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Diabetic retinopathy (DR) screening from retinal fundus images is still
difficult because of the heterogeneity of lesions, significant class imbalance,
and low reliability of existing deep learning algorithms owing to their
generic feature pooling and passive fusion mechanisms. To overcome such
limitations, this study presents a hybrid model called HandEffiTrans-DR,
which combines deep retinal representations with handcrafted lesion
descriptors via the directed transformer-based attention mechanism. First, a
lesion-prior-guided token squeezer (LPG-TS) module is proposed in the
work, which is capable of creating lesion-specific visual tokens via
integrating prior knowledge about pathology into the tokenization procedure.
Moreover, a directed transformer-based fusion (T—V) strategy allows for
actively fusing the handcrafted lesion features with visual representations.
The introduced framework is assessed with a stratified five-fold cross-
validation protocol. Its average classification accuracy surpasses 97%, while

the macro-F1 score is higher than 0.97 and Cohen's kappa is greater than
0.95, indicating good agreement despite the presence of class imbalance.
The probability reliability is measured in terms of expected calibration error
(ECE) and Brier scores and shows well-calibrated confidence. Further
validation is performed on two external datasets, where consistent
performance with minor decline is shown.
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1. INTRODUCTION

Diabetic retinopathy (DR) is a progressive microvascular complication of diabetes mellitus and
remains one of the leading causes of irreversible vision impairment worldwide. The disease manifests
through retinal lesions such as microaneurysms, hemorrhages, hard exudates, and neovascularization, which
often appear at early stages with subtle visual contrast and localized spatial distribution. Large-scale
screening using fundus photography is therefore essential for early diagnosis and timely intervention, yet
manual screening is limited by specialist availability, inter-observer variability, and increasing patient
burden. As a result, automated DR detection using artificial intelligence has become an active research area,
aiming to support ophthalmologists by providing fast, consistent, and scalable screening solutions [1], [2].

Deep learning, particularly convolutional neural networks (CNNs), has demonstrated strong
performance in DR detection by learning hierarchical representations directly from retinal images [3], [4].
CNN-based systems have achieved high accuracy on public benchmarks and are increasingly explored for
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real-world deployment [5]. However, despite their success, CNN-only approaches often function as
black-box models, offering limited interpretability and reduced robustness when exposed to variations in
acquisition devices, illumination conditions, or patient demographics [6], [7]. These limitations are critical in
medical screening, where model reliability and transparency are as important as raw classification performance.

To overcome shortcomings of purely deep models, recent studies have explored hybrid frameworks
that combine deep features with handcrafted retinal descriptors and attention mechanisms [8], [9].
Handcrafted features, such as texture statistics and lesion-level descriptors, encode clinically meaningful
information that complements deep representations and enhances interpretability [10]. At the same time,
transformer-based architectures and vision transformers have been introduced into retinal image analysis to
model long-range dependencies and global context through self-attention mechanisms [11], [12]. These
approaches have shown promise in capturing spatial relationships between lesions and anatomical structures
that are difficult to model using local convolution alone [13].

More recent works have proposed CNN-transformer fusion models for DR detection and grading,
reporting improved discrimination performance compared to standalone CNNs [14], [15]. Nevertheless, most
existing fusion strategies rely on simple feature concatenation or symmetric attention, which treats all spatial
regions uniformly and fails to explicitly emphasize lesion-dominant areas [16], [17]. Furthermore, handcrafted
features, when incorporated, are often appended only at the classifier stage, limiting their influence on
intermediate representation learning [18]. Another critical limitation is that many studies focus primarily on
accuracy or area under the receiver operating characteristic curve (AUROC), while overlooking probability
calibration and confidence reliability—factors that are crucial for clinical decision-making [19], [20].

Despite significant progress, several gaps remain in current DR detection methodologies. First,
existing models rarely integrate explicit lesion priors into the tokenization or attention process, leading to
diluted lesion information when features are globally pooled or uniformly partitioned. Second, the interaction
between handcrafted lesion descriptors and deep visual representations is often weak or passive, preventing
clinically meaningful guidance during feature fusion. Third, transformer-based fusion mechanisms lack
directionality that reflects clinical reasoning, where lesion statistics should inform visual interpretation rather
than the reverse [21], [22]. Finally, many reported systems are evaluated on imbalanced datasets using
accuracy-centric metrics, without sufficient analysis of class-wise behavior, robustness across folds, or
probability calibration, which limits their suitability for real-world screening scenarios [23], [24].

The problem addressed in this work is therefore the development of a DR detection framework that
i) explicitly emphasizes lesion-relevant regions during representation learning; ii) enables active and
interpretable interaction between handcrafted lesion features and deep visual tokens; and iii) remains robust
and reliable under class imbalance and dataset variability. To address the identified gaps, this work proposes
HandEffiTrans-DR, a lesion-aware hybrid deep learning framework for automated DR detection.

The proposed method introduces two key innovations. First, a lesion-prior-guided token squeezer
(LPG-TS) generates lesion-centric visual tokens by explicitly incorporating lesion prior maps derived from
retinal pre-processing. This ensures that token representations are spatially anchored to pathological regions
rather than uniformly sampled background areas. Second, a directed transformer-based fusion mechanism
(T—V) is employed, where handcrafted lesion descriptors guide the attention refinement of visual tokens,
enabling clinically meaningful cross-modal reasoning. In addition, the framework integrates a lesion
summary token to preserve global retinal context and employs calibration-aware evaluation to assess the
reliability of predicted probabilities. The overall architecture is designed to balance discriminative
performance, interpretability, and robustness, aligning with the practical requirements of DR
screening systems.

2. METHOD
2.1. Dataset characteristics and class imbalance consideration

Public DR datasets are inherently class-imbalanced, with normal or mild cases significantly
outnumbering moderate-to-severe disease samples. This imbalance poses a major challenge, as models
trained without appropriate consideration may achieve high accuracy while underperforming on clinically
critical minority classes. In this study, stratified five-fold cross-validation is employed to preserve class
distribution across folds, ensuring fair and unbiased evaluation.

Moreover, performance is assessed using macro-averaged metrics, Cohen’s kappa, and calibration
measures, which provide a more informative assessment under imbalance compared to accuracy alone [25].
The proposed framework is evaluated on a primary DR dataset and further validated on independent datasets
to assess generalization across different data distributions. By combining lesion-aware modeling, directed
fusion, and imbalance-sensitive evaluation, the proposed approach aims to deliver a reliable and clinically
meaningful solution for automated DR screening.
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2.2. Overview of the proposed framework

The proposed framework, referred to as HandEffiTrans-DR, is a lesion-aware hybrid learning
architecture designed for accurate and reliable DR detection from retinal fundus images. The complete
processing pipeline is illustrated in Figure 1, which presents the end-to-end flow from image pre-processing
to calibrated DR prediction. The central design philosophy of the framework is to ensure that pathological
lesion information is explicitly embedded into both feature representation and fusion stages, rather than being
implicitly learned through deep networks alone. To achieve this, the framework integrates lesion-centric
visual tokenization, handcrafted retinal descriptors, and a directed transformer-based fusion mechanism. As
shown in Figure 1, the methodology consists of five sequential stages: image pre-processing and lesion
enhancement, parallel deep and handcrafted feature extraction, lesion-prior-guided token generation, directed
transformer fusion, and calibrated classification. These stages are tightly coupled to maintain consistency
between pathological evidence and final decision-making.
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Figure 1. Overall HandEffiTrans-DR framework architecture

2.3. Image pre-processing and lesion enhancement

Each input fundus image is first resized to a fixed spatial resolution and normalized to reduce
illumination variations commonly observed across screening devices. Contrast enhancement is applied to
improve the visibility of subtle DR manifestations such as micro-aneurysms and hemorrhages. Noise
suppression and morphological refinement are subsequently employed to preserve lesion boundaries while
suppressing background artefacts. This stage produces an enhanced retinal image that supports both deep
feature extraction and lesion localization. The lesion enhancement process also generates a binary lesion
mask, which is later transformed into a lesion prior map. Importantly, this lesion prior is not treated as an
auxiliary output; instead, it plays a direct role in guiding representation learning, forming a foundational
component of the proposed methodology.

2.4. Deep feature extraction and lesion prior modelling

Deep visual features are extracted using a pretrained EfficientNet-BO backbone, which remains
frozen during training to preserve generalizable retinal representations. For a given pre-processed fundus
image I, the backbone produces a spatial feature map F, as defined in (1).

F = fp(I) € REPWr*C 1

Where Hy and Wy denote the spatial dimensions of the feature map, and C represents the channel depth. This
feature map retains both semantic and spatial information relevant to DR pathology. In parallel, the enhanced
lesion mask is resized to match the spatial resolution of F, forming a lesion prior map P € RP/>Wr*1, The
coexistence of F and P enables the framework to reason jointly about learned retinal semantics and explicitly
localized lesion regions, which is essential for pathology-aware modelling.

2.5. Lesion-prior-guided token squeezer

To transform spatial feature maps into a compact yet pathology-focused representation, the
framework employs LPG-TS, as illustrated in Figure 2. Unlike conventional pooling or patch-based
tokenization, LPG-TS generates lesion-centric visual tokens by adaptively fusing backbone saliency and
lesion prior information. The fusion process is governed by set of learnable gates and is formulated as in (2).

§=a(g) O Convp(F) + (1~ 0a(g)) O Convp(P) O]

Where Convg(-) and Convp(-) are 1 x 1 convolutional projection of the feature map and lesion prior map,
respectively; g denotes learnable gating parameters; and o(-) represents the sigmoid activation.
This formulation enables the model to dynamically balance learned visual saliency and explicit lesion
evidence, depending on image quality and lesion prominence.
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Spatial softmax is applied to the fused score map S to obtain normalized attention weights. These
weights are then used to aggregate spatial features into a fixed number of lesion-centric tokens. This process
ensures that the resulting token sequence concentrates representational capacity on clinically relevant regions
rather than uniformly sampled background areas.

Figure 2. Schematic diagram of the LPG-TS

2.6. Handcrafted feature modelling and lesion summary token

In parallel with deep feature processing, handcrafted retinal descriptors capturing texture
characteristics and lesion proxy statistics are extracted. These descriptors encode clinically interpretable
information such as intensity variation, structural irregularity, and lesion component distribution. To enable
interaction with transformer-based attention, the handcrafted feature vector is projected into the same latent
embedding space and replicated to form a sequence of handcrafted tokens, as illustrated in Figure 3.
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Figure 3. Lesion summary token and handcrafted token modelling

Handcrafted
Feature Vector

Additionally, a lesion summary token is generated from the backbone feature map using lightweight
convolution, followed by global average pooling and linear projection. This token preserves global
retinal context that may not be fully captured by lesion-centric tokens alone. Together, the lesion-centric
tokens, lesion summary token, and handcrafted tokens form a unified multimodal token set suitable for
transformer-based fusion.

2.7. Directed transformer fusion

Cross-modal integration is performed using a directed transformer fusion mechanism, as shown in
Figure 4. In this design, visual tokens act as queries, while handcrafted tokens serve as keys and values.
This directionality ensures that handcrafted lesion descriptors actively guide the refinement of visual
representations, rather than being passively concatenated. The directed attention operation is defined as in (3).
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Attn(Q,K,V) = softmax <%:> %4 3)

Where Q corresponds to lesion-centric visual tokens, K and V correspond to handcrafted tokens, and d,
denotes the key dimensionality. Residual connections and feed-forward refinement are applied to
stabilize training and enhance representational expressiveness. This fusion strategy enables clinically
meaningful cross-modal reasoning by allowing handcrafted lesion knowledge to directly influence visual
attention dynamics.
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Figure 4. Directed transformer fusion mechanism

2.8. Classification and calibration assessment

The fused representation obtained after transformer fusion is passed through a dense classification
head followed by a softmax layer to produce DR class probabilities. Beyond standard discrimination
performance, the framework explicitly evaluates prediction confidence and calibration, as illustrated in
Figure 5. Confidence scores are analyzed using expected calibration error (ECE) and Brier score to quantify
the alignment between predicted probabilities and observed accuracy.

ECE
Confidence Calibration Metric
Fused Dense Softmax Scores Evaluation Bri
Representation Layer Output ner
Score
Class Performance
Prediction Metrics

Figure 5. Classification and calibration evaluation pipeline

This calibration-aware evaluation ensures that the proposed system not only achieves high
classification performance but also provides reliable confidence estimates, which are critical for real-world
DR screening and referral workflows. The proposed methodology integrates lesion evidence at both the token
generation level and the fusion level, ensuring that pathological information actively shapes representation
learning. The LPG-TS mechanism introduces lesion-centric tokenization, while the directed transformer
fusion enforces clinically guided cross-modal interaction. Together, these design choices yield a coherent,
interpretable, and robust DR detection framework that aligns with practical screening requirements.

3. RESULTS AND DISCUSSION

The experimental evaluation of the proposed HandEffiTrans-DR framework is structured to analyze
model behavior at three complementary levels: i) fold-wise learning dynamics and discriminative
performance, ii) cross-fold robustness and calibration consistency, and iii) generalization on independent
validation datasets. This multi-level analysis ensures that the reported performance is not confined to a single
data split. It instead reflects stable and clinically meaningful behavior across varying data distributions.

3.1. Fold-wise training dynamics and convergence behavior

The learning behavior of the proposed model is first analyzed using the training and validation
accuracy and loss curves obtained from fold-1, as shown in Figure 6. As observed in Figure 6(a), the training
and validation accuracy curves exhibit a rapid increase during the initial epochs, followed by a gradual
stabilization, indicating efficient feature learning and convergence. Importantly, the validation accuracy
closely follows the training accuracy without significant divergence, suggesting that the model avoids
overfitting despite its hybrid architecture.
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Complementary evidence is provided by the loss curves in Figure 6(b), where both training and
validation losses decrease monotonically and stabilize at low values. The absence of oscillatory behavior or
late-epoch divergence demonstrates that the lesion-prior-guided tokenization and directed transformer fusion
do not introduce training instability, even when multiple information streams are fused. This stable
convergence is particularly relevant for medical image analysis, where over-parameterized models often
suffer from poor generalization.
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Figure 6. Learning behavior of the proposed model across epochs (fold-1): (a) training and validation
accuracy and (b) training and validation loss

3.2. Fold-wise discriminative performance and class-level analysis

The class-level discriminative behavior of the model for fold-1 is analyzed using the normalized
confusion matrix shown in Figure 7 and the corresponding operating characteristics reported in Table 1. The
confusion matrix reveals a strong diagonal dominance, with high correct classification rates for both DR and
no-DR classes. Quantitatively, Table 1 reports a fold-1 accuracy of 0.9517, with a sensitivity (recall) of
0.9757 for the DR class and a specificity of 0.9134 for the no-DR class. This balance indicates that the model
effectively prioritizes DR detection while maintaining reasonable specificity, which is essential for screening
scenarios where false negatives are clinically costly.

Normalized Confusion Matrix
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No_DR

& &
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Figure 7. Normalized confusion matrix (fold-1, DR vs No-DR)
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Table 1. Fold-1 operating characteristics

Metric Formula (using DR as positive) Value
Counts TP =361, FN =9, FP =20, TN =211, N = 601 —
Accuracy (TP+TN)/N 0.9517
Sensitivity / Recall (DR) TP /(TP + FN) 0.9757
Specificity (no-DR) TN/ (TN + FP) 0.9134
Precision (DR) TP /(TP + FP) 0.9475
F1 (DR) 2-TP/(2-TP + FP + FN) 0.9614
Precision (no-DR) TN/ (TN + FN) 0.9591
Recall (no-DR) TN/ (TN + FP) 0.9134
F1-score (no-DR) 2-TN/(2-TN + FN + FP) 0.9357
Macro-F1 (Fold-1) Mean (F1_DR, F1 _No-DR) 0.9486

The achieved performance of each class aligns well with previous lesion-aware and attention-based
research in DR detection, which stated that discrimination was enhanced through highlighting lesions
[16], [21]. This signifies that the developed framework successfully highlights clinically important retinal
lesions. Further insight is obtained from the class-wise F1 scores. The DR class achieves an F1-score of
0.9614, while the no-DR class attains an F1-score of 0.9357, resulting in a macro-F1 of 0.9486. These results
demonstrate that the model does not exhibit class bias and maintains consistent performance across both
pathological and non-pathological samples. This behavior can be attributed to the lesion-centric token
generation, which explicitly emphasizes pathological regions without suppressing global retinal context.

3.3. Discriminative power and probabilistic reliability

Beyond accuracy-based evaluation, the discriminative capability of the proposed framework is
analyzed using receiver operating characteristic (ROC) and precision—recall (PR) curves. The ROC curve for
fold-1, as shown in Figure 8, yields an AUROC of approximately 0.994, indicating excellent class
separability. High AUROC values are particularly important in DR screening, as they reflect the model’s
ability to rank pathological images above non-pathological ones across a wide range of decision thresholds.

ROC (macro=0.994)
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Figure 8. ROC curve with AUROC (fold-1)

Evaluation results for the HandEffiTrans-DR algorithm in terms of discrimination quality and
probability calibration are shown in Figure 9. In Figure 9(a), the PR curve is depicted, whereas Figure 9(b)
displays the reliability diagram. The area under the precision-recall curve (AUPRC) is quite high
(AUPRC =~ 0.994). The latter fact indicates good trade-off PR properties for the DR class. The more
important point is that the reliability diagram indicates a good match between predicted probability and
empirical accuracy. This observation is quantitatively supported by the discriminative and calibration metrics
reported in Table 2, where the ECE and Brier score remain low (0.025 and 0.058, respectively).
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Such calibration behavior is critical for clinical decision support systems, where predicted confidence often
informs referral thresholds and follow-up actions. The AUROC and calibration metrics are similar to other
state-of-the-art DR detector based on transformers [17], and the ECE and Brier scores are consistent with
recent studies emphasizing the necessity of a well-calibrated deep learning model in healthcare
decision-making systems [20], [25].
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Figure 9. Performance evaluation of the proposed framework: (a) PR curve and (b) reliability (calibration)

Table 2. Fold-1 discriminative and calibration metrics

Metric Value
AUROC 0.994
AUPRC 0.994

ECE 0.025
Brier score  0.058

3.4. Cross-fold robustness and stability analysis

To assess robustness across different data partitions, five-fold cross-validation results are
summarized in Table 3. The mean accuracy across five folds is 0.9653 with a standard deviation of 0.0083,
while the mean macro-F1 score is 0.9653 with a similarly low variance. These results indicate that the
proposed framework maintains stable performance across folds and is not overly sensitive to specific
train—test splits.

Consistently high AUROC (mean 0.9931) and AUPRC (mean 0.9937) values across folds further
confirm the robustness of the discriminative capability. The relatively low standard deviation of Cohen’s
kappa (0.0167) suggests strong agreement beyond chance across all folds, reinforcing the reliability of the
model. Importantly, calibration metrics such as ECE and Brier score remain low and stable across folds,
demonstrating that probability estimates are consistently reliable and not confined to a single favorable split.

Table 3. Cross-fold performance summary (5 folds)

Metric Mean Std. deviation
Accuracy 0.965318 0.008345
Macro-F1 0.965303 0.008346
AUROC 0.993094 0.00209
AUPRC 0.993717 0.001382

Cohen’s kappa  0.93062 0.016679
ECE 0.024945 0.007494
Brier score 0.05784 0.012628

3.5. External validation and generalization capability

To evaluate generalization beyond the primary dataset, the trained model is tested on two
independent validation datasets. The performance on validation_dataset-1 is reported in Table 4, while results
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on validation_dataset-2 are presented in Table 5. On validation_dataset-1, the model achieves a mean
accuracy of 0.9568 and a macro-F1-score of 0.9560, with AUROC and AUPRC values exceeding 0.99.
Although a slight reduction is observed compared to the primary dataset, the performance remains strong,
indicating effective transferability.

Similarly, validation_dataset-2 yields a mean accuracy of 0.9627 and macro-F1 of 0.9621,
with AUROC and AUPRC values of 0.9924 and 0.9928, respectively. The calibration metrics on both
validation datasets remain comparable to those observed during cross-validation, suggesting that the model
does not exhibit overconfident predictions when exposed to unseen data distributions. This behavior is
particularly important for real-world deployment, where variations in acquisition devices and patient
demographics are inevitable.

Table 4. Validation performance on validation dataset-1
Metric Mean Std. deviation
Accuracy 0.95684 0.009215
Macro-F1 0.95599  0.009487
AUROC 0.99075  0.002641

AUPRC 0.9911 0.002078
Cohen’s kappa  0.91567 0.018392
ECE 0.02891 0.006928

Brier Score 0.06234 0.011853

Table 5. Validation performance on validation_dataset-2
Metric Mean Std. deviation
Accuracy 0.96273 0.008749
Macro-F1 0.96214  0.008681
AUROC 0.99241  0.002371
AUPRC 0.99282  0.001731
Cohen’skappa 0.92458  0.017156
ECE 0.02612  0.006845
Brier Score 0.0591 0.012001

3.6. Comparative performance across datasets

A consolidated comparison of performance across the primary dataset and both validation datasets is
provided in Table 6. The table highlights that the proposed framework maintains consistently high
performance across all datasets, with accuracy and macro-F1 values remaining above 0.95 and discriminative
metrics consistently exceeding 0.99. While a modest degradation is observed on external datasets, the drop is
limited and expected, indicating strong generalization rather than dataset-specific optimization.

Table 6. Overall averaged performance comparison across datasets

Dataset Accuracy Macro-F1  AUROC AUPRC  Cohen’s kappa  ECE Brier score
Primary dataset (5-fold) 0.9653 0.9653 0.9931 0.9937 0.9306 0.0249 0.0578
Validation dataset-1 0.9568 0.956 0.9908 0.9911 0.9157 0.0289 0.0623
Validation dataset-2 0.9627 0.9621 0.9924 0.9928 0.9246 0.0261 0.0591

Overall, these findings are consistent with recent CNN-transformer hybrid frameworks for retinal
disease analysis [14], [17]. The proposed HandEffiTrans-DR framework further strengthens these approaches
by integrating lesion-guided tokenization with directed transformer fusion, resulting in robust and reliable
DR detection. The fold-wise stability, combined with strong external validation performance, supports the
framework’s suitability for DR screening scenarios where consistent behavior across populations and reliable
confidence estimation are essential.

4. CONCLUSION

This work presented HandEffiTrans-DR, a lesion-aware hybrid framework for automated DR
detection that explicitly integrates pathological priors into both representation learning and feature fusion
stages. By introducing a lesion-guided tokenization strategy and a directed transformer-based fusion
mechanism, the proposed approach ensures that clinically relevant lesion information actively influences the
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learned visual representations. The use of stratified cross-validation and external dataset validation
demonstrates robustness under class imbalance and dataset variability, while calibration analysis highlights
the reliability of prediction confidence. Overall, the proposed framework advances automated DR screening
by combining accuracy, robustness, and interpretability, making it suitable for large-scale clinical
deployment and decision-support systems.
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