separation classifier and a random 
forest classifier. Lebedev et al. in 2014 tested the random forest 
on the ADNI and AddNeuroMed datasets using a combination 
of MRI images and morphometric measurements with ApoE-
genotype and demographic (age, sex, and education) MRI 
images. Bi et al. in 2020 proposed a clustering evolutionary 
random forest architecture to handle multimodal data from 
ADNI to detect abnormalities in the brain and pathogenic 
genes, aiming to overcome the small sample size problem.

Convolutional Neural Networks (CNN)
Deep learning is a machine learning technique where the 
learning process is carried out with a hierarchical structure. 
Interest in deep learning techniques has increased significantly 
in recent years and is widely used in various brain research. 
Convolutional neural networks are also among the successful 
deep learning methods. Convolutional Neural Networks 
(CNNs) are artificial neural networks that use convolutional 
operations to filter input data and extract useful features. 
Research on CNNs is rapidly advancing. They play a role in 
various stages of detection, classification, and segmentation 
problems in different fields, including medical imaging 
and natural language processing, achieving high-accuracy 
results. The success of CNNs in classification studies and the 
segmentation of realistic images is increasing the application 
of CNNs in the medical field. Recent studies show that 
CNNs perform well in segmentation and disease detection 
problems. The classic CNN structure consists of a series of 
convolutional layers, a pooling layer, an activation layer, 
and fully coupled layers. A SoftMax function is applied to 
classify the input image with probability values ​​between zero 
and one. The convolution layer includes local receiver areas, 
shared weights, filters, step, and padding concepts. A filter 
contains unknown parameters to be learned during training. 
Convolution involves the process where a filter shifts from top 
left to bottom right across the entire image and convolutions 
with the input image to calculate the weighted sum. Step 
refers to the step size a filter moves per slice. However, the 
pixels at the edges are never at the center of a filter, and a filter 
cannot extend beyond the edge region. After each convolution 
between the input and the filter, only a portion of the pixels at 
the edge are detected, and information at the image boundary 
is lost. Padding is designed to overcome this problem. 

Figure. Standard MRI preprocessing pipeline for Alzheimer’s studies
MRI: Magnetic resonance imaging
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Padding means filling some values ​​along the input boundaries 
to increase the input dimension, usually the filled values ​​are 
zero. Padding is necessary in applications where dimensions 
must remain constant before and after convolution to prevent 
information loss. The size of the filters determines the receiver 
area in the convolutional layers. Convolutional layers are 
the most suitable feature extraction tool for image datasets 
with high spatial redundancy due to their ability to resolve 
features of images with shared weights. By reducing spatial 
redundancy, the feature vector generated from the outputs of 
the convolutional layers represents the content of the image. 
The pooling layer is a dimensionality reduction process in 
feature maps that aims to reduce training time by reducing 
the number of parameters to be trained. Maximum pooling, 
average pooling, and global pooling are the most commonly 
used pooling layers. Maximum pooling gives the maximum 
value within the region of the feature map covered by the filter. 
Average pooling calculates and presents the average value of 
the elements presented in the feature map region covered by 
the filter. Global pooling reduces each channel in the input to 
a single value.

The activation layer provides a nonlinear mapping to the 
output of the convolution layer to improve the network’s 
reasoning ability. The most commonly used activation 
functions include ReLU, Sigmoid, Tanh, etc.

The fully connected layer takes the inputs of the feature 
extractor and predicts the correct label along with probabilities.

CNN can be used as a feature extractor and classifier or as 
a feature extractor only. CNN is used to obtain target-level 
representations generated from sparse regression for clinical 
decision-making (Suk et al., 2017). In the study conducted by 
Feng et al. in 2020, 3D-CNN with MRI is applied to perform 
AD classification using MRI images. By using SoftMax as a 
classifier together with an SVM, this 3D-CNN-SVM model 
achieves better classification performance than 2D-CNN and 
3D-CNN. When comparing traditional machine learning 
and deep learning methods in AD-related fields; in general, 
deep learning methods provide better performance than 
traditional machine learning methods. The appropriate size of 
training samples should not be <1,000. A dataset containing 
more than five thousand samples can be considered sufficient 
to train a deep learning model that provides high accuracy 
(Zhao et al., 2021).

CNN algorithms: Commonly used CNN algorithms in 
Alzheimer’s disease include LeNet, AlexNet, VGG, GoogleNet, 
ResNet, and DenseNet.

LeNet: In 1998, LeCun et al. proposed LeNet, the first study 
to use CNN as a solution to a character recognition problem. 
By introducing the fundamental concepts of convolutional, 
pooled, and fully connected layers in a single architecture, 
they laid the groundwork for the idea of ​​local receptive fields 
within the CNN, which is the basis of other deep learning 
modules. In a study by Yang and Liu in 2020, they proposed 
their models with LeNet-5 for classification and prediction. 
In the model, which was constructed using PET images of 
350 subjects with MCI from ADNI, they achieved 91.02% 
and 77.63% accuracy and specificity in predicting MCI 
transformations (Yang & Liu, 2020). 

AlexNet: In 2017, Krizhevsky et al. proposed AlexNet, an 
important architecture following LeNet. The rectified linear 

unit (RELU) is used as the activation function, and a method 
for training networks using multiple GPUs is presented.

In a study conducted by Padmavathi et al. in 2023, a classifier 
is created to distinguish Alzheimer’s disease using the 
AlexNet and ResNet50 methods. The model is fed with a 
dataset. Then, the classification and processing of the image 
is performed by comparing it with the key features obtained 
during preprocessing and feature extraction. The entire 
extraction process is performed before training the mode 
in the convolution and pooling phases. The model achieves 
an accuracy of 54% with AlexNet and 56% with ResNet50 
(Padmavathi et al., 2023).

VGG: In a study by Simonyan and Zisserman in 2015, VGG 
is proposed. A stack of 3×3 convolution filters is used to 
replace large convolution filters such as 5×5, 7×7, 9×9, or 
11×11 convolution filters. A small stack of convolution filters 
yields better results than a single large convolution filter. By 
using small filters, deeper networks are obtained with fewer 
parameters, allowing for the training of a more complex 
model in a shorter time (Jain et al., 2019).

In a study by Jain et al. in 2019, a transfer learning approach 
is applied to create an AD classification model using VGG16, 
pre-trained on ImageNet, as a feature extractor. By converting 
3D MRI images into 2D slices, they select 32 slices with the 
most informative features as a result of preprocessing steps 
and feed these selected slices as input to VGG16, then reach 
the result with fully linked layers. Although the datasets 
contain MRI images of 150 subjects from ADNI, the model 
achieves an accuracy of 99.14%, 99.30%, and 99.22% for the 
classifications of CN for AD, MCI for AD, and CN for MCI, 
respectively. Despite the high classification accuracy for the 
aforementioned tasks, the generality of the proposed model is 
quite doubtful due to the very small size of the dataset. 

In a study conducted by Lim et al. in 2022, they tested a CNN, 
VGG-16, and ResNet-50 as feature extractors to distinguish 
NC, AD, and MCI using MRI images. While training the CNN 
from scratch, they pre-trained VGG-16 and ResNet-50 using 
the ImageNet database. VGG showed the best performance 
with 83.90% accuracy, 82.49% precision, 83.90% recall, and 
83.19% F1 score.

GoogleNet: Instead of manually determining whether to use 
3×3, 5×5, or 7×7 filters in the initial studies, a new model is 
proposed that allows the network to automatically learn 
how to reach the optimal structure. The batch normalization 
introduced in Inception v2 reduces the internal covariate 
shift created after convolution operations. Inception v3, while 
maintaining the consistency of the statistical properties of the 
data during the training phase, replaces the large convolution 
kernel with a small convolution kernel. By dividing an N×n 
convolution kernel into a batch or parallel form of 1×n and 
1×n convolution kernels, the proposed general network 
design principles gradually reduce the information dimension 
to the desired extent (Szegedy et al., 2015; Szegedy et al., 2016; 
Szegedy et al., 2017).

In the study conducted by Ding et al. in 2019, using 2,109 PET 
images of 1,002 patients from ADNI as the dataset, they used 
Inception v3, which was pre-trained on ImageNet (Ding et al., 
2019).

In 2016, He et al. proposed deep residual neural networks 
(ResNet) to handle vanishing and exploding gradients. Before 
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the introduction of ResNet, designing such a deep network 
presented challenges because the gradient vanished rapidly 
as the network deepened. As the number of network layers 
increased, more complex feature models could be extracted. 
Theoretically, better results should be obtained as the model 
deepens. As network depth increases, network accuracy 
becomes saturated or even decreases. ResNet overcomes this 
problem by adding shortcut connections that skip one or more 
layers. The accumulation layer will only perform identity 
mapping when the residual is zero, preventing network 
performance degradation, ensuring the residual is not zero, 
and allowing the accumulation layer to learn new features 
based on input features. Since the residual will generally be 
small, training the model will be easy.

In a study conducted in 2017 by Korolev et al., a CNN network 
similar to 3D ResNet and VGG was proposed to extract 
features necessary for 3D image classification of brain MRIs. 
Although both networks perform well in classifying AD and 
NC, they fail to separate AD and NC from MCI.

Islam and Zhang (2018) tested an architecture combining 
Inception v4 and ResNet to identify different stages of AD and 
achieved an accuracy of 93.18% in OASIS.

In the study by Abrol et al. in 2020, a 3D ResNet network is 
proposed for classification and prediction. First, the model 
is trained for MCI detection using 3D gray matter images as 
input, then the trained model is transferred to the NC and AD 
classification domain, utilizing the transfer learning method.

DenseNet: In 2017, Huang et al. proposed the DenseNet 
approach to fully utilize features across all layers. There are 
two main approaches to improving neural effects; going 
deeper and going broader. DenseNet directly connects all 
layers. In other words, the input of each layer is derived from 
the output of all previous layers. By doing this, DenseNet 
reduces the vanishing gradient and ensures optimal use of 
features to improve the effect. At the same time, the number 
of parameters is reduced to some extent.

In a study by Wang et al. in 2018, a combined 3D-DenseNets 
method is proposed for the diagnosis of AD and MCI. 
Due to the limited data problem, the DenseNet method is 
adopted, and several 3D-DenseNets are trained with varying 
hyperparameters. The final result is generated by the weighted 
sum of each basic 3D DenseNet, and the model achieves an 
accuracy value of 97.19%.

In the study by Wang et al. in 2019, a model is proposed in 
which 3D DenseNet is adopted as the backbone classifier, 
followed by fully connected layers and a SoftMax function. 
Each 3D DenseNet is initialized separately and trained on 
images of 833 subjects in the ADNI dataset. Probability scores 
generated by each independent classifier are voted on and 
integrated into the proposed model.

In the study by Liu et al. in 2020, multitasking deep CNN and 
DenseNet models are integrated together for hippocampal 
segmentation and AD classification. In detail, multitasking 
deep CNN is used to extract features during the segmentation 
and classification phase, and 3D DenseNet is trained using 
features for disease classification. Finally, the model combines 
features learned from multitasking CNN and DenseNet 
models to perform the classification (Wang et al., 2019).

Zhang et al. (2021) proposed a method using 3D DenseNet 
in 2021. Training a deep learning model like DenseNet with 

such a small dataset often results in a high risk of overfitting. 
Voting strategy is used to try to compensate for this error. 
However, training multiple deep learning models from 
scratch is a time-consuming and inefficient practice. Transfer 
learning can be a good choice.

Input types: CNN is a powerful tool capable of processing 
features of varying sizes, and it is categorized into four main 
methodology categories based on four different input types: 
2D slice-based, 3D patch-based, 3D region of interest (ROI-
based), and 3D topic-level.

2D dimensional slice: 2D slice-based approaches extract 
2D slices from 3D images to reduce the number of 
hyperparameters, based on the hypothesis that useful features 
for classification or prediction tasks can be extracted from 2D 
slices. A common method for extracting 2D slices from a 3D 
image involves projecting the entire brain scan onto sagittal, 
coronal, and axial planes. These planes are also referred to as 
the median, anterior, and horizontal planes. Images from the 
central part of the brain are more informative because their 
information entropy is greater than others. Therefore, not all 
slices will be used during training. Slices from sagittal, coronal, 
and axial images contain complementary information, and 
features extracted from these images are integrated and used. 
While it is easy to obtain a large number of samples when 
working with 2D slices, a deep learning model incorporating 
a 2D CNN generally requires fewer parameters and a shorter 
training time compared to a 3D model. The disadvantage of 
slice-based approaches is that 2D slices of a brain image lose 
spatial information between each other because each 2D slice 
is processed independently. Sarraf et al. (2017), Wang et al. 
(2018) and Jain et al. (2019) use 2D MRI slices as input type 
in their studies. In 2017, Sarraf et al. achieved an accuracy of 
96.86% for AD and NC classification using LeNet-5 as the 
CNN method. Wang et al. (2018) established and trained 
their own 2D CNN model from scratch. In 2019, Jain et al. 
used 2D MRI slices as input type in their model, while using 
VGG-16, pre-trained on ImageNet, as a feature extractor. In 
their 2018 study, Lin et al. (2018) attempted to integrate PCA 
and Lasso methods with CNN to predict the conversion from 
MCI to AD. They used CNN as a feature extractor in the 
training phase to input 2.5D patches, while using PCA and 
Lasso to reduce dimensions and aiming to select the most 
informative features. The selected features fed overlearning 
in the classification phase. Furthermore, by testing features 
generated from FreeSurfer together with CNN-based features, 
it was revealed that using both features could provide better 
performance than using only CNN-based or FreeSurfer-based 
features.

3D patch: 3D patch-based approaches work similarly to 2D 
slice-based methods, but instead of sampling projections that 
cut across specific planes, the 3D brain is studied by scanning 
it as a series of stepped 3D patches as a hyperparameter. The 
sample size is larger after the cutting operations. 3D patch-
based methods compensate for spatial information loss 
compared to 2D slice-based methods, but patches are generally 
used independently during the training phase. When a model 
is run on the same network for each patch, 3D patch-based 
methods require low memory. If you train an independent 
network separately for each patch and combine the results 
from previous independent networks to use a structure, the 
overall complexity of the network becomes high. One of the 
challenges in 3D patch-based methods is selecting informative 
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patches from the brain scan, while another challenge is 
selecting the most distinctive features. Qiu et al. (2020) and 
Zhang et al. (2021) use 3D patches as the input type.

Region of interest based (ROI based): 3D ROI-based methods 
represent a 3D image of a segmented brain region, paying 
attention to specific regions that have been clinically proven 
to be associated with AD. The selected regions are usually 
informative, such as gray matter volume, hippocampal volume, 
and cortical thickness. The use of an ROI-based method does 
not easily lead to overfitting, and the interpretability of the 
model is near perfect, as the contribution of each region in the 
model can be seen. The shortcoming of ROI-based methods is 
the prerequisite of selecting regions in AD. In their 2014 study, 
Liu et al. extracted features in clustered sparse ADs by taking 
3D ROI-based input. In their 2015 study, Liu et al. adopted 3D 
ROI-based input and used an SVM classifier.

3-dimensional subject level: 3D subject-based methods 
capture the 3D brain scan as a whole, thus preserving full 
integration of spatial information. Since a patient provides 
only one sample at a time, the sample size is very small 
compared to the number of subjects in popular datasets. 
Consequently, the risk of overfitting is high when using 3D 
subject-based methods. MRI scans are globally similar; small 
changes are not easily detected in MRIs.

Autoencoder (AE)
An AE is an artificial neural network model where the input 
and learning objectives are the same, aiming to learn latent 
representations of the input in an unsupervised manner. An 
autoencoder consists of an encoder and a decoder. Given an 
input domain and a feature domain, an autoencoder decodes 
the mapping between the input and output to minimize the 
error in reconstructing the input feature. In other words, 
the latent layer feature, the encoded feature generated by the 
encoder, can be considered as a representation of the input 
data. The representational capacity of an AE is limited. 
Stacked AEs consist of a combination of several AEs stacked 
together. In stacked AEs, the output of the hidden features 
of one AE is used as input to another AE at a deeper layer. 
As stacked AEs go deeper, their representational power 
increases, and they can also be used in transfer learning. As 
self-supervised learning, stacked AEs can be used as feature 
extractors by effectively extracting hidden representational 
features from input data. By training the AE with the training 
dataset, it can replace a decoder classifier for classification 
studies. The hidden representation extracted in the AE can 
be used in pre-training. Stacked AEs are widely used in tasks 
lacking datasets, such as AD classification and prediction. The 
networks proposed in the 2013 study by Suk and Shen (2013), 
the 2015 study by Suk et al. (2015), and the 2016 study by 
Suk et al. (2016a) use stacked AEs as feature extractors. SVM 
is used as a classifier to process features for the purpose of 
performing classification. Two separate studies by Hosseini-
Asl et al. (2016a, b) use a 3D CNN pre-trained with stacked 3D 
convolutional AEs. In their 2015 study, Payan and Montana 
compare the classification accuracy of 2D and 3D approaches 
using sparse AEs and CNN. The 3D approach provides an 
increase in performance compared to the 2D method.

Transformer
The use of cutting-edge models proposed in computer 
vision studies significantly improves the performance of AD 

classification and prediction. The attention mechanism method 
is being proposed as an idea to improve AD performance. The 
attention mechanism, proposed by Vaswani et al. in 2017, is 
initially designed to solve natural language processing (NLP) 
problems. Although the transformer’s nature focuses on 
solving weighted sum problems, it demonstrates incredible 
and spectacular performance in a wide variety of fields. 
The image transformer (Vit), proposed by Dosovitskiy et 
al. in 2020, abandons the CNN structure and uses a pure 
transformer. As a new type of feature extractor, Vit focuses 
on attention at the patch level rather than the pixel level. Vit 
outperforms CNN in various tasks in computer vision. If Vit 
can be successfully used in AD diagnosis, it is thought that 
the interpretability of the model will increase as it shows the 
importance of each area. The disadvantage of Vit is that the size 
of the input feature is very large due to the use of 3D images in 
most AD-related studies. While using Vit to process a feature 
vector with such a large size is unrealistic, it’s a hypothetical 
scenario. Because 3D images contain far more spatial 
redundancy than 2D images and text, duplication reduction 
is necessary before processing. With masked language models 
such as bidirectional encoder representations (BERT) (Devlin 
et al., 2019) from Transformers proving highly successful for 
pre-training in NLP, a new transfer learning method can also 
help improve performance. Masked Autoencoder (MAE), 
proposed by He et al. in 2021, explains the natural difference 
between language and vision. Language is expressed as having 
a high density of concrete and semantic information, while 
vision is expressed as a continuous signal involving repetition 
in space. Masked parts are more likely to be recovered in an 
image application. An original image can be reconstructed 
based on the given partial observational information.

Transfer Learning
Today, problems in one field can be solved faster by utilizing 
existing knowledge in another field. In many studies, 
researchers train deep learning models from scratch, which 
makes the training process time-consuming and often 
inefficient as it requires datasets containing millions of 
images. Due to the high cost of training a network or system 
from scratch, researchers aim to overcome this high cost 
by developing systems that use existing knowledge to help 
learn new information faster and better. Transfer learning 
means transferring learned information from one study to 
another. The source is defined as the field containing existing 
knowledge, and the target is the field to which the existing 
knowledge is transferred. Since all of the most commonly 
used backbone networks such as LeNet, AlexNet, VGGNet, 
ResNet, DenseNet, and GoogleNet are trained on ImageNet, 
ImageNet has become the most common source dataset for 
transfer learning (Ardalan & Subbian, 2022). Researchers 
utilize transfer learning methods to pre-train deep learning 
algorithms in order to overcome the problem of the scarcity 
of data samples.

Fine-tuning means applying a pre-trained model and using 
the weight data of the pre-trained model to initialize a new 
model to be trained. Since a model does not need to be 
trained from scratch, fine-tuning helps save a lot of time for 
training. Researchers can choose to freeze parts of the model, 
fine-tune, and initialize randomly. According to the study 
by Ardalan and Subbian in 2022, most researchers prefer to 
fine-tune in convolution and fully connected layers. Since the 
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prediction of MCI transformation is more difficult than the 
classification between AD and HC, the structural changes in 
the brain of HBB are very subtle. However, the study between 
AD and HC due to classification is highly correlated with the 
MCI prediction task. Researchers generally initialize network 
parameters in MCI classification operations by transferring 
weights learned from AD classification. In the study by Khan 
et al. in 2019, an attempt is made to solve the big dataset 
problem with transfer learning. Fine-tuning is done by 
deploying transfer learning strategies and adjusting at the 
layer level; while a predefined group of layers is trained, other 
layers are frozen. In the study conducted by Liu et al. in 2021, 
AlexNet and GooLeNet were implemented as basis for transfer 
learning with 91.4% and 93.02% accuracy respectively, with 
GooLeNet achieving slightly higher performance since it 
contains deeper layers and more convolutions than AlexNet.

In a study by Li et al. in 2015, the CNN is pre-trained with 
an unsupervised RBM. Similarly, in a study by Payan et al. 
in 2015, convolutional layers were pre-trained with a sparse 
autoencoder and used to initialize the CNN. In a study by 
Hosseini-Asl et al. in 2016, a 3D convolutional autoencoder is 
pre-trained in the source domain (CAD dementia) and fine-
tuned in the target domain (ADNI). In a study by Basaia et al. 
in 2019, transfer learning is implemented where CNN weights 
are transferred to other CNNs and used as pre-trained initial 
weights to classify HC against AD in ADNI. In a study by 
Lian et al. in 2020, weight values ​​learned from the AD and HC 
classification study are transferred to the MCI classification 
study. In the study conducted by Odusami et al. in 2021, a 
pre-trained ResNet18 network is used as a transfer learning 
method for the detection of Alzheimer’s, and all layers are 
resolved to update the network parameters.

In the study conducted by Arafa et al. in 2024, the Kaggle 
dataset, presented in JPEG format with dimensions of 
176*208, was resized to 64*64 and divided into two classes, 
mild dementia and non-dementia, using CNN and VGG16 
methods. While the proposed CNN model achieved accuracy 
values ​​of 99.95% and 99.99%, the VGG16 model, pre-trained 
with the ImageNET dataset, was finely tuned and achieved an 
accuracy of 97.44% for AD stage classifications.

A 2024 study by Chen et al. proposes an ensemble deep 
learning model for AD classification that incorporates a Soft 
NMS into a Faster R-CNN architecture, utilizing a ResNet50 
network in the feature extraction phase to improve candidate 
information integration and detection accuracy. In the array 
data processing phase, a Bi-Gated Recurrent Unit (Bi-GRU) 
is used in the feature extraction network. The accuracy rate is 
98.91% for binary AD and CN classification, while it drops to 
84.37% for ternary AD, MCI, and CN classification.	

In a study conducted by Sait et al. (2024), the ResNet152V2 
architecture, which successfully captures local features, is 
combined with the Inception-Transformer block, which 
can establish global contextual relationships. In this study, 
conducted on ADNI and OASIS datasets, the generalizability of 
the model is increased by performing histogram equalization 
and Gaussian noise reduction operations on the images. This 
hybrid structure achieves an accuracy of 98.35%, exhibiting 
superior performance compared to traditional CNN models 
in classifying complex cases.

In a study conducted by Ahmad et al. in 2024, the focus is on 
lightweight models based on MobileNetV2 and EfficientNetV2, 

prioritizing clinical accessibility. Using Kaggle and ADNI 
datasets, this research employs the ADASYN (Adaptive 
Synthetic) sampling method to address dataset imbalances. 
The study demonstrates that AD diagnosis can be performed 
with high accuracy even on low-computation devices, 
creating a significant reference for mobile health applications 
and achieving an accuracy rate of 99.22%.

A study by Rao and Kumar (2025) adopts a multimodal 
approach combining MRI data with DTI (diffusion tensor 
imaging) images to improve diagnostic accuracy. In this 
study, the YOLOv11 architecture, normally used for object 
detection, is adapted to segment and stage atrophic regions in 
the brain. This method, applied after advanced preprocessing 
steps such as skull-stripping and bias-field correction, stands 
out particularly for its high sensitivity in early-stage (EMCI) 
diagnosis, achieving an accuracy rate of 97.33%.

Table shows the datasets, methods, and preprocessing 
techniques used in the studies. The reported accuracy values 
correspond to different classification tasks, including binary 
(AD vs. NC), ternary (AD vs. MCI vs. NC), and multi-class 
classification. Therefore, direct comparison of accuracy values 
should be interpreted with caution.

DISCUSSION
Artificial Intelligence, particularly traditional machine 
learning and deep learning methods, continues to evolve 
and be applied in AD-related studies. Datasets in the AD 
field remain small compared to those used in other computer 
vision studies due to the privacy concerns of medical data. 
Given the complexity of AD-related applications, a large-scale 
dataset is needed for a researcher to develop more effective 
and powerful models. Studies show that researchers focus 
more on AD, MCI, and NC classification than on prediction. 
Early detection of AD remains a challenging issue. Comparing 
the performance of each proposed model is also a difficulty, 
due to the use of varying numbers of samples, modalities, 
preprocessing techniques, feature extractors, classifiers, etc. 
Multimodal models, which can combine information from 
different modalities, perform better than models with a single 
modality because they contain complementary information 
(Khedher et al., 2015; Liu et al., 2020).

The most common problem encountered in datasets is class 
imbalance. Data belonging to one class is either more or 
less abundant compared to other classes. This problem can 
be solved by increasing the number of images of the class 
with fewer members or by decreasing the number of images 
of the class with more members. The Synthetic Minority 
Oversampling Technique (SMOTE) (Chawla et al., 2002), 
proposed to solve the class imbalance problem in datasets, 
randomly replicates the minority image class in the dataset 
to minimize validation. In their 2021 study, Murugan et 
al. also used the SMOTE method to overcome the class 
imbalance problem and achieved training and validation 
accuracy values ​​of 99% and 94%, compared to 96% and 
78% when SMOTE was not applied. The data augmentation 
method increases the number of samples in the class with a 
small number of members, while the data reduction method 
reduces the number of images in the oversampled class. In 
their 2019 study, Afzal et al. achieved high performance for 
Alzheimer’s disease diagnosis by using data augmentation to 
solve the class imbalance problem in AD detection using 3D 
MRI images from OASIS. Using a balanced dataset improves 
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performance even when the dataset is small (Farooq et al., 
2017). Another way to solve unbalanced class problems is 
to reconstruct medical images. In a 2020 study by Hu et al., 
a Generative Adversary Network (GAN) is proposed to 
reconstruct neuroimages. Using newly reconstructed images 
to augment the unbalanced dataset, they train two 3D dense 
convolutional linked networks, one with the raw dataset and 
the other freshly balanced, and test the performance of these 
two networks. Neuroimages generated from the GAN help to 
increase the classification accuracy from 67% to 74%.

Data leakage refers to the use of test data during training 
(Wen et al., 2020). Incorrect data splitting, late splitting, 
incorrect transfer learning, and lack of independent test sets 
constitute four main causes of data leakage. Late splitting is 

performed through data augmentation techniques before 
separating the dataset into training, testing, and validation. 
As a result, images generated from the same data source are 
split into different data subsets, leading to an unbiased and 
inaccurate evaluation. Incorrect data splitting means splitting 
images of a subject at different times into various training, 
testing, and validation sets. Incorrect data splitting can occur 
when using 2D slices and 3D patches as input to deep learning. 
Proper splitting should occur at the subject level. Data 
leakage is a critical issue that can significantly distort model 
performance evaluation. In particular, studies reporting near-
perfect accuracy (e.g., 99.9% or 100%) should be interpreted 
with caution, as such results may stem from improper 
experimental design rather than true model generalization. 
Practices such as late data splitting and incorrect subject-

Table. Datasets, methods, and preprocessing techniques used in the reviewed studies

Study Type of scan Dataset Subjects Accuracy (classification task) Method Preprocessing

Suk and Shen 
(2013) MRI + PET ADNI 202 (HC: 52, AD: 51, 

MCI: 99) 98.8% (Binary: AD vs NC) Stacked AEs + 
SVM

AC-PC correction, skull 
stripping, segmentation

Liu et al. (2014) MRI + PET ADNI 311 (HC: 77, AD: 65, 
pMCI: 67, sMCI: 102) 91.4% (Ternary: AD vs MCI vs NC) Stacked sparse AE 

+ softmax
Registration, 
segmentation

Lebedev et al. 
(2014) MRI ADNI + 

AddNeuroMed 896 86.6% (Binary: AD vs NC), 86.25% 
(Binary: AD vs NC) RF FreeSurfer segmentation

Suk et al. (2014) MRI + PET ADNI 398 (HC: 101, AD: 93, 
MCI: 204) 95.35% (Binary: AD vs NC) DBM + SVM AC-PC, skull stripping

Payan & 
Montana (2015) MRI ADNI 2,264 (HC: 755, AD: 

755, MCI: 755) 95.39% (Binary: AD vs NC) 3D CNN + AE Normalization

Moradi et al. 
(2015) MRI ADNI 825 (HC: 231, MCI: 

394, AD: 200) 75% (Ternary: AD vs MCI vs NC) LDS + RF Normalization, 
segmentation

Hosseini-Asl 
(2016a) MRI ADNI + 

CADDementia 240
99.3% (Binary: AD vs NC), 100% 

(Binary: AD vs MCI), 94.6% 
(Ternary: AD vs MCI vs NC)

3D CNN Normalization

Liu et al. (2016) MRI ADNI 459 (HC: 128, AD: 97, 
sMCI: 117, pMCI: 117)

93.06% (Ternary: AD vs MCI vs 
NC) Ensemble SVM Bias correction, 

segmentation

Suk et al. (2017) MRI ADNI
805 (HC: 226, AD: 

186, pMCI: 167, sMCI: 
226)

90.28% (Binary: AD vs NC), 74.20% 
(Binary: MCI vs NC), 73.28% 

(Binary: pMCI vs sMCI)
Sparse regression 

+ CNN
AC-PC alignment, skull 

stripping

Korolev et al. 
(2017) MRI ADNI 231 (HC: 61, AD: 50, 

sMCI: 77, pMCI: 43) 88% (Binary: AD vs NC) ResNet + VGG Skull stripping

Sarraf et al. 
(2017) MRI ADNI 446 (HC: 183, AD: 

263)
100% (Binary: AD vs NC, 

overfitting)
GoogLeNet + 

LeNet-5
Registration, skull 

stripping

Lin et al. (2018) MRI ADNI 818 (HC: 229, AD: 
188, MCI: 401)

79.90% (Ternary: AD vs MCI vs 
NC)

PCA + Lasso + 
CNN

Registration, 
normalization

Basaia et al. 
(2019) MRI ADNI + Milan 

dataset 1,385 99% (Binary: AD vs NC), 75% 
(Binary: cMCI vs sMCI) CNN Normalization

Wang et al. 
(2019) MRI ADNI 833 (HC: 315, AD: 

221, MCI: 297) 97.52% (Binary: AD vs NC) 3D CNN Skull stripping, 
alignment

Liu et al. (2020) MRI ADNI 449 (HC: 119, AD: 97, 
MCI: 233)

88.9% (Binary: AD vs NC), 76.2% 
(Binary: MCI vs NC) 3D DenseNet

Hippocampus 
segmentation, 

registration

Stoleru (2023) MRI-T1 ADNI AD: 122, CN: 169 99.96% (Binary: AD vs NC) ResNet-152 Grad-warping, skull 
stripping

Arafa (2024) MRI Kaggle 5,125 99.99% (Multi-class: DeMente vs 
NonDeMente vs Mild vs Moderate) CNN Augmentation

Chen (2024) MRI ADNI1 406 (CN: 185, MCI: 
106, AD: 115)

98.91% (Binary: AD vs NC), 84.37% 
(Ternary: AD vs MCI vs NC) Faster R-CNN Cropping, normalization

Sait et al. (2024) MRI ADNI & OASIS
7854 (ADNI: 5154,

OASIS: 2700) 
98.35% (Multiclass: NC, AD, 

EarlyMCI, Late MCI)
ResNet152 + 
Transformer

Histogram Equalization, 
Gaussian Noise 

Reduction

Ahmad et al. 
(2024) Kaggle/ADNI 1240

99.22% (Binary:
AD, NC)

MobileNetV2 
(Lightweight)

ADASYN Sampling, 
Density Clipping

Rao et al. (2025) ADNI (MRI+DTI) 12000 97.33% (Multiclass: NC, AD, 
EarlyMCI, Late MCI)

YOLOv11 + data 
fusion

Skull-stripping, MRI-
DTI Registration

MRI: Magnetic resonance imaging, PET: Positron emission tomography, ADNI: Alzheimer’s disease neuroimaging initiative, AD: Alzheimer’s disease, CNN: Convolutional neural networks, DTI: Diffusion 
tensor imaging
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level separation can lead to the presence of highly similar or 
even identical samples across training and testing sets. This 
artificially inflates performance metrics and results in biased 
evaluations. Therefore, it is essential to ensure strict subject-
level data separation and the use of independent test sets to 
obtain reliable and generalizable results.

Biased transfer learning occurs when the source and target 
domains of transfer learning overlap. Using different source 
and target datasets is the most appropriate way to prevent 
biased transfer learning. In research where the dataset is 
separated into training and test sets, there is no independent 
validation set. The test set should only be used in the evaluation 
phase and should not be used for the hyperparameter. A 
separate validation set and test set that do not overlap with 
the optimization can be used to optimize the hyperparameter 
of the model. 

In the articles reviewed, it is mostly seen that reprocessing 
techniques are used. Although deep learning studies require 
data to go through preprocessing steps, it is also possible to not 
use any preprocessing techniques in CNN networks [53,75]; 
Especially in studies where the traditional machine learning 
method is used as the main backbone, it is recommended that 
raw data be processed through preprocessing steps such as 
density correction, skull stripping, registration, normalization 
and tissue segmentation according to the standard sequence 
before use. SVM is seen as the most widely used and 
increasingly popular method. Deep learning approaches 
perform better than traditional methods in detection studies. 
Significant disadvantages of deep learning include its lack of 
interpretability and transparency, its black-box nature, the 
difficulty in understanding its internal working mechanism, 
and the need for more time to train it. Advantages include 
higher-performance graphics processing units and enormous 
amounts of storage space. While most research is conducted 
using a single dataset, it has also been observed that multiple 
datasets are used for specific purposes (Liu et al., 2017; Poloni 
& Ferrari, 2022). Multiple datasets are also used at different 
stages to increase the number of subjects; studies using ADNI 
as the training dataset and AIBL, FHS, and NACC as the test 
dataset (Qiu et al., 2020), and ADNI as the training dataset 
and ADNI + Milan as the test dataset (Basaia et al., 2019) are 
examples of these.

Since 2D images are easier to process and help scale the 
dataset, 3D images can be sliced ​​from various angles to create 
2D slices. Generally, 2D slices with greater entropy in the 
center are selected, further reducing the input size. However, 
correlational information can be lost due to 3D image slicing. 
Like 2D slice-based methods, 3D patch-based methods also 
provide a large dataset and require training on many classifiers. 
Extracting features and selecting the most comprehensive 
patches from all 3D patches can be challenging. While ROIs are 
often informative, only one or a few regions are considered in 
a model. Since AD ​​often encompasses multiple brain regions, 
a 3D ROI-based method with sufficient interpretability can 
be a suitable solution. Subject-level methods, containing only 
one sample per patient, generally have very few samples for a 
complex task like AD detection. While there is no exact recipe 
for determining a suitable method or input format, generally, 
larger and more complex models are expected to perform 
better. In the study by Elharrouss et al. in 2022, DenseNet-121 
and ResNet 101 were found to have a complexity of 0.525a 

and 7.6 Giga Floating Point Operations per Second (GFLOPs). 
AlexNet’s complexity is ten times greater than ResNet-101, 
with first 1 error rates of 25.02% and 19.87%, respectively; 
a 5.15% reduction in first 1 error rate means a fourteenfold 
increase in complexity.

CONCLUSION
Compared to CNNs, one of the most significant advantages 
of autoencoders is that they are an unsupervised learning 
method, unlike CNNs which require labeled data to function. 
However, autoencoders learn to capture as much information 
as possible, but the captured information may not be relevant 
to solving the problem. If the most relevant information 
to a problem consists of only a small portion of the input, 
autoencoders can lose much of this information. Image 
transformers, after a costly preprocessing step, perform better 
than CNNs in some image classification tasks. Performance 
and complexity should be balanced, and the most suitable 
model should be selected according to hardware conditions 
and application requirements. The flat CNN architecture 
has learned sufficient distinguishing features to differentiate 
classes in the dataset. Transformer-based components added 
to hybrid structures have introduced additional complexity 
to the model, but this complexity has not resulted in a 
performance increase; on the contrary, it has led to a decrease 
in accuracy. This shows that transformer-based structures are 
not suitable for every problem, and CNN-based approaches 
can produce more stable results, especially in limited datasets. 
Furthermore, although Transformer-based architectures 
have recently attracted significant attention in medical 
imaging, their advantages over CNN-based models remain 
limited in the context of Alzheimer’s disease datasets, which 
are typically small in size. While Transformers have shown 
strong performance in large-scale natural image tasks, their 
effectiveness in medical imaging is constrained by data scarcity 
and increased computational requirements. In particular, the 
high spatial redundancy present in 3D MRI data enables CNN-
based models to effectively capture local structural patterns 
with fewer parameters and greater stability. In contrast, 
incorporating Transformer-based components, especially 
within hybrid architectures, often introduces additional 
model complexity without yielding consistent performance 
improvements. In some cases, this added complexity may even 
lead to a decline in accuracy. These observations indicate that 
Transformer-based approaches are not universally suitable 
for all problems. Instead, model selection should consider 
the trade-off between performance and computational cost. 
For current Alzheimer’s disease classification tasks, CNN-
based methods remain more robust, efficient, and practical, 
particularly under limited data and hardware constraints.
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