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From public to clinical data: External validation of an explainable MedViT model
for retinal OCT images

Samuel Gibala!, Veronika Kurilova'2, Milos Oravec!, Jarmila Pavlovicova!, Jana Stefanickova3*

The performance of machine learning models is often evaluated using accuracy metrics, which provide only a partial view of
their capabilities, particularly in medical imaging, where explainability is essential. In this study, we propose to use a hybrid
CNN-Transformer model MedViT, for the classification of retinal OCT images. The model achieved 95.95% accuracy on the
modified public Retinal OCT C8 dataset and 90% on a private independent external test dataset, correctly classifying 9 out of
10 cases. Explainability analysis with Grad-CAM showed that the model consistently focused on clinically relevant macular
regions. These results indicate that the proposed approach can accurately detect pathological changes and focus on
diagnostically important regions also in an independent dataset beyond the training data, making it a reliable and helpful tool

for ophthalmologists in clinical practice.
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1 Introduction

Optical coherence tomography (OCT) is a non-
invasive imaging technique that enables high-resolution
visualization of the retinal structure. Its ability to provide
cross-sectional images of individual retinal layers makes
it an essential tool for diagnosing and monitoring a wide
range of ophthalmic diseases [1].

This study focuses on the macular region, the central
part of the retina responsible for sharp, detailed vision.
The macula contains a high density of cone photo-
receptors essential for color perception and fine spatial
resolution [2]. Structural changes in this area can lead to
severe visual impairment, highlighting the importance of
accurate detection and diagnosis using OCT imaging.

Automated analysis of OCT scans using machine
learning (ML) and deep learning techniques offers
significant potential for improving diagnostic efficiency
and accuracy. In particular, hybrid CNN-Transformer
models have recently demonstrated strong performance
in medical image classification tasks due to their ability
to capture both local and long-range feature relationships

[3].

However, for Al-based diagnostic tools to be effec-
tively implemented in clinical practice, their decision-
making processes must be interpretable and explainable
[4-6]. Merely achieving high classification accuracy is

not sufficient. It is equally important to understand
which image regions contribute to the model’s pre-
dictions. Such interpretability can support ophthalmo-
logists in clinical decision-making, increase the trust in
automated systems, and facilitate their integration into
diagnostic workflows.

In this work, we therefore investigate the use of the
hybrid model MedViT for multi-class classification of
retinal OCT images from Retinal OCT C8 dataset [7],
with a particular emphasis on explainability and external
clinical validation. To further assess the robustness and
real-world applicability of the proposed approach, we
also perform independent external validation using
a subset of private clinical OCT dataset. Our approach
aims to evaluate not only the classification performance
of the model but also the clinical relevance of its
decision-making, thereby exploring its potential as
a reliable decision-support tool in ophthalmology.

2 Related works

Research on automated classification of OCT images
using deep neural networks has been rapidly evolving,
covering a wide range of architectures — from classical
convolutional neural networks (CNNs) and their
modifications to modern transformer-based approaches.
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Subramanian et al. compared several CNN archi-
tectures — specifically VGG16, VGG19, DenseNet201,
and InceptionV3 — were compared for the classification
of eight retinal pathologies. The authors used a com-
bined dataset from public sources (Kaggle and Open-
ICPSR), which was augmented to approximately 24,000
images. The best results were achieved with the VGG16
architecture, reaching a validation accuracy of 97.2%,
demonstrating that even less complex models can
achieve high classification performance [8].

Karthik and Mahadevappa introduced an improved
version of the ResNet architecture, in which the EdgeEn
block and the Cross Activation function were added to
emphasize retinal layer boundaries and reduce back-
ground noise. The model, tested on the OCT2017 dataset
(4 classes) [10] and the Retinal OCT C8 dataset
(8 classes) [7], achieved an accuracy of 99.1% with
ResNet50, representing a significant improvement over
the original architecture. In addition to classification
results, the study also analyzed interpretability using
feature map visualizations [9].

Aykat and Senan compared several modern CNN
architectures, such as DenseNetl121, EfficientNetV2S,
InceptionV3, MobileNet, VGG16, and Xception, aiming
to identify the most suitable model for classifying OCT
images into eight categories. The best results were
obtained with DenseNetl21, which achieved an
accuracy of 97.79%. The study showed that careful
optimization of the training process can yield results
comparable to those of more complex models [11].

Jingzhen et al. presented a modern transformer-based
approach, where the Swin-Poly Transformer was
proposed, combining multi-level feature extraction with
the optimized PolyLoss function. The model achieved an
accuracy of 99.8% on the OCT2017 dataset [ 10] and also
provided interpretability through the Score-CAM
method, which visualizes activation maps based on
output scores. This work demonstrates a shift from
traditional CNNs toward transformer-based solutions,
which offer higher accuracy and improved visualization
capabilities [12].

Khalil et al. proposed OCTNet, a model based on the
InceptionV3 architecture enhanced with a multi-scale
attention mechanism that combines the Channel
Attention Module (CAM) and Spatial Attention Module
(SAM). This approach suppresses redundant infor-
mation and focuses on clinically significant regions of
the images. OCTNet achieved an accuracy of 99.5% on
the OCT2017 [10] and OCTID [14] datasets, with
ablation studies confirming the contribution of the
proposed attention modules [13].

Overall, the reviewed studies [8, 9, 11-13] demon-
strate the high potential of both CNN- and transformer-
based models for OCT image classification and highlight
the importance of explainability. However, most of them
evaluate models exclusively on publicly available
datasets and focus primarily on internal validation.
Independent external validation on clinical data is rarely
performed, which limits the clinical applicability of
these approaches.

3 Methodology

This section describes the methodological framework
of the proposed approach, which consists of dataset
preparation, image preprocessing, model design and
training, model evaluation using classification metrics,
explainability analysis, and validation on independent
external clinical dataset. The overall workflow of the
methodology is illustrated in Fig. 1.

3.1 Dataset

The Retinal OCT C8 dataset contains 24,000 high-
quality OCT images of the macular region, divided into
eight classes of retinal pathologies. The classes include
healthy images (NORM), choroidal neovascularization
(CNV), drusen, diabetic macular oedema (DME),
macular hole (MH), central serous chorioretinopathy
(CSR), diabetic retinopathy (DR), and age-related
macular degeneration (AMD). The dataset is designed to
support research and model training for automated
classification of macular diseases using machine
learning techniques. The images are evenly split into
training, testing, and validation subsets, with 2,300
training, 350 testing, and 350 validation images per class

(7]

Based on a detailed analysis of the images and
consultation with ophthalmologist, the dataset was
reduced from eight to six classes. The main reason was
the presence of possible clinical overlap between certain
diagnoses, which could potentially decrease classi-
fication reliability. One possible clinical overlap can be
observed between DR and DME class, with preserving
DME class, next one is between drusen, CNV and AMD
classes, from which we selected drusen and CNV classes
to cover dry and exudative AMD classes, respectively.
A summary of the final six class dataset structure used in
this study is presented in Tab. 1.
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Fig. 1. Diagram of the proposed method

Table 1. Modified retinal OCT C8 dataset [7] structure

Data split Class* Total
Train 2300 13 800
Validation 350 2100
Test 350 2100
Total 3000 18 000

* The same number of images for all classes (CNV,
DME, DRUSEN, NORMAL, CSR, MH)

For external independent validation, we used a subset
of a private clinical dataset collected within the scientific
project DIARET — “Research center for serious diseases
and their complications” (project ITMS: 26240120038).
This dataset was acquired at the Malacky Hospital and
provided by Nemocni¢na a.s., Holubyho 35, 902 01
Pezinok, Slovakia, for research purposes. We used 10
OCT images of the macular region from this dataset. The
dataset contained 5 images diagnosed with diabetic
macular edema (DME) and 5 images from healthy eyes.
These images were collected from routine clinical
practice and are not used during the training or internal
validation phases.

3.2 Image preprocessing and augmentation

The first step prior to model implementation was
a thorough dataset analysis, which revealed that the
images were of varying sizes and resolutions and
exhibited a high level of noise. Therefore, several pre-
processing techniques were applied to standardize image
dimensions and reduce noise while preserving clinically
relevant details. Image resizing was performed using
bilinear interpolation [15].

To reduce noise, multiple denoising approaches were
evaluated, including bilateral filtering, non-local means
denoising, Gaussian blurring, and median blurring. The
best classification performance was achieved using the
Non-local Means Denoising algorithm, which, unlike
traditional local filters, leverages the redundancy of
similar patterns across the entire image. This approach
effectively reduces noise while preserving textures and
fine structural details [16].

An example of the preprocessing process is shown in
Fig. 2. The original image (a) contains significant noise,
particularly in darker regions, while the processed image
(b) shows these regions significantly smoothed, with the
key retinal layers preserved and clearly distinguishable.
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(b)

Fig. 2. Preprocessing of the image: (a) original image,
(b) image after Non-local Means denoising

To further enhance the robustness of the model and
reduce the risk of overfitting, data augmentation was
applied to the training set. Advanced augmentation
method based on the random combination of multiple
simple transformation operations (rotation, contrast
adjustment, translation, scaling) was used. The resulting
transformations are combined through a convex combi-
nation, generating new image variants with high
diversity while maintaining their essential features [17].
Additionally, novel augmentation technique known as

the Patch Momentum Changer (PMC) [3] specifically
integrated in our implemented deep learning model was
used, leading to improved robustness and generalization
capabilities by combining feature normalization with
token-level data augmentation.

3.3 MedViT model architecture

MedViT is a robust hybrid CNN-Transformer model
designed for the classification of medical images across
various domains. It combines the strengths of con-
volutional neural networks (CNNs) and vision trans-
formers (ViTs) to address key challenges in medical
image analysis, such as modeling long-range depen-
dencies and improving robustness to image variability

[3].

The core components of the architecture are the
Efficient Convolution Block (ECB), responsible for
capturing local features, and the Local Transformer
Block (LTB), designed to extract multi-frequency
signals. The integration of these two modules enables
enhanced extraction of both global and local features.
This architecture has demonstrated high accuracy and
efficiency on large-scale medical imaging datasets such
as MedMNIST-2D [3].

MedMNIST-2D is a comprehensive collection of
normalized and preprocessed 2D biomedical images
from diverse sources, including X-ray, ultrasound, and
CT scans. It is specifically designed for classification
tasks and serves as a benchmark dataset for comparing
machine learning algorithms in medical image analysis
[18].

The MedViT model is available in three versions
based on the number of trainable parameters: MedViT-T
(Tiny, 10.8M), MedViT-S (Small, 23.6M), and
MedViT-L (Large, 45.8M) [3]. In this work, we
employed the medium-sized variant, MedViT-S, referred
to as MedViT base in available implementations.

3.4 Model training and evaluation

The MedViT model was initialized with weights pre-
trained on the ImageNet-1K dataset [19]. Training was
conducted for up to 100 epochs using the AdamW
optimizer, the cross-entropy loss function, and a batch
size of 32. The initial learning rate was set to 1x107* and
subsequently adjusted using the CosineAnnealinglL.R
scheduler. To prevent overfitting, the early stopping
technique with a patience of 7 epochs was employed,
and the best model checkpoint was selected based on the
validation performance. A complete overview of the
training parameters is provided in Tab. 2.
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Table 2. Training parameters

Parameter

Model

Model weights
Optimizer

Learning rate (init.)
Learning rate scheduler
Loss function

Early stopping

Batch size

Max. epochs

Value

MedViT-S (MedViT base)
ImageNet-1K

AdamW

0.0001

CosineAnnealingl.R (100 epochs)
Cross-entropy

Enabled (patience = 7)

32

100

During training, the evolution of accuracy and loss
was continuously monitored on both the training and
validation sets. After training, the model was evaluated
on the test set, where overall accuracy and loss were
recorded. To obtain a more detailed assessment of model
performance, we employed standard classification
metrics, precision, recall, Fl-score, and ROC-AUC,
complemented by visualizations. These included a
confusion matrix, which provides a detailed overview of
correctly and incorrectly classified samples across all
classes, and ROC curves illustrating the model’s
discriminative ability. The combination of these metrics
and visualizations enabled a comprehensive evaluation
of the model’s performance in the multi-class classi-
fication of OCT images.

3.5 Explainability analysis

To analyze the explainability of the trained models,
we utilized a complementary library for the PyTorch
framework that provides state-of-the-art interpretability
methods in the field of computer vision. This library
supports a wide range of architectures, from traditional
convolutional neural networks (CNNs) to vision
transformer models, and is applicable to various tasks
such as classification, semantic segmentation, and object
detection [20].

In our work, we employed the Grad-CAM (Gradient-
weighted Class Activation Mapping) technique, which
visualizes weighted 2D activation maps of convolutional
layers based on the average values of their gradients.

In the context of vision transformer models, these acti-
vations can be interpreted as weighted representations of
individual patches — the image segments into which the
input image is divided [20].

The Grad-CAM outputs were visualized as heatmaps,
where the color scale ranged from dark blue (indicating
the lowest attention) to dark red (indicating the highest
attention). These visualizations were subsequently
reviewed and discussed with an ophthalmologist to
assess the clinical relevance of the highlighted regions.

3.6 External validation

To evaluate the model’s ability to generalize to
unseen data, we used part of an external clinical private
dataset from DIARET project consisting of 10 OCT
images of the macular region. The dataset included
5 images diagnosed with diabetic macular edema (DME)
and 5 images of healthy eyes. These images were
obtained from clinical practice and were not part of the
training or validation process.

Preprocessing of the clinical images followed the
same procedure as applied to the Retinal OCT C8 dataset
[7] to ensure input consistency. The pre-trained MedViT
model was then evaluated on this dataset without any
additional fine-tuning.

The evaluation was based on the same set of metrics
and visualization techniques used in the internal
evaluation. Additionally, Grad-CAM-based visuali-
zations were generated for the external dataset to assess
whether the model focused on clinically relevant regions
during classification.
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4 Results and analysis

This section presents the experimental results cor-
responding to the methodology described in Section 3.
We first report the training and evaluation results on the
Retinal OCT C8 dataset [7], including quantitative
metrics and performance visualizations. Next, we focus
on the explainability analysis using the Grad-CAM
method, which enables the assessment of the clinical
relevance of the model’s decision-making process.
Finally, we present the results of external validation on
an independent clinical dataset, providing insights into
the model’s generalization capability in real-world
scenarios.

4.1 Training and evaluation results

The MedViT model was trained for up to 100 epochs
using the parameters described in Section 3.4. The
evolution of accuracy and loss on the training and
validation sets is shown in Fig. 3. The curves demon-
strate a stable increase in accuracy and a decrease in loss,
indicating good model convergence and the absence of
significant overfitting.

After training, the model achieved a test accuracy of
95.95% and an F1-score of 0.9595, confirming a well-
balanced performance between precision and recall.
Detailed results, including additional metrics such as
precision and recall, are presented in Tab. 3.

The confusion matrix shown in Fig. 4 (a) provides
adetailed view of the model’s classification performance
across individual classes. High accuracy was observed
across all categories, with the lowest classification rate
recorded for the DRUSEN class, where misclassi-
fications primarily occurred with CNV and CSR.
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Fig. 3. Training and validation accuracy (a),
and loss curves (b)

Table 3. Training and evaluation results

Metrics Training Validation Test Precision Recall F1 score
accuracy accuracy accuracy
Value 98.56 95.62 95.95 0.96 0.96 0.96

481
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Fig. 4. Evaluation confusion matrix (a), and ROC curves with ROC-AUC metrics (b) of modified
Retinal OCT C8 dataset [7]

Additional insights into the model’s discriminative
capability are provided by the ROC curves shown in
Fig. 4 (b). The AUC values ranged from 0.99 to 1.00
across all classes, indicating the model’s excellent ability
to distinguish between different disease categories.

4.2 Explainability analysis results

For the explainability analysis, we employed the
Grad-CAM technique, which allows visualization of the
image regions that the model focuses on most during
decision-making. The results are presented as heatmaps,
where dark blue indicates the lowest level of attention
and dark red represents the highest.

As shown in Fig. 5, the model consistently con-
centrated its attention on the central macular region,
which is the most clinically relevant area for diagnosis.
This finding confirms that the model not only achieves
high classification accuracy but also bases its decisions
on image regions that are critical for ophthalmologists
during diagnostic assessment. Such alignment between
the model’s visual focus and clinical practice enhances
its credibility and potential as a decision-support tool
in ophthalmic diagnostics.

4.3 External validation results

To assess the model’s generalization capability on
clinical data, we used an external independent private
dataset consisting of 10 OCT images of the macular
region (5 with DME and 5 from healthy eyes). The pre-
trained MedViT model was evaluated on this dataset
without any additional fine-tuning.

The results showed that the model achieved an
overall accuracy of 90%, correctly classifying 9 out of
10 samples. Detailed performance metrics are presented
in Tab. 4. The model correctly identified all 5 DME
cases, with a single misclassification occurring in the
healthy eye category.

In addition to quantitative metrics, we analyzed
Grad-CAM visualizations (Fig. 5), which revealed that
the model consistently focused on the central macular
region during decision-making. This behavior further
supports the interpretability of the model and under-
scores its potential for practical clinical use in
ophthalmological diagnostics.

Table 4. External validation results

Metrics

Test accuracy Test loss

Precision Recall F1 score

Value 90.00

0.44

0.92 0.90 0.90




Journal of Electrical Engineering, Vol. 76, No. 5, 2025 483

RETINAL OCT C8 DATASET

DIABETIC MACULAR OEDEMA

HEALTHY

PRIVATE CLINICAL DATASET

DIABETIC MACULAR OEDEMA

HEALTHY

Fig. 5. GRAD-CAM heatmap visualizations of Retinal OCT C8 dataset [7] and external private clinical dataset

5 Conclusion

In this study, we presented a methodology for
classifying OCT images of the macular region using the
hybrid CNN-Transformer model MedViT, with a parti-
cular emphasis on explainability and clinical interpret-
ability. The model, trained on the publicly available
Retinal OCT C8 dataset [7], achieved a high classi-
fication accuracy of 95.95% and demonstrated balanced
performance across all classes, confirming its ability to
effectively process medical imaging data.

A key contribution of this work is the integration of
explainability analysis through Grad-CAM, which
revealed that the model consistently focused on the
diagnostically relevant central macular region during

decision-making. This insight provides essential context
for the clinical interpretation of model outputs.
Moreover, external validation on a private independent
clinical external dataset confirmed the model’s ability to
generalize beyond the training data, achieving 90%
accuracy even with a limited number of samples.

The obtained results indicate that the proposed
approach has strong potential to serve as a reliable
decision-support tool for ophthalmologists in the
diagnosis of macular diseases, contributing to more
efficient and rapid clinical workflows. Future work will
focus on evaluating the model on larger clinical datasets,
extending it to additional diagnostic categories, and
integrating the system into real-world clinical environ-
ments.
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