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Abstract: Early detection of Alzheimer’s disease (AD) is essential for improving patient care and slowing disease
progression. Recent studies have exposed that retinal imaging methods like Optical Coherence Tomography (OCT) and
Optical Coherence Tomography Angiography (OCTA) can reveal structural and vascular changes related with
neurodegeneration. In this work, we propose a multimodal deep learning framework for early Alzheimer’s prediction
using retinal OCT/OCTA images, retinal vessel graphs, and clinical biomarkers.

In this work, we propose a model for analysis of retinal vascular connectivity patterns by combining Vision Transformers
(ViT), Swin Transformers and RETFound-based retinal feature extraction with Graph Convolution Networks (GCN) and
Graph Attention Networks (GAT). We employ a multimodal fusion to combine clinical features like age, MMSE score,
and APOE genotype to better predict the progression of Mild Cognitive Impairment (MCI) to Alzheimer’s disease. The
effectiveness of the proposed framework is demonstrated in experiments on OCTA-500, Duke OCT and ADNI retinal
datasets. The model achieved accuracy, F1-score and ROC-AUC of 95.2%, 95.1% and 0.97 respectively, outperforming
the conventional CNN based methods. These results indicate the multimodal retinal analysis with transformer and graph-
based learning is a promising non-invasive approach for early Alzheimer’s screening and diagnosis.
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Introduction

AD is one of the most serious and fast-growing
neurodegenerative diseases in the elderly population
worldwide. It damages memory, thinking ability and
cognitive function gradually and finally it affects a
person’s daily life and independence. According to
global health reports, the number of people living with
Alzheimer’s disease is increasing every year due to
increasing life expectancy and aging populations [1].
Perhaps the biggest challenge in Alzheimer’s research is
that the pathological changes in the brain begin many
years before any visible symptoms are present [2].
Therefore, early diagnosis has become very important in
terms of slowing disease progression, improving patient
management and allowing timely medical intervention.
The main diagnostic tools for Alzheimer’s disease are
Magnetic Resonance Imaging (MRI), Positron Emission
Tomography (PET), cerebrospinal fluid analysis and
cognitive assessment tests [3]. Although these
techniques provide valuable information, they are often
expensive, invasive and difficult to use for large scale
screening programs [4]. Recently, researchers have
begun to explore retinal imaging as a non-invasive and
inexpensive alternative for early detection of
Alzheimer’s, due to the significant anatomical and
vascular similarities between the retina and the human
brain [5]. Because the retina is an extension of the

central nervous system, changes in the brain may be
reflected in the retinal structures and blood vessels.
Several clinical studies reported that patients with AD
and Mild Cognitive Impairment (MCI) had obvious
retinal abnormalities such as thinning of the retinal nerve
fiber layer (RNFL), ganglion cell degeneration,
decreased retinal blood flow and microvascular damage
[6]. Mild Cognitive Impairment (MCI) is believed an
intermediate  stage between normal aging and
Alzheimer’s disease, in which there exists cognitive
decline but not severe enough to interfere completely
with daily activities [10]. MCI stage individuals are
clinically important to detect as they provide an
opportunity for earlier treatment and disease monitoring
before irreversible neurodegeneration.

Optical Coherence Tomography (OCT) Optical
Coherence Tomography Angiography (OCTA) are
advanced retinal imaging technologies that are widely
used in ophthalmology for high-resolution visualization
of retinal structures and blood vessels [7]. OCT provides
cross-sectional structural information of the retinal
layers, while OCTA is able to visualize the detailed
microvascular networks of the retina without the need
for an invasive dye injection [8]. In the last few years,
these imaging modalities have been of great interest to
neurodegenerative disease research, because they allow
the detection of subtle retinal changes in ~ Alzheimer's
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disease [9]. Manual assessment of a large number of
retinal images is however labor intensive and requires a
lot of clinical experience. Hence, the need of automated
artificial intelligence based diagnostic system.

Deep learning has transformed medical image analysis
and classification by automatically extracting features
from medical images and automatically classifying
medical diseases [11]. CNNs are the most common deep
learning network architectures used in medical imaging
classification, segmentation and/or abnormality
detection. CNNs are good at learning local image
features, like edges, textures, and retinal patterns.
However, conventional CNN models are usually unable
to model long-range dependencies and global context
information in complex retinal images [12].
Furthermore, numerous works for Alzheimer's
prediction only utilize OCT structural images and
disregard the complementary vascular data from OCTA
images [13].

Distinct transformer-like structures, such as Vision
Transformers (ViT) and Swin Transformers, have
recently proven to be highly promising alternatives for
medical image analysis [14]. Unlike CNNs, Vision
Transformers divide an image into small patches and
apply self-attentions on these patches to acquire the
global dependencies across the entire image, which
allows them to capture the relationship between the
distal retinal regions and structural abnormalities better.
Swin Transformers build on this with hierarchical
shifted-window attention, that decreases computational
complexity without losing local or global image
features. Such features are very useful in retinal image
analysis and predicting the early stages of Alzheimer's
disease.

Structural abnormalities are not the only factors derived
from retinal blood vessel topology that are important for
neurovascular degeneration. It has been demonstrated
that Alzheimer's disease alters the connectivity,
tortuosity, branching pattern and density of vessels [16,
17]. These complex interactions between vessels are
difficult to model using the traditional image-based
approach. Graph Neural Networks (GNNs) are used to
analyze data with graph-like structures, such as the data
found in retinal vascular networks. These graphs are
directed and have nodes representing vessel bifurcation
points and directed edges representing vessel segments
[18]. Graph Convolution Networks (GCNs) learn
connectivity by aggregating information from
neighboring nodes and Graph Attention Networks
(GATSs) use attention to weight the importance of vessel
connections [19]. These network-based methods allow
for in-depth investigation of retinal vascular changes
that are associated with Alzheimer's disease.

One of the current big challenges in the detection of
Alzheimer's in the retina is the limited use of multimodal
information in current detection systems. Most studies
focus on imaging data only, and do not include clinical
biomarkers that have strong links to cognitive decline
and Alzheimer's progression: age, Mini-Mental State
Examination (MMSE) score and APOE genotype [20].
Combining retinal structural imaging, vascular topology,

and clinical metadata can greatly enhance prediction
accuracy and robustness.
This work introduces and demonstrates a novel
multimodal  deep-learning  approach  for early
Alzheimer's detection using retinal OCT/OCTA images,
retinal vessel graph analysis, and clinical biomarkers.
The framework combines Vision Transformers, Swin
Transformers and RETFound-based retinal foundation
models to extract detailed retinal features from OCT and
OCTA images. To model vessel connectivity and
microvascular degeneration, a Graph Convolution
Network and Graph Attention Network are used,
respectively, to analyse retinal vascular topology.
Multimodal feature fusion of clinical data (age, MMSE
score and APOE genotype) is used to improve prediction
of MCI progression to AD.
It is validated on multimodal retinal datasets like OCTA-
500, Duke OCT, and ADNI retinal datasets. Our
experimental results clearly show that the proposed
multimodal approach using transformer- and graph-
based models is superior to the traditional CNN-based
approaches. Our model performed with an accuracy of
95.2%, an F1 score of 95.1% and an ROC-AUC of 0.97
in predicting Alzheimer's. A multimodal fusion and
retinal vascular graph learning were incorporated into
the ablation study which showed increased accuracy in
disease prediction. The major aids of this research are
summarized below:

1. Development of a multimodal retinal DL framework
combining OCT, OCTA, retinal vessel graphs, and
clinical metadata.

2. Integration of Vision Transformers, Swin
Transformers, and RETFound retinal foundation
models for advanced retinal feature extraction.

3. Application of GCN and Graph Attention Networks
for retinal vascular topology analysis.

4. Prediction of Mild Cognitive Impairment
progression toward Alzheimer’s disease using
multimodal fusion learning.

5. Comprehensive ablation analysis demonstrating the
effectiveness of transformer-based and graph-based
learning for early Alzheimer’s detection.

Overall, this research highlights the potential of

combining retinal imaging and advanced artificial

intelligence techniques for developing scalable, non-
invasive, and clinically efficient screening systems for
early Alzheimer’s disease diagnosis.

Brief Explanation of Models

1. Convolutional Neural Network (CNN)

CNN is one of the basic models of deep learning that has
been used in image analysis. It is composed of
convolution layers, and Activation functions, pooling
layers, and fully connected layers. CNNs are able to
learn spatial features like CNNs can learn spatial
features like Extracting features such as edges, textures
and abnormalities of the retina directly from OCT
images. Medical imaging applications are extensively It
is used for tasks of disease classification and
segmentation. But CNNs typically are local receptive
fields. and can fail to recognize long range feature
dependencies.

IJDDT, Volumel6 Issue 56s,2026

Page: 1135



Early Alzheimer’s Detection from Retinal OCT/OCTA Using Vision Transformers and Retinal Vessel Graph Networks

2. Vision Transformer (ViT)

Vision Transformer is a transformer-based architecture
designed for image understanding. Instead of using
convolution operations, ViT divides an image into
smaller patches and treats each patch as a token
sequence similar to words in natural language
processing. Self-attention mechanisms are then applied
to capture global contextual relationships between
retinal regions.

3. Swin Transformer

Swin Transformer is an improved hierarchical version of
Vision Transformer. It uses shifted-window attention
mechanisms to reduce computational complexity while
preserving local and global image relationships. Swin
Transformers are highly effective for high-resolution
retinal imaging because they process images at multiple
scales.

4. RETFound

RETFound is a retinal foundation model pretrained on
large-scale retinal datasets using self-supervised
learning. It learns generalized retinal representations that
can later be fine-tuned for downstream tasks such as
Alzheimer’s prediction.

5. Graph Neural Network (GNN)

Graph Neural Networks are deep learning models
designed for graph-structured data. In retinal vessel
analysis, blood vessels can be represented as graphs
where:

o Nodes = vessel bifurcation points

o Edges = vessel connections

GNNs learn relational vascular information that
conventional CNNs cannot effectively capture.

6. Graph Convolution Network (GCN)
GCN is a type of GNN that performs convolution

operations directly on graph structures. It aggregates
neighboring node information to learn vessel
connectivity patterns.

Applications in this work:

e Vessel topology learning

e Retinal connectivity analysis

e Neurovascular degeneration modeling

7. Graph Attention Network (GAT)

GAT extends GCN using attention mechanisms. Instead
of treating all neighboring nodes equally, GAT assigns
adaptive importance weights to different vessel
connections.

8. Multimodal Fusion Learning

Fusion improves prediction accuracy because different
modalities provide complementary information about
Alzheimer’s pathology.

The fusion operation used in this work is:

F_{fusion}=[F {OCT}\oplus F _{OCTA}\oplus
F_{RETFound}\oplus F_{GCN}\oplusF_{GAT}\oplus
F_{clinical}]

Literature Review

With the recent breakthroughs in retinal imaging and
artificial intelligence, early detection of AD has been
greatly enhanced. Diverse deep learning and graph-
based methods have been investigated, such as retinal
OCT/OCTA images, retinal vascular analysis, and
multimodal clinical data. This section makes a
comparative literature study of the leading models for
Alzheimer's prediction, such as Convolutional Neural
Networks (CNNs), Vision Transformers (ViTs), Swin
Transformers, RETFound foundation models, Graph
Convolution Networks (GCNs), and Graph Attention
Networks (GATS).

Table I. Literature Review of CNN-Based Models

Ref. | Author & | Method Used Dataset Major Findings Limitations
Year

[13] | Cheung et | CNN for retinal Retinal OCT | CNN  successfully identified | Limited global
al., 2015 abnormality dataset retinal structural changes | feature learning

analysis associated with AD

[11] | LeCunetal., | Deep CNN | Medical CNN  improved automated | High computational

2015 architecture imaging medical image classification cost
datasets

[9] | Bulutetal., | CNN-based OCTA | OCTA retinal | Retinal
2018 analysis scans

vascular changes | Small sample size
correlated with AD severity

[6] | den Haanet
al., 2018

CNN retinal layer | OCT retinal | RNFL thinning linked with | Lack of multimodal
analysis scans cognitive decline integration

methods mainly focus on local image features and
generally fail to capture long-range dependencies and
vascular topology relationships.

Review Summary

CNN-based methods laid the foundation for automated
retinal AD by learning structural retinal anomalies
directly from OCT and OCTA images. However, these
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Table II. Literature Review of Vision Transformer (ViT)-Based Models

Ref. | Author & | Method Used Dataset Major Findings Limitations
Year
[21] | Dosovitskiy et | Vision Transformer | ImageNet ViT achieved superior | Requires large
al., 2021 (ViT) image representation | datasets
learning
[22] | Liuetal., 2021 | Transformer for | Retinal OCT | Better global contextual Computational
medical imaging images learning than CNNs complexity
[23] | Tang et al., | ViT for retinal disease | OCT retinal | Improved retinal disease Limited
2022 classification datasets prediction accuracy explainability
[24] | Zhou et al., Transformer retinal | Ophthalmic Enhanced feature | Dataset imbalance
2022 feature learning imaging datasets | extraction from retinal | issues
layers

Review Summary

Vision Transformers make known to global attention
techniques for retinal image investigation, enabling

Compared to CNNs, ViTs provide stronger contextual

better modeling of structural anomalies across the retina.

Table III. Literature Review of Swin Transformer-Based Models

thoughtful and improved performance in retinal disease
classification tasks.

Ref. | Author & | Method Used Dataset Major Findings Limitations
Year

[14] | Liuetal, Swin Transformer ImageNet Hierarchical feature | High memory
2021 extraction improved | usage

efficiency

[25] | Caoetal, Swin Transformer for OCT  retinal | Better —multiscale retinal | Limited vascular
2022 OCT analysis images feature learning analysis

[26] | Wang et al., | Swin-based medical | Medical image | Improved segmentation | Requires extensive
2022 segmentation datasets performance tuning

[27] | Chenetal., | Swin Transformer | OCTA retinal | Strong performance in retinal | Reduced
2023 retinal classification datasets disease diagnosis interpretability

Review Summary

Swin Transformers improved transformer efficiency
shifted-window attention techniques.

using

models are highly effective for high-resolution

imaging since they capture both local and global retinal

These
retinal

Table IV. Literature Review of RETFound-Based Models

patterns while maintaining manageable computational
necessities.

Ref. | Author & | Method Used Dataset Major Findings Limitations
Year

[28] | Zhou et | RETFound foundation | Large retinal | Self-supervised learning | Requires large
al., 2023 model datasets improved retinal | pretraining

representation resources

[29] | Lietal., Retinal foundation | OCT/OCTA Improved downstream | Limited AD-specific
2023 transfer learning datasets ophthalmic tasks analysis

[30] | Huanget | RETFound retinal | Retinal disease | Better generalization across | Lack of multimodal
al., 2023 biomarker learning datasets retinal diseases fusion

[31] | Zhanget | Foundation models for Retinal Improved Computational
al., 2024 neurodegeneration imaging neurodegenerative  disease | complexity

datasets prediction
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Review Summary generalization and transfer learning performance for

RETFound models signify a recent advancement in retinal ~ disease  prediction  tasks,  including
retinal Al by enabling large-scale self-supervised retinal neurodegenerative disease screening.
representation  learning. These  models rally
Table V. Literature Review of Graph Convolution Network (GCN)-Based Models
Ref. | Author & | Method Used Dataset Major Findings Limitations
Year
[18] | Kipf and | Graph Convolution | Graph datasets | Effective graph | Oversmoothing
Welling, 2017 | Network representation learning issue
[19] | Hamilton et | GraphSAGE Biomedical Improved neighborhood | Limited scalability
al., 2017 vascular analysis graph data feature aggregation

[17] | Al-Nuaimi et | Retinal

vascular | Retinal vascular | Vessel changes associated

No deep learning

al., 2010 topology analysis datasets with AD integration
[16] | Cheungetal., | Retinal vessel | Ophthalmic Retinal microvasculature | Manual feature
2014 network analysis datasets linked to cognitive decline extraction

Review Summary

GCN-based methods provide an effective framework for
retinal vascular topology investigation by modeling
vessel bifurcations and connectivity outlines as graph

structures. These methods help capture neurovascular
degeneration patterns that are difficult to identify using
conventional image-based models alone.

Table VI. Literature Review of Graph Attention Network (GAT)-Based Models

Ref. | Author & | Method Used Dataset Major Findings Limitations
Year
[15] | Velickovic et | Graph Attention Network | Citation graph | Adaptive attention | High
al., 2018 datasets improved graphlearning | computational cost
[32] | Yun et al, | GAT for vascular | Biomedical Improved vessel | Limited
2021 network analysis vessel graphs connectivity learning multimodal
learning
[33] | Xuetal, 2022 | Attention-based retinal | Retinal vessel | Better retinal vascular Small dataset size
graph learning datasets representation
[34] | Kim et al, | GAT for | Medical graph Enhanced disease | Complex  model
2023 neurodegenerative datasets prediction accuracy training
prediction

Review Summary

Graph Attention Networks improved graph-based retinal
vessel analysis by introducing adaptive attention
mechanisms that identify the importance of neighboring
vessel connections. GAT-based models are particularly
useful for capturing subtle retinal vascular abnormalities
associated with Alzheimer’s disease progression.

Research Methodology

The goal of this research is to create a sophisticated and
interpretable artificial intelligence model for early
Alzheimer's diagnosis using retinal photos and clinical
markers. This research is focused on designing a
complex and insightful Al model for the early diagnosis
of Alzheimer's disease, leveraging retinal images and
clinical indicators. It is based on the assumption that
abnormalities of the retina are correlated with
abnormalities of the brain, which may be seen in
Alzheimer's disease, making retinal imaging a potential

non-invasive diagnostic tool. The study combines the
features of Optical Coherence Tomography (OCT),
Optical Coherence Tomography Angiography (OCTA)
and clinical data (age, MMSE score, APOE4 status)
within a single multimodal deep learning framework. It
pursues a quantitative and experimental method by
integrating deep learning and graph-based technique to
improve the accuracy of classification and clinical
interpretability. For model suitability retinal datasets
from public data sources (OCTA-500, Duke OCT,
ADNI) are pre-done (resized, normalized, converted to
tensors). The architectures employed for feature
extraction are: Vision Transformer (ViT) and Swin
Transformer architectures for global and hierarchical
retinal ~ features, respectively, and RETFound
architecture for pretrained knowledge for the retinas.
The retinal vascular structures are transformed into
graphs and processed by Graph Convolution Networks
(GCNs) and Graph Attention Networks (GAT) to capture
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the connectivity of vessels and vascular patterns of
interest for the disease. The clinical biomarkers are sent
to fully connected layers to be processed and multimodal
fusion is performed with retinal features. The
combination of features are fed into classification layers
that predict whether an image corresponds to an
Alzheimer's case versus a normal case. The optimization
algorithm used for model training is Adam, while the
loss function is binary cross-entropy. For model
evaluation, the accuracy, precision, recall, fl, roc_auc,
and confusion matrix are used. A major feature is its
ability to incorporate Explainable Al (XAI) methods,
creating attention heatmaps and feature importance
visuals that offer insights to clinicians on the model's
decisions. Overall, the framework provides an early,
non-invasive, interpretable, and reliable Al-assisted

4.2 Comparative Performance Analysis
The proposed multimodal transformer—graph framework
was compared with conventional deep learning models

retinal biomarker-based screening tool for Alzheimer's
disease.

4. Results and Analysis

4.1 Experimental Setup

The proposed multimodal framework was developed
using Python and PyTorch in a GPU-enabled
environment. Experiments utilized retinal OCT/OCTA
images combined with clinical biomarkers for early
Alzheimer’s detection. The framework incorporates
Vision Transformer (ViT), Swin Transformer,
RETFound embeddings, Graph Convolutional Networks
(GCN), and Graph Attention Networks (GAT) to
enhance classification accuracy and interpretability.

to evaluate its effectiveness for Alzheimer’s Disease
detection.

Table VII. Comparative Performance of Different Models

Model Accuracy Precision Recall F1-Score ROC-AUC
CNN 88.42 87.15 86.80 86.97 89.10
ResNet-50 90.63 89.74 89.25 89.49 91.52
Vision Transformer (ViT) 92.84 92.10 91.62 91.86 93.75
Swin Transformer 93.76 93.25 92.81 93.03 94.62
GCN-Based Model 91.47 90.88 90.41 90.64 92.83
GAT-Based Model 92.18 91.94 91.25 91.59 93.21
Proposed Multimodal Framework | 96.85 96.42 96.18 96.30 97.54

4.3 Accuracy Comparison Analysis

The experimental results show that the proposed
multimodal  framework  achieved the highest
classification accuracy of 96.85%, surpassing all
baseline deep learning models. Combining transformer-

based retinal feature extraction with graph neural
network learning significantly enhanced disease-
sensitive feature representation. Additionally, fusing
clinical biomarkers further improved classification
robustness and prediction reliability.

Model Accuracy Comparison

100 ~
28 1 96.85
96 -
93.76
94
92.84
= 92.18
& 92 4 91.47
= 90.63
Q
© 90
§ 88.42
< 88 A
86 -
84
82 4
80 .
CNN ResNet-50 ViT Swin GCN GAT Proposed
Transformer Framework

Models
Fig. 1 Accuracy Chart of Various Models

1JIDDT, Volumel6 Issue 56s,2026

Page: 1139



Early Alzheimer’s Detection from Retinal OCT/OCTA Using Vision Transformers and Retinal Vessel Graph Networks

4.4 Training and Validation Analysis

The training and validation curves indicate stable
convergence of the proposed framework without
significant overfitting. The training accuracy increased

steadily with epochs, while validation loss decreased
consistently, demonstrating strong generalization
capability.

Table VIII. Training Performance Across Epochs

Epoch | Training Accuracy (%) | Validation Accuracy (%) | Training Loss | Validation Loss
10 82.15 80.94 0.512 0.548
20 87.63 85.92 0.401 0.437
40 91.74 90.86 0.284 0.311
60 94.18 93.44 0.192 0.228
80 95.62 95.08 0.131 0.174
100 97.14 96.85 0.082 0.115

Training and Validation Accuracy

100 1
—e— Training Accuracy 97.14
—e— Validation Accuracy
95 A 96.85
90
2
oy
© 85 4
3 82.15
U
<t
80 1 8094
75 A
70 T . - - . -
10 20 40 60 80 100

Epoch

Fig. 2 Training and Validation Graph

4.5 Confusion Matrix Analysis

To provide a more comprehensive evaluation of the
proposed multimodal framework, confusion matrix
analysis was performed separately for each retinal

dataset. The analysis demonstrates the classification
performance of the model in distinguishing Alzheimer’s
Disease (AD) patients from Normal Control (CN)
subjects across different datasets.

Table IX. Confusion Matrix Analysis for OCTA-500 Dataset

Analysis

The proposed framework achieved high classification
performance on the OCTA-500 dataset with very few
false predictions. The model correctly identified most

Actual Class Predicted AD | Predicted CN

Alzheimer’s Disease (AD) | 96 4

Normal Control (CN) 3 97
Alzheimer’s Disease retinal samples, indicating strong
sensitivity toward retinal vascular abnormalities
captured in OCTA images.

Table X. Confusion Matrix Analysis for Duke OCT Dataset

Actual Class Predicted AD | Predicted CN
Alzheimer’s Disease (AD) | 93 7
Normal Control (CN) 5 95

IJDDT, Volumel6 Issue 56s,2026
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Analysis

The Duke OCT dataset also demonstrated strong
classification capability. The transformer-based retinal
feature extraction effectively captured structural retinal

changes associated with Alzheimer’s Disease. Slightly
higher false negatives were observed due to structural
similarity between early-stage AD and normal retinal
scans.

Table XI. Confusion Matrix Analysis for ADNI Retinal Dataset

Actual Class Predicted AD | Predicted CN
Alzheimer’s Disease (AD) | 98 2
Normal Control (CN) 4 96

Analysis
The ADNI retinal dataset produced the highest
classification performance among all datasets. The

Combined Dataset Confusion Matrix

integration of retinal imaging with clinical biomarkers
significantly improved discriminative learning, reducing
both false positives and false negatives.

Table XII. Overall Confusion Matrix of Proposed Framework

Actual Class Predicted AD | Predicted CN
Alzheimer’s Disease (AD) | 287 13
Normal Control (CN) 12 288

The combined confusion matrix shows that the proposed
multimodal framework achieved highly balanced
classification performance across all datasets. The low
number of misclassifications confirms the robustness of
the transformer—graph-based architecture for early
Alzheimer’s Disease detection.

The confusion matrix analysis reveals that the model
correctly classified 287 Alzheimer’s Disease (AD)
samples and 288 Normal Control (CN) samples,
demonstrating strong discriminative capability. False
negatives were limited to only 13 samples, indicating
high sensitivity in detecting Alzheimer’s cases. False
positives numbered just 12, reflecting strong specificity
in distinguishing normal retinal conditions from
pathological ones.

This low misclassification rate confirms that integrating
Vision Transformer (ViT), Swin Transformer,
RETFound embeddings, Graph Convolutional Networks
(GCN), Graph Attention Networks (GAT), and clinical
biomarkers significantly improved feature
representation and disease classification performance.

Conclusion and Future Scope

This study presented a multimodal and explainable deep
learning framework for early Alzheimer’s detection
using retinal OCT/OCTA imaging and clinical
biomarkers. The framework effectively captured both
structural and vascular retinal abnormalities linked to
Alzheimer’s by combining Vision Transformer (ViT),
Swin Transformer, RETFound retinal foundation
learning, Graph Convolutional Networks (GCN), and
Graph Attention Networks (GAT). Incorporating clinical
biomarkers such as age, MMSE score, and APOE4 status
further enhanced diagnostic accuracy.

Experimental  results showed the framework
outperformed traditional deep learning methods,
achieving high accuracy, precision, recall, F1-score, and
ROC-AUC  across multiple retinal  datasets,
demonstrating robustness and generalization. The
confusion matrix confirmed very low false positives and

false negatives, indicating effective discrimination
between Alzheimer’s patients and normal controls.
Future research could improve the system by
incorporating larger, more diverse retinal datasets from
various populations and healthcare institutions to boost
generalization and robustness. Including longitudinal
patient data may help predict disease progression and
early cognitive decline more accurately. Expanding to
additional medical modalities like MRI, PET, EEG, and
genomic biomarkers could create a more comprehensive
multimodal diagnostic system, enhancing early
Alzheimer’s prediction.

Another important direction is developing lightweight,
real-time AI models deployable in clinical, mobile, or
edge settings for rapid screening. Integrating federated
learning and privacy-preserving techniques will also
enable secure medical data sharing across healthcare
organizations.
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