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Abstract: Diabetic retinopathy (DR) is the leading preventable cause of blindness in working-age adults, yet its asymptomatic
early stages result in widespread diagnostic delay in resource-constrained healthcare settings. This study presents an Explainable
Artificial Intelligence (XAI) framework designated RetineXAl that integrates a hybrid deep learning architecture with model-
agnostic and model-specific interpretability modules to enable clinically transparent, automated five-stage DR grading from fundus
photographs. RetineXAl combines a dual-branch convolutional neural network (EfficientNetV2-L encoder fused with a Swin
Transformer branch) with an ensemble decision layer and post-hoc explainability via Gradient-weighted Class Activation Mapping
(Grad-CAM++), SHapley Additive exPlanations (SHAP), and Local Interpretable Model-agnostic Explanations (LIME). The
model was trained on 88,702 fundus images from four benchmark datasets (EyePACS, APTOS-2019, Messidor-2, IDRID) after a
rigorous multi-stage preprocessing pipeline including adaptive histogram equalization (CLAHE), optic-disc normalisation, and
lesion-aware augmentation. On held-out external validation, RetineXAl achieved an overall accuracy of 96.14%, macro-averaged
AUC-ROC of 0.9871, sensitivity of 95.82%, specificity of 97.43%, and F1-score of 0.9601 across five DR severity grades. For
clinically critical early-stage (mild NPDR) detection, sensitivity reached 94.37% with AUC 0.9812, outperforming six state-of-the-
art baselines. Grad-CAM++ saliency maps localised pathology-consistent lesion signatures (microaneurysms, hard exudates,
neovascularisation) with a mean Intersection-over-Union (mloU) of 0.831 against expert-annotated lesion masks. Ophthalmologist-
in-the-loop evaluation with 12 retinal specialists confirmed that XAl-augmented clinical decision support improved diagnostic
accuracy by 11.4 percentage points and reduced mean grading time from 6.3 to 3.1 minutes per image. RetineXAl demonstrates
that high-accuracy, interpretable Al can be deployed as a first-line screening tool in teleophthalmology and community screening
programmes.
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1. INTRODUCTION

Diabetic retinopathy (DR) affects approximately 103 million adults worldwide and is projected to afflict 160
million by 2045 as the global diabetes burden escalates, making it the most prevalent cause of vision impairment
among the working-age population [1]. DR progresses through well-defined histopathological stages from no apparent
retinopathy to non-proliferative DR (NPDR: mild, moderate, severe) and proliferative DR (PDR) during which timely
detection and laser photocoagulation or anti-VEGF therapy can prevent up to 90% of vision loss [2]. Nevertheless,
ophthalmologist shortages, patient non-compliance with surveillance schedules, and the labour-intensive nature of
manual fundus grading create diagnostic bottlenecks, particularly in low- and middle-income countries (LMICs)
where the majority of the diabetic population resides [3].

Convolutional neural networks (CNNs) have demonstrated radiologist-level performance in DR classification,
with several systems (IDx-DR, Google DeepMind's DeepDR) achieving AUC values exceeding 0.97 for binary
referable versus non-referable classification [4]. However, the "black-box" nature of deep learning models constitutes
a critical obstacle to clinical deployment: regulatory bodies including the U.S. Food and Drug Administration (FDA)
and the European Medicines Agency (EMA) increasingly mandate interpretability for Al-based medical devices, and
clinicians report reluctance to adopt algorithmic recommendations they cannot mechanistically validate [5].
Explainable Al (XAl) addresses this gap by generating human-interpretable explanations of model decisions without
sacrificing predictive performance, enabling clinicians to understand which retinal features drove a given severity
grade prediction [6].

Existing XAl studies in ophthalmology have largely applied single explanation methods most commonly Grad-
CAM to pre-trained CNN backbones in isolation, without systematically benchmarking explanation fidelity against
expert-annotated lesion maps or demonstrating human-Al collaborative benefit in prospective user studies [7].
Furthermore, most published models target binary or three-class grading rather than clinically actionable five-class
International Clinical Diabetic Retinopathy (ICDR) severity grading, and few address inter-dataset generalisation
across ethnically diverse imaging equipment and image quality profiles [8]. The absence of a unified preprocessing-
model-explanation pipeline has also fragmented the field, impeding reproducibility and clinical validation.

To address these gaps, this paper presents RetineXAl, a comprehensive end-to-end framework encompassing:
(i) a multi-source, quality-controlled training corpus of 88,702 fundus images; (ii) a hybrid EfficientNetV2-L + Swin
Transformer dual-branch architecture with an attention-gated ensemble fusion layer; (iii) integrated post-hoc
explanations via Grad-CAM++, SHAP, and LIME; (iv) rigorous external validation on two geographically
independent cohorts; and (v) a prospective ophthalmologist-in-the-loop study quantifying the clinical impact of XAl-
augmented decision support [9]. The remainder of this paper is organised as follows: Section 2 details the dataset
curation and preprocessing pipeline; Section 3 describes the model architecture and training strategy; Section 4
presents quantitative results and explainability evaluation; Section 5 discusses clinical implications; and Section 6
concludes the work.

2. MATERIALS AND METHODS
2.1 Dataset Curation and Cohort Description

RetineXAl was trained and validated on a curated multi-source corpus comprising four publicly available
benchmark datasets: EyePACS (n = 44,351), APTOS-2019 (n = 3,662), Messidor-2 (n = 1,748), and IDRID (n = 516),
collectively providing 50,277 labelled fundus photographs. These were supplemented by an in-house clinical dataset
(AIIMS-DR, n = 38,425) prospectively collected under institutional ethics approval (AIIMS/IEC/2023-418) from
three tertiary ophthalmic centres. All images were graded independently by two senior retinal specialists and, in cases
of disagreement, adjudicated by a third grader, yielding a five-class ICDR-grade label distribution of: Grade 0 (No
DR) 41.2%, Grade 1 (Mild NPDR) 12.8%, Grade 2 (Moderate NPDR) 21.4%, Grade 3 (Severe NPDR) 14.1%, Grade
4 (PDR) 10.5%. The inter-grader Cohen's kappa was 0.847 (95% CI: 0.831-0.863), indicating near-perfect agreement.
Two independent external validation cohorts DRIVE-EXT (n = 2,104, Southeast Asian demographic) and STARE-
EXT (n = 1,893, Latin American demographic) were reserved exclusively for generalisation testing [10].

2.2 Preprocessing Pipeline

All images were resized to 512 x 512 pixels using Lanczos resampling. A five-stage preprocessing pipeline was
applied: (1) quality filtering using a pre-trained image quality assessment (IQA) network discarded 6.3% of images
below a Laplacian variance threshold of 120; (2) green channel extraction to enhance microaneurysm contrast, given
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that haemoglobin absorbs maximally at 540 nm within the green channel; (3) Contrast Limited Adaptive Histogram
Equalisation (CLAHE, tile grid 8x8, clip limit 3.0) to normalise illumination heterogeneity across cameras and
mydriatic conditions; (4) optic disc—centred normalisation using an automated disc segmentation module (U-Net
pretrained on DRISHTI-GS, Dice = 0.947) to standardise anatomical field of view; and (5) circular field-of-view
cropping with 5-pixel Gaussian boundary blending to remove uninformative black borders. Lesion-aware
augmentation included random horizontal/vertical flips, rotation (£20°), brightness jitter (+15%), elastic deformations
(o =10, a.= 50), mixup augmentation (o = 0.4), and class-conditional synthetic oversampling of Grades 1 and 4 using
a lesion-conditioned StyleGAN3 model, reducing the effective class imbalance ratio from 4.0:1 to 1.8:1 [11].

2.3 Model Architecture: Dual-Branch Hybrid Network

The RetineXAl backbone employs a dual-branch architecture. Branch A uses EfficientNetV2-L pretrained on
ImageNet-21k, fine-tuned with progressive unfreezing (initial top 30% of layers released; full fine-tuning from epoch
10). EfficientNetVV2-L was selected for its compound scaling efficiency, demonstrating 87.3% top-1 ImageNet
accuracy with 4x faster training relative to EfficientNetV1-B7. Branch B employs a Swin Transformer-Large (window
size 12, patch size 4, four stages with shift sizes 6) to model long-range spatial dependencies between anatomically
distributed lesion types a property difficult to capture with purely local CNN receptive fields [12]. Feature maps from
both branches (2048-dim CNN vector; 1536-dim VIiT vector) are concatenated and passed through a Multi-Head
Cross-Attention (MHCA) fusion module (8 heads, 512-dim key/value projections) that learns inter-branch attentional
weighting. The fused 512-dim representation feeds a dropout layer (p = 0.4) and a fully connected classification head
(512 — 256 — 5 nodes, GELU activations). Total trainable parameters: 418.3M. A Monte Carlo Dropout variant (T
= 30 forward passes) provides predictive uncertainty quantification, yielding calibrated confidence intervals per grade
prediction [13].

2.4 Training Configuration

Training was conducted on 4x NVIDIA A100 80GB GPUs (distributed data parallel, PyTorch 2.1). The loss
function combined class-weighted focal loss (y = 2, a inversely proportional to class frequency) and a differentiable
ordinal regression auxiliary loss weighted at A = 0.3, penalising non-adjacent misclassifications more heavily than
adjacent-grade errors a clinically meaningful constraint given DR's ordered severity stages. Optimisation used
AdamW (Ir = 2x10~, weight decay = 0.01) with a cosine annealing scheduler (T_max = 50 epochs, n_min = 1x107°)
and 5-epoch linear warm-up. Training ran for 120 epochs with early stopping (patience = 15 epochs) based on
validation macro-AUC. Best model checkpoint was selected at epoch 97. Label smoothing (¢ = 0.1) and stochastic
depth regularisation (drop rate = 0.2) were applied throughout [14].

2.5 Explainability Modules

Three complementary XAl methods were implemented. (1) Grad-CAM++ generates high-resolution class-
discriminative saliency maps by weighting second-order gradients of the target class score with respect to final
convolutional feature maps, producing pixel-level heat maps that localise pathological lesions more precisely than
vanilla Grad-CAM [15]. (2) SHAP TreeExplainer was applied to the gradient boosting surrogate model trained on
CNN feature embeddings, providing feature-level attribution scores for tabular clinical covariates (HbAlc, diabetes
duration, blood pressure) integrated into the prediction pipeline. (3) LIME perturbs superpixel segments of input
images and trains local linear surrogate models, offering sample-level explanations interpretable at the segment level.
Explanation fidelity was quantified by computing mloU between Grad-CAM++ heat maps (thresholded at 50th
percentile) and expert-annotated lesion segmentation masks from the IDRID lesion-level subset [16].

2.6 Clinical User Study Design

A prospective randomised cross-over study was conducted with 12 board-certified retinal specialists (mean
clinical experience: 11.4 + 4.2 years). Participants graded 200 fundus images (40 per grade, balanced across ICDR
grades) under two conditions: Al-only output (numerical grade prediction) and XAl-augmented output (grade + Grad-
CAM++ heat map + SHAP feature attribution + uncertainty confidence interval). Primary outcomes were grading
accuracy, sensitivity per grade, mean grading time, and clinician confidence rating (Likert 1-7). A two-week washout
period between conditions minimised carry-over bias. Statistical analysis used paired t-tests and McNemar's test for
accuracy and Wilcoxon signed-rank test for non-parametric Likert scores [17].
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3. RESULTS
3.1 Overall Classification Performance on Internal Test Set

On the held-out internal test set (n = 17,740 images; 20% stratified split), RetineXAl achieved an overall
accuracy of 96.14%, macro-averaged AUC-ROC of 0.9871, sensitivity of 95.82%, specificity of 97.43%, and macro
F1-score of 0.9601. These metrics represent improvements of 2.87, 1.14, 2.93, 1.67, and 2.41 percentage points
respectively over the best-performing single-branch EfficientNetV2-L baseline (Table 1). The ordinal auxiliary loss
contributed a 1.4% accuracy gain by reducing adjacent-grade confusion, most pronounced in the clinically challenging
Grades 1-2 boundary. Monte Carlo Dropout uncertainty calibration showed Expected Calibration Error (ECE) of
0.031, confirming well-calibrated confidence estimates essential for clinical trust [13].

Table 1. Internal test set performance comparison of RetineXAl versus baseline models (n = 17,740 images).

Model Accuracy AUC- Sensitivity Specificity F1-

(%) ROC (%) (%) Score

ResNet-50 (CNN) 88.34 0.9421 87.61 93.18 0.8790

VGG-19 (CNN) 86.71 0.9308 86.02 91.84 0.8623

InceptionV3 89.47 0.9509 88.93 93.76 0.8901

EfficientNetV2-L 93.27 0.9757 92.89 95.76 0.9360

(single)

Swin Transformer-L 92.58 0.9712 92.14 95.32 0.9274

(single)

EfficientNet + VIiT 95.01 0.9834 94.67 96.89 0.9487

(no XAlI)

RetineXAl 96.14 0.9871 95.82 97.43 0.9601

(proposed)

3.2 Per-Grade Classification Metrics

Per-grade performance reveals consistent high-accuracy detection across all five severity levels (Table 2). Grade
0 (No DR) achieved the highest AUC of 0.9942, reflecting clear visual distinction from pathological grades. The most
clinically critical result is Grade 1 (Mild NPDR) AUC of 0.9812 with sensitivity 94.37%, which substantially exceeds
published benchmarks of 87-91% for mild DR detection [4], a difference largely attributable to the lesion-conditioned
GAN oversampling strategy and the Swin Transformer's long-range microaneurysm co-detection capability. Grade 4
(PDR) achieved 97.81% sensitivity with AUC 0.9931, consistent with the visually conspicuous neovascularisation
and vitreous haemorrhage features characteristic of advanced disease. The confusion matrix analysis reveals that
89.4% of misclassifications occur between adjacent ICDR grades (e.g., Grade 1 confused with Grade 2), with no
misclassification between non-adjacent grades (Grade 0 vs Grade 3/4), confirming clinically safe error patterns [2].

Table 2. Per-grade DR classification performance of RetineXAl on internal test set.

DR Grade n AUC- Sensitivity Specificity PPV NPV
(Test) ROC (%) (%) (%) (%)

Grade 0 — No 7,309 0.9942 97.81 98.64 98.74 97.67
DR
Grade 1 — 2,271 0.9812 94.37 97.18 93.82 97.43
Mild NPDR
Grade 2 — 3,792 0.9863 95.14 97.51 96.03 96.88
Moderate
NPDR
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Grade 3 — 2,500 0.9886 96.24 98.19 95.87 98.41
Severe NPDR

Grade 4 — 1,868 0.9931 97.81 99.02 97.14 99.23
PDR

3.3 External Validation and Generalisation Performance

On the two geographically independent external validation cohorts, RetineXAl demonstrated robust
generalisation without any domain-specific fine-tuning (Table 3). On DRIVE-EXT (Southeast Asian cohort, n =
2,104), overall accuracy was 94.38% with macro-AUC 0.9793, a performance reduction of only 1.76% relative to the
internal test set within acceptable bounds for clinical-grade generalisation. On STARE-EXT (Latin American cohort,
n =1,893), accuracy was 93.87% with macro-AUC 0.9741. Comparative analysis against three state-of-the-art models
(DeepDR-Plus, RFMID-Net, and Kaggle DR Winner 2019) tested on identical external cohorts showed RetineXAl
outperforming all baselines by 2.1-6.4 percentage points in accuracy and 0.012-0.047 in AUC on DRIVE-EXT, with
larger advantages on STARE-EXT (3.8-8.2% accuracy gain). The superior cross-dataset generalisation is attributed
to the multi-source training corpus, optic-disc normalisation, and StyleGAN3 lesion-aware augmentation mitigating
camera-specific domain shift [11].

Table 3. External validation cohort performance generalisation across demographic groups.

Dataset / Model n Accuracy Macro- Sensitivity F1-

(%) AUC (%) Score

DRIVE-EXT: 2,104 88.14 0.9321 87.82 0.8778

DeepDR-Plus

DRIVE-EXT: RFMID- 2,104 90.67 0.9488 90.11 0.9023

Net

DRIVE-EXT: Kaggle 2,104 92.24 0.9593 91.87 0.9187

2019 Winner

DRIVE-EXT: 2,104 94.38 0.9793 93.94 0.9401

RetineXAl (ours)

STARE-EXT: 1,893 85.71 0.9194 85.32 0.8524

DeepDR-Plus

STARE-EXT: RFMID- 1,893 88.34 0.9352 87.93 0.8779

Net

STARE-EXT: Kaggle 1,893 90.12 0.9488 89.74 0.8968

2019 Winner

STARE-EXT: 1,893 93.87 0.9741 93.42 0.9349

RetineXAl (ours)

3.4 Explainability Evaluation: Grad-CAM++ Localisation Fidelity

Grad-CAM++ saliency maps were evaluated against expert-annotated lesion segmentation masks from the
IDRID dataset (n = 516 images with pixel-level annotations for microaneurysms, haemorrhages, hard exudates, soft
exudates, and neovascularisation). The mean Intersection-over-Union (mloU) between binarised Grad-CAM++ heat
maps (thresholded at 50th percentile pixel intensity) and expert lesion masks was 0.831 across all lesion types (Table
4). Microaneurysms showed the highest localisation accuracy (mloU 0.864), consistent with the attention mechanism's
capacity to identify small high-contrast focal lesions. Hard exudates achieved mloU 0.847, while neovascularisation
spatially complex and variable yielded mloU 0.798. Comparison with vanilla Grad-CAM (mloU 0.721) and Guided
Backpropagation (mloU 0.683) confirmed that Grad-CAM++ provides statistically significantly superior localisation
fidelity (p < 0.001, Wilcoxon signed-rank) [15]. Pointing Game accuracy, the fraction of images in which the
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maximum activation pixel falls within the annotated lesion region was 91.4%, further corroborating diagnostic-
relevant spatial attribution [16].

Table 4. Lesion localisation fidelity of Grad-CAM++ versus alternative XAl methods (IDRiD subset, n =

516).
XAl Method Microaneury Haemorrha Hard Soft Neovascularisati
sm ge Exuda Exuda on
te te
Guided 0.691 0.674 0.703 0.658 0.648
Backpropagati
on
Vanilla Grad- 0.738 0.718 0.741 0.697 0.712
CAM
LIME 0.762 0.749 0.771 0.723 0.738
(segment-
level)
ScoreCAM 0.793 0.782 0.806 0.757 0.771
Grad-CAM++ 0.864 0.831 0.847 0.816 0.798
(ours)

3.5 SHAP Feature Attribution Analysis

SHAP analysis of the integrated tabular-clinical covariate module revealed that diabetes duration (mean |[SHAP|
= 0.184) was the strongest tabular predictor of DR grade, followed by HbAlc (0.163), systolic blood pressure (0.117),
estimated glomerular filtration rate (eGFR, 0.094), serum lipids (0.071), and BMI (0.052). The image-derived deep
feature embedding contributed a dominant SHAP weight of 0.631 relative to all tabular features combined (0.369),
confirming that fundus image features contain the majority of predictive information but that clinical covariates
provide complementary and statistically significant additive value (A AUC = +0.012, p = 0.003 vs image-only model).
SHAP dependency plots demonstrated a non-linear interaction between diabetes duration and HbAlc: patients with
>15 years disease duration showed DR risk amplification disproportionate to HbAlc level, suggesting a metabolic
memory effect, consistent with the DCCT/EDIC longitudinal findings [18]. SHAP waterfall plots generated per patient
provide individualized risk attribution suitable for patient-facing explanation.

3.6 Ophthalmologist-in-the-Loop Clinical Study Results

The prospective cross-over study demonstrated statistically significant and clinically meaningful improvements
across all outcome measures when ophthalmologists used XAl-augmented versus Al-only decision support (Table 5).
Mean grading accuracy improved from 84.7% (Al-only) to 94.3% (XAl-augmented), a gain of 9.6 percentage points
(p <0.001, McNemar's test), representing an absolute risk reduction in misdiagnosis of 9.6% and a number needed to
benefit (NNB) of 10.4 patients. For early-stage detection (Grades 1-2), where misclassification has the greatest
consequence for vision preservation, accuracy improvement was 11.4 percentage points (80.3% — 91.7%, p < 0.001).
Mean grading time decreased from 6.3 + 1.4 minutes (Al-only) to 3.1 + 0.9 minutes (XAl-augmented), a 50.8%
reduction (p < 0.001, paired t-test), reflecting that saliency maps redirected clinician attention to pathology-relevant
regions, reducing exhaustive manual scanning. Clinician confidence (Likert 1-7) improved from4.2 +0.9t06.1 + 0.7
(p <0.001, Wilcoxon), and self-reported trust in Al recommendations increased from 3.8 + 1.1t0 5.9 £ 0.8 [17]. Post-
hoc subgroup analysis showed that junior ophthalmologists (<5 years’ experience) benefited more from XAl
augmentation (accuracy gain +14.2%) compared to senior specialists (>10 years, gain +7.8%), suggesting particular
utility as a training and decision-support tool for less experienced practitioners [19].
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Table 5. Ophthalmologist-in-the-loop clinical study outcomes (n = 12 retinal specialists, 200 images per

condition).

Outcome Measure Al-Only XAl-Augmented A p-
Output Output Change Value

Overall Grading Accuracy 84.7+3.2 94321 +9.6 pp <
(%) 0.001

Early-Stage Accuracy (Gr. 80.3x4.1 91.7+£28 +11.4 pp <
1-2, %) 0.001

Sensitivity — Grade 1 (%) 78.4+53 90.8+34 +12.4 pp <
0.001

Mean Grading Time 6.3+1.4 3.1+09 —3.2 min <
(min/image) 0.001

Clinician Confidence 4.2+0.9 6.1+0.7 +1.9 pts <
(Likert 1-7) 0.001

Al Trust Score (Likert 1-7) 38%11 59+0.8 +2.1 pts <
0.001

Inter-Rater Agreement (k) 0.761 0.893 +0.132 <
0.001

4. DISCUSSION

The RetineXAl framework advances the state-of-the-art in DR detection along three dimensions
simultaneously: predictive performance, interpretability, and clinical deployment validation. The macro-AUC of
0.9871 across five ICDR grades represents, to our knowledge, the highest reported figure for five-class fundus-based
DR grading in the literature, surpassing the 0.972 reported by Gulshan et al. [4] (binary classification), 0.9714 by
Gargeya and Leng (binary) [7], and 0.9654 by Lin et al. (four-class). The dual-branch architecture's advantage arises
from the complementary inductive biases of CNNs (local texture and lesion morphology) and Vision Transformers
(global spatial context), enabling simultaneous recognition of microaneurysms focal, punctate lesions requiring local
receptive fields and neovascularisation patterns, which involve vessel topology changes spanning large retinal areas
that benefit from long-range attention mechanisms [12].

The 94.37% sensitivity for Grade 1 (Mild NPDR) is the most clinically consequential result of this study. Early
NPDR is the intervention window in which glycaemic optimisation and risk factor management can halt or reverse
disease progression; detection at this stage prevents the irreversible structural damage characteristic of PDR. The
mloU of 0.864 for microaneurysm localisation confirms that the model's high early-stage sensitivity is not a statistical
artifact but is grounded in the detection of the pathognomonic lesions that ophthalmologists use for manual grading a
critical validation that distinguishes RetineXAl from black-box systems achieving numerical accuracy through
spurious correlations [6]. The SHAP analysis further confirms that the model's reliance on HbAlc and diabetes
duration as secondary predictors aligns with established clinical risk stratification frameworks, providing mechanistic
plausibility that strengthens clinician trust in model recommendations [18].

The 50.8% reduction in grading time from 6.3 to 3.1 minutes per image, if scaled to a high-volume community
screening programme processing 10,000 patients annually, would translate to approximately 530 clinician-hours saved
per year per ophthalmologist equivalent to 66 additional full working days a substantial productivity gain in healthcare
systems already experiencing specialist shortages [3]. The more pronounced benefit for junior ophthalmologists
(accuracy gain +14.2% vs +7.8% for seniors) suggests that XAl serves a dual purpose: as a decision-support tool in
clinical practice and as an educational scaffold for trainees, analogous to the role of structured reporting in radiology
training [19].

Several limitations merit acknowledgement. The AIIMS-DR in-house dataset, comprising 43.3% of total
training data, was collected from tertiary referral centres with relatively higher disease prevalence, which may
influence the grade distribution relative to general population screening programmes. While external validation on
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two independent demographic cohorts demonstrates cross-dataset generalisation, prospective real-world deployment
studies with integrated electronic health record (EHR) workflows are required to validate performance under
operational conditions including variable image quality, ungradable images (estimated 8-14% in population-based
screening), and comorbid retinal pathologies (glaucomatous optic neuropathy, age-related macular degeneration).
Computational requirements (4x A100 GPUs for training; inference time 1.8 seconds per image on a single A100)
may constrain deployment in resource-limited settings, although model distillation to a compact MobileNetV3
backbone (tested AUC 0.9634 at 0.3 s/image on RTX 3070) provides a viable pathway for edge deployment on low-
cost ophthalmic camera platforms [20].

5. CONCLUSION

This study presents RetineXAl, a high-performance, explainability-integrated deep learning framework for
five-class diabetic retinopathy grading that achieves state-of-the-art accuracy (96.14%), AUC-ROC (0.9871), and
clinically critical early-stage sensitivity (94.37% for Mild NPDR) across a large, multi-source, demographically
diverse training corpus. The tri-modal XAl module combining Grad-CAM++ spatial attribution (mloU 0.831), SHAP
clinical feature importance, and LIME superpixel explanation provides convergent, human-interpretable mechanistic
justification for every model prediction, directly addressing the "black-box" barrier to clinical Al adoption. The
prospective ophthalmologist-in-the-loop study demonstrates that XAl augmentation translates computational accuracy
into tangible clinical benefit: a 9.6-point improvement in diagnostic accuracy, a 50.8% reduction in grading time, and
a 2.1-point increase in Al trust score. Collectively, these results position RetineXAl as a clinically deployable,
regulatory-ready framework for teleophthalmology and large-scale DR screening programmes, with particular value
in LMICs where ophthalmologist-to-patient ratios are critically low. Future directions include prospective multicentre
clinical trials under regulatory frameworks (FDA 510(k), CE marking), longitudinal model monitoring for distribution
shift detection, federated learning implementation to enable privacy-preserving multi-institutional training, and
extension of the XAl framework to concurrent diabetic macular oedema (DME) grading and glaucoma screening.
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