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Domain-Aligned OCT Pre-training: Enhancing
Retinal Disease Diagnosis Through
Cross-Anatomy Vision Transformers

Anonymous Authors

Anonymous Institution

Abstract. Medical imaging often suffers from limited labeled data and
substantial domain gaps when transferring models pre-trained on general-
purpose benchmarks such as ImageNet. This study systematically com-
pares three training strategies for Vision Transformers (ViTs) on a four-
class retinal Optical Coherence Tomography (OCT) dataset(CNV, DME,
Drusen, Normal): (1) training from scratch, (2) conventional ImageNet-
based pre-training, and (3) a novel domain-specific pre-training method
using OCT breast cancer images (adipose tissue vs. cancer). Experimen-
tal results clearly show that the domain-specific OCT breast pre-training
significantly improves classification accuracy compared to both Ima-
geNet pre-training and training from scratch, particularly under limited-
data scenarios. These findings challenge the prevailing view that general-
domain pre-training has limited utility in medical imaging, instead em-
phasizing the essential role of domain alignment in pre-training datasets.
Our results highlight the critical advantage of domain-specific pre-training
in medical imaging AI, demonstrating improved accuracy and potential
for earlier retinal disease detection even with scarce labeled data. Future
research should focus on constructing larger OCT-specific pre-training
datasets and exploring advanced self-supervised methods tailored explic-
itly for medical imaging tasks.

Keywords: Optical Coherence Tomography · Vision Transformer · OCT
Image Classification · Transfer Learning · Medical Imaging

1 Introduction

The effectiveness of deep learning in medical imaging is frequently hindered by
the scarcity of annotated datasets, which limits the training and generalization
capabilities of complex models such as Transformers [1]. Originally introduced
for natural language processing (NLP), Transformers utilize self-attention mech-
anisms to effectively model long-range dependencies, significantly outperform-
ing previous models in capturing contextual relationships [1]. The adaptation
of this architecture into computer vision resulted in the Vision Transformer
(ViT), which partitions images into patches and processes them as sequential
data [2]. ViTs have demonstrated superior performance relative to traditional
convolutional neural networks (CNNs) across diverse image classification tasks,
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attributed to their ability to capture global visual context. However, ViTs are
inherently data-hungry and typically require large-scale datasets for optimal
performance, which poses a critical challenge in medical imaging domains char-
acterized by limited labeled data [3].

Optical Coherence Tomography (OCT) is a vital medical imaging modality
providing high-resolution, cross-sectional views of the retina, facilitating early
detection and monitoring of retinal diseases such as diabetic macular edema
(DME), age-related macular degeneration (DRUSEN), and choroidal neovascu-
larization (CNV) [4].Compared to natural images, OCT scans exhibit three dis-
tinctive characteristics: (1)layer-specific contrast patterns (e.g., hyperreflective
retinal layers) [5], (2)coherent speckle noise distribution [6], and (3)anisotropic
spatial dependencies along depth and lateral axes [7]. These domain-specific
attributes complicate the direct application of models originally developed for
natural-image benchmarks.

Previous studies generally concluded that pre-training ViTs on natural-image
datasets such as ImageNet offers minimal accuracy improvements for medical
imaging applications, typically less than 3% [8]. However, these conclusions over-
look the potential gains achievable when using closely related domain-specific
pre-training datasets. We hypothesize that pre-training on domain-aligned OCT
datasets—even those from different anatomical contexts—can significantly en-
hance diagnostic performance by addressing fundamental domain discrepancies
including imaging physics (coherent OCT interferometry vs. natural image pho-
ton detection), structural representations (layered biological tissues vs. object-
centric scenes), and pathological scales (micron-level tissue distortions vs. macro-
scopic object features).

Motivated by this hypothesis, we propose a novel two-stage cross-domain
pre-training strategy:

1. Pre-training ViTs on a large OCT dataset originally collected for breast
cancer detection (adipose tissue vs. cancer), leveraging the imaging similarity
between different OCT modalities.

2. Fine-tuning this pre-trained model on a four-class retinal OCT dataset (CNV,
DME, Drusen, Normal).

We systematically evaluate and compare three distinct training paradigms:

– ViT-ImageNet21K: General-purpose pre-training using ImageNet21K.
– ViT-OCT-Breast: Proposed OCT-specific pre-training using breast OCT

images.
– ViT-Scratch: Direct training from random initialization on retinal OCT

images.

Our experimental findings demonstrate a substantial performance gain when
employing domain-specific OCT pre-training, particularly under limited-data
conditions, improving classification accuracy from around 60% (general pre-
training) to approximately 80%. Additionally, our results highlight the limited
benefits derived from traditional ImageNet pre-training in OCT imaging tasks
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due to substantial domain discrepancies. These insights emphasize the necessity
and potential of domain-aligned pre-training datasets, calling for more extensive
domain-specific OCT datasets and advanced self-supervised approaches specifi-
cally designed for medical imaging scenarios.

2 Related Work

Recent years have witnessed substantial progress in medical imaging analy-
sis, driven by the convergence of deep learning algorithms, large-scale comput-
ing resources, and continuously expanding datasets. Table 1 provides a concise
overview of representative methods in this domain, illustrating the historical
dominance of CNNs, emerging Transformer-based approaches, and ongoing de-
bates surrounding transfer learning strategies.

Table 1: Representative Related Works in Medical Imaging and Transfer Learn-
ing
Approach Dataset Key Findings Refs

CNN for OCT
lesions

OCT datasets High accuracy but data-hungry;
limited long-range context
modeling

[9, 10]

Data augmentation
& GAN

Liver lesion Synthetic data addresses class
imbalance and small samples

[11]

Vision Transformer ImageNet,
COCO

Global attention outperforms
CNNs, requires large datasets

[2]

Medical ViT variants Brain MRI, CT Hybrid architectures improve
medical data efficiency

[12, 13]

OCT domain
challenges

Retinal
OCT/OCTA

Domain-specific structures limit
standard models

[14]

ImageNet
pre-training

Multi-modal Speeds convergence but domain
gap reduces benefits

[15, 8]

Scratch training Medical tasks Can match pre-trained models
under specific conditions

[8, 16]

2.1 CNNs in Medical Imaging: Achievements and Limitations

Convolutional neural networks (CNNs) have served as the cornerstone of medi-
cal image analysis for over a decade, demonstrating remarkable success in both
anatomical imaging modalities (e.g., CT/MRI [17]) and functional modalities
like OCT [9]. The hierarchical feature learning mechanism of CNNs enables ef-
fective pattern recognition when trained on large-scale datasets, with Kermany et
al. [10] achieving 96.6% classification accuracy on OCT scans using over 100,000
annotated samples.
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However, three fundamental challenges persist in clinical deployment scenar-
ios:
1) Data scarcity constraints: Most medical institutions possess OCT datasets
below 5,000 samples, leading to over 15% accuracy degradation compared to ideal
training conditions as shown by Ran et al. [18];
2) Domain-specific discrepancies: OCT’s inherent characteristics—including
coherent speckle noise patterns and micron-scale retinal layer structures—result
in approximately 40% feature mismatch with natural images [19];
3) Local receptive field limitations: Conventional 3×3 convolution kernels
struggle to model the long-range spatial dependencies inherent in OCT’s multi-
layered anatomical structures [20].

Current solutions employ data augmentation via GANs [11] and deeper net-
work architectures. Yet even 152-layer ResNet variants yield diminishing returns,
with Ran et al. [21] reporting only 2.1% accuracy improvement despite quadru-
pling parameters. This suggests intrinsic limitations in CNN’s local inductive
bias for OCT analysis, motivating exploration of architectures with global con-
text modeling capabilities.

2.2 Vision Transformers and Their Role in Medical Imaging

While convolutional neural networks (CNNs) have long dominated medical im-
age analysis,ViTs [2] have recently emerged as a powerful alternative, leveraging
a self-attention mechanism to capture rich global context across an image with-
out relying strictly on local convolutional filters. In OCT, where high-resolution
cross-sectional images often display subtle structural details and noise patterns,
ViTs can be particularly advantageous. By treating OCT scans as sequences
of non-overlapping patches, ViTs learn long-range dependencies and inter-patch
relationships, which are essential for identifying small or diffuse lesions and com-
plex tissue boundaries.

Recent studies highlight the effectiveness of ViTs in diverse OCT imaging
tasks. For instance, the Swin-Poly Transformer, which integrates multi-scale
feature modeling with polynomial loss optimization, has demonstrated supe-
rior performance in classifying retinal diseases from OCT images, achieving an
accuracy of 99.80% and an AUC of 99.99% [22]. Another work introduces the
TESR network (Transformer-based OCT retinal image super-resolution), which
employs an edge enhancement module to emphasize layer boundaries, boost-
ing the clarity of high-frequency features [23]. These specialized architectures
demonstrate that ViT-style models can not only perform classification but also
excel at super-resolution and lesion detection, tasks that demand precise global
understanding of retinal or tissue structures.

Overall, ViTs offer a flexible, attention-driven way to encode both the local
and global cues crucial in OCT images, whose morphological features may be
distributed throughout the scan. Unlike purely convolutional models, ViTs are
less constrained by receptive field sizes and can therefore capture subtle, global
variations — an important property for applications like early disease detection
and high-fidelity image reconstruction. As OCT datasets continue to grow and
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diversify, domain-tailored ViT architectures stand poised to play an increasingly
prominent role in advancing AI-aided medical imaging.

Nevertheless, ViT’s data-hungry nature poses challenges for medical imag-
ing, where annotated datasets are often limited. To address these issues, hybrid
or specialized Transformer architectures have been proposed, combining con-
volutional layers with attention blocks to strike a balance between local and
global feature learning. Recent studies also explore self-supervised or large-scale
pre-training tailored for medical images, showing promising results in reducing
domain gaps and improving downstream tasks [24].

2.3 Pre-training Strategies in Medical Imaging

Transfer learning from natural image benchmarks (e.g., ImageNet) is widely
adopted to address medical data scarcity, yet its efficacy diminishes in spe-
cialized modalities like OCT due to profound domain gaps [25].The following
three points further summarize the differences caused by OCT image proper-
ties during cross-domain transfer:(1) imaging physics (interferometric signals vs.
photon reflection) [26], (2) structural patterns (layered tissues vs. object-centric
scenes) [27, 28], and (3) pathological scale (micron-level lesions vs. macroscopic
features) [29]. While generic pre-training accelerates convergence, studies report
marginal gains in OCT tasks, as natural image priors fail to capture domain-
specific attributes like speckle noise and anisotropic dependencies [30, 31].

To bridge this gap, we propose cross-anatomy OCT pre-training, leverag-
ing shared imaging mechanisms across anatomical contexts. By pre-training on
breast OCT data (adipose vs. cancer), models acquire transferable features—tissue
texture sensitivity, noise robustness, and micron-scale pattern recognition—directly
applicable to retinal OCT [21]. This strategy aligns with evidence from CT/MRI
hybrid architectures, where domain-aligned pre-training outperforms ImageNet
initialization despite anatomical differences. Our study directly addresses this
gap by evaluating the efficacy of cross-anatomy OCT pre-training strategies, of-
fering a scalable solution to overcome data scarcity while preserving OCT-specific
diagnostic priors.

3 Materials and Methods

3.1 Dataset and Preprocessing

This study utilizes three datasets for evaluation. The first is a publicly available
retinal OCT dataset introduced by Kermany et al. [10], which includes four
categories of retinal pathologies: Choroidal Neovascularization (CNV), Diabetic
Macular Edema (DME), Drusen, and Normal. The second dataset comprises
breast OCT images,categorized into two classes: Adipose Tissue and Cancer. The
third dataset is ImageNet21K, a large-scale natural-image dataset consisting of
approximately 14 million images distributed across roughly 21,000 classes.

To systematically evaluate model performance, we define clear experimental
settings based on the datasets:
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– Retinal OCT dataset (4 classes): The training set contains 360 images
per class (1440 images total), trained for 200 epochs, with a test set of 90
images per class (360 images total).

Fig. 1: Examples of the four categories from the retinal OCT dataset: left to
right—CNV, DME, Drusen, and Normal

– OCT breast dataset (2 classes): The training set contains 5000 images
per class (10,000 images total), and the test set contains 1000 images per
class (2000 images total).

Fig. 2: Sample images from the OCT breast cancer dataset: left to right—Cancer
and Adipose Tissue

– ImageNet21K pre-trained model (21,000 classes): We utilize publicly
available pre-trained weights originally trained on approximately 14 million
images across diverse categories such as animals, vehicles, plants, and com-
mon objects.

Fig. 3: Samples from ImageNet21K categories: left to right—Chair, Bike, Bird,
and Pig
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All OCT images (both retinal and breast) are resized or cropped to a stan-
dardized resolution of 224×224 pixels, maintaining their single-channel (grayscale)
characteristic. Basic data augmentation, such as random flips, small rotations,
and ViT-based denoising techniques, is applied to enhance model generalization
unless otherwise specified.

3.2 Implementation Details

Vision Transformer Setup We adopt the standard ViT architecture described
in [2], where each image is divided into non-overlapping 16 × 16 patches. Each
patch is linearly projected into embeddings, combined with positional encodings,
and processed through multiple Transformer encoder layers. We specifically eval-
uate three initialization strategies:

– ViT-ImageNet21K: ViT pre-trained on the large-scale ImageNet21K dataset,
then fine-tuned on the Retina OCT dataset.

– ViT-OCT-Breast: ViT pre-trained on OCT Breast images, then fine-tuned
on the Retina OCT dataset. Pre-trained weights were loaded excluding the
classifier head to ensure effective transfer of backbone features.

– ViT-Scratch: ViT trained directly from random initialization on the Retina
OCT dataset.

Training Protocol We utilize the AdamW optimizer with a base learning rate
of 1×10−3 and a batch size of 32. The models are trained for 200 epochs without
applying early stopping, as empirical observations suggested that training loss
plateaued in later epochs, indicating sufficient convergence. A learning rate decay
strategy (e.g., reducing the learning rate upon significant plateauing of validation
accuracy) was applied to ensure more stable and robust convergence. All OCT
images are first pre-processed into grayscale (single-channel) format prior to
patch embedding.

Evaluation Metrics We evaluate the model performance using multiple com-
plementary metrics:

– Accuracy (%): correct predictions
total samples × 100 .Overall classification accuracy

– Loss (Cross-Entropy): Cross-entropy loss measures the discrepancy be-
tween predicted probabilities and the true class distributions, guiding model
optimization by penalizing uncertain or incorrect predictions. We use this
loss not only to monitor convergence but also as the primary criterion for
deciding on learning rate adjustments during training.Lower values indicate
closer alignment between the predicted probability p̂c and the true label yc,
guiding gradient-based optimisation during training.

– Confusion Matrices: Visualise the counts of true vs. predicted labels, pin-
pointing per-class strengths and systematic misclassifications.
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– ROC Curves and AUC: ROC curves plot the true-positive rate (TPR)
against the false-positive rate (FPR) across classification thresholds. The
AUC (Area Under the Curve) summarizes overall discriminative ability,
where 1.0 indicates perfect separability and 0.5 implies random guessing.
For this multi-class tasks, one-vs-rest AUC is reported.

4 Experiments and Results

4.1 Loss and Accuracy

As illustrated in figure 4 , the ViT-OCT-Breast model consistently achieves
lower training and test loss values and significantly higher accuracy than both
ViT-ImageNet21K and ViT-Scratch. Specifically, the ViT-OCT-Breast achieves
a final accuracy around 80%, outperforming ViT-ImageNet21K and ViT-Scratch,
which stabilize near 55% and 50%, respectively.

(a) Training loss comparison (b) Test loss comparison

(c) Accuracy comparison

Fig. 4: Comparison among ViT-OCT-Breast, ViT-ImageNet21K, and ViT-
Scratch over 200 epochs.

Additionally, we note the relative performance of ViT-ImageNet21K and
ViT-Scratch. ViT-ImageNet21K demonstrates marginally better performance
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compared to ViT-Scratch, reflected in slightly lower training and test loss values
and modestly higher accuracy. However, this advantage remains minimal, under-
scoring the limited benefit of ImageNet21K pre-training for highly specialized
OCT image classification tasks.

It’s important to note that the poor performance of the ImageNet-pretrained
model in this task doesn’t mean the model itself is bad. In fact, a ViT pre-
trained on ImageNet21K performs very well on general datasets—about 98.7%
on CIFAR-10, 92.3% on CIFAR-100. This shows that domain relevance mat-
ters—a strong model may still perform poorly if it’s not adapted to the specific
type of data.

4.2 Confusion Matrices

Confusion matrices provide insights into the specific types of errors made by the
classification models, showing how often each class is correctly identified and
how often it is misclassified into other categories. High values along the diagonal
indicate accurate predictions, while off-diagonal values represent misclassifica-
tions.

Figure 5 illustrates the confusion matrices for ViT-OCT-Breast, ViT-Image-
Net21K, and ViT-Scratch after 200 epochs.

Fig. 5: Confusion matrices comparison for ViT-OCT-Breast, ViT-ImageNet21K,
and ViT-Scratch on the small-scale 4-class OCT dataset.

From the confusion matrices, ViT-OCT-Breast shows superior class-wise ac-
curacy, particularly in accurately classifying challenging classes such as DRUSEN
and CNV, with very few misclassifications. In contrast, ViT-ImageNet21K and
ViT-Scratch show notably higher rates of misclassification across multiple classes,
further emphasizing the effectiveness of OCT-specific pre-training in enhancing
class-wise discriminative performance.

4.3 ROC Curves and AUC

The Receiver Operating Characteristic (ROC) curve visualizes the trade-off be-
tween true positive rate (sensitivity) and false positive rate (1-specificity) across
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different classification thresholds. The Area Under the Curve (AUC) metric
quantifies the overall performance, where an AUC of 1 indicates perfect clas-
sification, and an AUC of 0.5 suggests no discriminative capability.

Figure 6 provides a detailed view of the ROC curves and corresponding AUC
values for each of the four classes (DME, DRUSEN, NORMAL, CNV).

Fig. 6: ROC curves and AUC values comparison for ViT-OCT-Breast, ViT-
ImageNet21K, and ViT-Scratch across the four OCT classes.

As shown in the ROC curves, ViT-OCT-Breast consistently achieves superior
AUC values, close to or above 0.98 across all classes, significantly outperforming
ViT-ImageNet21K and ViT-Scratch, especially in classes DRUSEN and CNV.
ViT-ImageNet21K and ViT-Scratch show lower AUC values, often below 0.90,
particularly evident in classes DRUSEN and NORMAL. This demonstrates the
clear benefit of domain-specific pre-training in achieving robust class-wise pre-
dictive performance in specialized medical imaging classification tasks.

To further evaluate model robustness across data scales, systematic experi-
ments were conducted on datasets containing 20, 50, 100, 360, 500, and 1,000
images. Key findings include: (1) In few-shot scenarios (e.g., 20 images), accuracy
improved from the baseline 25% (ViT-Scratch and ViT-ImageNet21K) to 50%
(ViT-OCT-Breast); (2) On the 1,000-image dataset, ViT-OCT-Breast achieved
83% accuracy within only 20 epochs, significantly outperforming 55% (ViT-
Scratch and ViT-ImageNet21K). The 360-image configuration was selected as
the primary experimental benchmark, as it effectively demonstrates small-data
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improvements while avoiding performance interference from pretraining advan-
tages observed in larger datasets.

5 Discussion

5.1 The Value of Domain-Specific Pre-training

Our results clearly demonstrate the superiority of domain-aligned pre-training
over both generic ImageNet initialization and training from scratch. The ViT-
OCT-Breast model consistently outperformed other variants in accuracy, AUC,
and class-wise discrimination. This indicates that even OCT images from anatom-
ically unrelated domains—such as breast tissue—can significantly improve model
performance when their imaging modalities share structural and physical char-
acteristics (e.g., speckle noise, layer boundaries, and micron-level resolution).

While the ViT-ImageNet21K model exhibited faster initial convergence, its
final performance was only marginally better than the randomly initialized ViT-
Scratch model. This underscores the limited utility of natural-image pre-training
in highly specialized domains like OCT, where imaging physics and texture char-
acteristics deviate substantially from conventional visual datasets.

In contrast, training from scratch (ViT-Scratch) struggled to learn effective
representations in low-data regimes, leading to higher misclassification rates and
lower AUCs across all four classes. This highlights the importance of meaningful
inductive priors—especially when training data is scarce.

5.2 Data Scale and Domain Gap: Key Determinants

The performance gap between ViT-OCT-Breast and other models becomes es-
pecially prominent under limited-data conditions. In few-shot scenarios (e.g.,
20 images per class), ViT-OCT-Breast achieved nearly double the accuracy of
ViT-Scratch, suggesting strong feature transferability from domain-aligned OCT
sources. These findings challenge the common notion that large-scale generic
pre-training suffices for medical imaging and instead emphasize that domain
relevance outweighs data scale when deploying Vision Transformers in clinical
applications.

Our study also demonstrates that anatomical similarity is not a prerequi-
site for effective transfer. Despite the differences between breast and retinal
tissue, their shared OCT acquisition principles enable useful feature extraction
and transfer, supporting the hypothesis that modality-specific alignment is more
critical than anatomical correspondence.

5.3 Limitations and Future Directions

Although this study provides evidence for the effectiveness of cross-anatomy
domain-aligned pre-training, broader validation across diverse OCT tasks re-
mains an important future step. One practical limitation is the difficulty of
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acquiring large, annotated OCT datasets from other anatomical sites such as
skin, cornea, or gastrointestinal tissues, due to clinical access restrictions, pa-
tient variability, and the high cost of expert labeling. These factors currently
hinder broader experimentation but also highlight the potential impact of meth-
ods that can transfer knowledge across OCT modalities.

6 Conclusion

This study investigated whether domain-specific pre-training could enhance the
performance of Vision Transformers in OCT image classification. Through ex-
tensive experiments across multiple training regimes, our findings lead to the
following key conclusions:

– Pre-training ViTs on domain-aligned OCT data—even from unrelated anatom-
ical regions—substantially improves classification accuracy (up to 80%) and
AUC (≥ 0.98) in small-data retinal OCT settings.

– In contrast, ImageNet-based pre-training offers minimal performance gains,
reaffirming the challenge of domain shift in medical imaging tasks.

– Training from scratch remains a viable baseline but is significantly less effec-
tive in low-resource conditions, highlighting the value of meaningful inductive
priors from domain-specific sources.

Our findings also suggest a promising direction: by pre-training on a large-
scale OCT dataset from one anatomical site (e.g., breast), it is possible to signif-
icantly enhance performance on smaller datasets from another site (e.g., retina).
This highlights the potential of building general-purpose OCT transformer back-
bones that can be efficiently fine-tuned for diverse clinical tasks. In settings where
labeled data is scarce, such cross-anatomy transfer learning offers a scalable and
practical solution for advancing medical image analysis.

Ethical Statement: Retina Images for DME and Drusen: These images are
publicly available and were sourced from Kaggle, based on [10]. This dataset
includes high-resolution retinal images specifically related to Diabetic Macular
Edema (DME) and Drusen, utilized for various diagnostic model training pur-
poses. Breast Cancer Images: The breast cancer images were obtained from the
Kent Applied Optics Group (AOG) and the University of Nottingham.The ethi-
cal approval for the use of these images in research was rigorously obtained from
the City Hospital Nottingham.
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