Related work:
1-Advanced convolutional neural network with attention mechanism to advance Alzheimer disease (AD) classification
 During recent years, there has been a noticeable development in using deep learning techniques to better increase accuracy, enabling us to diagnose and identify Alzheimer's disease, which primarily relies on neuroimaging dataAmong these advancements, models based on Convolutional Neural Networks (CNNs) that utilize Attention Mechanisms have emerged, due to their high capability in identifying subtle patterns associated with the advanced stages of the disease.
In this direction, one study presented an advanced CNN model integrated with an attention mechanism, aiming to enhance the model's ability to focus on the brain regions most affected by the disease.
Researchers may present an advanced architectural design for a CNN network specifically designed to be able to analyze structural MRI images, where the attention mechanism is introduced to the model by identifying and highlighting the regions most associated with and exposed to Alzheimer's disease, such as the Hippocampus and the temporal lobe. This selective focus helps in identifying and extracting clearer features compared to traditional models that used to treat all parts of the image in the same way.And by using the ADNI database, which contains T1-weighted MRI images for patients in normal, MCI, and Alzheimer's conditions, the proposed model was able to prove a clear and noticeable superiority over common models like VGG16, ResNet, AlexNet, and Inception. As this model was able to achieve clearly higher accuracy, in addition to improvement in sensitivity and its ability to distinguish and differentiate between the different stages of the disease. The results show that integrating attention mechanisms within CNNs provides a more robust and clinically relevant approach for detecting Alzheimer's, especially when dealing with very subtle differences in brain structure that may not appear in traditional models.
This study confirms the increasing importance of attention-based models in neuroimaging classification tasks, and provides strong evidence of the ability of these hybrid models to improve early detection and accurate diagnosis in Alzheimer's research.

Model name :
Advanced Convolutional Neural Network with Attention Mechanism
  Attention-based CNN model
  CNN + Attention Mechanism architecture
  Enhanced CNN classifier with attention



Dataset Used
The paper uses the ADNI Dataset
(Alzheimer’s Disease Neuroimaging Initiative)
Specifically:
Structural MRI images (T1-weighted)
The dataset includes the following classes:
CN (Cognitively Normal)
MCI (Mild Cognitive Impairment)
AD (Alzheimer’s Disease)

Results:
The paper achieved excellent results due to the integration of the Attention mechanism within the CNN model.
Accuracy: between 97% – 99%
(higher than all previous models)
Sensitivity: very high (around 98–99%)
Specificity: also very high (97–99%)
The proposed model outperformed:
VGG16
ResNet
AlexNet
Inception
In conclusion:
💡 Incorporating the Attention mechanism significantly improved the model’s accuracy and classification performance compared to traditional CNN architectures.





2- Multi-label classification of Alzheimer’s disease stages from resting-state

A number of recent studies have relied on analyzing brain data derived from functional imaging with the goal of improving the accuracy of diagnosing the different stages of Alzheimer’s disease. Based on this direction, one study introduced an innovative model that primarily depends on Multi-label Classification using resting-state fMRI data. This approach represents an important advancement compared to traditional classification methods, which assume that each patient belongs to only one category, even though the early stages of the disease may share similar neurological characteristics.
The model operates by processing the fMRI data through constructing functional connectivity matrices between different brain regions, and then utilizes layers that focus on and rely on the Attention Mechanism to identify the regions associated with neurological changes across disease stages. This mechanism enables the model to concentrate on more important patterns instead of processing functional signals in a fixed and uniform manner.
Using the ADNI dataset, which includes four classes—CN, EMCI, LMCI, and AD—the model demonstrated outstanding performance when compared to traditional methods such as SVM, RF, and simpler CNN and RNN architectures. The model achieved high accuracy and a strong F1-Score, particularly in distinguishing between closely related stages such as EMCI and LMCI, which supports the significance of multi-label classification as a more realistic approach for representing the progressive nature of Alzheimer’s disease.

Model:
Attention-based Multi-Label Deep Learning Model
Contain 
• Functional Connectivity Matrix Construction
(Building functional connectivity matrices from fMRI)
• Attention Mechanism Layers
(To focus on the most important brain regions)
• Deep Neural Network Architecture
(Deep network for processing features)
• Multi-Label Output Layer (Sigmoid)
(So the model can predict more than one label for the same patient)




 Dataset

The paper used:
ADNI Dataset (Alzheimer’s Disease Neuroimaging Initiative)
Data Type:
• Resting-State fMRI (rs-fMRI)
Classes (4 Classes):
• CN (Cognitive Normal)
• EMCI (Early Mild Cognitive Impairment)
• LMCI (Late Mild Cognitive Impairment)
• AD (Alzheimer’s Disease)
 Results
The model achieved very strong results compared to previous models:
Accuracy:
Between 85% and 95% depending on the category.
F1-Score:
Especially high in:
• EMCI
• LMCI (the most difficult stage for differentiation)
The model outperformed:
• SVM
• RF (Random Forest)
• Traditional CNN
• Simple RNN
Result
The paper proved that:
Attention + Multi-Label Learning
significantly improves the detection of Alzheimer's stages, especially the closely related stages that are difficult to distinguish.

3-Machine_Learning_and_Deep_Learning_Approaches_for_Brain_Disease_Diagnosis_Principles_and_Recent_Advances 
Deep learning has shown significant and noticeable progress in the diagnosis of Alzheimer’s disease through the analysis of brain imaging data. Studies have indicated that traditional machine learning methods such as SVM, Random Forest, and LDA were able to provide acceptable results in distinguishing patients from healthy individuals. However, these methods faced clear limitations, the most important of which is their reliance on manually extracted features and their inability to capture the subtle patterns that can distinguish the early stages of Alzheimer’s disease.
With the emergence of deep learning, models such as CNN, 3D-CNN, and Autoencoders began to demonstrate a higher capability in analyzing MRI and fMRI images and in automatically extracting more complex features. This has led to a significant improvement in diagnostic performance. One of the recent research directions discussed in the paper is the importance of analyzing functional connectivity derived from resting-state fMRI data, which helps in understanding the relationships between different brain regions and in detecting early disruptions that occur in the neural networks associated with the disease.
Recent studies also focused on the use of Graph Convolutional Networks (GCNs) to represent the brain as an interconnected network, which allows the model to analyze the deterioration occurring in neural connections with greater accuracy. Attention Mechanism models have also proven their ability to improve the discrimination between closely related stages such as EMCI and LMCI, by enabling the model to focus on the more important regions of the brain instead of processing the entire image equally.
The paper explains that the ADNI database is widely used in research related to Alzheimer’s diagnosis due to its availability of MRI, fMRI, PET, and diverse clinical data. The review also shows that the performance of modern models ranges between 85% and 99%, with clear superiority for models that combine deep learning, functional connectivity analysis, and attention mechanisms, giving them greater ability for early disease detection and accurate stage differentiation.

Model
The paper does not introduce a single experimental model; instead, it reviews a wide range of machine learning and deep learning techniques that have been applied to Alzheimer’s disease diagnosis. The study highlights the evolution from traditional machine learning methods—such as SVM, Random Forest, and LDA—to more advanced deep learning approaches.
According to the paper, the most effective and widely used models today include Convolutional Neural Networks (CNNs), 3D-CNN architectures, Autoencoders, Graph Convolutional Networks (GCNs), and deep learning models enhanced with attention mechanisms.
The review also emphasizes the growing interest in combining deep learning with functional connectivity features extracted from resting-state fMRI, as this approach has shown strong potential in capturing early neural disruptions associated with Alzheimer’s disease.
Dataset
The review highlights that the ADNI (Alzheimer’s Disease Neuroimaging Initiative) dataset is the most commonly used benchmark across the studies it analyzed.
ADNI provides a rich collection of:
· Structural MRI
· Resting-state fMRI
· PET scans
· Clinical assessments and cognitive scores
The paper also mentions other datasets such as OASIS and AIBL, but emphasizes that ADNI remains the primary source due to its size, diversity, and high-quality imaging data.

Results
Since this is a review paper, the results represent a summary of findings across many studies rather than a single model’s performance. Overall, the paper reports that:
· Traditional machine learning methods generally achieve accuracy levels between 70% and 85%, but struggle to detect early-stage Alzheimer’s due to their dependence on manually engineered features.
· Deep learning models show a clear improvement, with reported accuracies ranging from 85% up to 99%, depending on the imaging modality and task.
· Studies that integrate functional connectivity analysis with deep learning—particularly using resting-state fMRI—tend to outperform models based solely on structural MRI.
· Models that incorporate attention mechanisms or use GCNs consistently achieve stronger performance, especially when distinguishing between closely related stages such as EMCI and LMCI.
The review concludes that combining deep learning with connectivity-based features and attention mechanisms represents the most promising direction for achieving accurate and early Alzheimer’s disease classification.



4-Residual-Based Multi-Stage Deep Learning Framework for Computer-Aided Alzheimer’s Disease Detection

This paper is considered one of the studies that discussed Alzheimer’s disease diagnosis using deep learning techniques. It presented an advanced approach based on a Residual-Based Multi-Stage Deep Learning Framework that aims to improve the ability to distinguish between the different stages of the disease. Unlike traditional models that focused mainly on binary classification between healthy individuals and Alzheimer’s patients, this work emphasized building a model capable of handling multi-stage classification, including CN, EMCI, LMCI, and AD—an especially challenging task due to the strong similarities between the early stages.
The study relied on a deep architecture based on Residual Learning, a technique used to make training deep networks easier while enhancing their ability to capture fine and subtle features within brain images. The model used MRI scans from the ADNI dataset and extracted features through advanced convolutional layers (Residual Blocks), followed by improved Fully Connected layers with Fine-Tuning to better capture the small differences between the various stages.
The results of the paper showed a clear superiority of the proposed model compared to traditional methods such as SVM and simple CNN architectures, particularly in distinguishing closely related stages like EMCI and LMCI. The study confirmed that using a deep architecture based on Residual Learning plays an effective role in reducing classification errors and improving overall diagnostic performance, which highlights the importance of this approach in building accurate computer-aided diagnostic systems based on brain imaging.
Model
The study introduced a Residual-Based Multi-Stage Deep Learning Framework designed specifically for classifying different stages of Alzheimer’s disease.
The model is built using:
· Residual Learning (Residual Blocks)
– Similar to the concept used in ResNet
– Helps the network learn deeper features without gradient degradation
· Convolutional Layers for feature extraction from MRI images
· Fully Connected Layers for final classification
· Fine-Tuning to enhance sensitivity to subtle differences between disease stages
· Multi-Stage Classification, covering four classes:
· CN (Cognitively Normal)
· EMCI (Early Mild Cognitive Impairment)
· LMCI (Late Mild Cognitive Impairment)
· AD (Alzheimer’s Disease)
The model was designed to capture very subtle structural changes in the brain, especially in the early phases of MCI.
 Dataset
The paper used the ADNI (Alzheimer’s Disease Neuroimaging Initiative) dataset, which is one of the most widely used and reliable datasets for Alzheimer’s research.
The study specifically used:
· Structural MRI (T1-weighted)
· Four major classes:
· CN
· EMCI
· LMCI
· AD
ADNI provides high-quality imaging data suitable for deep learning experiments.
 Results
The proposed model achieved strong and notable performance. The key findings include:
· Outperformed traditional methods such as SVM and simple CNN architectures
· High accuracy in distinguishing between all four stages
· Significant improvement in differentiating closely related stages, particularly EMCI vs LMCI
· Reduced classification errors due to the use of Residual Learning
· Demonstrated more stable and reliable results compared to previous approaches
Even though the paper did not mention a fixed accuracy percentage, it clearly showed that the proposed framework consistently outperformed all baseline models used for comparison.
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