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ABSTRACT The automated stratification of retinal diseases remains a significant challenge due to data
heterogeneity and the closed-box nature of deep learning models. Although foundational models have
demonstrated remarkable success in general computer vision, their clinical reliability and interpretability
in multimodal ophthalmology remain insufficiently explored. In this work, we introduce an Explainable
Multimodal Foundational AI framework trained on a large-scale integrated corpus of 760,243 retinal images
collected from over 15 heterogeneous repositories, encompassing both fundus photography and optical
coherence tomography (OCT). We systematically evaluate self-supervised learning (SSL) paradigms DINO
and iBOT across convolutional (ResNet) and Transformer-based (Vision Transformer, ViT) architectures.
Our results show that ResNet-DINO achieves state-of-the-art performance, reaching 93.53% accuracy
and a 0.935 F1-score in 6-class multimodal retinal disease classification, while exhibiting superior
robustness under data-limited conditions, attributed to its inductive bias. Notably, we observe emergent
clinical localization capabilities in Vision Transformer models (ViT-DINOv2 and ViT-iBOT). Using frozen
pre-trained weights and without exposure to expert-labeled data or ground truth labels, these models
autonomously highlight clinically relevant biomarkers, including subretinal fluid and drusen, demonstrating
intrinsic pathological awareness. By bridging the semantic gap between unsupervised representation
learning and targeted clinical diagnosis, this study establishes a benchmark for robust, explainable, and
label-efficient AI in ophthalmology. Our findings indicate that large-scale foundational pre-training not
only enhances diagnostic accuracy but also induces meaningful visual priors aligned with established
clinical biomarkers, supporting the deployment of trustworthy AI systems in real-world clinical decision
support.

INDEX TERMS Explainable AI (XAI), foundation models, self-supervised learning, multimodal fusion,
retinal pathology, large-scale ophthalmic benchmark.

I. INTRODUCTION
The automated detection of eye diseases has become a central
concern in clinical ophthalmology in recent years. This is due
not only to the magnitude of the problem posed by diabetic
retinopathy, age-related macular degeneration (AMD), and
glaucoma, but also to the increasing difficulty of establishing
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reliable differential diagnoses between pathologies that share
very similar visual signs [1]. It is worth remembering that,
even with the accumulated experience of specialists, the
overlap of clinical manifestations between maculopathy and
retinal detachment remains a frequent obstacle in diagnostic
practice [2], [3].

The emergence of foundational artificial intelligence (AI)
models has opened up a particularly interesting techni-
cal possibility for these types of scenarios, where the
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combination of imaging modalities such as optical coherence
tomography (OCT) and fundus photography allows for a
more comprehensive view of the retinal condition [3], [4].
Recent studies have shown that these models, when trained
with multimodal learning strategies, achieve a noticeable
improvement in diagnostic accuracy and generalizability to
real-world clinical conditions (AMD, diabetic retinopathy,
among others) [5], [6], [7]. It is worth noting that this type
of integration is not limited to improving the accuracy of
predictions; it also expands the structural and functional
understanding of the eye in contexts where a single type of
image would be insufficient.

Age-related macular degeneration (AMD) is a progressive
disease affecting the macula of adults over 50, with cases
projected to reach 288 million by 2040. Characterized by the
accumulation of drusen, it exists in two forms: dry AMD,
which progresses to geographic atrophy (GA), and wet AMD,
which causes 90%of severe vision loss due to abnormal blood
vessel leakage [54].
Recent literature emphasizes the automatic classification

of AMD severity stages from normal retina to interme-
diate, GA, and wet stages to prevent irreversible vision
loss [4], [7]. Architectures such as Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs) have
achieved accuracy rates between 93% and 99.5% [4], [8].
Additionally, explainable and self-supervised hierarchical
approaches have successfully distinguished healthy retinas
from those with varying pathologies with approximately 91%
accuracy [9], [10].
It is crucial to remember that a significant part of the

challenge lies in the robustness and clinical reliability of these
models. Differences in image quality, the scarcity of samples
of rare diseases, and the difficulties in ensuring multimodal
consistency are factors that still demand robust technical
solutions [11], [12]. This situation suggests that, while AI
can overcome certain diagnostic limitations, its value largely
depends on the careful integration of its results with medical
interpretation [13], [14].
Against this backdrop, the present study establishes a

new benchmark by synthesizing a massive, heterogeneous
repository from over 15 public datasets, encompassing
636,000 images. This integration is non-trivial, as it merges
data from diverse clinical environments, varying imaging
protocols, and disparate sensor qualities. The research
systematically examines how foundational AI models can be
expanded to achieve a more precise and explainable strat-
ification of ocular diseases through the following research
questions:

1) Generalizability across Diverse Pathologies: To what
extent can foundational AI models, pre-trained via self-
supervised learning onmassive-scale data, differentiate
between retinal diseases with overlapping clinical
signatures across heterogeneous acquisition protocols?

2) Multimodal Synergy vs. Unimodal Performance: Does
the strategic integration of OCT and fundus pho-
tography significantly enhance diagnostic accuracy

and robustness compared to unimodal architectures,
particularly in data-constrained scenarios?

3) Robustness to Image Heterogeneity:How does the uni-
fication of multiple datasets characterized by varying
image qualities, noise levels, and hardware-specific
artifacts influence the stability of the learned visual
representations compared to single-source training?

4) Clinical Interpretability and Trust: How do different
foundational architectures (CNN vs. Vision Transform-
ers) align with clinical biomarkers through explainable
AI (XAI) techniques, such as integrated gradients and
activation maximization?

To address these questions, we leverage a massive corpus
of 760,243 images, utilizing the computational power of
state-of-the-art hardware (NVIDIA RTX 5090) to ensure
exhaustive hyperparameter optimization. The ultimate goal
of this work is to demonstrate that by leveraging large-scale,
multimodal data diversity, we can overcome the limitations
of traditional models that are often overfitted to specific
clinical settings. We aim to bridge the gap between technical
reliability and the practical transparency needed for real-
world ophthalmic decision support.

II. RELATED STUDIES
In the field of automated diagnosis of eye diseases, recent
years have revealed a particularly dynamic and heteroge-
neous landscape. ViT models offer interesting possibilities
due to their ability to generalize across modalities such as
fundus and OCT imaging through self-supervision, achieving
up to 98% accuracy in glaucoma and 99.6% in 2D OCT.
Models such as OCT-Trans (96.68%) or hybrid variants like
ViT-Large+GRU (92.92%) reveal that integrating context
and temporality can be more productive than simply increas-
ing network depth. This trend suggests an ongoing conceptual
shift in the nature of retinal analysis.

Meanwhile, CNNs remain fundamental due to their
efficiency and accuracy. VGG16 reaches up to 98.7%,
adjusted ResNet-50 achieves 99.9%, and DenseNet201
achieves 99.69%. Lightweight models such as OctNET attain
equivalent performance with only 6.9% of the parameters
required by ResNet-50, highlighting the potential of opti-
mization rather than scaling as a principle for network design.

Finally, ensemble strategies confirm the value of com-
plementarity: voting and stacking schemes have improved
performance up to 92% in diabetic retinopathy OCTA,
while fusion of capillary plexus layers yields improvements
of approximately 5.4%. In heterogeneous clinical contexts,
federated learning as shown by Julian Lo et al. achieves an
area under the receiver operating characteristic (AUROC)
ranging from 0.954 to 0.960, maintaining accuracy without
compromising privacy. This may represent a viable path-
way for redefining the future of diagnostic intelligence.
Kumar et al. [15], for example, comprehensively addressed
the comparison between visual modalities, including 2D and
3D fundus and OCT imaging, to identify pathologies such
as glaucoma and diabetic retinopathy. Their work not only

31568 VOLUME 14, 2026



A. Osa-Sanchez et al.: Explainable Multimodal Foundational Models for Retinal Disease Stratification

TABLE 1. Summarization of the discussed related studies.

confirms the superior accuracy of CNNs with EfficientNet
reaching 99.6% in 2D OCT but also suggests something
more profound: ViTs, even though they achieve slightly
lower performance in specific tasks (e.g., 98% in fundus
imaging), represent a promising avenue for cross-modal
generalization. This finding invites a rethinking of the very
notion of ‘‘optimal performance,’’ shifting it toward a more
comprehensive understanding of visual learning.

It is noteworthy that when dealing with volumetric
3D OCT analysis, the same authors opted for a hybrid
solution (ViT-Large+GRU) that achieved 92.92% accuracy
by leveraging sequential dependencies between slices. This
integration of spatial and temporal structures redefines the
model’s ability to capture subtle inter-slice variations, which
purely spatial approaches often overlook.

Hauri-Rosales et al. [16] continued this research line
from another angle by optimizing CNN architectures
particularly ResNet-50 via fine-tuning strategies and pre-
trained ImageNet weights. Their systematic experimental
review demonstrated that proper calibration can achieve
accuracies as high as 99.9%, even when training is limited
to 10% of the full dataset (approximately 8,000 images).
This nontrivial observation shows that transfer learning not
only compensates for data scarcity but also redefines our
understanding of efficiency in biomedical training paradigms.

Likewise, Elsharkawy et al. [17] introduced OCT-Trans,
a Transformer specifically adapted to OCT morphology
and texture. Achieving 96.68% accuracy in distinguishing
AMD and diabetic retinopathy, the model also demonstrated
significant improvements over ViT-B and ConvNeXt-T
according to Wilcoxon tests (p < 0.05). This architectural
customization suggests a critical evolution: Transformers
are shifting from general-purpose visual models to domain-
specific, multimodal structures suited to the medical imaging
field.

In a related context, Ebrahimi et al. [18] investigated the
impact of layer fusion strategies in OCTA images for diabetic
retinopathy detection. Their work revealed that intermediate
fusion architectures integrating information from multiple

vascular plexuses both superficial and deep improve accuracy
by approximately 5.4% compared to single-layer models,
reaching 92.65%. This indicates that intelligent, multiscale
integration can outperform brute-force network deepening,
underscoring the importance of anatomical and structural
context.

Meanwhile, Lo et al. [19] explored federated learn-
ing (FL) as a complementary paradigm. Their multi-
institutional OCTA study achieved AUROC values between
0.954 and 0.960. Beyond numerical improvements, the
ethical and practical implications are notable: decentralized
training not only preserves patient privacy but also generates
models with improved robustness and generalizability. Thus,
FL emerges as a promising solution for medical AI develop-
ment under equity and data protection constraints.

Finally, Sunija et al. [20] proposed OctNET, a lightweight
six-block CNN optimized for computational efficiency.
Despite its compact architecture, OctNET achieved 99.69%
accuracy, matching ResNet-50 while using only 6.9% of its
parameters. This finding underscores that purely quantitative
metrics such as raw accuracy or model complexity may fail to
capture the true value of lightweight solutions in constrained
environments, where energy, hardware, and accessibility
limitations shape their real-world impact.

III. MATERIALS
To train the foundational model, multiple publicly avail-
able datasets were compiled and integrated. All datasets
underpinning this study were sourced exclusively from
open repositories, ensuring transparent and reproducible
experimentation within ophthalmic imaging. Large-scale
data were indispensable not only for model initialization
but also for capturing a broad spectrum of anatomical and
acquisition variations. Twomain repositories LabeledOptical
Coherence Tomography (OCT) and Chest X-Ray Images for
Classification [21] (253,452 images) and the Large Dataset
of Labeled Optical Coherence Tomography (OCT) and Chest
X-Ray Images [22] (108,309 images) formed the core of the
pretraining stage, providing a diverse foundation from which
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TABLE 2. Integrated ophthalmic datasets: partitioning for self-supervised pre-training and supervised specific training.

FIGURE 1. Samples from CATT dataset for AMD detection.

the proposed foundational models could extract transferable
visual features.

During the initial learning phases, additional datasets
reinforced this process by introducing alternative scanning
conditions and disease categories. Sets such as OCT-Retina-
Disease (109,300 images) [23] and Labeled Retinal Optical
Coherence Tomography (16,803 images) [24] contributed
to refining intra-modality representations. Complementary
collections including AIROGS (101,442 images) [25], EYE-
PACS Diabetic (88,712 images) [26], DDR Dataset (17,458
images), and MM-Retinal (4,391 images) further diversified
the data spectrum. Smaller archives such as Messidor (900
images) [27], RetinalOCT_Dataset-C8 (24,000 images) [28],
OIMHS (3,859 images) [29], and Composite Retinal Fundus
and OCT Dataset (2,560 images) [30] expanded the overall
visual representation coverage.

Collectively, these resources supported a large-scale pre-
training phase aimed at deriving representations resilient

FIGURE 2. Samples from the different diseases from the datasets.

to variations in both imaging modality and acquisition
protocol, establishing a robust foundation for subsequent
fine-tuning and multimodal adaptation stages. When the
model entered the validation and adaptation phase, the
focus shifted toward assessing its capacity to generalize
across specific diagnostic targets. For glaucoma-related
examinations and optic disc analysis, we employed several
specialized datasets, including Glaucoma Detection [31]
(2,007 images), OCTDL [32] (2,064 images), Glaucoma
Fundus [33] (1,544 images), sjchoi86-HRF [34] (601
images), and REFUGE_2 [35] (2,400 images), see Fig. 2.
Meanwhile, the Eye Disease Image Dataset [36] (21,577

images) provided a comprehensive testbed for multi-disease
screening scenarios, enabling verification of both classi-
fication and severity grading of retinal conditions under
heterogeneous data environments. For AMD classification
and maculopathy assessment, the Fundus CATT dataset [37]
(864 images) was utilized, see Fig. 1.
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FIGURE 3. An outline of the explainability and tuning of the suggested
framework.

It is important to note that all datasets used in this
study comply with the usage conditions prescribed by
their respective repositories and were obtained exclusively
from official distribution platforms. No patient-identifiable
clinical materials were introduced at any stage unless
explicitly addressed elsewhere in this manuscript, ensuring
full compliance with data governance and ethical research
standards.

IV. METHODOLOGY
The proposed framework, whose general scheme is presented
in Fig. 3, begins with exhaustive preprocessing of fundus
and OCT images to highlight regions of interest and ensure
data integrity through filtering techniques and multi-crop
magnification. Foundational models based on ViT and
ResNet-50 are then employed.

A. DATA PREPROCESSING
During the initial preparation stage, particular attention was
given to the integrity and informational value of the images.
Files that displayed corruption, duplication, or that contained
auxiliary layers such as binary masks or label overlays
intended for annotation rather than visual inspection were
excluded. This filtering ensured that the material retained was
visually meaningful and suitable for representation learning
under self-supervised conditions. It is worth noting that any
form of metadata or textual trace linked to class identity,
whether in file names or image headers, was deliberately
removed before initiating pretraining, thus eliminating any
inadvertent guidance that could bias feature extraction.

Once this process had been completed, the image bank
was reduced to 636,852 elements, all of them available
for self-supervised representation learning without reference
to downstream labels. That decision responded to a
methodological choice: to privilege the observation of image
structure itself rather than predefined diagnostic categories.
In contrast, for subsequent supervised experiments, only
instances with verified annotations were considered. From
this narrower pool of 16,885 images in total, three disjoint
partitions were produced following a 70/15/15 proportion

to separate training, validation, and testing material,
respectively.

To facilitate reproducibility and coherent pipeline inte-
gration, each subset was stored in its own directory and
linked to a CSV annotation file, but only at the supervised
stage. During pretraining, these associations were inten-
tionally withheld. Such an arrangement, while seemingly
simple, proved effective in maintaining strict independence
between unsupervised representation learning and supervised
evaluation—a distinction that underpins the experimental
design as a whole.

B. PRETRAINING
This study compares three pre-trained visual models that
share the same reference backbone but differ in the type of
self-supervised learning strategy used. A ResNet-50 model
trained using DINO and two configurations of the Vision
Transformer ViT-B/16 are employed: one using the iBOT
strategy and the other using DINOv2. This choice is not
purely technical: it aims to examine, in a controlled manner,
how the nature of the self-supervised learning objective
influences the robustness of the visual representations when
the transformer architecture remains fixed. Ultimately, the
comparison between the convolutional encoder and the self-
supervised learning models reveals differences not only in
structure but also in how both mechanisms capture the
variability of the biomedical image.

1) SSL ARCHITECTURE
The self-learning framework used falls within the student-
teacher method, which relies on distillation through joint
embeddings. The input samples undergo a multi-crop aug-
mentation process where, from each image, two global
views and a series of local cropped views are generated.
These transformations include horizontal rotations, chro-
matic alterations, normalization, and occasional grayscale
conversion. While the student encoder processes all the
generated views, the primary updated by momentum as an
exponential average of the student’s parameters receives only
the global views. This dynamic, by stabilizing the master’s
projections, induces scale-invariant representations, which is
particularly useful in medical domains with morphological
heterogeneity.

In the case of the DINO [38], [39] model, for both
ResNet-50 and ViT-B/16, training is based on the student
reproducing the probability distribution estimated by the
primary for different views of the same image. Normalization
through centering and temperature adjustment manages the
cross-entropy used as the main loss. The advantage of this
scheme lies in its elimination of explicit negative pairs,
favoring a type of representation that tends to be richer and
more transferable to subsequent diagnostic or classification
tasks in clinical images.

The iBOT [40], [41] method, applied exclusively to the
ViT-B/16 backbone, introduces a combination of distillation
and masked image modeling. A subset of patches is hidden
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in the student’s input, who must reconstruct their representa-
tions based on the teacher’s predictions. This incorporation
of masked image modeling gives the model a dual capability:
capturing large-scale relationships while simultaneously
integrating the local texture that characterizes histological
or cellular tissues. It is worth noting that in histopathology
images, this dual sensitivity global and local is critical for
reliable automated interpretations.

The DINOv2 [38], [42] procedure maintains the student-
teacher philosophy but with readjusted training. Both the
selection and specificity of the views and the normalization
of the teacher’s outputs are refined. This refinement is
accompanied by more careful control of hyperparameters and
extended training times, with the goal of generating stable,
uniformly distributed, and easily reusable embeddings in
transfer scenarios, even when the amount of labeled data is
limited. It is worth noting that this type of adaptability is
especially valuable in contexts where the cost of annotation
is high or access to specialists is restricted.

2) MODELS
ResNet-50 [43], [44] acts as the reference convolutional
backbone, composed of four residual stages with bottleneck
blocks and a global pooling layer that produces a 2048-
dimensional embedding. A nonlinear projection head is
added to this encoder, used only during pretraining with
DINO. After pretraining, the backbone is reused as a feature
extractor for downstream tasks, where task-specific heads are
added (classification, segmentation, etc.).

The first Vision Transformer considered is ViT-B/16
[45], [46], which divides the image into 16× 16 pixel patches
and processes them using a self-addressing Transformer
layer stack. In the ViT-iBOT variant, this backbone is
trained with the combination of image-level distillation
and masked image modeling described above. The patchy
nature of the model, along with its objective of recon-
structing masked patches, makes it particularly powerful
for exploiting fine morphological patterns in biomedical
images.

The third model is also based on ViT-B/16 [47], [48],
but it is trained using the DINOv2 recipe. By keeping the
architecture fixed and varying only the SSLmethod, the effect
of the loss formulation and the training recipe on the quality
of the representations can be isolated. This model is geared
towards producing more stable and uniform features, with
good out-of-domain performance and in tasks with little
labeled data.

C. TASK-SPECIFIC TRAINING
Our foundation models were adapted to downstream retinal
disease classification tasks using feature-based transfer
learning and end-to-end fine-tuning strategies. Three self-
supervised foundation models pretrained on large-scale
retinal imaging data were evaluated: ResNet-50 trained
with DINO, ViT-B/16 trained with iBOT, and ViT-B/16
trained with DINOv2. These models were transferred to two

clinically relevant classification tasks to assess their ability to
generalize to labeled medical data.

Two task-specific classification problemswere considered:
• Four-class AMD classification: This task aimed to
predict the severity of AMD from color fundus pho-
tographs from the CATT dataset, with categories:
Normal, Intermediate AMD, Geographic Atrophy, and
Neovascular (Wet) AMD. Given the limited number
of labeled samples, this task was particularly suitable
for transfer learning, where pretrained features were
used as input to a task-specific classification head
without extensive backbone fine-tuning. For the ViT
models, the [CLS] token embedding served as the global
image representation, while for ResNet-50, the pooled
convolutional features were used.

• Six-class retinal disease classification: The second
task involved a larger and more heterogeneous dataset
combining fundus and OCT images. The target classes
were AMD, Diabetic Retinopathy, Glaucoma, Mac-
ulopathy, Normal, and Retinal Detachment. Due to
the increased dataset size and task complexity, this
setting enabled end-to-end fine-tuning of the pretrained
backbones together with task-specific heads, allowing
the models to adapt fully to the new domain while
leveraging the pretrained representations.

D. EXPLAINABILITY AND INTERPRETABILITY
For AI models to generate accurate and intelligible pre-
dictions in the context of AMD and other retinal diseases,
it is imperative that their decisions are both understandable
and clinically interpretable [49]. In this work, explainability
is achieved through attribution and representation-based
techniques grounded on gradients and internal activations,
such as Integrated Gradients, DeepLIFT, GradientSHAP,
and Activation Maximization, which have been extensively
validated in biomedical and multimodal deep learning
settings.

Integrated Gradients, DeepLIFT, and GradientSHAP pro-
vide pixel-level attribution maps by linking the model’s
prediction to specific regions of the input image. Integrated
Gradients attributes importance by integrating the gradients
of the model output along a path between a reference input
and the real image, satisfying desirable properties such
as completeness [50]. DeepLIFT assigns contributions by
propagating activation differences with respect to a reference
input, offering improved behavior in regions with vanishing
gradients [51]. GradientSHAP combines ideas from Inte-
grated Gradients and Shapley values, estimating attribution
scores by averaging gradients over multiple noisy reference
inputs, resulting in more stable and robust explanations.
These methods generate heatmaps over OCT and fundus
images that highlight the retinal structures supporting each
prediction [52].

Activation Maximization [53] complements these attri-
bution techniques by providing insight into the internal
representations learned by the model. Rather than explaining
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individual predictions, this method optimizes a synthetic
input to maximize the activation of specific neurons,
channels, or class logits, revealing prototypical patterns
encoded by the network. In the context of AMD, Activation
Maximization can expose characteristic configurations of
drusen, retinal thickening, or intraretinal fluid that the model
associates with particular disease stages. In multimodal
architectures, activations can be maximized independently
for the OCT and fundus branches, facilitating modality-
specific interpretability.

In diagnosing and monitoring AMD, these explainability
methods can significantly aid clinicians by providing visual
and mechanistic insight into how deep learning models base
their decisions on retinal images. For instance:

Integrated Gradients, DeepLIFT, and GradientSHAP can
reveal which retinal regions are most influential for a given
prediction, allowing clinicians to verify that the model
focuses on clinically meaningful biomarkers such as drusen
deposits, edema, or areas of atrophy. These attribution maps
support both local explanations at the patient level and
the identification of consistent spatial patterns across the
population.

Activation Maximization enables the analysis of global
model behavior by visualizing prototypical features learned
by internal filters. This can help clinicians and researchers
understand what constitutes a ‘‘typical’’ representation
of AMD-related pathology from the model’s perspective,
complementing case-specific heatmaps with higher-level
interpretability.

Combining gradient-based attribution methods with
activation-based analysis offers a complementary and com-
prehensive interpretability framework. Attribution techniques
provide localized, patient-specific explanations of individual
predictions, while Activation Maximization reveals global
and modality-specific patterns learned by the model.
Together, these methods enhance transparency, foster clinical
trust, and improve the reliability of AI systems as diagnostic
support tools for AMD and other retinal diseases.

E. PERFORMANCE ASSESSMENT
In evaluating classification models, it is common to use
a set of metrics that allow for an objective assessment of
their performance and, at the same time, an understanding
of their limitations. It is crucial to remember that a model’s
value is not defined solely by its accuracy but also by the
nature of its errors. In this sense, measures such as precision,
sensitivity, and specificity complement each other to offer a
more nuanced view of its overall performance [11].

It is worth recalling that accuracy or the overall success rate
is obtained by dividing the number of correct predictions by
the total number of samples analyzed:

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(1)

Although high accuracy is generally considered positive,
it does not always accurately describe the system’s behavior,

especially when the data is unbalanced or when the cost of
errors varies between classes. This necessitates considering
additional indicators that more faithfully reflect the model’s
ability to distinguish between positive and negative cases.

From a more detailed perspective, sensitivity (also called
recall or true positive rate) evaluates the model’s ability to
correctly identify positive cases:

Sensitivity =
TP

TP+ FN
(2)

High sensitivity is valuable when the goal is to minimize
false negatives, as in medical or early diagnostic applications,
where omitting a real case can have significant consequences.

In contrast, specificity analyzes the model’s behavior with
respect to the negative class and is defined as:

Specificity =
TN

TN + FP
(3)

Its value becomes important when seeking to reduce false
positives, a common situation in clinical or quality control
systems.

Precision, on the other hand, is expressed as:

Precision =
TP

TP+ FP
(4)

This metric represents the proportion of positive predictions
that are true, an aspect closely linked to the reliability of
automated decisions.

To balance the relationship between sensitivity and accu-
racy, the F1-score is used, which represents their harmonic
mean:

F1 = 2 ×
Precision × Sensitivity
Precision + Sensitivity

(5)

It should be noted that a high F1 score not only indicates good
detection capability but also consistency in the classification
of positive samples, especially in contexts with unbalanced
classes.

V. EXPERIMENTS AND DISCUSSION
The classificationmodels were trained using a dedicated local
workstation with an NVIDIA GeForce RTX 5090 graphics
card. It offers sufficient processing power for demanding
deep learning applications. The purpose of this hardware con-
figuration was to specifically utilize the parallel processing
power of the GPU, which is essential for accelerating model
training and enabling efficient manipulation of system files.

Python 3.10 and PyTorch, a deep learning framework
well known for its adaptability and effectiveness in research
settings, were used to run the model building, training,
validation, and testing processes.

The target of the experiments is to answer the current
study research questions. This is accomplished by applying
machine learning algorithms such as CNN, MLP, and
Transformer Classifier to examine the numerical features
collected from retinal images. To ensure that each model is
optimized, these models are trained and evaluated using a set
of experiments including early stopping, loss, and precision
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TABLE 3. Summarization of the obtained results for task 1.

tracking. Performance metrics of precision, accuracy, recall,
and sensitivity are calculated through test runs. Using the
Optuna library, hyperparameters of each model are tuned and
the results of each tuning are saved to evaluate how well the
models solve the key research problems.

A. HYPERPARAMETER TUNING OF PRETRAINING
MODELS
All models were trained using the categorical cross-entropy
loss, which is well suited for multi-class classification
tasks and is commonly used in medical image analysis
due to its stable gradients and effectiveness in probabilistic
classification. To ensure a fair and robust comparison
among the different pretrained architectures evaluated in
this study, hyperparameter optimization was conducted using
Optuna, with the validation loss as the optimization objective.
Specifically, Optuna aimed to minimize the categorical cross-
entropy loss computed on the validation set, thereby directly
encouraging improved generalization performance during
fine-tuning.

The hyperparameter search space was defined consistently
across architectures. The learning rate was sampled on a
logarithmic scale within the range [1 × 10−5, 5 × 10−4], and
the batch size was selected from the discrete set {16, 32, 64}.
This shared search space ensuredmethodological consistency
between CNN-based models (ResNet-DINO) and Vision
Transformer-based models (ViT-DINO and ViT-iBOT).

For the ResNet-DINOmodel, Optuna identified an optimal
configuration with a learning rate of 2.85 × 10−5 and a batch
size of 16. For the ViT-DINO model, the best-performing
configuration consisted of a learning rate of 1.11 × 10−4 and
a batch size of 16.

In the case of ViT-iBOT, additional architecture-specific
hyperparameters were included in the optimization process.
Alongside the learning rate and batch size, the mask ratio,
which controls the proportion of image patches masked
during training, was optimized within the range [0.1, 0.7].
The optimal configuration selected by Optuna corresponded
to a learning rate of 3.66 × 10−4, a batch size of 32, and a
mask ratio of 0.64.

All selected hyperparameter configurations were fixed
after optimization and subsequently used for training and
evaluation on the downstream classification tasks reported in
this study.

B. REPORTED RESULTS
Model performance was evaluated using multiple comple-
mentary metrics, including Accuracy, F1-score (macro and
weighted), Precision, and Recall. Thesemetrics were selected

TABLE 4. Summarization of the obtained results for task 2.

to provide a comprehensive assessment of classification
performance, particularly in the presence of class imbalance,
which is common in ophthalmological datasets.

All reported results correspond to evaluations on an
independent test set that was not used during train-
ing or validation. This ensures that the reported perfor-
mance reflects the true generalization capability of each
model.

1) SPECIFIC TASK 1
In the first use case, table 3, models were evaluated on a
four-class classification task focused on AMD using fundus
images. The dataset was divided into training (516 images),
validation (172 images), and test (176 images) sets. The
four classes included Normal, Intermediate AMD, GA,
and Neovascular (Wet) AMD. Note: The near-random
performance of ViT architectures in Task 1 highlights the
‘Semantic Gap’ in low-data regimes, a phenomenon further
explored in the Explainability section to demonstrate their
emergent pathological awareness despite low classification
accuracy.

The ResNet-DINO model achieved the best overall
performance, reaching an accuracy of 0.9205 and a
weighted F1-score of 0.920. Precision and recall values
were also consistently high (0.923 and 0.925, respectively),
indicating a balanced and reliable classification across
all classes.

In contrast, the Vision Transformer-based models showed
significantly lower performance in this task. ViT-iBOT
obtained an accuracy of 0.5284 and a weighted F1-score
of 0.512, while ViT-DINO v2 achieved near-random perfor-
mance, with an accuracy of 0.50 and a weighted F1-score
of 0.497. These results suggest that, for limited dataset sizes,
CNN-based architectures pretrained with self-supervised
learning may be more effective than transformer-based
approaches.

2) SPECIFIC TASK 2
The second use case, table 4 addressed a more complex
six-class classification problem involving multimodal retinal
imaging (OCT and fundus images). The dataset comprised
11,220 training samples, 2,401 validation samples, and
2,411 test samples. The classes included AMD, Diabetic
Retinopathy (DR), Glaucoma, Maculopathy, Normal, and
Retinal Detachment.

In this scenario, all models exhibited improved perfor-
mance compared to Use Case 1, highlighting the positive
impact of a larger and more diverse dataset. ResNet-DINO
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again achieved the highest performance, with an accuracy
of 0.9353, a macro F1-score of 0.9464, and a weighted
F1-score of 0.9354. Precision and recall values (both 0.94)
further confirm the robustness of this model across classes.

ViT-iBOT demonstrated competitive performance, ach-
ieving an accuracy of 0.9096 and a macro F1-score
of 0.9236, suggesting that transformer-based models benefit
substantially from increased data availability. However,
ViT-DINO v2 lagged behind, with an accuracy of 0.7648 and
a macro F1-score of 0.7740, indicating limited generalization
capability in this multimodal setting.

C. COMPARATIVE ANALYSIS
This study presents a comparative evaluation of self-
supervised pretrained convolutional and transformer-based
architectures across two retinal disease classification tasks
of increasing complexity. In response to RQ2 and RQ3, our
results consistently highlight a divergence in performance
dictated by architectural inductive biases and dataset scale.
In the first use case (4)-class AMD classification), the
ResNet-DINO model significantly outperformed both Vision
Transformer-based models. This substantial performance
gap suggests that convolutional inductive biases specifically
locality and translation invariance are indispensable when
training data are scarce (n < 1, 000). In contrast, ViT-based
models, particularly ViT-DINO v2, exhibited near-random
performance. This indicates an insufficient adaptation of
global self-attention mechanisms under limited supervision,
where the model fails to converge on discriminative features
without a critical mass of medical samples.The second
use case (6-class multimodal task) revealed a pivotal shift
in this trend. By utilizing a large-scale dataset combining
OCT and fundus images, the performance gap between
ResNet-DINO and ViT-iBOT narrowed considerably. This
observation supports the hypothesis that transformer-based
architectures leverage long-range dependencies and global
context more effectively as the dataset size grows, eventu-
ally challenging the dominance of CNNs.Interestingly, the
consistent underperformance of ViT-DINO v2 compared
to ViT-iBOT across both tasks suggests that pre-training
objectives are as critical as architecture. While DINO focuses
on discriminative contrastive learning, iBOT’sMasked Image
Modeling (MIM) objective seems to force a more robust
internalization of retinal structural context, facilitating better
transferability to downstream medical tasks.Overall, these
findings indicate that model selection for retinal image classi-
ficationmust be strategically guided by data availability and
task dimensionality. While CNN-based SSL models offer
superior stability in low-data regimes, transformer-based
models represent a more scalable solution for large-scale,
multimodal clinical integration where global pathological
context is paramount.

D. RELATED STUDIES COMPARISONS
When contextualized within prior ophthalmic AI research,
the trends observed in our experiments both align with

and extend prevailing expectations regarding model capacity
and data dependency. Supervised convolutional approaches
have historically defined the benchmark for retinal disease
classification; for instance, Hauri-Rosales et al. [16]
and Sunija et al. [20] reported near-ceiling accuracies
(up to 99.9%) on 2D OCT datasets. However, these
models depend heavily on extensive pre-labeled data and
supervised transfer learning from ImageNet, which often
constrains their generalizability in heterogeneous clinical
settings.

In our previous work [54], we demonstrated that cascaded
architectures combining ViT-extracted features with CNN
and MLP classifiers could achieve high diagnostic precision
(94.19% for AMD) by focusing on specific numerical
patterns. While effective, that approach still relied on
supervised feature extraction. In contrast, our current ResNet-
DINO foundational model achieves comparable reliability
(93.53% across six complex classes) without any supervised
transfer learning. This underscores the evolution from task-
specific cascaded models to label-efficient foundational
paradigms that internalize retinal anatomy through massive
self-supervised pre-training on 760,243 images.

Closely related, the hybrid frameworks ofKumar et al. [15]
suggested that spatial integration is critical for 3D OCT
tasks. Our findings partly resonate with this; however,
we observe that the importance of global context modeling
increases with task complexity. This is evidenced by the
improvement of ViT-iBOT in our six-class scenario compared
to the four-class task. Furthermore, Elsharkawy et al. [17]
noted that domain-specific adaptation of Transformers
(OCT-Trans) outperforms generic models. This mirrors our
observation regarding the ‘‘Semantic Gap’’: the underper-
formance of ViT-DINOv2 in classification tasks suggests
that architectural scaling alone cannot compensate for
the need for domain-aligned pre-training objectives, even
when the model exhibits superior emergent localization
capabilities.

Conceptually, the benefits of multiscale integration high-
lighted by Ebrahimi et al. [18] align with the implicit
sensitivity of our DINO-based framework, which captures
fine-grained retinal textures without explicit fusion layers.
While federated approaches like those of Lo et al. [19]
focus on institutional privacy, our SSL approach prioritizes
robustness and autonomous interpretability key strengths
that may be more relevant than raw accuracy for clinical
deployment.

Taken together, these comparisons reveal a converging
narrative: while supervised CNNs and cascaded models (as
seen in [54]) define reference performance on curated data,
the next frontier represented by our Explainable Multimodal
Foundational Model emphasizes the synergy between self-
supervised representation learning and autonomous clinical
biomarker discovery. This shift addresses the critical need
for AI systems that are not only accurate but inherently
transparent and adaptable to the fragmented landscape of
global ophthalmic data.
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FIGURE 4. Explainability and interpretability of the ResNet DINO
classifier. Visualizations generated from frozen self-supervised weights,
demonstrating zero-shot pathological localization.

FIGURE 5. Explainability and interpretability of the ViT DINO v2 classifier.
Visualizations generated from frozen self-supervised weights,
demonstrating zero-shot pathological localization.

FIGURE 6. Explainability and interpretability of the ViT iBOT classifier.
Visualizations generated from frozen self-supervised weights,
demonstrating zero-shot pathological localization.

E. EXPLAINABILITY AND INTERPRETABILITY
The deployment of foundational models in this study
reveals a critical trade-off between predictive robustness and
autonomous clinical interpretability. Notably, the explainabil-
ity analyses presented in Figs. 4–6 were conducted on the
frozen self-supervised weights prior to any supervised
fine-tuning, highlighting the models’ inherent capacity to
internalize ophthalmic structures.

As shown in Fig. 4, the ResNet-DINO architecture
demonstrated superior diagnostic robustness (Acc = 0.9205).
However, its decision-making process relies on a global
integration of high-frequency textural features.While compu-
tationally efficient, this representation remains less intuitive
for clinical validation as it lacks localized anatomical
grounding.

Conversely, the ViT-DINOv2 model (see Fig. 5) exhibited
remarkable emergent segmentation capabilities. Without
explicit supervision or label exposure, the model precisely
localized pathological biomarkers, such as subretinal fluid
and drusen, in OCT B-scans. We identify this phenomenon
as a ‘‘Semantic Gap’’: while foundational SSL pre-training
excels at identifying and isolating anatomical anomalies
through structural contrast, the subsequent categorical dif-
ferentiation (e.g., specific AMD staging) requires a more
discriminative latent space mapping provided by the specific
training phase.

Furthermore, the performance of ViT-iBOT (Fig. 6) under-
scores the efficacy of the Masked Image Modeling (MIM)
objective. By utilizing an optimized mask ratio of 0.64,
the model was forced to internalize the global structural
context of the retina, resulting in regional attention maps that
spontaneously align with clinical pathological zones.

In conclusion, leveraging foundation models trained on
massive datasets provides a superior ‘‘visual prior’’ that
drastically reduces the dependency on large-scale labeled
medical archives. However, the choice between architectures
remains strategic: ResNet-based models prioritize raw diag-
nostic accuracy, whereas Transformer-based models offer
unprecedented clinical transparency through unsupervised
feature localization.

VI. LIMITATIONS
While this study demonstrates the potential of foundational
models, several structural and technical constraints must be
acknowledged. A primary limitation arises from institutional
fragmentation: the use of heterogeneous imaging equipment
and varying acquisition protocols (e.g., different OCT signal-
to-noise ratios and fundus camera optics) hinders the estab-
lishment of standardized interoperability. This landscape
complicates the deployment of federated frameworks and
may constrain the generalizability of representations learned
in isolated institutional silos.

Model-level limitations also define the current boundaries
of ViTs in clinical settings. The sensitivity of architectures
like ViT-DINOv2 to dataset volume was evident in Task 1,
where accuracies near 0.50 confirmed that without substantial
training data, Transformers lack the local inductive bias and
translation invariance inherent in CNNs.

Furthermore, we identify a critical ‘‘Semantic Gap’’:
although ViT-DINOv2 exhibited emergent segmentation
autonomously identifying morphological biomarkers like
subretinal fluid it lacked the discriminative mapping neces-
sary for precise disease staging. Finally, the high compu-
tational overhead of hybrid models (e.g., ViT-Large+GRU)
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and the requirement for meticulous fine-tuning remain bar-
riers for practical adoption in resource-constrained hospital
environments.

VII. CONCLUSION AND FUTURE DIRECTIONS
This research demonstrates that the future of ophthalmic
AI lies in balancing predictive robustness with autonomous
clinical interpretability. By training foundational models on
a massive corpus of 760,243 images across 15+ datasets,
we have shown that self-supervised learning (SSL) can
internalize complex retinal priors without the need for
exhaustive expert labeling.

The ResNet-DINO model established a benchmark for
stability, achieving a multimodal accuracy of 0.9353,
proving that SSL strategies can effectively replace tradi-
tional ImageNet-based transfer learning. Simultaneously,
our findings reveal a strategic trade-off: whereas CNNs
prioritize raw diagnostic reliability, Transformers facilitate
an unprecedented alignment with clinical reasoning through
emergent attention maps.

Future research will focus on three key pillars:
1) Architectural Evolution: Developing 3D architec-

tures that integrate ViT-Large with recurrent modules
(e.g., GRUs) to capture the volumetric continuity of
OCTB-scans, a dimension often lost in 2D approaches.

2) Privacy-Preserving Scaling: Implementing Federated
Learning (FL) to scale models across institutional
boundaries while maintaining data sovereignty and
achieving target AUROC values above 0.95.

3) Computational Efficiency: Exploring lightweight
alternatives like OctNET to achieve performance
parity with larger backbones using a fraction of the
parameters, ensuring viability for real-time clinical
decision support.

Ultimately, narrowing the ‘‘Semantic Gap’’ through
domain-specific SSL loss functions and multiscale fusion
(e.g., integrating OCTA plexus layers) remains the most
promising frontier for realizing trustworthy, interpretable,
and clinically reliable AI in the ophthalmic field.
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