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PAPER

A Hybrid Model for Alzheimer’s Disease Classification 
Based on Neural Network Architectures Enhanced 
by GAN Model

ABSTRACT
Alzheimer’s disease (AD) is a neurodegenerative disorder marked by progressive cognitive 
decline, making early and accurate diagnosis vital for timely intervention. This study explores 
the efficacy of combining generative adversarial networks (GANs), convolutional neural net-
works (CNNs), and vision transformers (ViTs) for AD classification using magnetic resonance 
imaging (MRI) data. GANs were employed to generate synthetic brain images, addressing data 
scarcity by augmenting the dataset. CNNs were then used for feature extraction, accelerating 
model training, and mitigating overfitting. These extracted features were subsequently fed 
into ViTs, known for their ability to capture spatial dependencies in image data. Experimental 
results demonstrated that the proposed GAN-CNN-ViT fusion model achieved high accuracy 
(96%) and robustness, outperforming traditional machine learning (ML) and deep learning 
approaches. GAN-generated synthetic images enhanced dataset generalization, improving ViT 
performance in distinguishing AD patients from healthy controls. Comparative analyses val-
idated the superiority of this approach over recent methods in AD classification. This frame-
work underscores the potential of deep learning techniques in advancing neuroimaging-based 
disease diagnosis. It holds significant promise for early AD detection, ultimately contributing 
to improved patient outcomes and quality of life through the integration of cutting-edge com-
puter vision and ML methodologies in medical applications.

KEYWORDS
Alzheimer’s disease (AD), generative adversarial networks (GANs), VGG-16, resnet50, vision 
transformers (ViTs)

1	 INTRODUCTION

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder marked by 
cognitive decline and memory loss, affecting millions of individuals worldwide [1]. 
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According to statistics, it accounts for approximately 60–70% of all dementia cases and 
is one of the leading causes of disability and dependency among the elderly population. 
With the aging global population, the prevalence of AD is expected to rise significantly 
in the coming years, presenting substantial challenges for healthcare systems and 
caregivers. Early diagnosis and intervention are crucial for managing the symptoms 
and improving the quality of life for individuals affected by Alzheimer’s disease [2].

Alzheimer’s disease, a prevalent neurodegenerative disorder highlighted by 
the World Health Organization, presents a multifaceted challenge in public health. 
Within the broader spectrum of dementia with Alzheimer’s, distinct subgroups 
delineate the progressive nature of the disease. These subgroups encompass mild 
cognitive impairment, often serving as a precursor to dementia, and mild demen-
tia, characterized by subtle cognitive deficits affecting daily activities [3]. Moderate 
dementia poses more substantial challenges, necessitating enhanced support due to 
heightened cognitive impairments and behavioral changes. Severe dementia rep-
resents the advanced stage, where individuals may experience profound commu-
nication difficulties, loss of bladder control, and significant functional limitations, 
warranting comprehensive care strategies [4]. Understanding the nuanced progres-
sion and subgroups of AD is pivotal for tailored diagnostic approaches and effective 
management strategies.

Alzheimer’s disease presents a hard challenge in research endeavors aimed at 
early prediction due to its intricate pathology and the structure of the nervous sys-
tem’s tissue and cells. However, the integration of artificial intelligence and sophis-
ticated computer vision methods holds promise for addressing this challenge [5]. By 
harnessing the power of machine learning (ML) algorithms and advanced image 
analysis techniques, it becomes feasible to discern subtle patterns and features from 
medical imaging data. This amalgamation of artificial intelligence and computer 
vision methodologies offers a novel approach to enhance early detection and inter-
vention strategies for AD [6].

Statistical ML techniques have shown early success in the automated detection of 
AD. However, the current trend leans towards the adoption of deep learning models 
and sparse auto-encoders for more robust performance. These approaches face sev-
eral challenges in feature extraction and classification tasks, including the require-
ment for massive datasets to achieve optimal performance, the inherent complexity 
of deep learning models, and their sensitivity to poor-quality data. These drawbacks 
underscore the need for further research to address these limitations and enhance 
the efficacy of deep learning techniques for such tasks [7].

The task of classifying AD presents considerable challenges due to its dependence 
on various criteria related to the intricate structure of nervous system tissues and 
cells. However, advancements in technology and the digitization of medical tools 
have significantly enhanced the ability of healthcare professionals to accurately 
detect. The domain ML is dedicated to the pursuit of various computational tasks for 
many researchers [8]. Within this landscape, DL emerges as the forefront approach 
that has shown superior performance over traditional ML in identifying complex 
structures in complex, high-dimensional data, particularly in the field of computer 
vision. In this regard, transfer learning methods have garnered considerable inter-
est in medical image classification due to their ability to leverage pre-trained models 
and adapt them to new tasks with limited labeled data, by transferring knowledge 
learned from large-scale datasets, transfer learning methods hold potential for 
enhancing diagnostic accuracy and clinical decision-making in healthcare applica-
tions [9]. Another recent classifier models namely capsule network methods, demon-
strates promising capacity in image classification by capturing intricate spatial 
relationships and hierarchically organizing features, leading to enhanced diagnostic 
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accuracy [10]. Their ability to encode pose and instantiation parameters offers a 
robust representation of anatomical structures, facilitating precise disease detec-
tion and classification in medical imaging applications [11]. Recently, new research 
has been based on the feature extraction methods, such as convolutional neural 
networks (CNNs) and vision transformers (ViTs), which excel in capturing intri-
cate patterns and semantic information from medical images, leading to improved 
classification accuracy. Additionally, auto-encoders facilitate unsupervised learning 
by extracting meaningful representations from raw image data, aiding in feature 
discovery and dimensionality reduction. Another technique, namely generative 
adversarial networks (GANs), offer a unique capability to generate synthetic med-
ical images, enabling data augmentation and enhancing the diversity of training 
datasets for robust classification models in medical imaging tasks [12].

In this study, we present a novel approach for AD classification utilizing GANs, 
CNNs, and ViTs. Our approach aims to tackle key challenges in medical image analy-
sis by leveraging GANs to generate synthetic images for data augmentation, CNNs to 
extract features, accelerate model training ViT and prevent overfitting, and ViTs to 
capture complex patterns. The contributions associated with our approach include 
robustness in the face of variability, improved classification accuracy, and the poten-
tial for early detection of Alzheimer’s disease.

The subsequent sections of this paper are structured as follows: The second sec-
tion provides an overview of related studies in the field. In the third section, we 
detail the methodologies and techniques employed in our approach. Following this, 
the fourth section presents the experimental results obtained from our approach. 
Finally, the fifth section concludes with a summary and outlines directions for future 
research endeavors.

2	 RELATED WORK

The objective of this section is to critically examine prior research pertaining to the 
utilization of feature extraction, ML, deep learning models, auto-encoders, and trans-
formers for the identification and classification of AD. Numerous studies within this 
domain focus on early disease prediction utilizing non-invasive computer-aided 
diagnostic (CAD) methods, thereby circumventing the need for surgical or inva-
sive procedures. Illán et al. [13] introduced a fully automated CAD system aimed at 
enhancing the precision of early AD diagnosis. Their approach entails an initial auto-
matic feature selection process, coupled with a combination of component-based 
support vector machine (SVM) classification and a classifier assembly vote passing 
technique SVM. This methodological framework represents a significant contribu-
tion to the field, offering potential improvements in the accuracy and efficiency of AD 
diagnosis. In this regard, there are several image-processing architectures are inter-
ested in detecting and classifying diseases. Our present study centers on the early 
prognostication of AD, aligning closely with the referenced work. These studies are 
situated within the same medical domain and employ comparable techniques and 
methodologies of computer vision and infographics for this purpose. Nonetheless, 
our proposed approach yielded compelling outcomes, outperforming numerous 
state-of-the-art experiments in the domain of AD classification in terms of accuracy.

Numerous deep CNNs have been previously trained and are being employed 
to extract profound features from magnetic resonance (MR) images. Waleed [14] 
proposed a deep learning solution employing two CNN models for diagnosing and 
classifying AD. In this regard, Deepanshi et al. [15] applied convolutional CNN mod-
els including VGG-19, Inception-V3, ResNet-50, DenseNet-169, and a custom CNN 
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utilizing transfer learning with pre-trained weights from the ImageNet model. This 
comparative analysis aimed to identify the most effective model in terms of perfor-
mance for their specific task and present the corresponding results. Although these 
methods yield precise results, their performance tends to be suboptimal when con-
fronted with extensive databases. Tooba Altaf et al. [16] used an approach based on 
feature extraction through various methods, including the gray level co-occurrence 
matrix (GLCM), scale-invariant feature transform (SIFT), local binary pattern (LBP), 
and oriented gradient histogram (HOG), to generate a hybrid feature vector to 
improve the effectiveness of texture. In computer vision, an alternative approach 
yielding improved classification outcomes involves combining methods such as 
concatenation and fusion of vectors derived from extracted features. Madusanka 
et al. [17] employed a fusion-based approach, combining texture and morphomet-
ric features, to explore a potential diagnostic biomarker AD, their study aimed to 
demonstrate improved classification performance through the integration of these 
features. Another approach, focusing on capturing direct relationships between 
images, might prove more effective for brain image analysis compared to CNNs. 
Yanjun Lyu et al. [18] utilized ViTs as the backbone architecture, first pretraining it 
on the ImageNet-21K dataset, and then transferring it to the brain imaging dataset 
to demonstrate improved classification performance. In this context, convolutional 
autoencoders represent a commonly utilized neural network architecture in image 
processing tasks. Their primary function involves capturing spatial relationships 
within the input data to facilitate various image-processing applications. Francisco J  
et al. [19] introduced a novel exploratory analysis of AD data employing deep con-
volutional autoencoders. These autoencoders are utilized to learn a compressed 
representation (encoding) of the input data, which is subsequently reconstructed 
(decoded) to closely resemble the original input. This methodology enables predic-
tion and classification of the disease based on the learned representations of the 
data. Linfeng Liu et al. [20] presented an alternative approach utilizing transformers 
called Multi-Modal Mixing Transformer (3MT). This transformer model is specifi-
cally designed for disease classification tasks and is capable of handling multi-modal 
data as well as scenarios involving missing data.

Another architecture, namely capsule network models, focused on extracting 
richer features from image datasets, prioritize capturing hierarchical relationships 
within the data. Kruthika et al. [21] introduced a content-based image retrieval sys-
tem for early Alzheimer’s detection, employing a combination of 3D capsule network, 
3D CNN, and pre-trained 3D autoencoder technology. Their approach underscores 
the importance of leveraging capsule networks to enhance feature extraction capa-
bilities in medical imaging tasks.

The feature extraction and classification methods mentioned earlier exhibit lim-
itations such as data dependency, limited interpretability, and computational inten-
sity. To address these shortcomings, ongoing research efforts are required to develop 
computer vision methods that are more interpretable, data-efficient, and computa-
tionally lightweight for feature extraction from images. Given the aforementioned 
limitations, it is advisable to explore novel approaches that surpass these constraints 
and yield improved prediction scores.

The ability to deliver real-time performance is crucial in medical diagnostics, 
especially during emergencies where prompt and accurate decisions are vital for 
effective patient care and prognosis. Assessing a model’s inference time and compu-
tational requirements is essential to determine its practicality for real-world appli-
cations. Such models must strike a balance between speed and accuracy to ensure 
dependable diagnostic results without sacrificing computational efficiency [22].
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The primary contribution of this study can be outlined as follows: During the prepro-
cessing stage, we applied standard computer vision and graphic techniques to stream-
line subsequent tasks. Next, we utilized two neural networks, VGG-16 and ResNet50, to 
extract meaningful and significant features, enhance model training, minimize over-
fitting, and improve the robustness of the classification framework. The extracted fea-
tures were concatenated into a single vector and used as inputs for our ViT classifier. 
To validate the proposed methodology, we systematically evaluated the results at each 
stage of our process to identify areas for improvement. Our approach demonstrated 
significant potential in the early detection of AD, leveraging advancements in com-
puter vision and ML technologies and their applications in the medical field.

3	 RESEARCH METHODOLOGY

In this section, we introduce the overall architecture of our proposed method. 
Figure 1 illustrates the detailed architectural division of our proposed method for 
classifying AD. This approach consists of three primary modules: data preprocess-
ing, neural network models combining (GAN, VGG-16, and Resnet50), and ViTs clas-
sifiers, each serving crucial roles in the methodology. At the start of this section, 
we described the dataset used throughout this study (section 3.1). The MRI images 
undergo initial preprocessing steps before proceeding to the subsequent phase of the 
methodology (section 3.2). Next, a GAN model was used to generate additional real-
istic images, and CNNs were employed to extract features, accelerate model training 
with ViT, and prevent overfitting (section 3.3). Finally, the random forest regressor 
evaluated the images generated by the GAN and selected the most relevant ones for 
input into our ViT classifiers (section 3.4). Subsequent subsections provide a detailed 
discussion of the three essential elements.

Fig. 1. Proposed architecture of GAN-CNN-Vit for AD classification
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3.1	 Data description

In this study, data were obtained from the freely available Kaggle Alzheimer’s 
dataset (https://www.kaggle.com/datasets/tourist55/alzheimers-dataset-4-class-of-
images/data) [23]. This dataset comprises a total of 6400 2D slices, categorized as 
follows: 896 slices from mildly mentally impaired individuals, 64 slices from mod-
erately mentally impaired individuals, 3200 slices from non-demented individuals, 
and 2240 slices from very mildly mentally impaired individuals. These MRI images 
serve as the primary data source for our analysis, enabling the investigation of 
various imaging features and patterns associated with different stages of mental 
impairment in AD. To enrich the analysis with practical examples, we implemented 
a GANs model. Subsequently, we extracted pertinent features from the generated 
data by CNN models. Finally, we employed a VIT model for classification purposes. 
This approach allowed us to leverage the strengths of both GANs and VIT models 
in the context of our research objectives, facilitating comprehensive analysis and 
classification of the data.

3.2	 Data preprocessing

The application of techniques and methods of preprocessing the dataset in order 
to have more relevant information that will be exploited in the input of a classifier to 
predict results has become a trend in the fields of computer graphics and computer 
vision [24]. In this paper, we will use well-known image-processing methods; the 
key strategies employed in this section of the treatment are covered below.

•	 Data crop: Nearly all of the images in our brain MRI datasets have undesirable 
spaces, which results in subpar classification performance. Therefore, it is vital 
to crop the photographs in order to eliminate unnecessary portions and use only 
the pertinent information [25]. In this study, we employ the cropping approach, 
which computes extreme points and returns a geographic subset of an object as 
specified by an extent object. The application of this method consists of five steps: 
First, we load the original MR pictures. Secondly, we apply thresholding in order 
to create binary images; thirdly, we undertake dilation and erosion processes to 
reduce image noise; and fourthly, we use the threshold images’ largest contour 
to determine the images’ four extreme points (extreme top, extreme bottom, 
extreme right, and extreme left). Finally, we crop the image based on the con-
tour and extreme point data. Bicubic interpolation is used to enlarge the cropped 
images. Figure 2 illustrates the steps of the cropping method applied to our dataset 
in this approach.

Fig. 2. Image representation of the different stages of cropping images from the dataset: (a) original image, 
(b) outer contour, (c) edge point; (d) image crop
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•	 Generative adversarial networks: Deep learning networks, notably CNNs, 
demand substantial datasets to ensure effective training and mitigate overfitting 
issues. Traditional data augmentation techniques predominantly rely on geomet-
ric transformations of input images, encompassing rotations, zooming, resizing, 
noise addition, image translation, and flipping [26]. Nonetheless, these methods 
may not be optimal for medical image datasets due to their unique characteristics 
and requirements. Recent data increases are based on the generative adversarial 
neural network, which is an innovative technique for data augmentation. It is 
a class of deep learning techniques that creates a real image from noise data to 
enlarge the size of the dataset in order to ensure a generalizable deep learning 
model [27].

	   A GAN comprises two distinct neural networks, the generator and the discrimi-
nator, engaged in an adversarial training process. The generator aims to fabricate 
synthetic data instances that closely resemble samples from a given dataset, while 
the discriminator endeavors to differentiate between genuine data instances and 
those produced by the generator [28]. This dynamic interplay between the gen-
erator and discriminator enhances the power of competitive learning, wherein 
the generator strives to generate increasingly realistic samples to deceive the 
discriminator, while the discriminator hones its ability to discern genuine from 
synthetic data [29].

	   The innovative approach to data augmentation, termed GANS presents remark-
able potential; however, it is accompanied by numerous drawbacks. A primary 
limitation of GANs lies in their convergence dynamics. The absence of a definitive 
criterion for terminating generator training renders the process unreliable [30]. 
Traditional metrics, including the loss function, fail to adequately capture GAN 
convergence, hindering the determination of when the generator achieves profi-
ciency in generating high-quality synthetic images. Moreover, the GAN’s objective 
function does not directly assess output image quality. To address these chal-
lenges, researchers have proposed various solutions, including refining the loss 
function formulation. Another approach involves replacing the Jensen-Shannon 
divergence, commonly used in traditional GANs, with the earth mover distance 
metric. These strategies aim to mitigate GAN limitations and enhance their effec-
tiveness in generating high-quality synthetic data. In this study, we employed 
the conventional GAN framework over 10 epochs with the objective of achiev-
ing improved convergence in the assessment of key metrics, including generator 
loss and discriminator loss. The Figure 3 below illustrates the functioning of our 
GAN model.

Fig. 3. The operational steps of our GAN model
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3.3	 Feature extraction

Convolutional neural networks are a class of deep learning models specifically 
designed for tasks involving image processing and pattern recognition. CNNs excel in 
feature extraction from images due to their unique architecture, which includes convo-
lutional layers, pooling layers, and fully connected layers. These networks are adept at 
capturing hierarchical patterns and spatial relationships within images, making them 
ideal for tasks such as object recognition, image classification, and segmentation [31].

One of the key advantages of CNNs is their ability to automatically learn relevant 
features. This feature extraction capability accelerates model training ViT by reducing 
the dimensionality of the input space and focusing on the most discriminative features. 
Moreover, CNNs can avoid overfitting by incorporating techniques such as dropout 
and regularization, which help generalize learned patterns to unseen data [32].

In this study, to extract crucial features, accelerate model training with ViT, and pre-
vent overfitting, we have employed VGG-16 and ResNet50, two well-known methods 
for extracting deep features. We utilized the convolutional, pooling, and normalization 
layers while excluding the fully connected classification layer. The classification phase 
will be conducted later in the ViT model. In the following two paragraphs, we define 
and present VGG-16 and ResNet50, two CNN models utilized in our approach.

Vgg-16 is a CNN model trained on millions of images from different categories. 
It deals with the classification tasks of image processing. It belongs to the family 
of models called VGG Net (Visual Geometry Group Network). Deep layers and uni-
form architecture characterize this model. The model has 16 trainable weight lay-
ers, hence the name “Vgg-16.” Specifically, the architecture of VGG-16 is composed 
of 13 convolution layers followed by fully connected layers and output layers [33]. 
For our task, we utilized the convolutional, pooling, and normalization layers, 
while excluding the fully connected classification layer to extract deep features. 
Convolution layers use small filters (3x3) with a stride of 1 and pooling layers with 
a stride of 2. In the final layer, we aggregated the features extracted by VGG-16 into 
a vector of dimension (1.1.1000) to concatenate it with the other vector extracted by 
ResNet50, which has the same dimension.

ResNet50 is a deep learning model used for computer vision applications where 
weighting layers learn residual functions with reference to the input layer. ResNet 
architectures were developed to solve the problem of gradients disappearing or 
exploding when networks become very deep [34]. The ResNet50 architecture is 
made up of 50 layers composed of residual blocks; these layers are expressed by 
stages (input layer, initial convolutional block, four main stages, residual block, 
global average pooling (GAP), and fully connected (FC) Layer). For our task, we 
employed all these layers except for the fully connected classification layer to extract 
deep features. Moreover, in the final layer, we aggregated the features extracted by 
ResNet50 into a vector of dimension (1.1.1000) to concatenate it with the other vec-
tor extracted by VGG-16, which has the same dimension.

The vector concatenation technique utilized in this study enhances model per-
formance by incorporating crucial information, facilitating a more comprehensive 
data representation. This can potentially enhance generalization and foster more 
dependable classification decisions. Furthermore, by reducing data dimensionality, 
concatenation aids in mitigating overfitting and enhancing model interpretability.

Hyperparameters: In this study, we utilized the PyTorch library for our experi-
ments. Notably, the VGG-16 and ResNet50 architectures come with predefined kernel 
size, padding, and stride parameters, which are not explicitly specified during the 
training phase. Throughout training, the parameters, including weights and biases, 
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of these models are updated using the optimizer. We employed stochastic gradi-
ent descent (SGD) as our optimizer with a learning rate of 0.001 to facilitate model 
convergence and optimization. To measure the model’s performance and guide the 
training process, we adopted cross-entropy loss as the loss function. Our training 
protocol involved 10 epochs, each comprising a batch size of 32 instances, ensuring 
thorough model optimization and robustness evaluation.

Discussion: In our approach, the use of CNNs, specifically VGG16 and ResNet50, 
offers several advantages in terms of performance and efficiency. VGG16, known for 
its simplicity and uniformity in layer design, enables the extraction of rich hierar-
chical features, making it well-suited for tasks requiring detailed feature representa-
tion, such as image classification. On the other hand, ResNet50 incorporates residual 
connections, which address the vanishing gradient problem, allowing for the train-
ing of deeper networks. This enhances its ability to model complex patterns while 
maintaining high accuracy. By combining these two architectures in our framework, 
we leverage the complementary strengths of VGG16’s deep feature extraction and 
ResNet50’s efficient gradient propagation, accelerate training model ViT, and pre-
vent overfitting and improve the overall robustness and precision of our approach.

3.4	 Vision transformer classifier

The ViTs is a neural network architecture that was developed for image process-
ing [35]. In contrast to CNNs, which are based on convolution and pooling operations, 
ViT relies on an attention mechanism used in transformers, attention mechanism is 
inspired by the human cognitive process of selecting the relevant features of the 
image and ignoring the irrelevant features rather than concentrating on the whole 
image [36]. In a ViT, the input image is decomposed into patches, which are then 
flattened and treated as a sequence of tokens. These tokens are subsequently passed 
through a series of transformer layers, where they undergo attention operations 
and non-linear transformations [37]. Ultimately, the ViT generates a vector repre-
sentation for each patch, which is then utilized for tasks such as image classification. 
The Figure 4 below illustrates the functioning of our ViT model.

Fig. 4. Representation of the steps of ViT models

https://online-journals.org/index.php/i-joe


	 32	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 8 (2025)

Zine-dine et al.

Discussion: In our approach, the integration of the ViT model offers several 
distinct advantages over traditional convolution-based architectures. ViT leverages 
self-attention mechanisms to capture long-range dependencies and global contex-
tual information from input images, which are often overlooked by CNNs. This abil-
ity to model global relationships enables ViT to excel in tasks requiring a holistic 
understanding of the image. Furthermore, ViT’s non-local operations allow it to bet-
ter generalize across varying image scales and complex patterns without the induc-
tive bias imposed by convolutions. By incorporating ViT into our framework, we 
significantly enhance the model’s capacity for capturing intricate visual features and 
patterns, ultimately leading to improved performance and accuracy in our studied 
application.

3.5	 Discussion

Our approach centers on a meticulously designed three-phase methodology 
aimed at maximizing the effectiveness of our scientific research. Initially, we have 
embarked on the pivotal phase of processing and augmenting our dataset, lever-
aging the capabilities of a GANs model. This foundational step not only refines the 
raw data but also imbues it with enhanced diversity realism, thereby fostering 
more robust and comprehensive feature representations. Following this, we have 
employed a novel strategy by concatenating the features extracted by the neural 
network models, VGG16 and ResNet50. This concatenation is designed to leverage 
the unique strengths of each model, accelerate model training for ViT, and prevent 
overfitting, ultimately demonstrating superior performance in capturing spatial 
dependencies in image data for classification purposes. By integrating the com-
prehensive feature representations generated by VGG-16 and ResNet50, we aim to 
achieve a more holistic understanding of the underlying patterns within the data-
set. Lastly, we have culminated our approach with the utilization of a model, ViT, 
tailored specifically for classification tasks. This model operates on the premise of 
extracting spatial characteristics and capturing the intricate relationships inherent 
within the data, thereby enabling more nuanced and accurate classification out-
comes. Through the synergistic integration of these three phases, our approach epit-
omizes a comprehensive and innovative framework poised to advance the frontiers 
of scientific inquiry and drive meaningful insights in our domain of study. Real-time 
performance plays a vital role in medical diagnosis, particularly in emergency sce-
narios where quick and accurate decisions are critical. In this study, we assessed 
the model’s inference time and achieved classification results in less than one min-
ute, effectively balancing speed and accuracy to ensure suitability for real-world 
applications.

4	 EXPERIMENTS AND RESULTS

In this section, we present the experimental setup and results of our study on AD 
classification using neural network architectures enhanced by a GAN model. Initially, 
we provide an overview of our approach and the frameworks used to implement 
the code. Following this, we detail the evaluation metrics employed to assess the per-
formance of our classification models. Subsequently, we conduct a comprehensive 
comparison of the different cases in our study. Finally, we discuss our findings and 
offer insights into future research directions.
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4.1	 Computational infrastructure

In this study, we utilized specific environments conducive to efficient model 
development and evaluation. The Google Colab environment served as the primary 
platform, offering approximately 12.67 GB of RAM and GPU accelerator capabili-
ties. This environment facilitated the execution of computationally intensive tasks 
involved in the training, validation, and testing of the proposed model. The model 
development was implemented using TensorFlow 2.6.4 and Keras 2.6.0, which are 
widely recognized frameworks for deep learning tasks. Leveraging these environ-
ments ensured optimal utilization of computational resources and enabled seamless 
integration of GAN, various CNNs, and ViT models into our hybrid approach for 
AD classification.

4.2	 Results

In evaluating the performance of our classification models, we employed several 
key metrics, including precision, recall, accuracy, F1-score, loss, and overall accu-
racy. In the following two paragraphs, we present the performance evaluation and 
the loss and accuracy curves.

•	 Performances evaluation: The process of evaluating the performance of an 
ML model on a task involves the use of various metrics and techniques to mea-
sure the effectiveness, accuracy, and generalization ability of a trained model. 
The goal of applying these metrics is to understand how well the model is likely 
to perform on new data and provide insights into potential issues such as overfit-
ting or underfitting [38]. The effectiveness of our experiment was assessed using 
various kinds of performance metrics specific to the classification task, including 
precision, recall, accuracy, and F1-score.

	   Precision: the percentage of results that are relevant and it is defined as:

	  
   

True PositivePrecision
True Positive False Positive

=
+

	 (1)

	   Recall: the percentage of total relevant results correctly classified by the pro-
posed algorithm which is defined as:

	 Recall
True�Positive

True�Positive False�Negative
�

�
	 (2)

	   Accuracy: Formally, accuracy has the following definition:

	    True Positive True NegativeAccuracy
Total

+= 	 (3)

	   F1-score: is a ML metric that can be used in classification models; f1-score has 
the following definition:

	 F score
Precision Recall

Precision Recall
1 2� �

�
� *

* 	 (4)

	   In this study, we used the Alzheimer’s dataset from a Kaggle competition for 
an AD classification task to obtain the empirical results of this study. The main 
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objective of this experiment is to extract the deep features from two CNN models 
Vgg-16 and ResNet50, then consider these extracted characteristics as inputs in 
the ML classifier VIT and extract Feature spatial in order to obtain a high-perfor-
mance classification. In the following paragraph, we present another two famous 
metrics (loss and accuracy) to evaluate the performance of our model.

•	 Accuracy and loss: Accuracy: Accuracy is a metric of a classification model’s 
efficacy; it is the ratio of correctly predicted instances to the total number of 
instances. In another sense, precision refers to the model’s accuracy rate for pre-
dictions. Figures 5 and 6 illustrate the prediction results.

	   Loss: Loss is a measure of the performance of the model; it quantifies the dif-
ference between the predicted values and the actual values; the total of the errors 
produced for each example in the training or validation sets constitutes the loss 
[39]. Therefore, we presume that “the lower the loss, the better the model.”

	   The empirical findings were derived from the “Alzheimer’s Dataset (4 classes of 
Images)” dataset sourced from the Kaggle competition focused on AD classifica-
tion tasks. Following the initial pre-processing phase involving computer vision 
and computer graphics functions, the primary aim of this study was to extract 
deep features utilizing two distinct CNNs, namely VGG-16 and ResNet50. These 
extracted features served as inputs for a VIT classification model, which aims to 
address the limitations observed in CNN models, particularly their inability to 
capture long-range spatial relationships and data dependencies, thereby enhanc-
ing the effectiveness of classification. The subsequent two figures illustrate the 
performance metrics, comprising accuracy and loss curves, for each neural net-
work CNN and VIT classifier model.

Fig. 5. Resnet50 + Vit architecture’s loss and accuracy

Fig. 6. VGG-16 + Vit architecture’s loss and accuracy

	   In conclusion, our empirical findings demonstrate that employing a single CNN 
neural network model for feature extraction yields a commendable classification 
score when compared to prior studies within the same domain utilizing identical 
datasets and methodologies. To enhance the classification performance further, 
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we propose a strategy involving the integration of two neural network models, 
VGG-16 and ResNet50, to extract pertinent and relevant features. Leveraging vec-
tor combination as a technique, we effectively supply our classifier with crucial 
inputs, mitigating potential issues such as overfitting or underfitting. The sub-
sequent figure illustrates the performance metrics, encompassing accuracy and 
loss curves, of the proposed approach.

Fig. 7. Our approach architecture’s loss and accuracy

	   Based on the comprehensive analysis of our results, we confidently assert that 
our approach yielded significant effectiveness, surpassing numerous state-of-the-
art experiments. This success can be attributed to the synergistic integration of 
two neural network models, VGG-16 and ResNet50, complemented by the incor-
poration of the VIT model, which adeptly captures long-range dependencies and 
addresses spatial relationships.

4.3	 Discussion

Our proposed approach incorporates pre-processing functions for computer 
vision and infographics, as well as data augmentation using GAN models to gen-
erate more realistic examples. By combining the key strengths of the ViT, VGG-16, 
and ResNet50 models, our method ensures the extraction of both global and local 
features, thereby enabling a robust feature representation that captures the primary 
long-range dependencies within the image. Table 1 shows the classification perfor-
mance of the different steps of our approach.

Table 1. Comparative table

Feature Extraction Method Classification Methods Accuracy

Real Data VGG16 73%

GAN AlexNet 78%

GAN DenseNet 87%

GAN VIT 89%

GAN + ResNet50 VIT 92%

GAN + VGG16 VIT 95%

GAN + (vgg-16 Concat ResNet50) Proposed VIT 96%

Our hybrid approach exhibits superior computational efficiency and offers 
distinct advantages compared to both CNN models and transformer methods by 
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effectively extracting diverse global and local features. Figure 7 illustrates the per-
formance of our proposed model.

The robust performance of our method appears when it integrates a VIT model 
with the concatenation of two neural network models, VGG-16 and ResNet50t. 
These models of CNN exhibit notable advantages, including ease of optimization 
and efficient classification capabilities. However, CNN models lack the ability to 
encode and capture pixel-level relations within input, attend to relevant features 
within images, and do not encode the relative positions of different features. Thus, 
we can conclude that a primary constraint of CNNs lies in their inability to effec-
tively encode long-range dependencies within input images and to assign rela-
tive importance to individual features within the image, because effective feature 
extraction is based on a relevant feature representation that tracks the long depen-
dencies within the image [40]. ViT represents a specialized variant of transformer 
models tailored for computer vision tasks, integrating a self-attention mechanism 
to effectively weigh the importance of individual features within an image while 
maintaining computational efficiency. By dividing the input image into smaller 
patches, ViT facilitates the processing of both local and global features. Our results 
demonstrate the ViT’s promising performance, accompanied by reduced architec-
tural complexity, enhanced scalability, and efficient feature learning. Nonetheless, 
ViT’s efficacy is contingent upon substantial training data, and optimization 
remains challenging.

Our approach integrates advanced feature extraction methods with the ViT pre-
diction model to outperform existing techniques in AD classification. Furthermore, 
we assessed the model’s real-time capabilities, achieving classification results within 
a timeframe of less than one minute and an accuracy of 96%. These results highlight 
the model’s effectiveness and practicality for real-world applications.

5	 CONCLUSION AND PERSPECTIVE

In this paper, we have proposed a hybrid model for AD classification based on 
neural network architectures. Our study focused on three main phases: the data-
set processing phase, which contains usual computer vision and computer graphics 
functions such as normalization, resizing, cropping, and augmentation; the feature 
extraction phase, where we employed the VGG-16 and ResNet50 models; and the 
classification phase, where we applied the ViT model to predict the results.

The strength of our approach is illustrated by the intervention of two feature 
extractors: VGG-16 neural network, and the Resnet50 neural network models, as 
well as the concatenation between the vectors of the extracted characteristics, and 
finally the classification with the ViT model.

Finally, our experimental results are remarkable since they demonstrate the 
ability of the different methods of feature extraction used (VGG-16 and ResNet50) 
to extract the deep characteristics of MR images and the concatenation between 
them, as well as the efficiency of the ViT model to capture spatial dependencies in 
images. This study is aimed toward a promising computer-assisted diagnosis in dig-
ital pathology.

Several types of research in this domain of disease classification do not meet the 
expectations of experts in the medical field because they use methods that have poor 
performance, are data-hungry, or use deep learning models that have complex com-
puting efficiency. Our future direction also includes the study of other brain disease 
datasets in order to be able to apply methods that deal with the above limitation.
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