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Alzheimer's disease (AD) is a chronic and irreversible brain disorder, making early detection crucial in managing its progression. This study aims to compare multiple deep learning models for the early detection of Alzheimer's disease. The research employs advanced techniques, including convolutional neural networks (CNNs) and transfer learning models. Specifically, six deep neural network techniques -2DCNN, VGG19, DenseNet121, Inception-V3, MobileNet and ResNet101v2 are utilized to classify and identify different stages of AD, such as NonDementia, Very Mild Dementia, Mild Dementia and Moderate Dementia. The comparative study is validated on the Kaggle dataset of 6400 MRI images. The results demonstrate that the CNN outperforms the fine-tuned architectures with an accuracy of 99.14% and AUC of 99.84%.

I. Introduction

Alzheimer's disease (AD) is a devastating neurodegenerative disorder that affects millions of people worldwide, primarily those over the age of 65. The disease causes a decline in cognitive function, including memory loss, language difficulties, and impaired judgment. Early detection is essential for effective treatment and management, as it can significantly improve patients' quality of life.

Currently, there is no definitive cure for Alzheimer's disease, but there are ways to temporarily slow down its symptoms and enhance the quality of life for patients. Therefore, extensive research is devoted to discovering effective treatments and preventing the disease's progression over time, also a critical need for innovative technology that can automatically support Alzheimer's patients to perform daily live activities [START_REF] Snoun | Deeplearning-based human activity recognition for alzheimer's patients' daily life activities assistance[END_REF], [START_REF] Ben Taleb | Reinforcement learning for assistance of alzheimer's disease patients[END_REF], [START_REF] Snoun | A reinforcement learning and transformers based intelligent system for the support of alzheimer's patients in daily life activities[END_REF]. Deep learning (DL) and machine learning (ML) algorithms, in particular, have demonstrated tremendous promise in several computer vision tasks [START_REF] Jmila | Adversarial machine learning for network intrusion detection: A comparative study[END_REF], [START_REF] Snoun | Towards a deep human activity recognition approach based on video to image transformation with skeleton data[END_REF], [START_REF] Snoun | A multimodal hypovigilance detection system based on fuzzy logic and transfer learning[END_REF] and are currently being investigated as a potential exploration tool for Alzheimer's disease.

Recently, deep learning techniques, such as Convolutional Neural Networks (CNNs) [START_REF] Esi Turkson | Classification of alzheimerâs disease using deep convolutional spiking neural network[END_REF], [START_REF] Mehmood | A deep siamese convolution neural network for multiclass classification of alzheimer disease[END_REF], [START_REF] Sathiyamoorthi | A deep convolutional neural network based computer aided diagnosis system for the prediction of alzheimer's disease in mri images[END_REF], [START_REF] Bae | Identification of alzheimer's disease using a convolutional neural network model based on t1-weighted magnetic resonance imaging[END_REF], [START_REF] Jiang | Classification of alzheimerâs disease via eight-layer convolutional neural network with batch normalization and dropout techniques[END_REF] and Transfer learning methods [START_REF] Mehmood | A transfer learning approach for early diagnosis of alzheimerâs disease on mri images[END_REF], [START_REF] Hadeer | Deep learning approach for early detection of alzheimerâs disease[END_REF], have shown great potential in detecting AD using brain imaging data. CNNs were the first deep learning models proposed for image processing. The principle of CNN is to exploit spatial correlations between pixels of the image through convolutional layers. CNNs are a type of deep neural network that can learn complex patterns and structures within the data using convolutional layers. CNNs trained from scratch may struggle to generalize well when the training data is limited or when the target task is significantly different from the training task. Transfer Learning, on the other hand, benefits from the learned features of the pre-trained model, which can improve generalization and performance, especially when the tasks are related or share similar features. According to the literature, CNNs have limited ability to detect long-distance dependencies. CNNs are designed to detect local patterns in the input image and are less effective at detecting long-range dependencies, which may be crucial for certain tasks. Indeed, a significant number of filters would be required to encode such data.

Due to the limited availability of related datasets and the imbalance of available AD datasets, AD detection is a difficult task. To address these issues, researchers have employed various techniques, including transfer learning and Stratified Cross-Validation (SCV), to enhance the accuracy and robustness of AD classification models. Transfer learning involves leveraging pre-trained models to accelerate training on new tasks, allowing the use of deep learning models in small datasets. Stratified crossvalidation is a widely used method for training and evaluating deep learning models that addresses the imbalance issue in AD datasets. SCV ensures that the distribution of data across different folds is proportional to the class distribution, improving the reliability and robustness of performance evaluation [START_REF] Ibn Khedher | Improving decision-making-process for robot navigation under uncertainty[END_REF], [START_REF] Hatem Ibn-Khedher | Mathematical programming approach for adversarial attack modelling[END_REF], [START_REF] Ibn | Analyzing adversarial attacks against deep learning for robot navigation[END_REF], [START_REF] Ibn Khedher | Dynamic and scalable deep neural network verification algorithm[END_REF], [START_REF] Mellouki | Abstract layer for leakyrelu for neural network verification based on abstract interpretation[END_REF].

Our contributions are as follows:

• Using our 2DCNN, excellent results have been achieved for the early detection of Alzheimer's disease, surpassing the results reported in the literature. 2DCNN has demonstrated superior performance in detecting early signs of Alzheimer's disease compared to other methods.

• We propose a comparative study of recent Deep

Learning based architectures including CNN and some transfer learning methods. VGG19 and DenseNet121 demonstrates a high capability for the early detection of Alzheimer's disease.

The rest of this paper is organized as follows. Section II presents an overview of the proposed approaches for early detect Alzheimer Disease. Section III details our proposed evaluation pipeline. In Section IV, we present our obtained results on the selected dataset. Finally, section V presents our conclusions and our potential suggestions for future directions.

II. State of the art

Early diagnosis of Alzheimer's disease (AD) using Machine Learning algorithms has gained significant attention in recent years.

Algorithms for early AD can be categorized into two main types: supervised models and unsupervised models.

A. Supervised Machine Learning models

Regarding supervised models, one of the most popular models is the Convolutional Neural Network (CNN), which has been used for the diagnosis of AD from brain MRI images [START_REF] Esi Turkson | Classification of alzheimerâs disease using deep convolutional spiking neural network[END_REF], [START_REF] Mehmood | A deep siamese convolution neural network for multiclass classification of alzheimer disease[END_REF], [START_REF] Sathiyamoorthi | A deep convolutional neural network based computer aided diagnosis system for the prediction of alzheimer's disease in mri images[END_REF], [START_REF] Bae | Identification of alzheimer's disease using a convolutional neural network model based on t1-weighted magnetic resonance imaging[END_REF], [START_REF] Jiang | Classification of alzheimerâs disease via eight-layer convolutional neural network with batch normalization and dropout techniques[END_REF]. The CNN architecture consists of convolution, pooling, batch normalization, dropout, fully connected, and softmax layers, as well as activation functions. Several pre-defined CNN architectures have been introduced and widely used, such as ResNet,VGGNet [START_REF] Mehmood | A transfer learning approach for early diagnosis of alzheimerâs disease on mri images[END_REF], [START_REF] Hadeer | Deep learning approach for early detection of alzheimerâs disease[END_REF], AlexNet, GoogleNet, Inception. Among these, ResNet and VGGNet [START_REF] Simonyan | Very deep convolutional networks for large-scale image recognition[END_REF] were the most popular architectures used for early AD.

Deep Neural Networks (DNNs) are a type of artificial neural network that enables the learning of complex representations of data by utilizing multiple layers of neurons. DNNs have been successfully applied in various fields, including image and speech recognition, natural language processing, and most recently, in the diagnosis of Alzheimer's disease (AD). In the AD diagnosis domain, DNNs have been utilized to analyze medical data, such as MRI scans [START_REF] Amoroso | Deep learning reveals alzheimer's disease onset in mci subjects: Results from an international challenge[END_REF], [START_REF] Manzak | Automated classification of alzheimerâs disease using deep neural network (dnn) by random forest feature elimination[END_REF], EEG [START_REF] Kim | Detection of early stage alzheimerâs disease using eeg relative power with deep neural network[END_REF] and genetic measures [START_REF] Wang | Deep learning-based brain transcriptomic signatures associated with the neuropathological and clinical severity of alzheimer's disease[END_REF], as well as clinical data, such as speech transcripts [START_REF] Orimaye | Deep language space neural network for classifying mild cognitive impairment and alzheimer-type dementia[END_REF] for classification of AD . Despite the challenges associated with training DNNs, they have demonstrated promising outcomes in AD diagnosis and continue to be an active area of research. In addition to CNN, Recurrent Neural Networks (RNNs) can process sequential data like time series, speech, and text. RNNs [START_REF] Lee | Predicting alzheimerâs disease progression using multi-modal deep learning approach[END_REF] can be used to analyze and predict patterns in patient data over time, such as changes in cognitive function or brain imaging results, in the context of Alzheimer's disease. One example of a RNN model used in AD context is the Long Short-Term Memory (LSTM). LSTMs can selectively remember or forget information over time, making them well-suited for modeling long-term dependencies in sequential data. In [START_REF] Hong | Predicting alzheimerâs disease using lstm[END_REF], an LSTM network is constructed to capture the temporal relationship among features and the subsequent stage of Alzheimer's Disease.

In addition to CNNs and RNNs, other supervised models have also been investigated, such as the Multilayer Perceptron (MLP) [START_REF] Bhagyashree | Diagnosis of alzheimerâs disease using multi-layer perceptron network[END_REF], Support Vector Machines (SVMs) [START_REF] Sharma | Alzheimer's patients detection using support vector machine (svm) with quantitative analysis[END_REF], and Random Forest (RF) [START_REF] Velazquez | Random forest model for feature-based alzheimer's disease conversion prediction from early mild cognitive impairment subjects[END_REF]. These models have been applied to different types of data, such as MRI images, cerebrospinal fluid (CSF) biomarkers, and neuropsychological test results, to predict the onset of AD.

Transformers were initially proposed by Vaswani et al [START_REF] Vaswani | Attention is all you need[END_REF] for machine translation tasks and have since achieved state-of-the-art performance in various Natural Language Processing (NLP) tasks, such as language translation, sentiment analysis, and question-answering.In addition to NLP, transformers have also been applied to computer vision tasks such as image classification, object detection and image segmentation. In the field of Alzheimer's disease diagnosis, many types of transformers are used. It uses a self-attention mechanism to process sequences of input data, allowing it to capture long-term dependencies and relationships between different parts of the input sequence. In the field of Alzheimer's disease diagnosis, several studies utilizing transformers have emerged .

B. Unsupervised Machine Learning models

The objective of the initial phase of Machine Learning algorithm is to extract more complex features from the input data. To accomplish this, unsupervised deep learning techniques were developed.Auto-Encoders (AE) and GAN, which are further explained in this section, are two of the most commonly used models.

Unsupervised learning is distinct from supervised learning as it operates on unlabeled data, relying only on the input data itself. One approach in unsupervised learning is to use autoencoders, which are a type of neural network architecture that learns to reconstruct input data by first encoding it into a lower-dimensional representation and then decoding it back to the original data. In the context of diagnosing Alzheimer's disease (AD), autoencoders [START_REF] Vu | Non-white matter tissue extraction and deep convolutional neural network for alzheimerâs disease detection[END_REF], [START_REF] Kruthika | Cbir system using capsule networks and 3d cnn for alzheimer's disease diagnosis[END_REF] have been utilized to extract features and identify patterns in brain MRI images. The features learned in the middle layer of an autoencoder can then be extracted and utilized for unsupervised pre-training of feature extraction and dimension reduction. Subsequently, a classifier such as SVM or Softmax [START_REF] Liu | Early diagnosis of alzheimer's disease with deep learning[END_REF] can be employed for classification purposes. Another unsupervised model that has been used for AD diagnosis is the Generative Adversarial Network (GAN). GANs are neural networks that can generate new data samples that are similar to the input data. In the context of AD diagnosis, GANs [START_REF] Bai | A novel alzheimerâs disease detection approach using gan-based brain slice image enhancement[END_REF] have been used to generate synthetic brain MRI images that can be used to augment the training data for supervised models.

To summarize, various deep learning models have been employed for early diagnosis of Alzheimer's disease using both supervised and unsupervised approaches. These models have been applied to various types of data and have shown promising results in early AD.

III. Methods

In this section, we describe the evaluation method employed in this study. The flowchart of the method is illustrated in Fig. 1 . The input is an open-source dataset from the Kaggle platform composed of 6400 MRI associated with 4 stages of Alzheimer. The output is the patient's predicted Alzheimer disease stage.

Fig. 1 depicts the methodology employed to investigate an accurate and early diagnosis solution for AD. This approach targets the challenges outlined in the introduction. It primarily involves the utilization and comparison of our 2D CNN approach alongside fine-tuned deep learning models such as MobileNet, ResNet101, Inceptionv3, DenseNet121, and VGG19 for the purpose of diagnosing and classifying AD.

A. Our 2D CNN approach

In our 2D CNN, we didn't perform image segmentation as it's not necessary when using a CNN. The CNN extracts the best features present in an image according to the defined classes. The slices obtained are directly input to the CNN for attribute extraction. The CNN architecture used in this work is illustrated in Fig. 1. We define three convolutional layers that apply 3 × 3 filters for feature extraction. Each layer increases the number of filters by multiplying by 2. The number of filters used in the first, second, and third layers were 16, 32, and 64 respectively. During the training process, the filters are automatically adjusted for activation in the most relevant features using Rectified linear units (ReLU) as activation function. Pooling layers follow the convolutional layers, where a single value replaces the values belonging to a region in the features map. This reduces the number of attributes and prepares the input for the next convolutional layer. Maxpool function with a 2 × 2 window is used for the pooling layers to obtain the highest values of each region. After the last pooling layer, a dropout layer is defined to ignore a certain number of neurons in the network, which reduces overfitting on CNN during training. The rate of neurons to be ignored in the network is set to 0.25 for the dropout layer. A Flatten layer is used to transform the multidimensional input tensor into a one-dimensional output tensor, which is an essential component of a neural network. Then, four dense layers with 128, 64, 32, and 4 units, respectively, are defined. Finally, the softmax activation function is used for multi-class classification, where each element of the output vector represents the probability that the input belongs to a particular class.

B. Transfer learning

Transfer learning is a machine learning technique that involves repurposing a pre-trained model, which has already been trained on a large dataset for a specific task, for a new and similar task with a smaller dataset. By leveraging the learned features of the pre-trained model, transfer learning enhances the performance of the model and avoids the need to start from scratch. In this work, five transfer learning approaches, namely VGG19, DenseNet121, Inceptionv3, MobileNet, and ResNet101v2, are employed to identify early detection of Alzheimer's disease. These models utilize the principles of transfer learning to leverage their pre-trained knowledge and contribute to improved accuracy and efficiency in detecting Alzheimer's disease at an early stage.

When using these five transfer learning approaches for early detection of Alzheimer diseases, it is a common practice to freeze the base layers of a pre-trained model and add new layers on top for fine-tuning. This can be achieved by following the steps below:

• Instantiate a pre-trained base model and load its weights. The base model consists of pre-trained layers that have been trained on a large dataset. • Freeze the base layers by setting their trainable attribute to False. This ensures that the weights of these layers will not be updated during training. the necessary input and target data, along with the appropriate batch size and number of epochs. Hereafter is a description of the initial architectures of the five transfer learning approaches utilized in our work prior to fine-tuning:

1) VGG19: VGG19 is one of the variations of the VGG models. It is composed of 19 layers, including 16 convolution layers, 3 fully connected layers, 5 MaxPool layers and 1 SoftMax layer. Aside from VGG19, other variations of the VGG model include VGG11, VGG16, and others.

The network architecture involved feeding a fixed-size RGB image of (224 × 224) pixels, forming a matrix of shape (224, 224, 3), as input. Prior to this, the only preprocessing step performed was subtracting the mean RGB value from each pixel, computed across the training set. Convolutional kernels of (3 × 3) size were employed, with a stride size of 1 pixel, to capture the entire image notion. To maintain the spatial resolution of the image, spatial padding was utilized. Max pooling was conducted over 2 × 2 pixel windows with a stride of 2. Rectified linear units (ReLU) were applied to introduce non-linearity and enhance the model's classification performance and computational efficiency. The architecture implemented three fully connected layers, with the first two having a size of 4096, and finally a softmax function is used.

2) MobileNet: MobileNet is a convolutional neural network architecture that is comprised of several types of Fig. 1: Flowchart of used methods layers, including convolutional, depthwise separable convolutional, and fully connected layers. In our work, we used the Mobilenet architecture due to its lightweight nature. Mobilenet achieves its lightweight design by utilizing depthwise separable convolutions, which perform convolutions on each color channel separately instead of combining them, resulting in fewer computations compared to standard convolution. This approach filters input channels and generates new features via separate depthwise and pointwise convolution operations, which considerably reduces the computational complexity of the model. The Mobilenet architecture is a linear stack of multiple neural networks, starting with a flat layer that transforms the input from the previous layer. A hidden layer with 256 neurons and SoftMax activation follows, followed by a Dropout layer to prevent overfitting. The convolution in the Mobilenet network is a separable convolution, which filters features based on convolution kernels and feature combinations, generating new representations. The depthwise separable convolution further breaks down the filtering process, leading to a significant reduction in computational cost. The Mobilenet model also incorporates two hyperparameters, the width coefficient, and the resolution coefficient, to further optimize the computational cost. The width coefficient is the ratio of the total number of convolution kernels used by each module to the standard Mobilenet, thereby reducing the need for secondary parameters. To implement Transfer Learning, the base layers of the model are frozen, and new layers are added as per the requirements of the problem being solved.

3) ResNet101v2: ResNet101v2 is a CNN architecture that has been applied to various computer vision tasks, including medical image analysis. With 101 layers, this architecture was developed to tackle the problem of vanishing gradients in deep neural networks. The ResNet architecture uses residual connections, which enables the gradient to flow through the network with ease, making it more trainable. The architecture also includes average pooling layers, which reduce the spatial dimensions of the feature maps while retaining important information. This pooling operation helps decrease the computational complexity of the model and aids in capturing the most relevant features. The final layers of InceptionV3 are fully connected layers responsible for classification. They leverage the extracted features to make predictions and are typically followed by a softmax activation function, which produces class probabilities.

5) DenseNet121: DenseNet121 is a popular CNN architecture introduced by Facebook AI Research. It consists of 121 layers and belongs to the DenseNet family of models. DenseNet121 is known for its dense connectivity pattern and efficient parameter usage. It includes dense blocks, transition blocks, and a classification head. Dense blocks connect every layer to each other, promoting feature reuse and better gradient flow. Transition blocks downsample feature maps, maintaining important information. Global average pooling and fully connected layers are used for classification. DenseNet121 has achieved state-of-the-art performances in image classification, object detection, and image segmentation tasks.

IV. Experimental results

A. Dataset

The Alzheimer dataset used in this study was obtained from Kaggle 1 and consists of 6400 images associated with four Alzheimer's stages: Mild Demented, Moderate Demented, Non Demented and Very Mild Demented (896, 64, 3200 and 2240 images respectively). The dataset is divided into two parts, training and test. The training dataset is then divided into training and validation, with a respectively ratio, 80% and 20%.

B. Evaluation Protocol

The proposed models are evaluated using a stratified cross-validation approach. The purpose of stratified crossvalidation is to maintain the same class distribution in each fold as in the original dataset, ensuring a representative evaluation. The dataset is divided into 5 equalsized folds. Stratification ensures that each fold contains a proportional representation of samples from each class, preserving the overall class distribution. This helps prevent any bias that may arise from imbalanced class distributions.

In this study, various evaluation metrics are calculated for each fold: accuracy, AUC, precision, recall and F1 score. The average and standard deviation of these metrics across all folds are then reported, offering a comprehensive understanding of the models' performances. The five metrics used for the evaluation can be defined, as below, using standard terms: True Positives (TP), False Positives (FP), True Negatives (TN) and False Negatives (FN).

• Accuracy: The percentage of correctly classified samples.

Accuracy(ACC) =

T P + T N T P + T N + F P + F N • P recision: The proportion of true positive predictions over the total number of positive predictions .

1 https://www.kaggle.com/datasets P recision = T P T P + F P • Recall: (sensitivity): It is the correct positive result amount to all relevant sample amount (i.e., the number of correctly classified AD cases divided by the total number of actual AD cases).

Recall(sensitivity) = T P T P + F N • F 1score: The harmonic mean of precision and recall, which balances both metrics.

F 1score = 2T P 2T P + F P + F N • AU C: Area under the curve of the receiver operating characteristic (ROC) curve: A metric that measures the ability of the model to distinguish between AD and non-AD cases across different thresholds.

T P R(sensitivity) = T P T P + F N F P R(1 -specif ity) = F P F P + T N These metrics can provide valuable insights into the performance of Alzheimer's classification models and help researchers and clinicians make informed decisions.

C. Results

In order to perform multi-class Alzheimer diseases classification, we have introduced 2DCNN and several fine-tuned transfer learning models such as VGG19, DenseNet121, Inceptionv3, MobileNet and ResNet101v2. These models were evaluated based on their accuracy and other metrics and compared to other state-of-the-art models. In Table I, a Comparison of the performances of the proposed models with the state-of-the-art models is presented. Fig. 2 illustrates the performance metrics, including accuracy, AUC, precision, recall and F1 score, of our models and its graphical representation.

The confusion matrix, shown in Fig. 3, for multi-class Alzheimer's disease classification consists of a square matrix with dimensions corresponding to the number of classes or stages of Alzheimer's disease being classified. Each cell in the matrix represents the number of instances that were predicted to belong to a particular class (rows) but actually belonged to a different class (columns). In our example, the rows represent the true class labels, while the columns represent the predicted class labels. Each value in the matrix represents the number of instances from the true class that were classified into the predicted class. The confusion matrix shows that almost all the images are correctly classified. This proves that our 2DCNN model is excellent for early prediction of Alzheimer's disease. 

D. Discussion

In this section, we provide a performance comparison between our proposed models and state-of-the-art models and discuss the findings. According to the results presented in Table I, it is evident that our proposed 2DCNN model surpasses the other models in terms of performance. Specifically, the proposed 2DCNN model achieves the highest accuracy and AUC score for prediction, with an accuracy of 99.14% and an AUC score of 99.84%. The fine-tuned VGG19 model achieves the second-highest accuracy of 97.67% and an AUC score of 99.80%, while the fine-tuned DenseNet121 model achieves the third-highest accuracy of 97.09% and an AUC score of 99.61%.

On the other hand, Sharma and Kalpna in [START_REF] Sharma | A deep learning based convolutional neural network model with vgg16 feature extractor for the detection of alzheimer disease using mri scans[END_REF], using The reasons why CNN surpasses transfer learning models can be summarized as follows:

• CNN is trained from scratch for the specific task of classifying and recognizing AD stages. This taskspecific training enables the CNN model to adapt and optimize its parameters exclusively for Alzheimer's disease detection. In contrast, transfer learning models were pretrained on unrelated datasets and may not be as tailored to the specific task at hand. • CNN can be fine-tuned and optimized using domainspecific data. By training the CNN model on a large dataset of brain MRI images, it becomes more specialized in understanding the unique features related to Alzheimer's disease. Transfer learning models, which were pretrained on different tasks, may not possess the same level of domain expertise.

It's important to note that the performance of different models can vary depending on the dataset, task, and specific implementation. The superiority of CNN over transfer learning models in this study does not imply that CNN is always superior in all tasks. 

4 )

 4 InceptionV3: The InceptionV3 architecture is a powerful CNN model developed by Google for image classification tasks. It was designed to address the challenge of capturing both local and global image information effectively. InceptionV3 consists of multiple convolutional layers that perform various operations, including convolutions with different filter sizes (1 × 1, 3 × 3 and 5 × 5). These convolutions are applied in parallel, allowing the model to capture features at different scales and abstraction levels. The outputs of the parallel operations are then concatenated along the channel axis, combining the information learned from different filter sizes. To enhance training and regularization, InceptionV3 incorporates auxiliary classifiers at intermediate layers. These auxiliary classifiers introduce additional loss functions during training, encouraging the network to learn more discriminative features. This helps improve the gradient flow throughout the network and can prevent the vanishing gradient problem.

Fig. 2 :

 2 Fig. 2: Performance and comparative analysis of our different deep learning classifiers

Fig. 3 :

 3 Fig. 3: Confusion matrix of the 2DCNN model (C 1 = Mild_Demented, C 2 = Moderate_Demented, C 3 = Non_Demented, C 4 = Very_Mild_Demented)

  V. ConclusionsIn this paper, we evaluated several neural network architectures for early Alzheimer's disease detection based on MRI images. The initial architecture utilized in this study is a 2D CNN, while the remaining architectures are based on the Transfer Learning principle. More specifically, the MobileNet, ResNet101v2, Inception-v3, DenseNet121, and VGG19 models are fine-tuned and employed for the detection of Alzheimer's disease across multiple classes. The experimental results demonstrate the effectiveness of the proposed 2D CNN architecture as well as the finetuned VGG19, DenseNet121 and MobileNet models for Alzheimer's classification.Future work includes exploring and studying new architectures such as Transformers and Convmixer for multiclass AD stage classifications and evaluating their performance. Additionally, data augmentation methods and the utilization of other databases will be considered to validate and compare the obtained results with existing findings.

•

  Add new layers on top of the base model. In our work, we add one additional dense layer and a softmax layer for the Alzheimer diseases classification task. • Compile the model with the categorical cross-entropy loss function and Adam optimizer. • Train the model on the training data by providing

TABLE I :

 I Comparison of the proposed models with the state-of-the-art models

	Reference	Model	Accuracy(%) AUC(%) Sensitivity(%) Precision(%) F1-Score(%)
	[35]	Vgg16	90.40	96.90	90.40	90.50	90.4
	[36]	AlexNet	94.53	-	100	-	94.12
	[36]	ResNet50	58.07	-	81.46	-	75.14
	[37]	DenseNet-169	88.70	-	-	-	-
	[37]	ResNet-50	81.98	-	-	-	-
	[9]	CNN	96.00	-	-	-	-
	Proposed 2DCNN	2DCNN	99.14	99.84	99.14	99.14	99.08
	Fine-tuned MobileNet	MobileNet	96.87	99.06	96.82	96.91	97.28
	Fine-tuned Resnet101v2	Resnet101v2	85.78	97.38	83.93	87.23	87.74
	Fine-tuned Inception_V3 Inception_V3	94.65	98.80	94.57	94.73	94.85
	Fine-tuned DenseNet121	DenseNet121	97.09	99.61	97.06	97.13	97.51
	Fine-tuned VGG19	VGG19	97.67	99.80	97.45	97.80	98.25