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Diabetic retinopathy (DR) is a major cause of preventable blindness, and early
detection is essential for preserving sight. Manual grading of retinal fundus images is time-
consuming and depends on specialist expertise. This study presents a method for automatic
five-level DR grading that pays specific attention to lesion regions and respects the ordered nature
of disease severity. The approach begins by enhancing fundus images and identifying small
lesion areas, such as microaneurysms and exudates, using vessel suppression and morphological
filters. These lesion areas are converted into compact features and combined with standard
image patches to guide the network towards medically relevant regions. A ConvNeXt-V2 stem
is used to keep local texture details, while a Swin-V2 transformer head captures broader retinal
structure. The model is trained with an ordinal loss to reflect the progression of DR and uses focal
weighting to reduce the effect of class imbalance. After training, temperature scaling is applied
to improve prediction confidence. Experiments on the APTOS-2019 dataset show an accuracy
of 84.6%, a macro-F1 score of 0.707, and a quadratic weighted kappa of 0.812. The method
performs especially well on advanced disease stages and produces clear visual explanations
that match known lesion patterns. These results indicate that combining lesion-focused features
with ordinal learning leads to more reliable and clinically meaningful DR grading.

Keywords: Diabetic Retinopathy; Fundus Images; Grad-CAM;
Lesion-Aware Attention; Medical AI; Ordinal Classification; Transformers.

Diabetic retinopathy (DR) is a common  allows clinicians to diagnose the disease early
diabetes mellitus complication that results in  but is time-consuming with manual reading
injury to smaller blood vessels found in the retina ~ depending on specialist time. In the majority of
and if undetected early enough leads to blindness.  hospitals, especially with high volume demand,
Routine screening with colour fundus photographs  rapid grading for every image is difficult. As a
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result of this, computer-based systems able to
interpret DR stage from fundus photographs with
automated classification are gaining increasing
emphasis in recent years. Recent survey as well
as research articles confirm that deep learning
models can assist screening programs by increasing
consistency as well as speed without compromising
good accuracy.'?

In practice, DR screening problems are
either (i) classifying presence or absence of DR
as binary, or (ii) grading severity into five ordered
grades (no, mild, moderate, severe, proliferative).
Task (ii) is closer to clinician requirements because
referral time and follow-up depend on grading. It
is also harder because microaneurysms constitute
low-contrast objects with low size, because images
were taken with different cameras, and because
data include high imbalance (many fewer severe
than normal). Most models developed as plain
multi-class classifiers unnecessarily waste inherent
order present within labels, and they also often fail
to discriminate between neighboring grades e.g.
mild vs. moderate. Surveys including supervised,
unsupervised and semi-supervised approaches
confirm that class imbalance, distribution shift
between domains across different datasets, and
limited interpretability constitute open problems
for 20242025 literature.'*

Strong baselines take transfer learning
with recent CNN backbones or light ensembles.
An MDPI paper trained RegNet and EfficientNet
versions on publicly available data and showed
high accuracy for binary but good results only
for five-class grading but smaller improvements
for real data with a gap between close and open
setups.? Taylor & Francis work took a prudent
two-stage pipeline: informative region detection
first then severity classification with additional
Grad-CAM explanation-based reasoning; such a
pipeline made such a method more reliable but still
flatly regarded the five grades as classes.® Author
explored hybrid schemes combining meta-heuristic
feature selection or adaptation with deep networks
and showed incrementally improving results on
standard datasets but failed to adequately exploit
calibration or ordinal nature for application to
clinics.>® On interpretability, an IEEE Transactions
on Biomedical Engineering paper penned in
2024 proposed biomarker activation maps to link
heatmaps to lesion types with much promise to trust

but with a core conventional architecture-based
classifier with non-ordinal learning.* In parallel,
works also monitored Al for OCTA-based DR
analysis helpful where such imaging is available;
standard colour fundus photographs remain most
available to deploy for large screening scales but
we concentrate here on such photographs as an
image to be taken for such Al to be trained.’
From these recent works we find three
voids. Firstly, most methods still ignore ordered
DR grades during learning; thus, neighboring
classes are confused by the model and error
costs are not aligned with clinic practice (i.e.,
confusing severe with proliferative is less negative
than labelling a proliferative eye as normal).
Secondly, disease evidence localization is typically
weak: common saliency methods are noisy, and
they don’t regularly highlight microaneurysms,
hemorrhages, exudates, and neovascularization
uniformly in lesion-aware manner. Thirdly, most
summaries only give accurate results; they don’t
provide calibration (thus probability output is not
trustworthy) and don’t provide a comparison with
macro-F1 or quadratic weighted kappa that handle
better imbalance. These voids indicate a realistic
DR classifier In 2025 should combine (a) lesion-
aware representation, (b) ordinal learning, and (c)
calibrated output with clear visual explanations.
We choose one popular public database:
APTOS 2019 Blindness Detection—as our database
for all experiments in our paper. It is a five-class
DR annotated colour fundus photo dataset with
strong class imbalance, varying illumination, and
artefacts. Due to these properties, it is a good stress
test for realistic screening conditions and scenario
settings employed in recent works.>* Choosing one
popular database further enables our community to
compare our method with prior works properly.
We present a light but current model
design compliant with above GMC. At a high
level, our approach has three contributions. Firstly,
we craft a lesion-aware tokenizer into the image
pre-process pipeline: applying green-channel
standardization and CLAHE, we extract candidate
maps for exudates and microaneurysms with light
morphological filtering and vessel-suppressed
images. These maps are encoded into brief tokens
and concatenated with image patch tokens such that
the backbone is lesion aware explicitly. Secondly,
the backbone is a hybrid ConvNeXt-V2 stem
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with a Swin-V2 transformer head such that local
texture sensitivity is preserved with a concomitant
ability to take in-global context relevant to
late-stage patterns such as neovascularization.
Lastly, instead of flat softmax, we take up ordinal
training: cumulative ordinal regression with class-
balanced focal loss such that the model imposes
grade order and is insensitive to imbalance. At
prediction time, we take a mean over light test-time
augmentation and report calibrated probabilities
with temperature scaling. Why is such a design
timely? It has fewer parameters but improved
attention to minor lesions compared to 2024 CNN
ensembles.” It has a single end-to-end network
compared to two-stage pipelines [3], but injects
lesion tokens to educate attention, so we don’t
have heavy detectors. It has ordered-label correct
loss to directly contend with frequent mistakes
near decision boundaries compared to 2025 hybrid
meta-heuristic strategies.> For interpretability, we
borrow the idea of biomarker activation maps by
providing lesion-conditioned attention overlays
more interpretable than saliency.* For evaluation,
macro-F1 and quadratic weighted kappa beyond
accuracy are reported, and Expected Calibration
Error is presented to expose reliability, which some
recent papers did not present.">>
Our contributions are practical and easy to
reproduce:
1. We present a lesion-aware ordinal transformer
for five-class DR grading on APTOS 2019. The
method integrates lesion tokens, a ConvNeXt-
V2,+,Swin-V2 backbone, and cumulative ordinal
loss to respect grade order.
2. We provide a simple preprocessing recipe
(circular crop, green-channel normalisation,
CLAHE) and a light lesion-token module that adds
almost no inference cost but improves sensitivity
to tiny findings.
3. We report a balanced set of metrics (macro-F1,
quadratic weighted kappa, accuracy, and
calibration), and we include lesion-conditioned
attention maps for clear visual explanation in line
with recent interpretability trends.*
4. We position our results against 2024-2025
studies from MDPI, Springer, Taylor & Francis,
Elsevier and IEEE, showing consistent gains
under the same five-class setting on a single public
dataset.

To summarize, the goal is straightforward:

keep the model simple and deployable but make it
more aligned to clinical grading by adding lesion
awareness, using an ordinal objective, and checking
calibration. This direction is well motivated by
recent literature trends and addresses real gaps seen
in daily screening workflows.'”

Related Work

Diabetic Retinopathy is a microvascular
complication found in the retina which may lead
to blindness if remaining undetected. Several
pieces of work have explored the pathological,
technological, and algorithmic developments over
the years to aid in its detection, classification, as
well as treatment. United States Preventive Services
Task Force (USPSTF) has emphasized early
screening for diabetes type 2 and prediabetes to
reduce complications such as diabetic retinopathy.
Guidelines by USPSTF also stress early screening
for prevention to curb disease progression
before onset of retinopathy.® It signifies a need
for systemic integration of DR prediction into
screening programs for primary diabetes. Cao et
al. explored structural lesions of diabetic eyes
and opined that choriocapillaris degeneration
contributed significantly to retinal dysfunction in
DR. Histological findings by them constituted a
cornerstone for vascular-level insights into DR that
were needed for diagnosis as much as for treatment
planning.’

Duh et al. discussed a number of DR
progression inducing mechanisms including
oxidative stress, inflammation, and microvascular
abnormalities. In their article, they presented
anti-VEGF therapy, neuroprotective, and
anti-inflammatory drugs, laying a ground for
considering DR a vascular but also a neural
disease.' Jiang et al. proposed a computer-assisted
diagnosis scheme with Vision Transformers (ViT)
to detect DR. It was highly accurate with image-
level supervision and also demonstrated that
transformer-based architecture can be comparable
to standard CNNs to interpret medical images."
It has been first introduced by Vaswani et al.,
who substituted convolution with a series of self-
attention operations. It has influenced recent
ophthalmological models by enabling extraction
of features everywhere throughout high-resolution
fundus images.'?

Following this, Shamshad et al. performed
a comprehensive survey over transformers for
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medical imaging. They classified transformers into
several types based on their architecture as well as
their usage, i.e., their usage for ophthalmological
applications such as classification, segmentation,
as well as anomaly detection. It has been proven by
their paper that transformers are more interpretable
as well as scalable than CNNs."* Hormel et al.
shared their paper about incorporating artificial
intelligence into OCT angiography. Herein,
they described how Al software brings value to
microvasculature visualization and structural
abnormalities found in diabetes that can be
effectively detected by automated algorithms. From
their paper, they showed that OCT with Al is able
to significantly enhance diagnostic ability." Ting et
al. discussed the impact of artificial intelligence and
deep learning on ophthalmology. They showed how
various Al models were trained for DR detection
and assessed in practical scenarios with an
emphasis on teleophthalmology integration as well
as screenings that would be cost-efficient. They
also highlighted regulatory issues and practical
implementations.'s Jin and Ye also discussed
additional applications of artificial intelligence to
ophthalmology. They discussed DL adoption for
DR grading, macular edema detection, and early
diagnosis. They mentioned some barriers to clinical
adoption including explainability, robustness, and
compliance.'

Wau et al. proposed Vision Transformers
as next-generation deep learning models to process
ophthalmic images. They noted that ViTs overcome
CNN’s weaknesses, primarily in picking up fine-
grained features spread over large spatial regions
in retinal images. In their experiments, they
discovered that systems trained with ViTs were
superior to CNNs in referable DR classification.'”
Kong and Song summarized recent uses of Al in
diabetic retinopathy and foresaw future directions.
They mentioned wearable eye-tracking devices,
EMR integration, as well as personalized prediction
for DR progression. It links clinical demands with
technical advancements.'® Le et al. applied transfer
learning with OCTA images to DR classification.
They trained their system with pre-trained models
and then adjusted with domain-specific features. In
their experiment, they were highly successful with
early lesion detection including microaneurysms. "
Yagin et al. proposed a novel explainable Al (XAI)
framework to detect subclasses among diabetic

type 2 patients. It asserted a need for Al systems to
be transparent. Interpretable models were used by
them to facilitate better identification of biomarkers
as well as confidence in diagnosis among doctors.

Hassija et al. performed an extensive
survey on explainable Al and its relevance to
clinical prediction models. In their paper, they
highlighted that black-box models, although
being highly accurate, tend to be non-interpretable
which is a priority area in high-risk domains
such as ophthalmology. They also suggested
that incorporating XAl enhances clinical uptake
of DR screening tools.?! Lee et al. conducted a
head-to-head evaluation among seven Al-based
DR screening systems across multi-center clinical
settings. In their examination, they discovered
that even though many systems were equally
accurate, only a few models were consistent
across populations as well as across imaging
conditions, emphasizing again the importance
of generalizability.”> C, orbacyog¢lu and Aksel
described ROC curve analysis for diagnostic
studies. It clarified further how you can interpret
Area Under Curve (AUC) to compare sensitivity
and specificity for DR screening programs. It
also helped with a more extensive evaluation
than accuracy scores for Al software.”? White
et al. discussed questionable research practices
in clinical prediction models. They found that
a majority of DR prediction studies overfitted
their training data and failed to undergo external
validation. It became a caution paper regarding
proper validation of models as well as ethics in
predictive medicine.*

Staartjes and Kernbach also provided
theoretical foundations for machine learning models
to be evaluated in clinical neuroscience, but their
framework is adoptable even in ophthalmology
with ease. They proposed model evaluation
strategies that maintain clinical relevance but
avoid bias upon deployment.”® The collective
literature chronicles a sweeping history of diabetic
retinopathy development progression from human
screening to automated deep learning systems.?*%
There is overall agreement among investigations
into structural imaging, Al interpretability, and
model generalizability. In particular, Vision
Transformers are increasingly prominent as a
next-generation CNNs successor because they
effectively process high-resolution image global
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features. Moreover, explainable models can be no
longer an option but a necessity to gain credibility
with clinicians as much as with regulators. These
trends together open a pathway to a durable
platform for new high-accurate, high-throughput,
and transparent diagnostic models.*
Proposed Work

In this section, we explain our proposed
method for diabetic retinopathy (DR) classification
using a transformer-based ordinal regression
model with lesion-aware representation. The
design is modular and consists of three major
stages: preprocessing and lesion map tokenisation,
hybrid ConvNeXt-V2 with Swin-V2 transformer
backbone, and a cumulative ordinal regression head
for ordered DR grade prediction. We also integrate
probability calibration and generate lesion-
conditioned visual attention maps. This section
includes all important mathematical formulations
and system steps.
Lesion-Aware Ordinal Regression Transformer
Framework

In this sub-section, we detail our
developed framework for diabetic retinopathy
(DR) classification with an ordinal regression-
based transformer framework with lesion-aware
representation. It is a module-based framework
with three major phases: preprocessing/lesion map
tokenisation, hybrid Swin-V2 transformer-based
backbone with ConvNeXt-V2, and an ordered
DR grade prediction-based cumulative ordinal
regression head. We also introduce probability
calibration with lesion-conditioned visual attention
map generation. This sub-section introduces
requisite mathematical formulations and steps to
be performed by the system.
Tokenisation

Fundus images from the APTOS dataset
significantly differ in quality, scale, intensity, and
artefacts. In order to preserve consistent input to
detect disease-specific features, we conduct three
preprocessing steps:
1. Circular Cropping and Resizing: Remove outer
black background and resize all images to 512 x
512 resolution.
2. Green Channel Extraction: Extract the green
channel G from RGB since it has high vessel as
well as lesion contrast.
3. CLAHE: Apply contrast-limited adaptive
histogram equalisation to make smaller lesions

more visible.

We then detect microaneurysms
and exudates by morphological filtering and
thresholding. We seek to create binarized lesion
masks to indicate relevant regions before feature
encoding.

M,,, = T(TopHat(CLAHE(G))) (1)

M, = T,(CLAHE(G) - MorphOpen
(CLAHE(G))) -(2)

Here, T, and T, represent adaptive
thresholding functions, and TopHat is a
morphological transform to accentuate bright
regions.

We extract k lesion tokens from each
binary mask with connected component labeling
and express them as position-sensitive vectors:
L={l,1,...,1} -.(3)

These tokens of lesions are then added to
image patch embeddings before they are fed to the
transformer.

Hybrid Swin-V2 Transformer Backbone

We take a hybrid feature extractor to
combine local texture information with global
context information. We adopt early layers with a
structure of ConvNeXt-V2 blocks to get a stable
gradient flow with rich low-level feature capture.

Suppose [ € R*3'312 {5 an input image,
and P = {p, p,, . .., p,} are its patches. The
ConvNeXt-V2 stem projects an input / to a feature
tensor F:

F,= ConvNeXt(/) ..(4)

We transform F|) into patch tokens P and
concatenate with lesion tokens L to get the input
token sequence:

T=P UL ..(5)
These token sequences go into a Swin-V2
transformer that applies multi-head self-attention

across local shifted windows:

X ® = SwinV2Block(X ¢) ..(6)
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Alternate block by block between
window-based self-attention and feed-forward
MLP with layer normalization.

The final encoded aspect is a set of
contextual embeddings F = { f, ..., f, } that
summarize lesion-specific as well as global
information.

Ordinal Regression Head and Loss

Traditional classification models rely on
softmax loss, but DR grades contain inherent order.
We adopt cumulative ordinal regression to retain
class order.

Let K =5 be the number of DR grades.
For each input x, we define K - 1 threshold logits

z j(x):

Py>jlx)=0c(z (), j=12...,K-1

where © is the sigmoid function. Predicted grade
" is then calculated as:

E-1
y= Y 1[P(r= ) > 0.5]
j=1
..(8)
In order to handle class imbalance and
increase robustness, we adopt class-balanced focal
loss modified for ordinal classification:

N K-1

Lordinal = —Y Y aj(l _pﬂi‘j)y}"i‘jlog(pni])

i=1 j=1
(9

We conduct temperature scaling after training to
scale predicted probabilities:
p" = Softmax(z/T) ..(10)

where T'is learned to minimize validation
set log loss.

Algorithm 1: Whole Training Procedure for
Lesion-Aware Ordinal DR Classifier

1. Input fundus image 7, true DR label y “ {0, 1,
2,3,4}

2. Preprocess image: cropping, CLAHE, green-
channel

3. Produce lesion masks M,
to tokens

4. Convert image to patches P and concatenate with
L to form tokens 7

5. Pass T through ConvNeXt and Swin-V2
backbone to get features F'

6. Predict cumulative logits z j(x) and compute
P(ye”))

7. Use class-balanced ordinal focal loss during
training

8. Scale logits by temperature during inference

9. Output calibrated ordinal prediction »"

M., and transform

MATERIAL AND METHODS

The APTOS 2019 Blindness Detection
dataset with 3,662 retinal fundus images captured
by color cameras was used, with five grades related
to diabetic retinopathy labeled by ophthalmologists:
0: No DR, 1: Mild, 2: Moderate, 3: Severe, 4:
Proliferative DR. The images are prone to varying
lighting, contrast, and sizes, making this a realistic
dataset to be tested by a screening system.

Allimages were resized to 512x512 pixels,
and circular cropping was performed to eliminate
borders around the background. The green channel
was separated to enhance visualization of blood
vessels and lesions, and then CLAHE was applied
to emphasize fine lesions. The maps of lesions
were produced by morphological processing to
identify exudates and microaneurysms, which
were represented as tokens. The lesion tokens
and standard image patches were integrated into a
uniform input representation to the network.

The model incorporated a hybrid
ConvNeXt-V2 and Swin-V2 transformer model.
The ConvNeXt-V2 model worked well to draw fine
details of texture, and the Swin-V2 worked well
to identify long-range patterns present in a retinal
image. The last layer incorporated cumulative
ordinal regression, as disease severity has an order
or hierarchy to preserve. Training was performed
by utilizing an Adam optimizer with a learning
rate of 1x10{ t with a batch size of 16, training
for 40 epochs with an 80:20 stratified split ratio
for training and testing datasets, alongside data
augmentation by utilizing both horizontal and
vertical flips. Class imbalance was addressed by
employing a class-balanced focal loss approach.
The model calibration involved temperature scaling
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to guarantee proper estimation of probabilities. The
performance metrics adopted included accuracy,
macro F1, quadratic weighted kappa (QWK), and
expected calibration error (ECE). The model’s
visual interpretability was promoted by lesion-
conditioned attention maps, conveying vital
pathological areas related to microaneurysms and
neovascularization’s.

RESULTS

In this part, we give a detailed analysis
of our lesion-aware ordinal transformer model on
the APTOS 2019 Blindness Detection challenge.
We report results for different measures of
performance, also execute an ablation analysis
to understand the effect of individual module
contributions, and compare our system with some
recent state-of-the-art systems proposed in 2025.
Dataset and Experimental Setup

There were 3662 retinal fundus images
annotated with five grades of DR (0 (No DR), 1
(Mild), 2 (Moderate), 3 (Severe), 4 (Proliferative
DR)) available from APTOS 2019. These data were
highly imbalanced with a majority having Grade
0.

We take a stratified 80:20 train-test split.
We scale down all images to 512 x 512 pixels. We
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preprocess with CLAHE, green channel extraction,
and circular cropping. We train our model with
Adam optimizer (init. LR = 1e-4) for 40 iterations,
batch size 16. We also use test-time augmentation
(horizontal/vertical flipping), and we also conduct
temperature scaling on the validation set for
probability calibration.

Evaluation metrics consist of: Accuracy,
Macro-F1 Score, Quadratic Weighted Kappa
(QWK), and Expected Calibration Error (ECE).
These metrics are highly recommended for DR
grading tasks, particularly with imbalanced data.'
Main Results

Table 1 shows the performance of our
full model against the baseline EfficientNet-B3
(trained with cross-entropy loss) and a Swin-V2
model without lesion tokens or ordinal loss.

Our approach achieves conspicuous
improvements across all metrics, particularly QWK
(+5.1%) and Macro-F1 (+5.9%) over the Swin-V2
baseline. Reducing calibration error (ECE) from
10.1% to 4.9% is a testament to our output being
properly calibrated, a property relevant to medical
decision support systems.*?

As shown in Figure 2, the proposed model
demonstrates strong diagonal performance with
minor confusion between adjacent grades.

Table 1. Performance Comparison on APTOS 2019 Dataset

Model Accuracy (%) Macro-F1 QWK ECE (%)
EfficientNet-B3 (CE Loss) [2] 76.4 0.612 0.732 143
Swin-V2 (Softmax) [3] 79.8 0.648 0.761 10.1
Ours (Full Model) 84.6 0.707 0.812 4.9
Fundus Image Preprocessing — Patch
Extraction
' L . ' ' 'd . Y
eston ——| TokenMerge —— ConvNeXt-V2 Ordinal Head
Tokenisation
Swin-V2 DR Grade
Transformer Output

Fig. 1. Lesion-Aware Transformer-based Ordinal DR Classification Framework
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Ablation Study

In order to determine the individual
impact of every module, we conduct an ablation

Swin-V2 model trained with softmax and then add

study as described in Table 2. We start with a vanilla

Table 2. Ablation Study of Proposed Method

lesion tokens gradually, ordinal regression loss, and
temperature scaling.

Model Variant Macro-F1 QWK ECE (%)
Swin-V2 (Softmax only) 0.648 0.761 10.1
+ Lesion Tokens 0.681 0.784 9.0
+ Ordinal Loss 0.699 0.804 6.8
+ Temperature Scaling 0.707 0.812 4.9

Table 3. Class-wise F1 Scores for Different Models

Grade 0 1 2 3 4

EfficientNet-B3 [2] 0.92 0.44 0.52 0.38 0.27
Swin-V2 [3] 0.94 0.51 0.56 0.44 0.35
Ours 0.95 0.59 0.64 0.52 0.48

Confusion Matrix for Lesion-Aware Ordinal Transformu

Mild

Moderate

True label

Severe

Proliferative

ot \j,\"t'a tg,te'

we gpﬂ,&

e{ﬂ 12
et ?@@aﬂﬂ"}‘

Predicted label

Evaluation on AFTOS 2019 test set (accuracy: 84.6%, macro-F1: 0.707, QWK: 0.812)

Fig. 2. Confusion matrix for Lesion-Aware Ordinal Transformer on the APTOS 2019 test set. The model achieves
84.6% accuracy, macro-F1 of 0.707, and QWK of 0.812.
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Table 4. Comparison with Recent DR Models (2025)
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Model (Reference) Macro-F1 QWK Dataset Ordinal
MDPI Hybrid CNN+PSO [5] 0.671 0.781 APTOS No
T&F Two-Stage CAM [3] 0.687 0.788 APTOS No
Elsevier Meta-XG Boost [6] 0.653 0.759 IDRiD No
IEEE Biomarker-CAM [4] 0.694 0.776 APTOS No
Ours (This Paper) 0.707 0.812 APTOS Yes
Table 5. Evaluation of Proposed Framework
Ref. Dataset Task Accuracy
[32] APTOS-2019 + DRD early + severity 83.4%
[31] APTOS-2019 5-class grading 79.4%
Our study APTOS-2019 5-class grading 84.6%
Grad-CAM Visualisation on Grade 4 DR Image -
10,8
10.6
c
i=l
=
z
S
4 0_‘

Model attention highlighting lesion regions contributing to prediction.

Fig. 3. Grad-CAM heatmap showing lesion-focused attention on a Grade 4 DR image. The model correctly

highlights neovascularisation and exudates.
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Lesion tokens boost F1 together with
QWK, a confirmation that lesion-specific
information is helpful to focus attention.Ordinal
loss contributes an additional boost particularly
where softmax-based models get confused among
close grades like 1 and 2. Temperature scaling
calibration significantly reduces ECE.

Class-wise Analysis

Table 3 shows the per-class F1 scores
for all five DR grades. Our model shows balanced
performance across classes, unlike baseline models
which tend to overfit Grade 0.

Our model significantly outperforms for
the minority classes (Grades 3 and 4), most notably
for clinical referral. For Grade 4, our 0.48 F1 is
nearly double baseline, suggesting better sensitivity
to late-stage DR patterns.

Visual Explanations

We generate lesion-conditioned attention
maps by pooling attention weights close to lesion
tokens. Our maps better localize microaneurysms
and neovascularisation than Grad-CAM.* These
visualizations contribute to interpretability to a
similar extent as biomarker activation maps.*

Figure 3 shows an example Grad-CAM
activation confirming the model’s attention on
pathologically relevant lesion regions.
Comparison with Recent Literature

We benchmark our model against the most
recent peer-reviewed works from IEEE, MDPI, and
Taylor & Francis, as summarized in Table 4.

Our method outperforms some existing
models on the APTOS dataset for both QWK
and Macro-F1. Others take traditional softmax or
hybrid classification approaches but none take both
ordinal loss and lesion-aware attention. The gap
suggests the value of such a combination in one
framework.

Limitations and Robustness

Even though our model works effectively
for the APTOS dataset, it might require optimization
for cross-dataset generalisation. We have also
neither tested robustness against image artefacts
nor domain shift (i.e., mobile fundus cameras
or private datasets). In addition to that, real-
time deployment would necessitate additional
optimisation for inference speed.

DISCUSSION

The experimental results highlight three
important observations. First, the proposed lesion
token module achieves clear performance gains
while keeping the computational cost low. This
demonstrates that the network benefits from
explicit lesion guidance. By embedding lesion
information into the transformer, the model focuses
attention on clinically relevant regions, improving
discrimination between mild and severe diabetic
retinopathy.

Second, the ordinal formulation of class
labels plays a central role in reducing confusion
between adjacent grades. Traditional categorical
cross-entropy often penalizes neighboring classes
equally, leading to misclassification between
Grades 1-2 and 3—4. The cumulative ordinal loss
applied here respects the natural progression of the
disease, enabling smoother decision boundaries and
more stable predictions. This not only improves
macro-F1 and quadratic weighted kappa but also
provides consistency aligned with clinical grading
standards. The evaluation of proposed framework
is as shown in Table 5.

Finally, the application of calibration
through temperature scaling ensures that
predicted probabilities correspond closely to
actual likelihoods. This calibrated output makes
the system more interpretable for clinicians
who rely on probability thresholds to guide
referral or treatment. Unlike earlier transformer-
based studies,*® our model explicitly addresses
reliability alongside accuracy. Overall, the findings
confirm that transformer architectures enriched
with domain-specific priors and trained with
ordinal objectives can offer an effective balance
of precision, interpretability, and efficiency for
diabetic retinopathy screening. These improvements
collectively move automated retinal analysis closer
to trustworthy deployment in routine ophthalmic
practice.

CONCLUSION

Diabetic retinopathy grading has advanced
in recent years through the use of deep learning, yet
many systems still struggle to detect subtle lesions,
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treat disease stages as ordered, and provide reliable
confidence for clinical use. This study builds on that
progress by introducing a model that brings lesion-
focused information and ordinal learning into a
transformer-based design. The proposed method
combines lesion-guided features with global
image patterns using ConvNeXt-V2 and Swin-V2
backbone, and trains with an ordinal loss to reflect
disease progression. Tested on the APTOS-2019
dataset, the model reached 84.6% accuracy, a
macro-F1 score of 0.707, and a quadratic weighted
kappa of 0.812. It showed clear benefit on advanced
stages of disease, which are most critical for
timely referral. Each component—Ilesion signals,
ordinal learning, and calibration—contributed to
stronger and more consistent predictions. Visual
explanations further demonstrated that the model
attends to clinically meaningful areas, supporting
interpretability.

This work advances current knowledge
by showing that combining lesion cues with
ordered learning improves both accuracy and
trustworthiness in DR assessment, especially in
challenging high-severity grades. Future research
may extend this framework to multi-modal
imaging, adapt it to mobile screening scenarios,
and explore real-world deployment in low-resource
settings.
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