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Abstract: Alzheimer’s disease (AD) serves as a rising global health concern further complicated
by current limitations early diagnostic accuracy using standard imaging methods. This proposal
will investigate an enhanced ensemble deep learning framework that integrates U-Net medical
image segmentation capacity to Graph Attention Networks in order to improve the diagnosis of
varying levels of Alzheimer’s disease from MRI scans. U-Net allows for the extraction of spatial
compressions and urges the GAT to accurate measure fluctuations potently stated through
relational connections between areas of the brain in order to measure and assess the change of the
structural and relational occurrences in the progression of Alzheimer’s disease. The simulation
of the proposed study will use the OASIS-1 benchmark dataset, which includes 86,000 MRI
scans from patients with varying levels of dementia. The simulation study will also deploy data
augmentation strategies to mitigate the class imbalance specific to the dataset. Sequentially,
the proposed combined study will focus on improving the recognition rate in segmented data
compared to more traditional forms of convolutional learning. The experiments in this study will
yield remarkable performance results incorporating an accuracy of 96%, which will outperform
standards and current models accounting for CNN, VGG19, EfficientNet, and those developed
by Vision Transformer. The simulation of this proposed study will provide spatial and relational
learning processes to further improve the performance of the diagnosis and classification of the
stages of Alzheimer’s disease as early on as possible.
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1. Introduction

The public health community regards Alzheimer’s disease (AD) as a significant problem
because it affects numerous individuals in an aging world. Alzheimer’s disease (Ishtiaq et al.,
2025) develops through persistent stages that harm brain capacity and personal identity, thus
affecting individuals at various levels. The economic costs of AD continue to rise as health-
care facilities worldwide struggle to manage increasing patient numbers. Traditional diagnostic
methods delay detection too long because they identify the disease after substantial neurological
damage develops (Udayaraju and Jeyanthi, 2024). The existing diagnostic shortfall underscores
the need for greater precision and speed in detection approaches.

Neurological disorders receive a new level of understanding thanks to brain structure anal-
ysis using medical imaging that requires no invasive procedures. Modern MRI (Z. Li et al.,
2024) techniques excel at distinguishing neurological changes in brain structure and function
related to AD progression. Such innovative imaging systems detect minute anatomical and den-
sity modifications and changes in neural connection pathways (Rehman, 2023; Lee et al., 2020).
A significant challenge arises from the labor-intensive manual analytical process. That process
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leads to inconsistent results across observers, requiring advanced, standardised analysis methods
(Manjupriya and Leema, 2025).

Deep learning has emerged as a powerful tool in medical imaging (Aliyu et al., 2025),
enabling automated, highly accurate image analysis. CNNs and U-Net-based architectures
(Aborokbah, 2024) have become widely used in medical imaging applications for segmenta-
tion, disease detection, and classification processes. Using these models allows the identification
of essential biomarkers of AD by detecting structural and spatial patterns in brain images (Khan
et al., 2023). GANs enable the synthesis of missing imaging modalities to improve diagnostic
models. The clinical uses of these models remain constrained by ongoing data heterogeneity,
unbalanced class distributions, and the need for high-quality annotation datasets (Mohammed
et al., 2025).

The diagnostic process for Alzheimer’s Disease (AD) (Bootun et al., 2025) increasingly in-
corporates the use of deep learning models for brain MRI segmentation and classification. The
research community has established the efficacy of Mask R-CNN, for example, in segmenting
MRI images, and of U-Net specifically for semantic segmentation. When using U-Net methods,
splitting images into patches provides the added advantage of maintaining spatial information
which contributes to improved segmentation of thematic areas of the brainsuch as the hip-
pocampus and claustrum (Helaly et al., 2022; Zhang et al., 2022). When used in the context of
AD classifiers, deep learning tools such as Graph Neural Networks or Multi-Layer Perceptron
achieve impressive levels of accuracy. Better reliability in early-stage diagnosis has also been
accomplished through the combination of different imaging modalities with careful application
towards data integration. Recent developments demonstrate how deep learning can positively
affect early diagnosis of Alzheimer disease and also tracking the disease to produce more effective
and individually tailored plan of treatment for the AD patient (Bootun et al., 2025; Ali, 2025).

In the proposed study, authors introduce an innovative ensemble architecture merging U-
Net’s precise medical image segmentation capabilities with Graph Attention Networks’. To
enhance the effectiveness of identifying the structural relationship between segmented regions.
The integration of proposed methods improves early stage detection by extracting spatial in-
formation. The proposed study identifies features of relational patterns from MRI brain scans,
including attention features (Ali, 2025). The proposed study evaluates the OASIS benchmark
datasets while developing an automated method for advanced AD diagnosis and precise as-
sessment of its stages. Proposed model Improves AD recognition with optimized computation
compare to SOTA deep learning models.

The proposed study uses U-GAT, which performs down- and up-sampling on the brain
graph to capture local microconnectivity and global macroscopic patterns, thereby improving
sensitivity to early AD changes. A recent study uses only the up-and-down cycle of the U-
Net architecture, while the proposed study ensembles it with a graph attention network to
enhance Alzheimer’s disease detection. Integrating Graph network boosting into medical Image
Segmentation.

2. Literature Review

The U-GAT model was developed by Firdos et al., 2024, combining CNNs with Graph At-
tention Networks for neuronal cell segmentation across 606 microscopic images. U-GAT demon-
strated superior performance compared to individual CNN networks and U-Net, SegResNet, and
SegNet VGG16, achieving 86.5% accuracy and a 0.719 F1 score. Ayub et al., 2024 proposed MRI
segmentation analysis for AD diagnosis, with the U-Net achieving better results (Dice Similarity
Coefficient [DSC] = 0.95) than the Autoencoder (0.92) and EfficientNet (0.93). Duarte et al.,
2024 designed a 2.5D U-Net CNN featuring VGG16/VGG19 components in its architecture. It
efficiently segments white-matter hyperintensities in FLAIR MRI scans, achieving F-measure
values exceeding 95% in a study of 186 subjects.

Hazarika et al., 2022 proposed a modified U-Net that achieved improved accuracy of 96.5%
by using kernels of different sizes (1×1, 3×3, 5×5), while maintaining higher performance than
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the baseline U-Net at 93.6%. PCcS-RAU-Net was proposed by authors (Chandra et al., 2023)
proposed, producing superior segmentation results on ABIDE Corpus Callosum scans, reaching
97.10% DSC and 94.43% MIoU.

An ensemble architecture for the UGGNet model was proposed by (Minh et al., 2024),
merged elements from U-Net and VGG structures for breast ultrasound picture analysis. It
showcased a classification success rate of 78.2% using the Breast Ultrasound Images Dataset.
Author (Kalluvila, 2023) introduced MRI-Net as a U-Net-based solution that aims to upgrade
low-resolution brain MRI images. The model performed better than state-of-the-art equivalents
at measuring PSNR using a 3×3 downsampling index.

Authors (Praschl et al., 2023) proposed the application of 3D U-Net for vessel segmentation
on murine brain MRI scans. The released model demanded only eight labelled scans as its input
to deliver a 61.34% Dice score, better than traditional vesselness filters. Authors (Xun et al.,
2024) proposed residual grouped convolutions with attention modules and bilinear upsampling
features to U-Net. The model achieved a 97.58% Dice score, a 12.44% improvement over the
traditional U-Net.

An ensemble model with combined framework merging Conditional Attention U-Net for
MRI segmentation with Ant Colony Optimization for functional element extraction by (Hasan
and Wagler, 2024). The diagnostic accuracy of this approach achieved a 92% success rate, which
outperformed standard methods by 7%. Pandey et al., 2024 applied deep learning to the ADNI
and OASIS datasets for the detection of Alzheimer’s disease and MCI. The results showed that
ResNet-101 achieved 98.21% success rate on ADNI data and 97.45% on OASIS data, indicating
promising clinical implementation potential.

Multi-level 3D U-Net framework to enhance hippocampus segmentation proposed by (X.
Sun and Huo, 2022). The model delivered better results for identifying patients with Alzheimer’s
disease. A deep learning framework developed by (M. Li et al., 2024) based on multi-modality
data, which improved dMRI scan imputation through significant enhancements. The framework
reached p < 1E-5 for imputation results and p < 0.01 for tractography improvements, enabling
analysis of neurodegenerative disease.

A multi-model architecture proposed by (Kamal and Nimmy, 2024) for Alzheimer’s detec-
tion through U-Net segmentation of MRIs together with ViT and BERT transformers. The
developed system achieved 86% accuracy through the use of Explainable AI mechanisms, in-
cluding LIME and LRP for interpretability purposes. Kumari et al., 2024 tested four deep
learning models, including CNN and VGG16 among them. VGG16 exhibited superior detection
accuracy with the highest AUC-ROC value, but UGNet with gating gates demonstrated better
performance for intricate medical tasks.

Yoon et al., 2021 established a deep learning model that automatically counted A deposits
in rodent-based models. When using the U-Net algorithm for anatomical segmentation, they
attained an accuracy level of 83.98% with a Dice coefficient of 91.21%, which allowed exact
plaque measurement within specific anatomical areas. Xie et al., 2024 proposed the models
based on U-Net. The study successfully detected micro-haemorrhages on GRE MRI and ARIA-
like hyperintensities on FLAIR MRI, with ROC AUC of 0.93 and a Dice coefficient of 0.76.

Recurrent convolution based Mask R-CNN used for hippocampal region instance segmenta-
tion in MRIs. The study achieved 92.67% diagnostic accuracy without requiring any preprocess-
ing steps. A study proposed by Chen et al., 2024 generated FDG-PET images from MRI-T1WI
to assist AD classification by creating a U-Net-based GAN. The research linked this method to a
GNN-based classifier, achieving 90.18% accuracy with data fusion, thereby improving diagnostic
results.

The authors proposed the AM-UNet for a 3D segmentation model for MRI images (Albishri
et al., 2022). The model exceeded previous techniques, achieving 82% Dice score, 70% IoU score,
and 90% ICC score. Authors have implemented a study using the U-Net model as a patch-wise
network for brain MRI segmentation, focusing on preserving local information throughout the
process (Lee et al., 2020). The proposed model achieved a Dice similarity coefficient of 0.93,
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which was better than the traditional U-Net and SegNet by 3% and 10%, respectively.

2.1 Findings of literature analysis

Researchers have previously utilized convolution modes such as VGG16 and DenseNet, vari-
ents of CNNs, with transfer learning methods to detect AD from MRIs (Karimi et al., 2025).
Many authors have also used an ensemble approach combining CNNs with the SOTA UNET
model to improve segmentation performance (Nugroho et al., 2023). The U-Net family, along
with its Attention U-Net variants, remains the predominant choice for critical brain region iden-
tification in segmentation tasks. The detection procedures incorporate 3D CNNs for volumetric
analysis as well as combinations of CNNs with SVM and transformer-based models. The main
objective of these studies was to enhance accuracy, improve ROI precision, and address class
imbalance.

3. Proposed Methodology

Proposed Study uses an ensemble approach to improve AD detection performance at possi-
ble early stages. An ensemble approach helps identify complex features through different model
learning (Vaiyapuri and Sbai, 2025). Proposed study uses UNET and a Graph attention network
to improve segmentation performance, along with classification, to detect the possible class of
Alzheimer’s infection.

3.1 U-Net

The proposed architecture contains an encoder-decoder structure with skip connections.
The encoder (or downsampling path) consists of multiple convolutional layers followed by pool-
ing layers that extract high-level feature representations while gradually reducing the spatial
resolution. The decoder (or upsampling path) reconstructs the image’s spatial shape via trans-
posed convolutions or upsampling layers (Liu et al., 2022). Skip connections directly connect
the encoder layers to their decoder counterparts. The convolution operations in the encoder
apply a filter Wi on the input X to compute feature maps Ei followed by a non-linear activation
function f as formulated in equation (1):

Ei = f(Wi ∗ X + bi) (1)

where f denotes the activation function, and * denotes convolution. These hierarchical fea-
tures provide critical information for detecting subtle signs of conditions, including Alzheimer’s
disease (N. Sun et al., 2024). The feature maps are upsampled in the decoder, and details from
the matching encoder layer are concatenated through the skip connection, as shown in Figure
1. This reveals the original spatial resolution in this case. The output layer computes class
probabilities using a softmax layer to predict probabilities across each class as in equation (2):

P (y | X) = ezj∑
k ezk

(2)

3.2 Graph Attention Network

GAT implements an attention model enabling neighbour nodes to identify meaningful con-
nections with other neighbours. It helps direct the network to learn long-range dependencies
suitable for MRI scan data with distant but correlated spatial patterns (Araújo et al., 2022).

The attention mechanism created by vi with representation hi develops weights that connect
to each of its adjacent nodes. A shared attention mechanism produces attention coefficients
through the following representation, as in equation (3).
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Figure 1 Architecture of the proposed U-Net model for Alzheimer’s detection

αij =
exp

(
LeakyReLU

(
aT [Whi ∥ Whj ]

))
∑

k∈N (i) exp(LeakyReLU(aT [Whi ∥ Whk])) (3)

Here, W is a weight matrix, a is the attention vector, and ∥ denotes concatenation. The
attention scores aij determine the importance of neighbouring nodes when updating the fea-
ture representation of node vi. The node feature representation is updated via aggregation of
neighboring nodes’ features, with the corresponding attention scores calculated as in equation
(4) (Z. Li et al., 2024),

αij =
exp

(
LeakyReLU

(
aT [Whi ∥ Whj ]

))
∑

k∈N (i) exp(LeakyReLU(aT [Whi ∥ Whk])) (4)

where σ(·) is a non-linear activation function (ReLU). This enables the model to dynamically
adjust its focus on the most relevant neighbouring regions, improving its ability to capture
complex patterns in the data.

3.3 Ensemble U-Net with GAT

The proposed study presents an ensemble aggregation by averaging the predictive outcomes
of the U-Net and Graph Attention Network (GAT) models, which were trained independently.
The technique merges spatial information from the U-Net with contextual knowledge from the
GAT model, thereby improving classification resilience. The synergy between the U-Net and
GAT architectures enables better overall feature extraction. It is due to U-Net maintaining
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the spatial information refinement and GAT establishing effective connections across regions of
interest (Al-Selwi et al., 2023; Abunadi, 2022).

The output probability distribution from U-Net is denoted as ŶU , while GAT produces ŶG.
Each model derives its distribution output via a softmax operation applied to its final-stage
features to produce probability scores normalised across target classes (Orouskhani et al., 2022).
This is demonstrated in equation (5) (Gajjar et al., 2025),

ŶU = Softmax(zU ), ŶG = Softmax(zG) (5)

Where zU and zG are the final logits produced by the U-Net and GAT branches. The
ensemble prediction Ŷ is computed by performing an element-wise average over the two predicted
distributions as in equation (6),

Ŷ = 1
2

(
ŶU + ŶG

)
(6)

This aggregated probability vector is then used to assign a class label ŷ determined by
selecting the class c, with the highest average probability (Kothadiya et al., 2025) equation (7),

ŷ = arg max
c

Ŷc (7)

This ensemble mechanism enhances robustness by reducing model-specific biases and sta-
bilizing predictions across varying input conditions.

Figure 2 Architecture of the proposed U-GAT model for Alzheimer’s detection
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By leveraging the local-level representation provided by U-Net and the long-range depen-
dencies of a GAT, the model can effectively detect subtle local abnormalities (Ebrahimi et al.,
2021). The model can also identify global changes in the brain’s structural features in MRI
scans. The model offers great improvements in performance when identifying early signs of
Alzheimer’s disease.

4. Dataset Analysis

The simulation of the study uses the Open Access Series of Imaging Studies (OASIS)
dataset. The OASIS dataset is a reputable neuroimaging dataset designed for studies on
Alzheimer’s disease. The dataset contains T1-weighted MRI scans of individuals at different
stages of cognitive decline. The dataset comprises brain MRI scans labelled as Non-Demented,
Very Mild Dementia, Mild Dementia, and Moderate Dementia, enabling robust classification of
Alzheimer’s disease states. Figure 3 shows images with different disease specifications.

Each image is pre-processed to ensure consistent orientation and resolution. The dataset
is exceptionally helpful to the research community because it contains healthy control subjects
alongside subjects with varying levels of dementia. This is a useful benchmark for investigations
into deep learning and machine learning applications in medical imaging.

Figure 3 Sample of OASIS dataset used in the simulation

The dataset (Table 1) exhibited substantial class imbalance, with Non-Demented comprising
over 67,200 images while Moderate Demented contained fewer than 500 samples. The Very Mild
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Demented and Mild Demented categories included roughly 13,700 and 5,000 images, respectively.
This imbalance risked biasing proposed model toward the majority class and reducing sensitivity
to minority classes, showcasing a critical concern in dementia diagnosis.

Authors have also used data augmentation to improve the representation of minority classes.
The augmentation algorithm applied random rotations up to 20 degrees, modified width and
height by 20 per cent, applied zoom operations by 20 per cent, and used shearing and horizontal
flipping. Multiple carefully chosen modifications were applied to brain MRI scans to create real-
istic variations that maintained all significant anatomical features (Shukla et al., 2023). Through
this approach, training classes became more balanced. This led to better model generalisation
and fair classification across all diagnostic categories.

Table 1 Properties of the dataset used in the simulation of the proposed study

Class Name Approx. Average Resolution Approx. Number of Images
NonDemented 176×208×176 67,200+

VeryMildDemented 176×208×176 13,700+
MildDemented 176×208×176 5,000+

ModerateDemented 176×208×176 500+

The labels in the dataset were based on clinical dementia ratings (CDR), a standardised
tool used to measure cognitive impairment. All of the images in the dataset are anonymized
and publicly available, to assured that the research activity is ethically compliant.

5. Result and Analysis

The simulation of the proposed methodology uses a system with a Core i7 processor, a
GeForce RTX 3080 GPU, and 32 GB of RAM. TensorFlow and the Keras library of Python
were used to implement the model. The simulation study includes comprehensive experiments
to evaluate the effectiveness of the proposed UNet + GAT model. Study finds benchmarked
its performance against several established models, including CNN, VGG19, EfficientNet +
ViT, Multi-UNet, and a UNet variant with spatial attention. The evaluation process employed
Accuracy and Precision, Recall, and F1-score as essential metrics. The summary of these results
is presented in Table 2.

Table 2 Comparative study for Alzheimer’s detection

Model Accuracy Precision recall F1 score
U-Net + GAT 0.96 0.95 0.96 0.96

U-Net with attention 0.64 0.63 0.64 0.64
CNN 0.94 0.93 0.95 0.94

Multi U-Net 0.75 0.64 0.60 0.62
Efficient net + Vit 0.78 0.60 0.78 0.68

VGG19 0.89 0.85 0.89 0.87

Among all tested models, UNet + GAT consistently outperformed others across all eval-
uation metrics. This model achieved exceptional accuracy of 96% across accuracy, recall, and
F1-score. This reflects its superior ability to precisely identify samples and to effectively present
spatial characteristics from input data. The graph attention layers show essential importance
because they maintain exceptional capabilities to detect spatial dependencies between regions,
which standard convolution approaches can’t able to manage. Table 3 demonstrates the com-
parative analysis over the hyperparameters to find best values for the training.
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Table 3 Comparative analysis with different parameters for Alzheimer’s detection on OASIS
dataset

Learning Rate Dropout Accuracy F1 Score
0.01 0.3 0.91 0.91

0.5 0.95 0.94
0.001 0.3 0.94 0.94

0.5 0.96 0.96

Studies demonstrated that CNNs and VGG19 achieved effective results, yielding F1-scores
of 0.94 and 0.87, respectively, indicating that deep convolutional structures are powerful for
visual processing. The performance limitations of these methods stem from their limited abil-
ity to recognise spatial connections compared to the proposed architecture. Interestingly, the
Efficient-Net + ViT combination, despite incorporating a transformer-based architecture, pro-
duced moderate results (F1-score: 0.68). Thus, suggesting that while ViT is powerful, its
benefits may not be fully realised without large-scale data or extensive fine-tuning (Kothadiya
et al., 2023). Table 4 demonstrates the effectiveness of different ensemble techniques such as
voting an averaging for features. proposed ensemble model has achieved remarkable accuracy
of 0.96 for AD detection.

Table 4 Comparative analysis with different ensemble methods for Alzheimer’s detection

Model Voting Averaging
UNet + CNN 0.89 0.94

UNet + VGG19 0.90 0.91
UNet + Encoder 0.65 0.64
UNet + GAT 0.94 0.96

A surprising result showed that the UNet with Attention variant achieved the worst F1 Score
of 0.64. Proving that implementing spatial attention alone fails to provide sufficient performance
in this application. Simple Multi-UNet ensemble methods performed poorly, with an F1-score of
0.62. This demonstrates that basic output ensemble systems do not bring extra benefits unless
their models have distinct analytical capabilities.

The proposed ensemble model is evaluated using a confusion matrix, which shows model
performance across four dementia categories (Figure 4). Assessment of the Non-Demented con-
ditions shows that the ensemble model achieves high accuracy, classifying 13,405 samples with
precision. True positive results for Very Mild Dementia reach 2,199 cases, but the model occa-
sionally confuses them with Non-Demented participants. The model poses a greater challenge in
correctly identifying Mild and Moderate Dementia cases, as it mistakenly assigns them to simi-
lar neighboring groups. It is likely due to class imbalance or vague diagnostic criteria between
classifications.

The accuracy and loss evaluation during training and validation appear in Figure 5 for
the proposed models. The U-Net achieves gradual accuracy improvements together with loss
reduction throughout training because it demonstrates consistent convergence. The GAT model
exhibits regular improvements throughout iterations while preserving minimal validation loss,
indicating excellent generalization strengths. Proposed models’ training patterns support select-
ing architectural design elements combined within the ensemble framework. This shows promise
for adding more information or processing steps to separate dementia stages with similar char-
acteristics.
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Figure 4 Confusion matrix of the proposed ensemble model

Figure 5 Performance matrices of the proposed U-GAT architecture

The effectiveness of proposed models required hyperparameters optimization according to
Table 5. The Adam optimizer performed best because it demonstrated faster convergence and
better generalization than the SGD and RMSprop algorithms. Simulation setup uses early stop-
ping criteria to find the best training time, which operated at 20 epochs. The final configurations
for dense layer sizes in GAT nsemand U-Net modules (256 and 128, respectively) and the use of
simple averaging in ensemble models were determined empirically.

Findings of the study provide compelling evidence that combining graph-based learning
approaches, specifically Graph Attention Networks (GAT), with convolutional architectures,
such as UNet, yields substantial performance improvements. This combined approach enables
the algorithm to leverage CNN spatial analysis strengths. This method also leverages GAT’s
structural capabilities to create an exceptional solution that merges top accuracy with effective
generalization. Community health research demonstrates that graph neural networks produce
compelling evidence to utilize these systems for segmentation and classification tasks that require
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spatial structural relationships to achieve accurate results. Proposed study helps to find AD in
early stage with advance feature learning of proposed ensemble framework, that helps to save
life and prevent other health issues.

Table 5 Properties of the dataset used in the simulation of the proposed study

Model Tuning Range Value
Optimiser Adam, SGD, RMSprop Adam

Epochs 10-30 20
Dropout Rate 0.3-0.6 0.5

Loss Function Categorical cross-entropy, Sparse
categorical cross-entropy Categorical cross-entropy

Activation Function Relu, tanh, swish(for hidden
layers) Relu(for hidden layers)

Softmax(for output layer) Softmax(for output layer)
Dense Layer Size(GAT) 128-512 256

Ensemble Method Averaging, voting, stacking Simple averaging

Table 6 Comparative study with SOTA diseases detection model

Model Accuracy F1 Value
3D CNN 0.81 0.81
UNET 0.85 0.86

Ensemble Approach
UNET + Attention 0.64 0.66

UNET + CNN 0.94 0.94
UNET + VGG19 0.91 0.93

UNET + ResNET50 0.88 0.90
Proposed(U-GAT) 0.96 0.96

Experimental study also expands the comparisons with SOTA segmentation model and
ensemble approach for the segmentation. Table 6 demonstrates the comparative analysis with
proposed ensemble approach. Feature averaging approach finds more appropriate compare to
singular learning network 3D-CNN and UNET core model. Proposed study also compare with
other ensemble approach to find effectiveness of proposed novel graph attention network.

6. Conclusions

Alzheimer is one of the deadliest disease of the globe. Identification of such diseases in the
early stage may saves many lives. Many research and deep learning model has been introducing
to detect the disease, still accurate and early detect with limited symptoms. Convolution and
encoder based approaches were mostly used for segmentation to Identify Alzheimer disease. The
proposed study uses ensemble deep learning approach to enhance Alzheimer disease detection.
Simulation of study uses MRI scans as input source to detect the level of AD. simulation of
proposed study finds 96% of accuracy on benchmark OASIS dataset. Authors have also anal-
ysis the effective ness of SOTA deep leaning models and possible combinations approaches of
convolution studies. However, the graph based learning finds remarkable performance compare
to other convolution based models. UNET performed well for the data segmentation approach,
while proposed GAT with UNET finds comparative performance on unseen data compare to
other combination with UNET model. Future research may explore integrating cognitive scores
or PET scans to enrich prediction accuracy and clinical relevance.
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