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Abstract Diabetic retinopathy (DR) is a major cause of preventable blindness globally requiring
precise and dependable automated grading systems to facilitate extensive screening initiatives. Recent
deep learning techniques utilizing convolutional neural networks (CNNs) have yielded encouraging out-
comes however, they predominantly concentrate on local lesion identification and frequently neglect
to encompass the global retinal context. Furthermore, the majority of current methodologies regard
diabetic retinopathy grading as a conventional multi-class classification issue, neglecting the ordinal
characteristics of disease severity and the significant class imbalance present in clinical datasets. In this
paper, we propose a hybrid convolutional-transformer learning framework with ordinal-sensitive loss
for automated diabetic retinopathy grading. The suggested model combines a deep CNN backbone for
strong local feature extraction with a lightweight transformer encoder that works on convolutionally
down sampled feature maps to model long-range dependencies in a computationally efficient manner.
This design reduces the quadratic complexity of self-attention while keeping the global context infor-
mation needed to figure out how bad something is. To deal with class imbalance and penalties for
misclassifying ordinal data, an ordinal-sensitive focal loss is used to make the model focus on clinically
important mistakes. We test the framework on publicly available fundus image datasets using a wide
range of performance metrics, such as accuracy, macro-F1 score, balanced accuracy, area under the
ROC curve (AUC), and quadratic Cohen’s kappa. Experimental results show that the suggested method
consistently beats CNN-only baselines and standard cross-entropy-based training, getting better accu-
racy of 85%.

*Correspondence author email address: msuleman@usindh.edu.pk
DOI: 10.21015/vtse.v14i1.2344

1 Introduction
Diabetic retinopathy (DR) is a significant contributor
to vision impairment. Accurate assessment of diabetic
retinopathy is very important to guarantee immediate
and suitable intervention. DR is classified into two

primary stages non-proliferative diabetic retinopathy
(NPDR) and proliferative diabetic retinopathy (PDR) [1].
Diabetic retinopathy (DR) is a long-term problem with
small blood vessels that can happen in people with
diabetes mellitus [2]. It is still one of the main causes of
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vision loss that can be avoided around the world [3–5].
The research conducted by the International Dia-

betes Federation indicates a daily rise in the prevalence
of diabetic retinopathy (DR). Diabetic retinopathy (DR) is
regarded as the foremost disease jeopardizing human
optical health. Symptomsmay not be present in diabetic
retinopathy. The symptoms include impaired night
vision, fluctuating eyesight and an inability to distinguish
colors [6].

Early detection [7, 8] and accurate evaluation of dia-
betic retinopathy (DR) severity are crucial for timely clini-
cal intervention and the avoidance of permanent retinal
damage. The eye doctor’s manual evaluation of retinal
fundus images is time-consuming, subjective and diffi-
cult to scale particularly in regions with a limited number
of specialists.

These constraints have catalyzed considerable re-
search interest in automated computer-aided diagnostic
systems for diabetic retinopathy screening and severity
assessment [9, 10].

In the last few years deep learning methods espe-
cially convolutional neural networks (CNNs) because of
the automatic feature extraction have demonstrated
superior performance of automatically finding and
classifying DR from retinal fundus images [11]. CNN-
based methods are good at learning the unique local
features that are linked to pathological retinal lesions
like microaneurysms, hemorrhages, and exudates. Lo-
calized features are not the only thing that determines
the severity of DR. The overall retinal context and the
spatial relationships between lesions are also very
important for telling apart adjacent levels of disease
severity. Because their receptive fields are limited to
one area, purely convolutional architectures can’t model
long-range dependencies between retinal images.

Transformer-based models have gotten a lot of
attention because their self-attention mechanisms let
them model long-range dependencies and get global
contextual information [12, 13] Recently researchers
have started using vision transformer and CNN trans-
former hybrid networks for DR grading. These networks
perform better than regular CNNs because they better
represent global features [14]. However, directly using
transformers on high-resolution fundus images requires
a lot of processing power and memory, which makes

them less useful in clinical settings. Most current DR
grading methods also treat the task as a standard multi-
class classification problem which ignores the fact that
disease severity is ordinal. For example, misclassifying
a severe case as mild is worse than mixing up adjacent
grades.

This study proposed a hybrid convolutional-
transformer learning framework with an ordinal-
sensitive loss function for automated DR grading to deal
with these problems. The proposed model combines
the strengths of CNNs for extracting local features
with the strengths of transformers for modeling global
context. Also, an ordinal- sensitive loss function is added
to explicitly model the ordered structure of DR severity
and reduce class imbalance. This joint optimization
strategy makes grading more accurate, makes clinical
results more reliable, and makes expert annotations
more consistent.
2 Literature Review
To improve DR grading accuracy the author in [1] pro-
posed a deep learning model using frequency attention
modules and frequency domain spatial modules. The
proposed model was trained on binary dataset. The
author in [3] investigated various advanced methods
for the automatic detection of DR. The author in [4]
proposed self-attention mechanism using swin trans-
former as the backbone. The author in [5] implemented
a hybrid approach for the detection DR. The multilayer
perceptive learning employed in [6] for the detection
of DR. The suggested technique used different image
preprocessing methods at different hidden layers. The
author in [7] proposed hybrid model which uses CNN
and RNN achieving accuracy of 97.5% on eyepacs
dataset. The author in [8] conducted a short survey
which includes the articles from 2018 to 2023.

Inmost articles, the transfer learning was chosen as a
good strategy for DR. The datasets included APTOS and
EyePACS. The author in [9] used different pre-trained
models. The author in [10] proposed a hybrid technique
which involved Multi-Scale Discriminative Robust Local
Binary Pattern (MS-DRLBP) features integrated with
a hybrid Convolutional Neural Network-Radial Basis
Function (CNN-RBF). Author employed a binary class
dataset for classification. Different preprocessing tech-
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niques were used by the author which include noise
reduction and morphological operations. The proposed
study uses two classes normal and diabetic retinopathy.
The model achieved an accuracy of 96.10%. The paper
[11] proposes an explainable deep learning framework
for automatic diabetic retinopathy (DR) grading using a
modified ResNet-50 architecture combined with transfer
learning, fine-tuning and regularization techniques. To
enhance transparency the authors integrate SHAP to
provide visual explanations of the model’s predictions.

The model was trained on the APTOS-2019 dataset
and validated across four additional public datasets
demonstrating strong generalization performance.
Importantly the SHAP analysis revealed clinically mean-
ingful insights highlighting retinal vasculature changes
and peripheral lesions as significant indicators of DR
progression. The author of [12] proposed a vision trans-
former model to detect blindness from IDRiD dataset
achieving an accuracy of 0.825. To detect DR the author
in [13] proposed a CNN architecture with mamba. The
proposed model uses mamba for resource constraint
devices.

The vision transformers [14] show a great potential
for detecting DR. They are used for various problems
such as vessel segmentation and fovea localization.
The author in [15] proposed MobileNetV2 and Graph
Convolution Network. The study involved dataset from
APTOS 2019 which contains five classes. The proposed
study achieved a validation accuracy of 82.5%. The
author in [16] proposed a hybrid approach using UNet++
and Capsule Network for the detection of diabetic
retinopathy. A small-scale retinal dataset was trained
using the hybrid approach. Different preprocessing
techniques were used including CLAHE and histogram
equalization to improve the quality of the image. The
proposed methodology achieved an accuracy of 97.7%
in image classification and dice coefficient of 0.92 and
IOU score of 0.85 in image segmentation. The author
in [17] worked on pretrained model DenseNet121 with
Bayesian approach with approximationmethods likeMC
dropout, MFVI, and Deterministic for the classification of
diabetic retinopathy.

The suggested study used APTOS dataset which
is publicly available on Kaggle. The second dataset
selected for the training was DDR which include 13,673

fundus images. The proposed study combined both the
datasets. The author in [18] proposes a deep learning
based framework (RSG-Net) for automatic diabetic
retinopathy (DR) grading using color fundus images. The
model performs both 4-class severity grading (Normal,
Mild, Moderate, Proliferative) and binary classification
(DR vs. No-DR). The experiments are conducted on the
Messidor-1 dataset (1200 images). The authors design
a custom CNN architecture from scratch consisting of
four convolutional layers, max-pooling, batch normal-
ization, dropout and fully connected layers. Extensive
image preprocessing is applied including bounding-box,
cropping to remove black background, Gaussian blur
for denoising, Histogram Equalization (HE) in YUV color
space and image resizing to 200×200.

To address class imbalance, aggressive data augmen-
tation is used for increasing the dataset size to 8304
images (4-class) and 4800 images (binary). The model
is trained using a 70:10:20 split. The author in [19]
uses a transfer learning method using DenseNet and
integrated it with raspberry pi. The suggested study was
trained on Messidor-1 dataset. The proposed approach
was trained solely on Messidor-1 by applying offline
data augmentation and forming new dataset with much
balanced classes. The proposed method achieved an
accuracy of 88%. The author in [20] proposed a model
using CNN. The model was trained on two datasets
APTOS and DDR. Initially the data processing and data
augmentation techniques were used. In data processing
the CLAHE was used. The proposed strategy achieved
an accuracy of 71%.

The author in [21] proposed a model DRNet13. The
proposed model contains three sets of convolutional
layers and pooling layers, a normalization layer, two fully
connected layers (dense layers), a dropout layer, and
the output layer. The author applied data augmentation
techniques to expand the dataset. Initially the size of
the dataset was 3662 which was increased to 7500. The
proposed strategy was applied to a balanced class.

A summary of the key studies, datasets, models, and
their limitations is presented in Table 1.
2.1 Transformer-Based Methods for

Diabetic Retinopathy
Recent researchhas increasingly investigated transformer-
based architectures for the classification of diabetic
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Table 1. Summary of the Literature
Ref. Dataset Model Task Acc. Limitations

[9] Binary Fundus Dataset VGG16, ResNet50, InceptionV3, Mo-
bileNet, DenseNet121

Classification 93.0% Binary classification only; disease
severity levels not considered.

[10] Binary Class MS-DRLBP, CNN-RBF, Otsu thresh-
olding

Classification 96.10% The author trained on binary dataset
only.

[15] Multiclass (APTOS) DenseNet201, ResNet50, VGG19,
MobileNetV2 and Ensemble Method

Classification 82.5% The study only utilizes the APTOS
2019 Blindness Detection dataset
lacking external validation against
other prevalent benchmarks like
EyePACS, Messidor, IDRiD or DI-
ARETDB1.

[16] Small Retinal Dataset UNet++, Capsule Network Classification and Segmentation 97.7% The study employs a small dataset
this can cause issues for generaliz-
ability.

[17] APTOS+DDR DenseNet121, Bayesian Classification 97.68% The study employs training on a com-
bined dataset with much more bal-
anced dataset. The study was not on
evaluated on APTOS dataset solely.

[18] Messidor-1 custom CNN architecture Classification 99.36% There is no testing on EyePACS, AP-
TOS, DDR, or IDRiD, making the
results dataset-specific and limiting
clinical applicability. The paper
states that augmentation increased
the dataset size and then a 70:10:20
split was applied. This strongly sug-
gests that augmented versions of
the same image may appear in both
training and testing sets.

[19] Augmented APTOS Dataset DenseNet Classification 88% The author used a balanced dataset
after augmentation. The model was
not evaluated on APTOS data, Eye-
PACS and other datasets.

[20] APTOS, DDR CNN Classification 71% The proposed model achieved a less
accuracy.

retinopathy (DR) owing to their capacity to model long-
range dependencies. Vision Transformer (ViT) models
have been utilized on fundus images by segmenting
them into fixed-size patches and acquiring global con-
textual representations. ViT-based models showed
promise in terms of performance, but they often need
big datasets and a lot of computing power which makes
them hard to use in clinical settings.

It has been suggested that hybrid CNN Transformer
architectures could combine the strong ability of CNNs
to extract local features with the strong ability of trans-
formers to model the whole picture. For instance, some
studies used CNN backbones like ResNet or EfficientNet
to get feature maps, and then transformer encoders to
find global relationships between different parts of the
retina. Even though these methods got better at making
predictions, most of them didn’t take into account the
fact that DR severity levels are ordered and didn’t include
a full explainability analysis.

The proposed model is different from other methods
because it has a lightweight transformer encoder that
works on tokens that are generated on the fly. This
makes it possible to model global context efficiently
while keeping the computational complexity low.
3 Methodology
3.1 Dataset Details
The APTOS dataset used in the study was downloaded
from a Kaggle. The dataset contains total five classes
from 0 to 4. Where 0 for No DR, 1 for Moderate, 2 for
Mild, 3 for Proliferate DR and 4 for Severe. The APTOS
dataset normally is much imbalanced dataset.

Figure 1 shows different sample images and Figure 2
shows the visual graph of different classes.
3.2 Proposed Framework
Deep learning plays a key role in medical image segmen-
tation such detecting tumors from the brain images [22].
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Figure 1. Sample Images

Figure 2. Train and Test Image Distribution

The proposed framework has three main parts a
backbone for extracting features using convolution, a
module for modeling global context using a transformer
and a head for learning and classifying that is sensitive
to ordinal data. The proposed framework presents an
attention-refined tokenization technique in contrast to
traditional hybrid architectures that tokenize backbone
feature maps directly. Convolutional Block Attention
Modules (CBAM) are specifically used to improve convo-
lutional features that were taken from the EfficientNetB5
backbone.

This allows for spatial–channel recalibration be-
fore token formation.Additionally, in order to reduce
computational complexity while maintaining contex-
tual modeling capacity, the transformer branch is
designed as a lightweight encoder with reduced depth.
Complementary representation learning is ensured
by combining transformer-encoded contextual tokens
with globally pooled CNN descriptors.Furthermore,
inter-class severity relationships which are generally
disregarded in categorical cross-entropy optimization

are explicitly encoded through the integration of an
ordinal-sensitive loss formulation.

Figure 3 shows an overview of the architecture.
3.2.1 Convolutional Feature Extraction
Let the input retinal fundus image be defined as:

I ∈ R224×224×3 (1)
A pretrained EfficientNet backbone extracts spatial

features:
Fc = ϕCNN(I) (2)

where ϕCNN represents the convolutional feature ex-
tractor and

Fc ∈ RH×W×C .
Global Average Pooling (GAP) is then applied:

fc = GAP(Fc) (3)

fc ∈ R2048 (4)
This produces the local spatial feature representa-

tion.
3.2.2 Transformer-Based Context Modeling
To capture global contextual relationships, the convolu-
tional feature map is tokenized.

The spatial features are flattened into tokens
T = Flatten(Fc) (5)

T ∈ RN×d (6)
where N denotes the number of tokens and d repre-

sents the embedding dimension.
The self-attention mechanism is defined as:

Attention(Q,K , V ) = Softmax
(
QKT√
dk

)
V (7)

where
Q = TWQ, K = TWK , V = TWV .

The transformer encoder output is expressed as:
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Figure 3. Proposed Model

Ft = ϕTransformer(T ) (8)
After global pooling:

ft = GAP(Ft) (9)

ft ∈ R256 (10)
3.2.3 Feature Fusion and Classification
The CNN and transformer features are concatenated:

ffusion = [fc; ft] (11)

ffusion ∈ R2304 (12)
The fused feature vector is passed through fully con-

nected layers:
z = W1ffusion + b1 (13)

z = σ(z) (14)
The final output logits are:

y = W2z + b2 (15)
Softmax classification is defined as:

ŷi = eyi∑5
j=1 eyj

(16)

ŷ ∈ R5 (17)
3.2.4 Ordinal-Sensitive Focal Loss
Since diabetic retinopathy severity follows an ordinal pro-
gression (0 < 1 < 2 < 3 < 4), an ordinal penalty is intro-
duced.

The standard cross-entropy loss is defined as:

LCE = −
5∑
i=1

yi log(ŷi) (18)
The focal loss is given by:

LFL = −α(1− ŷt)γ log(ŷt) (19)
The ordinal distance penalty is defined as:

d = ∣∣∣ytrue − ypred
∣∣∣ (20)

The final loss function is expressed as:
L = LFL + λd (21)

where λ controls the severity penalty.
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3.2.5 EfficientNetB5 Backbone Configuration
The backbone network is EfficientNetB5 because it works
better when you scale the depth, width and resolution all
at once. The network starts with ImageNet pre-trained
weights and works with fundus images that have been
resized to 224 × 224 pixels. The last convolutional block
makes a feature map that is 7 × 7 × 2048 pixels and has
a lot of semantic information. To improve feature rep-
resentation even more a Convolutional Block Attention
Module (CBAM) is used to highlight areas that are impor-
tant for diagnosis.
3.2.6 Lightweight Transformer Encoder
The transformer encoder operates on dynamically gen-
erated tokens obtained by reshaping the convolutional
feature map into a sequence of 49 tokens, each corre-
sponding to a spatial region of the retina. A multi-head
self-attention mechanism with four attention heads is
employed, where each head uses a key dimension of 64.
This allows the model to learn global contextual relation-
ships between retinal regions. A feed-forward network
with a hidden dimension of 512 follows the attention
layer enabling nonlinear feature transformation while
maintaining computational efficiency. The lightweight
transformer encoder has two encoder layers stacked
on top of each other. Each layer is designed to achieve
a balance between visual capacity and computational
efficiency.

The following make up each encoder layer.
a) Multi-Head Self-Attention: There are four attention

heads.
b) Embedding Dimension: 2048 (this comes from the

depth of the backbone channel)
c) The Key Dimension is 64 per head.
d) The feed-forward network expansion ratio is 4×

channel compression (2048→ 1 512→ 1 2048).
e) The dropout rate is 0.1.

After both the attention and feed-forward sublayers
residual skip connections and layer normalization are
used to keep the gradient from getting out of control.
Since the token sequence comes from convolutional
grids that are arranged in space explicit positional
encoding was not added. This kept the number of
parameters low while still keeping the spatial locality
that convolutional receptive fields implicitly encode.

3.2.7 Tokenization Strategy
The lightweight transformer encoder is composed of
two stacked encoder layers, each designed to balance
representational capacity and computational efficiency.
Residual skip connections and layer normalization are
employed after both the attention and feed-forward
sublayers to stabilize gradient propagation. As the
token sequence is derived from spatially ordered con-
volutional grids, explicit positional encoding was not
introduced, thereby reducing parameter overhead while
preserving spatial locality implicitly encoded by convolu-
tional receptive fields. The detailed configuration of the
tokenization strategy is presented in Table 2.

Table 2. Tokenization Strategy
Tokenization Strategy. Value

Multi-Head Self-Attention 4 attention heads
Embedding Dimension 2048 (inherited from back-

bone channel depth)
Key Dimensions 64 per head
Feed-Forward Network Ex-
pansion Ratio

4× channel compression
(2048→ 1 512→ 1 2048)

Dropout 0.1

3.2.8 Extracting Convolutional Features
We use a pretrained EfficientNetB5-based CNN as the
backbone to get high-level spatial features from input
fundus images. CNN takes resized images of the retina
andmakes deep featuremaps that show local lesion pat-
terns that are important for diabetic retinopathy. Global
average pooling is used to make small CNN feature rep-
resentations, whichmitigates overfitting and the amount
of work that needs to be done.
3.2.9 Global Context Modeling Based on

Transformers
A lightweight transformer encoder is used on the con-
volutionally down sampled feature maps instead of the
raw image patches to capture long-range dependencies
and the overall structure of the retina. The feature maps
are turned into a sequence of tokens, which reduces
the number of tokens by a lot and stops the quadratic
memory growth that happens with regular self-attention.
We use multi-head self-attention to model how different
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parts of space interact with each other. Then we use
residual connections and layer normalization to make
sure the training is stable. Global average pooling com-
bines the output of the transformer to make a global
contextual feature vector.
3.2.10 Combining and Classifying Features
The local features from the CNN and the global features
from the transformer are combined and sent through
fully connected layers so that they can learn together.
This fusion strategy lets the model use both lesion-level
and context-level information to grade DR in a strong
way. The last layer of classification gives class probabili-
ties that match the ordered levels of DR severity.
3.2.11 Loss Function That Is Ordinal-Sensitive
An ordinal-sensitive focal loss is used to deal with a big
class imbalance and the fact that DR grading is ordinal.
This loss punishes mistakes based on how serious they
are giving more weight to clinically important mistakes
while reducing bias toward majority classes. This design
helps the model learn more useful severity boundaries
than standard categorical cross-entropy.
3.2.12 Study of Ablation and Justification of

Metrics
Comprehensive ablation studies are performed to eval-
uate the efficacy of each component. To see how well it
works, a baseline with only CNN is tested first. Next the
transformer module is added to see how it helps with
global context modeling. Finally, the ordinal-sensitive
loss replaces the standard cross-entropy to see how it
affects learning that is aware of severity. The results
show that the hybrid CNN–Transformer architecture
always improves the macro-F1 score, balanced accuracy,
and quadratic Cohen’s kappa, which means that it
agrees more with expert grading.

Because DR datasets are very unbalanced and
ordinal, relying only on accuracy can be misleading.
The macro-F1 score and balanced accuracy give a fair
picture of how well all classes are doing while the AUC
score shows how well the model can tell the difference
between different classes. Quadratic Cohen’s kappa
is said to measure how much agreement there is with
eye doctors while punishing big differences in severity.

These metrics, when used together, give a full and
clinically useful assessment of the proposed framework.
4 Results
To fix the class imbalance and punish distant grade
misclassifications the proposed hybrid convolutional
transformer model was trained using focal loss with
ordinal sensitivity. Figure 4 shows the curves for training
and validation accuracy over time. The model shows
stable and monotonic convergence with training ac-
curacy steadily rising and validation accuracy closely
following the training trend. This shows that the model
can generalize well and is not overfitting. By the end of
the last epoch the model had a validation accuracy of
over 81.94%. This showed that combining CNN-based
local feature extraction with transformer-based global
context modeling worked well. The small difference
between training and validation accuracy shows that the
learning framework is strong and that the lightweight
transformer and dropout layers have a regularizing
effect.

Table 3. Hyperparameter Tuning Strategy
Parameter Value

Learning Rate 1e−3
Batch Size 8
Dropout 0.5
Attention Heads 4
Transformer Layers 2

Figure 4. Proposed Model Training and Validation Accuracy
Figure 4 illustrates the training and validation accu-

racy of the proposed model across different training
epochs.
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The quadratic weighted kappa score shows that the
predictions of the model and the experts notes are al-
most the same. The high kappa value means that most
of themistakes in predictions happen between DR sever-
ity levels that are close to each other not between lev-
els that are very different. This is because kappa looks
at the ordinal distance between grades that were incor-
rectly classified. This behavior is good for the patient be-
cause mixing up adjacent grades is not as bad as mixing
up severe disease with mild disease, Figure 5 illustrates
the kappa curve.

Figure 5. Proposed Model Kappa Curve
The balanced accuracy shows that the model is still

good even when there is an uneven number of classes.
This means that classes that are not as common, like
proliferative DR won’t be overpowered by classes that
are more common. The high top-2 accuracy also shows
that the representations learned are reliable because the
right grade is often ranked among the top two predic-
tions, even when the top prediction is wrong. The bal-
anced accuracy of the proposed model is illustrated in
Figure 6.

Figure 7 shows the confusion matrix.
The normalized confusion matrix for grading diabetic

retinopathy into five classes can be seen in Figure 8. The
diagonal in the matrix is very strong which means that
most of the predictions are right at all levels of severity.
Most mistakes happen when grades are close to each
other like mild versus moderate or moderate versus se-
vere DR. Even professional graders don’t always know
what is necessary like this shows.

Figure 6. Proposed Model Balanced Accuracy

Figure 7. Proposed Model Confusion Matrix and ROC

It is very rare for professionals to make big mistakes
when grading like calling proliferative DR no DR or mild
DR. This result shows that the ordinal-sensitive loss func-
tion works to stop big ordinal deviations and improve
clinically important decision-making.

The receiver operating characteristic (ROC) curves for
each DR grade are shown in Figure 7. The model always
gets high AUC values for all classes, which means it can
tell the difference between them very well. The macro-
averaged AUC shows once more that the model can tell
the difference between different levels of severity, even
when the classes aren’t evenly split.

Classes that match advanced DR stages are very easy
to tell apart, which is important for getting people to the
right place for treatment quickly. The ROC curves that
are smooth and well-separated show that the outputs

132



VFAST Transactions on Software Engineering Volume 14, Issue 1, 2026 (January-March)

Figure 8. Normalized Confusion Matrix and Specificity

are stable and that the confidence estimation is correct.
These are both important for real-world screening sys-
tems.

Table 4 shows the results of the quantitative evalua-
tion in terms of precision, recall, F1-score. The proposed
model has a high macro-averaged F1-score because it
has high precision and recall for all classes. This means
that the model does a good job of balancing false posi-
tives and false negatives which is very important for clin-
ical screening applications. The visual representation of
precision, recall, and F1-score for each class is illustrated
in Figure 9.
Table 4. Summary of the results of Precision, Recall and F1

Score
Class Precision Recall F-Score Support

No DR 0.59 0.49 0.54 59
Mild 0.76 0.88 0.81 205

Moderate 0.97 0.98 0.97 363
Severe 0.79 0.53 0.63 59

Proliferative DR 0.61 0.54 0.57 46
The performance comparison with ResNetRS50 is il-

lustrated in Figures 10 and 11.
The comparative performance of the proposed

model with baseline architectures is presented in
Table 5.

Table 5. Result Comparison
Model Accuracy

ConvexNextBase 61%
ResNetRS50 81%
Proposed 85%

Figure 9. Precision Recall F1 Score

Figure 10. ResNetRS50 Precision Recall F1 Score

5 Discussion and conclusions
The experimental results clearly indicate that the pro-
posed hybrid architecture exceeds traditional exclusive
reliance on CNN methodologies by integrating global
contextual reasoning through transformer-based self-
attention. Microaneurysms and hemorrhages are two
small problems in the body that CNNs are good at
finding. The transformer section on the other hand lets
you model extended spatial relationships across the
retina. This is important for getting the severity grade
precise.

Also treating diabetic retinopathy grading as an or-
dinal learning problem instead of a flat multi-class task
makes it much more useful in a clinical setting. Adding
ordinal-sensitive loss improves kappa scores and makes
error distributions more useful which makes the model
behave more like how experts grade.

The proposed framework is a good choice for large-
scale automated diabetic retinopathy screening and de-
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Figure 11. ResNetRS50 Precision Recall F1 Score

cision support in clinical workflows because it has high
accuracy, strong ordinal agreement and strong general-
ization. There are three main reasons why the proposed
model works better than othermodels. First the Efficient-
NetB5 backbone uses compound scaling to accurately
capture small details in the retina like microaneurysms
and hemorrhages.

The lightweight transformer encoder also lets you
combine information from different parts of the world
which is important for modeling how disease severity
changes over time.The proposed hybrid architecture
shows better generalization and robustness than pure
CNN-based models as shown by higher Quadratic
Kappa and balanced accuracy scores. The use of ordinal-
sensitive loss also makes the optimization process fit
with the clinical grading system for diabetic retinopathy
which leads to predictions that are more useful in a
clinical setting.

The proposed method effectively overcomes the
limitations of architectures that only use convolutional
or transformer networks by combining the strong
local feature extraction ability of convolutional neural
networks with the global contextual modeling ability of
transformer self-attention. The hybrid design allows
for strong representation of both small pathological
lesions and long-range spatial dependencies which are
important for accurately assessing the severity of DR.

A significant contribution of this study is the explicit
modeling of the ordinal characteristics of diabetic
retinopathy grades. The proposed ordinal-sensitive loss
is different from standardmulti-class classificationmeth-
ods because it punishes grade errors that are far away

more severely while still allowing for severe class imbal-
ance. This design choice makes the clinical relevance
better as shown by steady improvements in ordinal-
aware evaluation metrics like quadratic weighted kappa
and balanced accuracy as well as standard accuracy and
AUC measures.

A comprehensive experimental evaluation demon-
strates that the proposed framework outperforms and
exhibits greater consistency than models that utilize
solely CNNs or transformers. The ablation study further
confirms that the transformer branch, feature-level
fusion strategy and ordinal-aware optimization all work
together to make things better. The model is important
because it can be used in the real world without using
too much memory or processing power which is a
problem with full vision transformer architectures.

From a clinical perspective the proposed method en-
hances grading reliability and alignment with expert an-
notations thereby improving its potential effectiveness
as a computer-assisted diagnostic tool for comprehen-
sive diabetic retinopathy screening programs. Future re-
search will explore multi-scale tokenization, uncertainty-
aware ordinal learning and external validation across di-
verse datasets and imaging devices to improve robust-
ness and generalizability. This study advances the do-
main of automated diabetic retinopathy grading by offer-
ing a clinically relevant, interpretable and computation-
ally efficient hybrid learning framework.
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