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ABSTRACT

Retinal optical coherence tomography (OCT) is widely used for the diagnosis and monitoring of retinal disease;
however, automated OCT classification models require both high discriminative performance and reliability under
image-quality variation. This study proposes RA-OCTNet, a robustness-aware attention-enhanced lightweight
convolutional neural network for multiclass retinal OCT disease classification. The model incorporates squeeze-
and-excitation channel attention, imbalance-sensitive optimisation, corruption-based robustness assessment and
Grad-CAM visual explainability. Experiments were conducted on OCTMNIST 64 x 64 images covering choroidal
neovascularisation, diabetic macular oedema, drusen and normal retina. RA-OCTNet achieved an accuracy of
0.8500, macro-F1 score of 0.8466 and macro ROC-AUC of 0.9854 using only 1.23 million trainable parameters.
Robustness analysis demonstrated comparatively stable performance under contrast variation and occlusion, while
Gaussian noise produced the largest degradation. These findings indicate that RA-OCTNet provides a compact,
interpretable and reliability-oriented framework for retinal OCT disease classification.

KEYWORDS: Retinal optical coherence tomography; OCTMNIST; lightweight CNN; attention mechanism;
robustness assessment; Grad-CAM

1. INTRODUCTION

Optical coherence tomography (OCT) is an important non-invasive retinal imaging modality used for the
assessment, diagnosis and monitoring of sight-threatening retinal diseases. By providing high-resolution cross-
sectional visualisation of retinal microstructure, OCT enables clinicians to identify pathological changes associated
with conditions such as choroidal neovascularisation, diabetic macular oedema and drusen-related retinal
degeneration. Recent OCT dataset and clinical Al studies further highlight the importance of OCT for automated
retinal disease analysis and benchmarking [1], [2]. The increasing availability of OCT imaging in clinical practice
has created a strong need for automated decision-support systems that can assist disease screening, reduce
diagnostic workload and improve consistency in image interpretation.

Deep learning has substantially advanced automated medical image classification by enabling hierarchical feature
learning directly from image data. Convolutional neural networks (CNNs) have been widely applied to retinal
OCT classification because of their ability to capture local structural patterns, layer disruptions and disease-
associated image characteristics. However, many high-performing deep learning models rely on large backbones
with substantial computational requirements, limiting their suitability for lightweight clinical deployment, rapid
screening workflows and resource-constrained environments. Recent lightweight OCT classification studies have
therefore emphasised compact attention-guided CNN designs that balance diagnostic performance, computational
efficiency and explainability [3]. Therefore, compact architectures that maintain strong discriminative ability while
reducing model complexity remain clinically and practically relevant.

Despite progress in OCT classification, several challenges remain. First, retinal OCT images may vary due to
acquisition quality, device-related differences, intensity variation, motion artefacts and noise. Models trained and
evaluated only on clean benchmark images may not reliably reflect behaviour under degraded or shifted imaging
conditions. Recent studies have shown that OCT classification performance can be affected by data scarcity, label
noise and cross-dataset variation, reinforcing the need for reliability-oriented evaluation beyond clean-set accuracy
[4], [5]- Second, disease classes may exhibit overlapping visual patterns, particularly in early or subtle pathological
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presentations. Third, conventional classification metrics alone may not provide sufficient insight into model
reliability, especially when models are intended for decision-support use in medical settings.

Attention mechanisms offer a promising strategy for improving feature selectivity in compact CNNs. In particular,
channel-attention modules such as squeeze-and-excitation blocks can recalibrate feature responses by emphasising
informative channels and suppressing less relevant activations. This can improve representational efficiency
without requiring very large architectures. When combined with lightweight convolutional feature extraction,
attention-enhanced CNNs can provide a balance between performance, interpretability and computational
efficiency for retinal OCT disease classification. Related biomedical Al work using attention-based optimisation
also supports the value of attention mechanisms for improving predictive modelling in clinical decision-support
tasks [6].

In addition to clean-set classification performance, robustness and explainability are increasingly important for
medical artificial intelligence. Robustness evaluation helps determine how model predictions change under
clinically plausible image degradation, such as Gaussian noise, brightness shifts, contrast changes and occlusion.
Explainability methods such as Grad-CAM can provide visual evidence of the image regions contributing to model
predictions, supporting qualitative assessment of whether the model focuses on relevant retinal structures. A
reliability-oriented OCT classification framework should therefore evaluate not only accuracy, but also class-wise
behaviour, robustness degradation and visual interpretability.

The main contribution of this study is the development of RA-OCTNet, a robustness-aware attention-enhanced
lightweight CNN for multiclass retinal OCT disease classification. The proposed framework integrates squeeze-
and-excitation channel attention, imbalance-sensitive optimisation, corruption-based robustness assessment and
Grad-CAM visual explainability. Experiments are conducted using OCTMNIST 64 X 64 images across four
diagnostic categories: choroidal neovascularisation, diabetic macular oedema, drusen and normal retina. Unlike
conventional OCT classification studies that primarily report clean-set performance, this work evaluates model
behaviour under synthetic distribution shifts, including Gaussian noise, brightness variation, contrast change and
occlusion. By combining lightweight classification, attention-guided feature recalibration, robustness assessment
and explainable visual interpretation, the proposed framework provides a reliability-oriented approach for
automated OCT disease classification.

The remainder of this paper is organised as follows. Section 2 reviews related work on retinal OCT classification,
lightweight CNNs, attention mechanisms, robustness analysis and explainable medical image classification.
Section 3 describes the OCTMNIST dataset, preprocessing pipeline, proposed RA-OCTNet architecture, training
strategy, robustness protocol and evaluation metrics. Section 4 presents the experimental results, including
classification performance, class-wise analysis, robustness evaluation and Grad-CAM visualisation. Section 5
discusses the findings, limitations and clinical relevance of the proposed framework. Finally, Section 6 concludes
the paper and outlines future research directions.

2. LITERATURE REVIEW

Deep learning has become a major research direction in retinal optical coherence tomography (OCT) analysis
because OCT B-scans provide detailed cross-sectional information about retinal morphology and disease-related
structural abnormalities. Automated OCT classification is clinically relevant for supporting the identification of
choroidal neovascularisation, diabetic macular oedema, drusen and normal retinal presentations. Public OCT
datasets and lightweight biomedical image benchmarks have further accelerated this research area by enabling
reproducible evaluation across common disease categories [7], [8].

Early OCT classification studies mainly focused on clean-set disease recognition using convolutional neural
network architectures. These methods demonstrated that CNNs can learn disease-discriminative retinal features
directly from OCT images and can support automated differentiation between pathological and normal retinal
scans [9], [10]. Transfer learning and pretrained CNN backbones were subsequently adopted to improve
classification performance, with commonly used architectures including Inception, ResNet, DenseNet, MobileNet
and EfficientNet. Although these studies achieved strong diagnostic performance, most primarily reported clean-
set metrics such as accuracy, precision, recall and area under the curve, with limited analysis of model reliability
under degraded or shifted imaging conditions.

A second group of studies focused on lightweight OCT classification models to reduce computational complexity.
Compact CNNs and efficient convolutional designs have been investigated to support faster inference, reduced
memory usage and improved suitability for practical screening environments [11]. This direction is important
because clinical decision-support tools may need to operate under constrained computational settings, including
portable devices, screening platforms or low-resource deployment scenarios. However, lightweight design alone
does not fully address robustness, class-wise reliability or interpretability, which remain important requirements
for medical artificial intelligence systems [12] .

A third direction has introduced attention mechanisms to improve feature representation in OCT classification.
Attention-based approaches aim to enhance diagnostically informative retinal features while suppressing less
relevant activations. Multi-scale attention, spatial attention, channel attention and transformer-based approaches
have been explored to capture local lesion patterns and broader retinal structural relationships [13],[14]. Although
attention mechanisms can improve feature selectivity and representation quality, many existing studies still
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emphasise clean-set classification performance rather than systematic assessment under image-quality variation or
synthetic distribution shift.

A fourth category of OCT classification research has considered robustness, image quality and explainability.
Medical images may be affected by noise, contrast variation, motion artefacts and acquisition-related degradation,
and prior medical image enhancement research has shown the importance of improving image quality before
downstream automated analysis. Explainable artificial intelligence methods, including gradient-based class
activation mapping and related visualisation approaches, are used to identify image regions that contribute to
model predictions [15], [16]. This is particularly important in OCT analysis because disease classes may share
overlapping retinal morphology, and high numerical performance alone does not guarantee clinically meaningful
decision behaviour. However, explainability is frequently presented as a supplementary visualisation step rather
than being integrated into a broader reliability-oriented evaluation framework.

Despite these advances, several gaps remain in the current OCT classification literature. First, many studies focus
mainly on clean-set classification accuracy and do not sufficiently evaluate model behaviour under image-quality
degradation or distribution shift. Second, lightweight OCT models often report computational efficiency but may
not include attention-guided feature recalibration, robustness testing and explainability within a unified
framework. Third, attention-based models improve feature learning, but they are not always assessed under
clinically plausible corruptions such as Gaussian noise, brightness variation, contrast change and occlusion.
Fourth, although explainability methods are increasingly used, they are frequently presented as supplementary
visual evidence rather than as part of a complete reliability assessment pipeline.

The present work addresses these gaps by proposing RA-OCTNet, a robustness-aware attention-enhanced
lightweight CNN for retinal OCT disease classification. The framework integrates squeeze-and-excitation channel
attention for feature recalibration, imbalance-sensitive optimisation, corruption-based stress testing and Grad-
CAM visual explainability. Unlike studies that evaluate only clean classification performance, the proposed
approach examines model behaviour under Gaussian noise, brightness variation, contrast change and occlusion.
By combining lightweight classification, attention-guided representation learning, robustness assessment and
explainable visual interpretation within a unified pipeline, this study provides a reliability-oriented framework for
automated OCT disease classification.

3. MATERIALS AND METHODS

This section describes the methodological framework used to develop and evaluate RA-OCTNet, a robustness-
aware attention-enhanced lightweight convolutional neural network for retinal optical coherence tomography
(OCT) disease classification. The study was designed as a structured medical image classification experiment
using a publicly available benchmark dataset. The methodology consisted of four main stages: dataset formulation
and preprocessing, development of the proposed RA-OCTNet architecture, model training and validation, and
evaluation using classification metrics, robustness assessment and explainability analysis. The proposed
framework is illustrated in Fig. 1.
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Fig. 1. Proposed RA-OCTNet architecture for retinal OCT disease classification.

The model processes 64 x 64 OCT images using preprocessing and augmentation, followed by four attention-
enhanced convolutional blocks with squeeze-and-excitation modules, global average pooling, dense classification
and softmax-based prediction into CNV, DME, drusen and normal classes.

3.1 Dataset and Study Design

The OCTMNIST dataset was used as the benchmark dataset for retinal OCT disease classification. The dataset
contains grayscale OCT images organised into four diagnostic categories: choroidal neovascularisation, diabetic
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macular oedema, drusen and normal retina. The task was defined as multiclass retinal disease classification, where
each input OCT image was assigned to one of the four target categories.

The dataset was represented as:

D = {(xi, y)}i=i" &)

where x; denotes the OCT image for sample i, yi € {0, 1, 2, 3} denotes the corresponding diagnostic label, and N
denotes the total number of images. The model estimated the class probability distribution as:

¥i = fO(xi) )

where f8 denotes the proposed neural network with trainable parameters 0, and ¥; denotes the predicted probability
vector across the four diagnostic categories.

The dataset was used in its 64 x 64 image format to support lightweight model development and efficient
experimentation. Each image was treated as an independent sample with a corresponding diagnostic label. The
objective of the model was to learn disease-discriminative retinal features and predict the diagnostic category of
each OCT image. Representative image samples and class distribution are presented in Fig. 2.
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Fig. 2. OCTMNIST dataset overview showing representative OCT images from the four diagnostic
categories and the corresponding training class distribution used for model development.

All images were resized and normalised before being passed to the model. Data augmentation was applied only to
the training set to improve generalisation and reduce sensitivity to minor acquisition-related variations. The
augmentation operations included horizontal flipping, small-angle rotation, affine transformation, mild scaling,
brightness adjustment and contrast adjustment. Validation and test images were processed using deterministic
resizing and normalisation without random augmentation.
3.2 Proposed RA-OCTNet Framework
RA-OCTNet was developed as a compact attention-enhanced CNN for retinal OCT classification. The architecture
consisted of four convolutional feature extraction blocks followed by global average pooling and a dense
classification head. Each convolutional block included convolution, batch normalisation, rectified linear unit
activation, max-pooling and squeeze-and-excitation channel attention.
For an intermediate feature map, the convolutional transformation was expressed as:
h'=¢(BN(W'* h'™! + b')) 3)
where h' denotes the feature representation at layer I, W' and b' denote the convolutional weights and bias terms,
BN denotes batch normalisation, * denotes convolution, and ¢(.) denotes ReLU activation.
The squeeze-and-excitation attention modules were incorporated to recalibrate channel-wise feature responses.
This allowed the model to emphasise informative retinal image features while suppressing less relevant activations.
The channel attention operation was represented as:
U=s-U 4)
where U denotes the input feature map, s denotes the learned channel-attention weights, and U denotes the
recalibrated feature representation. After feature extraction, global average pooling was used to generate a compact
image representation, which was passed through fully connected layers to produce four-class prediction
probabilities using softmax activation.
The framework was designed to provide a balance between model compactness, feature selectivity and
interpretability. Instead of using a large pretrained backbone, the proposed model used a lightweight custom CNN
with integrated attention modules. This design supported efficient training and enabled visual explanation through
Grad-CAM.
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3.3 Training, Optimisation and Validation

Model training was performed using class-weighted cross-entropy loss to reduce the effect of class imbalance.
Class weights were estimated from the training data and incorporated into the optimisation process so that under-
represented categories were not ignored during learning. The weighted cross-entropy loss was defined as:

L =— =X wi y« log(pi) 5

where K denotes the number of classes, wy denotes the class weight for category k, yx denotes the ground-truth
label indicator, and px denotes the predicted probability for class k.

AdamW optimisation was used for model parameter updates, and dropout was applied in the classifier head to
reduce overfitting. A validation set was used to monitor model performance during training. Validation macro-F1
was used as the model-selection criterion because it provides class-sensitive evaluation in multiclass classification.
The model checkpoint with the best validation macro-F1 score was retained for final evaluation.

3.4 Evaluation, Robustness and Explainability

The trained model was evaluated using standard multiclass classification measures, including accuracy, balanced
accuracy, precision, recall, macro-F1, weighted-F1 and multiclass ROC-AUC. These metrics were selected to
assess overall classification performance, class-sensitive behaviour and probabilistic discrimination across the four
OCT diagnostic categories.

To assess reliability beyond clean image classification, robustness testing was conducted using synthetic image
corruptions. Gaussian noise, brightness variation, contrast change and occlusion were applied to test images at
multiple severity levels. Performance degradation under corrupted inputs was assessed relative to clean-test
performance as:

AM =M clean — M_corrupted 6)

where M denotes the selected evaluation metric. This assessment was used to examine model behaviour under
image-quality degradation and synthetic distribution shift.

Grad-CAM was used to provide visual explainability for model predictions. The final convolutional layer was
selected for heatmap generation, and the resulting activation maps were overlaid on the original OCT images to
identify image regions contributing to model decisions.

4. RESULTS

The experimental evaluation of RA-OCTNet was conducted on the OCTMNIST 64 x 64 test set to assess training
behaviour, clean-test classification performance, class-wise prediction behaviour, robustness under synthetic
image degradation and Grad-CAM-based explainability. RA-OCTNet was evaluated on the OCTMNIST 64 x 64
test set. The evaluation included training behaviour, clean-test classification performance, class-wise prediction
patterns, robustness under synthetic image degradation and Grad-CAM visualisation. Fig. 3 presents the training
behaviour, Fig. 4—6 present clean-test classification performance, Fig. 7-9 present robustness analysis, and Fig. 10
presents Grad-CAM visualisation.

4.1 Training and Validation Performance

RA-OCTNet was trained for 10 epochs using GPU acceleration. The training process showed stable convergence,
with training loss decreasing from 0.3831 in the first epoch to 0.1363 in the final epoch. Validation loss also
decreased from 0.2111 to 0.1063, indicating progressive optimisation during training. Validation accuracy
improved from 0.9353 to 0.9666, while validation macro-F1 increased from 0.8841 to 0.9406. The best model
checkpoint was selected using validation macro-F1 as the monitoring criterion. These trends are shown in Fig. 3.
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Fig. 3. Training behaviour of RA-OCTNet. The left panel shows training and validation loss, while the
right panel shows validation accuracy, balanced accuracy and macro-F1 across 10 epochs.

4.2 Clean-Test Classification Performance

On the independent test set, RA-OCTNet achieved an accuracy of 0.8500 and balanced accuracy of 0.8500. The
macro precision, macro recall and macro-F1 score were 0.8913, 0.8500 and 0.8466, respectively. The weighted
precision, weighted recall and weighted-F1 score were also 0.8913, 0.8500 and 0.8466 because the test set was
balanced across the four diagnostic categories. The model achieved a macro ROC-AUC of 0.9854 and weighted
ROC-AUC of 0.9854 across the four OCT classes. RA-OCTNet contained 1,228,352 trainable parameters. The
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confusion matrix and normalised confusion matrix are shown in Fig. 4. The one-vs-rest ROC curves are shown in
Fig. 5, and the precision—recall curves are shown in Fig. 6.
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Fig. 4. Confusion-matrix analysis of RA-OCTNet on the independent OCTMNIST test set.

The left panel shows the raw confusion matrix, and the right panel shows the row-normalised confusion matrix
across the four diagnostic categories.
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Fig. 5. One-vs-rest ROC curves for RA-OCTNet across the four OCT diagnostic categories.
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Fig. 6. One-vs-rest precision—recall curves for RA-OCTNet across the four OCT diagnostic categories.
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4.3 Class-Wise Classification Performance

Class-wise analysis showed variation in performance across the four retinal OCT categories. Normal retina
achieved the highest F1-score, with precision of 0.9084, recall of 0.9920 and F1-score of 0.9484. Diabetic macular
oedema also showed strong performance, with precision of 0.9953, recall of 0.8440 and F1-score of 0.9134.
Choroidal neovascularisation achieved high recall of 0.9920 but lower precision of 0.6685, indicating that some
images from other diagnostic categories were incorrectly assigned to this class. Drusen was the most challenging
category, with precision of 0.9931, recall of 0.5720 and F1-score of 0.7259. The lower recall indicates that some
drusen cases were misclassified as other retinal disease categories.

4.4 Robustness under Synthetic Image Corruptions

Robustness testing was performed using Gaussian noise, brightness variation, contrast change and occlusion across
five severity levels. Gaussian noise produced the largest degradation in model performance. Under Gaussian noise
severity level 1, accuracy decreased to 0.5740 and macro-F1 decreased to 0.4862. At severity level 5, accuracy
decreased further to 0.2520 and macro-F1 to 0.1041. This indicates that random noise strongly affected the
discriminative retinal features learned by the model.

Brightness variation produced moderate degradation. Accuracy decreased from 0.8240 at severity level 1 to 0.7180
at severity level 5, while macro-F1 decreased from 0.8143 to 0.6821. In comparison, contrast change produced a
smaller performance reduction, with accuracy remaining 0.7950 and macro-F1 remaining 0.7881 at severity level
5. Occlusion also showed comparatively limited degradation, with accuracy of 0.7600 and macro-F1 of 0.7513 at
severity level 5.

The macro-F1 robustness trends are shown in Fig. 7, and the accuracy degradation trends are shown in Fig. 8.
Representative corrupted OCT images are shown in Fig. 9.
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Fig. 7. Macro-F1 robustness under synthetic distribution shift.
Macro-F1 performance across Gaussian noise, brightness variation, contrast change and occlusion at increasing
severity levels.
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Example OCT images after Gaussian noise, brightness variation, contrast change and occlusion.

4.5 Grad-CAM Explainability

Grad-CAM visualisations were generated using the final convolutional layer of RA-OCTNet to examine the image
regions contributing to model predictions. The heatmaps were overlaid on the original OCT images to provide
qualitative interpretation of the learned decision behaviour. The visualisations highlighted retinal regions that
influenced the predicted diagnostic class, supporting interpretability analysis of the proposed framework.
Representative Grad-CAM outputs are shown in Fig. 10.
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Fig. 10. Grad-CAM explainability of RA-OCTNet.
Representative Grad-CAM heatmaps showing retinal regions contributing to model predictions.

5. DISCUSSION

The experimental findings demonstrate that RA-OCTNet provides a compact and reliability-oriented framework
for retinal OCT disease classification. The model achieved strong probabilistic discrimination while maintaining
a lightweight architecture, indicating that attention-enhanced CNNs can provide effective feature representation
without relying on large pretrained backbones. This is important for OCT-based decision-support systems, where
computational efficiency, interpretability and robustness are relevant for practical deployment.

The clean-test results showed that RA-OCTNet performed well across the four diagnostic categories, although
class-wise variation was observed. Normal retina and diabetic macular oedema achieved stronger F1-scores, while
drusen was the most challenging class. The lower recall for drusen suggests that some drusen images shared visual
similarity with other OCT categories, making class separation more difficult. This is clinically plausible because
retinal disease patterns may overlap in texture, layer disruption and structural appearance, particularly when
images are resized to a compact input resolution.

Choroidal neovascularisation achieved high recall but lower precision, indicating that the model detected most
true choroidal neovascularisation cases but also assigned some non-CNV images to this class. This behaviour
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suggests that the model may have learned sensitive CNV-related features but with reduced specificity. In a clinical
decision-support context, such a pattern may be useful for screening but would require further calibration or
threshold adjustment to reduce false-positive predictions.

The robustness analysis provided an important extension beyond clean-set evaluation. RA-OCTNet was
comparatively stable under contrast variation and occlusion but showed substantial sensitivity to Gaussian noise.
This indicates that random pixel-level disturbance can disrupt the learned retinal feature representation more
severely than structured intensity or partial-visibility changes. The finding highlights the need to evaluate OCT
classification models under image-quality degradation rather than relying only on clean benchmark performance.
The comparatively smaller degradation under contrast variation and occlusion suggests that the model retained
useful structural information even when global intensity scaling or local image masking was applied. This may be
due to the convolutional architecture and squeeze-and-excitation attention modules, which support feature
recalibration across channels. However, the strong degradation under Gaussian noise indicates that additional
training strategies, such as noise-aware augmentation, denoising preprocessing or corruption-consistent training,
may be needed to improve reliability under low-quality acquisition conditions.

Grad-CAM visualisation provided qualitative insight into the image regions contributing to RA-OCTNet
predictions. The activation maps helped inspect whether the model focused on retinal areas associated with the
predicted class. Although Grad-CAM does not provide a complete clinical explanation, it offers a useful visual
tool for assessing model behaviour and identifying whether predictions are driven by plausible retinal regions
rather than irrelevant background patterns.

Overall, RA-OCTNet addresses an important gap in OCT classification by combining lightweight CNN design,
attention-guided feature recalibration, robustness assessment and explainability within a single framework. The
results support the value of reliability-oriented evaluation for medical image classification, particularly in
applications where image quality may vary across acquisition settings.

Several limitations should be noted. First, the evaluation was conducted using a benchmark dataset rather than
external multicentre clinical data. Second, the OCT images were resized to 64 x 64 pixels, which supports
lightweight experimentation but may reduce fine-grained retinal detail. Third, the robustness analysis used
synthetic corruptions rather than real acquisition artefacts. Fourth, Grad-CAM provides qualitative visual
interpretation but does not replace expert clinical validation. Future work should therefore evaluate the framework
on higher-resolution OCT images, external datasets, real-world image-quality variations and clinician-reviewed
explainability outputs.

6. CONCLUSION AND FUTURE WORK

This study proposed RA-OCTNet, a robustness-aware attention-enhanced lightweight CNN for retinal OCT
disease classification. The framework combined compact convolutional feature extraction, squeeze-and-excitation
channel attention, imbalance-sensitive training, corruption-based robustness assessment and Grad-CAM visual
explainability. The experimental results showed that RA-OCTNet achieved effective clean-test classification
performance while maintaining a lightweight architecture suitable for efficient OCT image analysis.

The robustness evaluation demonstrated that model performance varied across different image corruptions. RA-
OCTNet was comparatively stable under contrast variation and occlusion, but Gaussian noise caused the largest
degradation. This finding highlights the importance of evaluating medical image classification models under
synthetic distribution shifts, rather than relying only on clean benchmark performance. Grad-CAM visualisations
further supported qualitative interpretation by highlighting image regions that contributed to the model’s
predictions.

Future work will focus on improving robustness to noise and acquisition-related image degradation through noise-
aware augmentation, denoising preprocessing and corruption-consistent training. Further evaluation using higher-
resolution OCT images, external clinical datasets and multicentre validation is also needed to assess
generalisability. In addition, future studies should incorporate expert ophthalmologist review of Grad-CAM
explanations and compare RA-OCTNet with larger pretrained CNN and transformer-based models under the same
robustness protocol. These extensions may support the development of more reliable and interpretable OCT-based
decision-support systems.
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