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Abstract

Diabetic Retinopathy (DR) is a leading cause of blindness in diabetic patients, requiring accurate and
early severity classification from retinal fundus images. Traditional Convolutional Neural Networks
(CNNs) often overlook complex relational and structural patterns in retinal vasculature and lesions. This
paper proposes a novel approach leveraging Graph Neural Networks (GNNs) for topological feature
extraction and multi-class severity classification of DR (No DR, Mild, Moderate, Severe, Proliferative).
Retinal images are preprocessed and transformed into graph representations where nodes capture local
features (e.g., lesions, vessels) and edges model topological relationships. A Variational Autoencoder
(VAE) extracts latent embeddings, followed by a Graph Convolutional Neural Network (GCNN) that
aggregates neighborhood information to learn discriminative topological patterns. The model is
evaluated on the EyePACS and APTOS datasets, demonstrating superior performance in handling class
imbalance and capturing subtle structural changes. Results show improved accuracy, FI-score, and
Cohen's Kappa compared to baseline CNNs, enhancing reliability for automated DR screening. The
system promotes explainable AI through graph-based interpretability while maintaining computational

efficiency.

Introduction

Diabetic Retinopathy (DR) affects millions
globally, progressing from mild non-
proliferative stages to severe proliferative
stages that threaten vision. Manual grading
by ophthalmologists is time-consuming,
subjective, and resource-intensive, especially
in underserved regions. Automated systems
using deep learning have advanced DR
detection, but standard CNNs primarily focus
on local pixel patterns and struggle with long-
range dependencies and vascular topological
structures critical for severity assessment (e.g.,
microaneurysms distribution, hemorrhages
connectivity).

Graph Neural Networks (GNNs) offer a
powerful paradigm by modeling images as
graphs, where nodes represent regions of
interest and edges encode spatial/topological

relations. This enables better capture of
relational features like vessel branching and
lesion clustering.

This work proposes leveraging GNNs for
topological feature extraction and DR severity
classification. Retinal fundus images are
converted to graphs, processed via VAE for
dimensionality reduction and feature learning,
then fed into GCNN layers for classification
across five severity levels. The approach
ensures robustness to noise, class imbalance
via oversampling techniques, and improved
generalization.

The contributions include: (1) A hybrid VAE-
GCNN  framework emphasizing topological
correlations; (2) Enhanced performance on
imbalanced datasets; (3) Potential for clinical
integration with better interpretability.

Literature Survey

Ref. Author / Methodology Main Contribution Limitations

No Year

[1] Ekblaw et al., | Blockchain-based | Secure decentralized medi- | Not specific to DR
2016 EHR (MedRec) cal records imaging

[2] Sundar & Su- | GCNN with VAE | Topological feature extrac- | Limited to specific
mathy, 2023 | for DR tion & classification datasets

[3] Hai et al., DRGCNN (GNN- | Graph modeling for DR No uncertainty estima-
2022 based) grading tion
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Ref. Author/ Methodology Main Contribution Limitations

No Year

[4] Feng et al., Hybrid CNN- Improved accuracy on High computational
2023 GNN APTOS/Messidor cost

[5] Zhang et al., | Deep Graph Cor- | Annotation-free graph Lower sensitivity in
2023 relation Network | learning mild cases

[6] Recent GCN | Graph-enhanced Quality-aware DR diagnosis | Dataset diversity chal-
studies, 2024 | CNNs lenges

[7] Cheng et al., | Multi-label GCN | High AUC for lesion detec- | Imbalance handling
2023 tion limited

Proposed Implementation

The

proposed system uses a layered architecture:

preprocessing, graph construction, feature extraction via VAE,
graph learning via GCNN, and classification.

Preprocessing: Fundus images resized to 224x224
or 299x299, normalized, augmented (rotation, flip,
brightness), and class-balanced using SMOTE or focal
loss.

Graph Construction: Superpixel segmentation or
keypoint detection (vessels/lesions) creates nodes; edges
based on spatial proximity or similarity (e.g., k-NN).
Feature Extraction: VAE encodes images into latent
space, preserving topological manifold structure.

Graph Convolutional Network: Multi-layer GCNN
aggregates node features: HA(I+1) = o(A HA(1) W)
where A is normalized adjacency matrix, W weights, ¢
activation.

Classification: Fully connected layers + softmax for
S-class output. Trained with cross-entropy loss on
EyePACS (~35k images) and APTOS (~5k).
Hyperparameters: Adam optimizer, learning rate 0.001,
batch 32, epochs 50-100. RBAC-like access simulated
for multi-user scenarios (not core).

Table 1: System Performance Metrics

Traditional
Feature CNN Proposed GNN Approach
Topological Aware- Low High (Graph Structure)
ness
Class Imbalance Strong (GCNN +
Handling Moderate Augmentation)
Accuracy (EyePACS) | ~85-88% 90.8%
.. . High (Node/Edge
Interpretability Limited Importance)
Computational Cost Moderate Slightly Iélﬁil)er (Graph

Conclusion

This study introduces a GNN-based framework for DR

severity classification by extracting and leveraging topological
features from retinal images. The hybrid VAE-GCNN model
outperforms traditional CNNs in accuracy, Fl-score, and
Kappa, particularly on imbalanced real-world datasets. By
modeling relational structures, it provides a more clinically

Results relevant grading tool with potential for early detection and
reduced manual workload. Future enhancements include real-
— time deployment, integration with OCT data, explainable graph
Model Accuracy | Precision | Recall | F1-Score | Kappa visualizations, and multi-center validation.
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Proposed 90.8 902 29,7 299 8.6 1. T..N. Kipfand M. Welhng, Seml—sgperwsed classification
GCNN with graph convolutional netvyorks, in Proc. ICLR, 2017.
2. P. Naresh, B. Akshay, B. Rajasree, G. Ramesh and K. Y.
ResNet50 87.1 86.5 85.9 86.2 84.3 Kumar, “High Dimensional Text Classification using
Unsupervised Machine Learning Algorithm,” 2024 3rd
I Accuracy (%) Precision (%) [ Recall (%) Int. Conf. Applied Artificial Intelligence and Computing
o I Fi1-Score (%) M Kappa (%) (ICAAIC), Salem, India, 2024, pp. 368-372.
3. D.S.W.Ting et al., “Development and validation of a deep
90 . . . .
o lgammg system for (.11abet1c retinopathy and related eye
o diseases using retinal images,” JAMA, vol. 318, no. 22, pp.
o 2211-2223,2017.
. 4. K. R. Chaganti et al., “Blockchain Anchored Federated
a5 Learning and Tokenized Traceability for Sustainable Food
- Supply Chains,” 2024 4th Int. Conf. Ubiquitous Computing
s I II and Intelligent Information Systems (ICUIS), 2024, pp.
o I 1532-1538.
a1 ] 5. Z. Wu et al.,, “A comprehensive survey on graph neural
DenseNet121 Proposed GCNN ResNet50 networks,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 32, no. 1, pp. 4-24, 2021.
Fig 1: Results comparison charts 6. T. Kavitha et al., “Deep Reinforcement Learning for

GJEIIR.

2026; Vol 6 Issue 2

Energy Efficiency Optimization using Autonomous Waste

Page2of 3



Gattu Tejaswini, et al. Global Journal of Engineering Innovations and Interdisciplinary Research. 2026;6(2):154

10.

11.

12.

13.

14.

15.

16.

Management in Smart Cities,” 2025 ICTMIM, pp. 272—
278.

Y. Li et al., “Gated graph sequence neural networks,” in
Proc. ICLR, 2016.

Swasthika Jain et al., “Facial Expression Analysis for
Efficient Disease Classification in Sheep Using a 3NM-
CTA and LIFA-Based Framework,” IETE Journal of
Research, 2025.

A. Gulshan et al., “Development and validation of a deep
learning algorithm for detection of diabetic retinopathy in
retinal fundus photographs,” JAMA, vol. 316, no. 22, pp.
2402-2410, 2016.

N. Tripura et al., “Self-Optimizing Distributed Cloud
Computing with Dynamic Neural Resource Allocation and
Fault-Tolerant Multi-Agent Systems,” 2024 ICUIS, pp.
1304-1310.

P. Velickovic et al., “Graph attention networks,” in Proc.
ICLR, 2018.

Madhu, M. et al., “Non-contact vital prediction using rPPG
signals,” 2023 IEEE InC4, pp. 1-5.

H. Pratt et al., “Convolutional neural networks for diabetic
retinopathy,” Procedia Computer Science, vol. 90, pp. 200—
205, 2016.

P. Naresh and R. Suguna, “IPOC: An efficient approach for
dynamic association rule generation using incremental data
with updating supports,” Indonesian Journal of Electrical
Engineering and Computer Science, vol. 24, no. 2, p. 1084,
2021.

W. Hamilton, Z. Ying, and J. Leskovec, “Inductive
representation learning on large graphs,” in Proc. NeurIPS,
2017.

Kulkarni, P., & Rajesh, T. M., “A multi-model framework

GJEIIR. 2026; Vol 6 Issue 2

17.

18.

19.

20.

21.

22.

23.

24.

25.

for grading of human emotion using CNN and computer
vision,” IJCVIP, vol. 12, no. 1, pp. 1-21, 2022.

G. Quellec et al,, “Deep image mining for diabetic
retinopathy screening,” Medical Image Analysis, vol. 39,
pp. 178-193, 2017.

P. Naresh et al., “Utilizing Machine Learning for the
Identification of Chronic Heart Failure (CHF) from Heart
Pulsations,” 2024 ICUIS, pp. 1037-1042.

Z. Zhang et al.,, “Graph-based retinal vessel topology
modeling for diabetic retinopathy grading,” IEEE Access,
vol. 8, pp. 211589-211600, 2020.

R. E. Roy, P. Kulkarni, & S. Kumar, “Machine learning
techniques in predicting heart disease: A survey,” 2022
IEEE AIC, pp. 373-377.

SAI M, RAMESH P, REDDY DS, “Efficient Supervised
Machine Learning for Cybersecurity Applications Using
Adaptive Feature Selection and Explainable Al,” Journal
of Theoretical and Applied Information Technology, 2025.
K. R. Chaganti et al., “Al-Driven Forecasting Mechanism
for Cardiovascular Diseases: A Hybrid Approach using
MLP and K-NN Models,” 2024 ICSSAS, pp. 65-69.

D. Ktena et al., “Distance metric learning using graph
convolutional networks: Application to functional brain
networks,” in Proc. MICCAI, 2017.

Sachin, A. et al.,, “NAVISIGHT: A Deep Learning and
Voice-Assisted System for Intelligent Indoor Navigation of
the Visually Impaired,” 2025 ICICI, pp. 848-854.
Sivananda Reddy Elicherla et al., “Agilimation (Agile
Automation) — State of Art from Agility to Automation,”
International Journal for Scientific Research and
Development, vol. 3, no. 9, pp. 411416, 2015.

Page 3 of 3



