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How Foundational Is the Retina Foundation
Model? Estimating RETFound’s Label
Efficiency on Binary Classification of Normal
versus Abnormal OCT Images

David Kuo, MD," Qitong Gao, PhD,’ Dev Patel, MS,” Miroslav Pajic, PhD,?> Majda Hadziahmetovic, MD'*?

Objective: While the availability of public internet-scale datasets of images and language has catalyzed remark-
able progress in machine learning, medical datasets are constrained by regulations protecting patient privacy and the
time and cost required for curation and labeling. Self-supervised learning or pretraining has demonstrated great
success in learning meaningful representations from large unlabeled datasets to enable efficient learning on down-
stream tasks. In ophthalmology, the RETFound model, a large vision transformer (ViT-L) model trained by masked
autoencoding on 1.6 million color fundus photos and OCT B-scans, is the first model pretrained at such scale for
ophthalmology, demonstrating strong performance on downstream tasks from diabetic retinopathy grading to stroke
detection. Here, we measure the label efficiency of the RETFound model in learning to identify normal vs. abnormal OCT
B-scans obtained as part of a pilot study for primary care-based diabetic retinopathy screening in North Carolina.

Design: The 1150 TopCon Maestro OCT central B-scans (981 normal and 169 abnormal) were randomly split 80/10/
10 into training, validation, and test datasets. Model training and hyperparameter tuning were performed on the training
set guided by validation set performance. The best performing models were then evaluated on the final test set.

Subjects: Six hundred forty-seven patients with diabetes in the Duke Health System participating in primary care
diabetic retinopathy screening contributed 1150 TopCon Maestro OCT central B-scans.

Methods: Three models (ResNet-50, ViT-L, and RETFound) were fine-tuned on the full training dataset of 915 OCT
B-scans and on smaller training data subsets of 500, 250, 100, and 50 OCT B-scans, respectively, across 3 random
seeds.

Main Outcome Measures: Mean accuracy, area under the receiver operator curve (AUROC), area under the pre-
cision recall curve (AUPRC), F1 score, precision, and recall on the final held-out test set were reported for each model.

Results: Across 3 random seeds and all training dataset sizes, RETFound outperformed both ResNet-50 and ViT-L
on all evaluation metrics on the final held-out test dataset. Large vision transformer and ResNet-50 performed
comparably at the largest training dataset sizes of 915 and 500 OCT B-scans; however, ResNet-50 suffered more
pronounced performance degradation at the smallest dataset sizes of 100 and 50 OCT B-scans.

Conclusions: Our findings validate the benefits of RETFound’s additional retina-specific pretraining. Further
research is needed to establish best practices for fine-tuning RETFound to downstream tasks.

Financial Disclosure(s): Proprietary or commercial disclosure may be found in the Footnotes and Disclosures at
the end of this article. Ophthalmology Science 2025;5:100707 © 2025 by the American Academy of Ophthalmology. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Diabetic retinopathy is a leading cause of preventable vision
loss among adults in the United States as its late vision-
threatening complications, such as diabetic macular edema
and proliferative diabetic retinopathy, can be effectively
managed if detected and treated promptly. Unfortunately,
due to several factors, including socioeconomic and
geographic barriers to care, less than half of all patients with
diabetes in the United States undergo the recommended
annual screening for diabetic retinopathy recommended by
the American Diabetes Association and the American
Academy of Ophthalmology. '

In recent years, several deep learning systems have been
developed and published for diabetic retinopathy screening,
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demonstrating robust diagnostic performance across multiple
independent validation datasets; however, to our knowledge,
none has publicly available code or model weights.” '*

Thus, in an effort to establish primary care—based retinal
telescreening for diabetic retinopathy and other referrable
retinal pathologies, we turned our attention to current state-
of-the-art open-source models that could be adapted to our
task and limited dataset, emphasizing the recent advance-
ments in foundation models.

First coined in 2021, foundation models, “any model that
is trained on broad data (generally using self-supervision at
scale) that can be adapted to a wide range of downstream
tasks” have transformed the field of machine learning.'’
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Table 1. Class Distribution across Training, Validation, and Final
Held-Out Test Datasets

Train Validation Test Total
Normal 783 98 100 981
Referable 133 17 19 169
Total 916 115 119 1150

Among several emergent behaviors, foundation models
have shown the capability to make accurate predictions on
new tasks with only a very small number of labeled
examples (few-shot learning) and even learn to perform
new tasks without any updates to model weights (in-
context learning).'” These developments are of particular
interest in health care, where large datasets can be
especially challenging to curate.

Recently, Zhou et al'® released the Retina Foundation
model (RETFound), a large vision transformer (ViT-L)
model trained by masked autoencoding (MAE) on 1.6
million color fundus photos and OCT B-scans, the first
publicly available model pretrained at such scale for
ophthalmology. Evaluated on a number of downstream
datasets such as the Indian Diabetic Retinopathy Image
Dataset (IDRiD), Asia Pacific Tele-Ophthalmology
Society 2019 Blindness Detection Dataset (APTOS-2019),
and Messidor-2, RETFound demonstrated strong perfor-
mance across a range of downstream tasks from diabetic
retinopathP/ grading to glaucoma screening to stroke
detection.”” ¢

Furthermore, Zhou et al report impressive label effi-
ciency (i.e., requiring a relatively small amount of training
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data and labels to achieve a target performance level) across
4 tasks in the publication accompanying RETFound’s
release: heart failure prediction from color fundus photos,
myocardial infarction prediction from color fundus photos,
diabetic retinopathy grading using the MESSIDOR-2 data-
set, and diabetic retinopathy grading using the IDRiD
dataset. For MESSIDOR-2, RETFound was able to achieve
an area under the receiver operator curve (AUROC) com-
parable to the next best performing model, with only 45% of
the full MESSIDOR-2 dataset or roughly 786 out of 1748
color fundus photos split essentially evenly between photos
with diabetic retinopathy and photos without diabetic reti-
nopathy. Similarly, for IDRiD, RETFound was able to
achieve an AUROC comparable to the next best performing
mode, with only 50% of the full IDRiD dataset or 258 of
516 color fundus photos, roughly one-third of which have
diabetic retinopathy and two-thirds of which do not have
diabetic retinopathy. With code and model weights freely
available under a Creative Commons license, RETFound
presents a promising new tool to spur further advances in
machine learning for ophthalmology.'*'*'°

In this study, we explore the foundational capabilities of
the RETFound model. Specifically, given the lack of label
efficiency experiments for OCT datasets, we assess the
model’s label efficiency in classifying normal versus
abnormal OCT B-scans within the context of primary care
clinic—based diabetic retinopathy screening.

Methods

This study was reviewed and approved by the Duke University’s
institutional review board. All eligible patients were invited to
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Figure 1. Accuracy, AUROC, AUPRC, F1 score, precision, and recall on the held-out test dataset averaged across 3 random seeds, by model and training
dataset size. AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.
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Table 2. Test Set Performance (Percent) When Trained on 916 OCT Central B-Scans

Model Accuracy AUROC AUPRC F1 Precision Recall

Resnet 82.5+ 5.1 924 +3.2 83.5+ 1.8 80.1 + 3.4 79.8 £59 80.7 £ 5.1
ViT-L 849 +£ 2.3 933 £ 1.0 90.5 + 0.7 779 £+ 2.6 754 £33 80.5 + 2.0
RetF 912 +£23 96.7 + 0.6 95.5 + 0.8 88.7 £ 2.0 86.7 £ 3.2 90.8 &+ 2.5

AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.

participate in the study and verbally consented by their primary
care provider. Images were taken by trained, certified medical as-
sistants. Patient data were deidentified, and precautions were taken
as per Duke University’s institutional review board protocol to
ensure the security of protected health information and other study
data. The protocol followed the tenets of human research as pre-
sented in the Declaration of Helsinki.

In total, 1150 TopCon Maestro OCT central B-scans (981
normal and 169 abnormal) were curated from 647 patients with
diabetes in the Duke Health System participating in primary care
diabetic retinopathy screenings and randomly split 80/10/10 into
training, validation, and final held-out test datasets (Table 1).

Two models, ImageNet-pretrained ResNet-50 (timm/resne-
t50.al_inlk) and ImageNet-pretrained ViT-L (timm/vit_base -
patch16_224.augreg_in21k_ft inlk), were selected for comparison
against the RETFound model.

Despite being first introduced in 2015, deep residual networks
or ResNets have stood the test of time.'” Indeed, Wightman et al'®
demonstrated that with modern optimization and data
augmentation techniques, a vanilla ResNet-50 can achieve per-
formance comparable to that of newer model architectures such as
EfficientNets and Vision Transformers (ViTs) without extra data or
distillation and thus provides a strong baseline comparator (the
term “vanilla” has become ubiquitous in computing and technol-
ogy to describe configurations or implementations that lack cus-
tomization. In these contexts, it emphasizes simplicity,
standardization, and ease of maintenance).

Similarly, the ViT has increasingly replaced convolutional
neural networks as a foundational model architecture for computer
vision today.'® >’ In fact, RETFound itself is simply a ViT-L
model that has undergone additional pretraining via MAE on a
large dataset of 1.6 million color fundus photos and OCT B-
scans.”* Thus, ImageNet-pretrained ViT-L allows us to measure
the contribution of RETFound’s retina-specific pretraining to its
performance independent of model architecture.

Machine learning model training and hyperparameter tuning for
each of the 3 models (ImageNet-pretrained ResNet-50, ImageNet-
pretrained ViT-L, and RETFound) were performed on smaller and
smaller subsets of the training set, and the best performing models,
as determined by validation set performance, were evaluated on the
final held-out test set to measure the label efficiency of the

RetFound model in learning to identify normal vs. abnormal OCT
B-scans.

More specifically, across 3 random seeds, each model was fine-
tuned to convergence (roughly 100 epochs) on training datasets of
915, 500, 250, 100, and 50 OCT B-scans, respectively. In line with
the data preprocessing steps for the RETFound model, each OCT
B-scan was resized with bicubic interpolation to 224 by 224 pixels
and normalized using the ImageNet default mean and standard
deviation. Fine-tuning was then performed with RandAugment
data augmentation, Layer-wise Adaptive Rate Scaling optimizer,
weighted cross-entropy loss (for class imbalance), and a modest
grid search over learning rates.'**>*° Given the class imbalance in
our dataset, model checkpoints with the highest validation set F1
score were selected for evaluation on the final held-out test set,
for which mean accuracy, AUROC, area under the precision recall
curve (AUPRC), precision, recall, and F1 score were reported.

Results

Performance metrics of the best performing fine-tuned
ResNet-50, ViT-L, and RETFound models on the final
held-out test set are summarized in Figure 1 and Tables 2
to 6.

In brief, across 3 random seeds and all training dataset
sizes, RETFound outperformed both ResNet-50 and ViT-L
on all evaluation metrics on the final held-out test dataset,
achieving a mean accuracy of 91.2 £ 2.3%, mean AUROC
of 96.7 £+ 0.6%, mean AUPRC of 95.5 + 0.8%, mean F1
score of 88.7 + 2.0%, mean precision of 86.7 + 3.2%, and
mean recall of 90.8 + 2.5% when trained on the full dataset
of 915 OCT B-scans.

Furthermore, RETFound trained on only 250 OCT B-
scans (roughly 27% of the full training dataset) achieved
comparable results to ResNet-50 and ViT-L trained on the
full dataset of 916 OCT B-scans with a mean accuracy of
86.8 £+ 2.1%, mean AUROC of 93.8 + 1.7%, mean AUPRC
of 86.9 + 59%, mean F1 score of 78.2 4+ 4.0%, mean
precision of 75.2 + 3.6%, and mean recall of 81.6 £ 4.4%.

Table 3. Test Set Performance (Percent) When Trained on 500 OCT Central B-Scans

Model Accuracy AUROC AUPRC F1 Precision Recall

Resnet 82.0 £ 5.0 88.7 £ 2.2 79.2 £ 4.0 76.8 + 2.2 753 £ 4.0 78.6 + 1.1
ViT-L 82.9 +£ 3.7 924 £ 1.1 859 + 3.1 713 £ 0.5 74.7 £ 0.3 802+ 14
RetF 88.6 + 2.6 96.5 £ 1.6 947+ 23 84.7 + 6.8 83.4 £ 9.0 86.2 + 4.6

AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.
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Table 4. Test Set Performance (Percent) When Trained on 250 OCT Central B-Scans

Model Accuracy AUROC
Resnet 71.9 £ 9.7 85.9 + 3.9
ViT-L 73.0 +£ 2.8 85.1 £ 1.6
RetF 86.8 + 2.1 93.8 + 1.7

AUPRC

79.6 £5.2
750+ 23
869 £59

F1 Precision Recall
733 +£9.2 76.3 + 6.7 70.8 £ 114
67.8 £ 1.2 66.4 + 0.9 69.2 £ 1.5
78.2 £ 4.0 75.2 £ 3.6 81.6 + 44

AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.

ResNet-50 and ViT-L performed comparably at the
largest dataset sizes of 915 and 500 OCT B-scans but
separated at the smallest dataset sizes of 100 and 50 OCT B-
scans, with ResNet-50 suffering more pronounced perfor-
mance degradation: with 100 OCT B-scans, ResNet-50’s
performance dropped to a mean accuracy of 52.8 £ 4.6%,
mean AUROC of 56.6 £+ 1.2%, mean AUPRC of
54.1 £ 0.9%, and mean F1 score of 52.1 £ 6.8, compared to
ViT-L’s mean accuracy of 67.7 £ 6.5%, mean AUROC of
78.8 £+ 5.9%, mean AUPRC of 70.8 + 4.9%, mean F1 score
of 65.2 £+ 4.8%, mean precision of 53.1 + 9.9%, and mean
recall of 51.5 £ 3.8%.

Discussion

In this study, we compared the performance and label effi-
ciency of the recent RETFound model developed by Zhou
et al to that of standard ImageNet-pretrained ResNet-50 and
ViT-L models on a small imbalanced OCT classification
dataset. Across 3 random seeds and all training dataset sizes,
RETFound significantly outperformed both ResNet-50 and
ViT-L on all evaluation metrics and, furthermore, was able
to match their results despite training on only 27% of the
training dataset. These findings validate the benefits of
RETFound’s retina-specific pretraining and suggest that
RETFound should be a strong default model for OCT
classification tasks. Additionally, our experiments suggest
that 250 OCT B-scans may be a reasonable initial dataset
size to target for OCT-based binary classification tasks as
evaluation metrics dropped off sharply for all 3 models
below that number.

Of the evaluation metrics measured, AUROC was the
most robust, and F1 score was the least robust to decreasing
dataset size for all 3 models. AUROC provides a summary
metric of model performance across all possible classifica-
tion thresholds. Therefore, a relatively preserved AUROC
suggests that there may be additional performance (e.g.,

better accuracy, precision, recall) gained at lower dataset
sizes by optimizing each model’s classification threshold,
for instance, guided by the Youden index. F1 score is the
harmonic mean of precision (or positive predictive value)
and recall (or sensitivity) and measures the proportion of
true positives to false positives and false negatives. This is
particularly relevant in applications where the positive class
is rare relative to the negative class, such as screening for
disease in a predominantly healthy population. For this
study, poor F1 score relative to accuracy and other metrics
suggests that the models struggled to handle class imbalance
as dataset size decreased. This could be improved by opti-
mizing classification thresholds as discussed previously, and
other methods for addressing class imbalance, such as
resampling, may also be helpful.

Although our study is limited by its narrow scope (e.g.,
binary classification on a small OCT dataset from a single
institution), we hope that our results from such a simple task
can provide a useful approximate lower bound of the
amount of labeled data required to achieve reasonable per-
formance with the RETFound model on OCT classification
tasks. Further experiments are certainly warranted to eval-
uate the robustness of RETFound’s performance with mul-
ticlass classification and segmentation tasks as well as under
varying degrees of class imbalance and distribution shift.

Another potential future direction could be to further
explore pretraining convolutional neural networks and
smaller, more computationally efficient models in general
with the RETFound dataset. Zhou et al did explore pre-
training a ResNet-50 model with SimCLR and SwAV but
found that these (as well as ViT-L pretrained with MOCO-
v3 and DINO) did not perform as well as ViT-L pretrained
with MAE. However, the authors do note that “asserting the
superiority of the MAE requires caution, given the presence
of several variables across all models.”'” Indeed, literature
certainly suggests that convolutional neural networks can
be quite competitive. As mentioned previously, Wightman
et al'® demonstrated that leveraging modern optimization,

Table 5. Test Set Performance (Percent) When Trained on 100 OCT Central B-Scans

Model Accuracy AUROC AUPRC F1 Precision Recall

Resnet 52.8 £4.6 56.6 + 1.2 54.1 £ 09 52.1 £ 6.8 53.1+99 51.5 + 3.8
ViT-L 61.7 £ 6.5 78.8 £ 5.9 70.8 + 4.9 65.2 + 4.8 64.5 £ 3.8 659 +5.38
RetF 749 £ 39 88.5 + 3.1 77.6 £5.1 739 £ 3.5 732 £3.7 74.6 £ 3.7

AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.
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Table 6. Test Set Performance (Percent) When Trained on 50 OCT Central B-Scans

Model Accuracy AUROC
Resnet 56.5+ 5.3 585 + 1.6
ViT-L 64.0 + 4.3 784 £ 2.8
RetF 68.8 + 8.4 84.6 + 6.9

AUPRC

56.5+ 1.5
70.1 £3.2
71.8 £59

F1 Precision Recall
46.1 £ 8.5 55.5 £ 4.0 413 £133
63.4 + 3.8 64.0 + 3.4 629 £5.0
659 + 74 659 + 7.5 66.1 + 8.1

AUPRC = area under the precision recall curve; AUROC = area under the receiver operator curve; ViT-L = large vision transformer.

regularization, and data augmentation techniques such as
LAMB, label smoothing, stochastic depth, RandAugment,
and MixUp can significantly boost the performance of a
vanilla ResNet-50 model. Similarly, Smith et al”’ showed
that convolutional neural networks, specifically NFNets,
can match ViTs at scale when provided comparable
compute budgets and pretraining datasets. Finally,
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