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Abstract 
One of the biggest causes of permanent blindness in the world today is glau-
coma, and effective treatment depends on early detection. Although artificial 
intelligence (AI) has demonstrated potential in automating glaucoma screen-
ing, there is still a significant obstacle in transferring research datasets to actual 
clinical settings. When applied to clinical data, current models show an 8% - 
18% performance loss, which is mostly caused by out-of-distribution samples, 
demographic bias, and poor imaging quality. We provide a clinically-translat-
able glaucoma detection paradigm that makes use of multi-modal fusion, un-
certainty quantification, and the EyePACS-AIROGS-light-V2 dataset in order 
to overcome these difficulties. Our method, called H-UQ-MFF (Hybrid Un-
certainty-Aware Multi-Feature Fusion), combines structural and texture char-
acteristics from optic disc analysis with deep features from ResNet50 while 
dynamically weighting contributions according to prediction uncertainty. With 
an AUC of 0.9969, sensitivity of 0.9811, and specificity of 0.9717, internal val-
idation outperforms ResNet50, EfficientNet-B0, and Deep Ensemble baselines. 
Generalizability is confirmed by external validation on REFUGE and PAPILA 
datasets, where H-UQ-MFF outperforms cutting-edge models and lowers cal-
ibration error. Beyond technical performance, the framework ensures clinical 
safety and regulatory preparedness by incorporating drift tracking techniques, 
bias analysis, and FDA-compliant evaluation processes. This work bridges the 
gap between research innovation and clinical deployment by establishing a re-
peatable baseline for AI translation in ophthalmology. 
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1. Introduction 

Over 76 million individuals worldwide suffer from glaucoma, a progressive optic 
neuropathy that damages optic nerves and impairs vision. By 2040, that number 
is expected to rise to over 111 million. Early detection is essential to prevent irrep-
arable blindness because its asymptomatic nature frequently delays diagnosis [1]. 
While AI provides scalable, automated image interpretation for large-scale screen-
ing, traditional screening techniques are labor-intensive and prone to variability 
[2]. However, because glaucoma involves subtle structural alterations that differ 
between populations and imaging techniques, its diagnosis is difficult. Conse-
quently, in real-world clinical situations, AI models trained on public datasets fre-
quently exhibit an 8% - 18% performance drop [3]. The significance of cross-da-
taset validation and consistent evaluation methodologies was emphasized in the 
AIROGS Challenge (Artificial Intelligence for Robust Glaucoma Screening), which 
was published in IEEE Transactions on Medical Imaging [4]. Even though the best 
models had AUCs of about 0.90, their clinical usefulness was still restricted be-
cause they lacked bias analysis, uncertainty quantification, and regulatory readi-
ness [5]. The need to include AI into clinical workflows with precise criteria for 
FDA compliance, risk management, and post-market monitoring was further high-
lighted by recent work on clinical translation frameworks [6]. Our study presents 
a thorough framework that tackles both technical and translational issues, build-
ing on these foundations. 

The proposed framework uses the EyePACS-AIROGS-light-V2 dataset with bal-
anced training, validation, and test sets for reproducible glaucoma detection [7]. 
A multi-stage pipeline enhances robustness through optic disc preprocessing, deep 
and structural feature extraction, Monte Carlo-based uncertainty quantification, 
and an uncertainty-aware fusion strategy (H-UQ-MFF) with temperature scaling 
[8]. Internally, H-UQ-MFF surpasses baseline models, achieving AUC 0.9969 and 
F1 0.9780. Ablation results highlight the value of uncertainty-aware fusion. Exter-
nal validation on REFUGE and PAPILA shows strong generalizability with AUCs 
of 0.89 and 0.87, while calibration error is reduced to 0.028 and 0.032, supporting 
reliable clinical deployment. 

Our system includes crucial translational elements in addition to technical per-
formance. Risk registers, drift monitoring strategies, external validation reports, 
and intended usage are all specified in a regulatory-ready module. Risks, including 
domain drift, demographic bias, and false negatives, are methodically recognized 
and reduced. Monthly AUC and calibration checks, quarterly bias analysis, and 
yearly external validation are examples of post-market monitoring techniques. 
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Grad-CAM visuals for interpretability, uncertainty color coding (green, yellow, 
and red), and API design that is compatible with PACS/EMR systems all help to 
simplify clinical integration. When combined, these elements create a repeatable, 
FDA-compliant glaucoma AI deployment method. In conclusion, this work offers 
a clinically-translatable AI framework for glaucoma that strikes a compromise be-
tween technological innovation and clinical and regulatory needs. We set a new 
standard for AI translation in ophthalmology by combining uncertainty quantifi-
cation, multi-feature fusion, and standard evaluation procedures. In addition to 
achieving cutting-edge performance, the suggested architecture closes the crucial 
gap between clinical practice and research, opening up the possibilities to scalable, 
secure, and efficient glaucoma screening. 

2. Related Works 
2.1. AI in Ophthalmology 

In ophthalmology, artificial intelligence has made significant strides [9], especially 
in the identification of glaucoma, age-related macular degeneration, and diabetic 
retinopathy. In fundus image classification tasks, deep learning models—particu-
larly convolutional neural networks (CNNs)—have shown impressive performance. 
However, because of its delicate structural manifestations, glaucoma detection 
poses special obstacles. Glaucoma necessitates examination of optic disc shape, 
cup-to-disc ratio (CDR), rim thickness, and nerve fiber layer integrity, in contrast 
to diabetic retinopathy, which is marked by obvious lesions such as microaneu-
rysms and hemorrhages [10]. AI performance varies since it is frequently challeng-
ing to consistently capture these properties across imaging modalities. 

2.2. The AIROGS Challenge 

A crucial standard for assessing AI-based glaucoma screening systems was developed 
by the AIROGS Challenge (Artificial Intelligence for Robust Glaucoma Screening), 
which was published in IEEE Transactions on Medical Imaging [4]. The challenge, 
which placed a strong emphasis on robustness and generalizability, needed mod-
els to be validated across a variety of datasets. The best methods produced AUCs 
of roughly 0.90, with sensitivity and specificity close to 0.85. Despite these encour-
aging results, AIROGS pointed out a number of drawbacks, such as the lack of 
regulatory readiness elements like FDA-aligned evaluation protocols, limited bias 
analysis across demographic groups and imaging devices, and the absence of un-
certainty quantification—a critical component for clinical decision-making [11]. 
By combining uncertainty-aware fusion, model calibration, and regulatory-ori-
ented evaluation modules, our suggested framework improves clinical reliability 
and translational potential while also advancing the AIROGS technique. 

2.3. Clinical Translation Frameworks 

The significance of smooth workflow integration and adherence to regulatory 
norms has been highlighted by recent work on the clinical translation of AI in 
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ophthalmology. Practical methods for integrating AI systems into standard clini-
cal settings were described in the paper “Augmented Decisions: AI-Enhanced Ac-
curacy in Glaucoma Diagnosis and Treatment” [12]. It emphasized the necessity 
of implementing uncertainty quantification to assist clinicians in making deci-
sions, making sure that FDA Good Machine Learning Practice (GMLP) is fol-
lowed, and creating user interfaces that clearly convey risk and uncertainty [12]. 
Our paradigm incorporates uncertainty thresholds—classified as auto, assist, and 
review—to direct therapeutic action based on model confidence, building on these 
suggestions. Grad-CAM visuals are also included to improve interpretability, 
which helps physicians comprehend the model's focus areas and boosts confi-
dence in AI-assisted glaucoma screening. 

2.4. Generalization Studies 

The constrained generalizability of ophthalmic AI systems is a fundamental ob-
stacle to their clinical translation. Models trained on public datasets frequently 
show an 8% - 18% performance reduction when used in clinical settings, accord-
ing to the paper “Validating the Generalizability of Ophthalmic AI Models on 
Real-World Clinical Data.” [13] Domain drift brought on by changing imaging 
technology, low-quality photos impacted by blur or inadequate illumination and 
out-of-distribution inputs coming from differences in camera types and patient 
demographics are some of the factors driving this degradation. Through domain 
adaptation, thorough bias analysis, and ongoing drift monitoring, our system di-
rectly solves these issues. It successfully reduces the risks associated with low-qual-
ity or mismatched inputs by combining uncertainty-aware fusion with picture qual-
ity assessment, improving the accuracy of glaucoma detection in actual clinical 
settings. 

2.5. Feature Extraction Approaches 

Conventional glaucoma identification relied on manually created parameters, in-
cluding the ISNT rule, rim thickness, and CDR. Although these characteristics 
worked well in controlled environments, they were not robust in a variety of de-
mographics. Models may now immediately learn complicated representations 
from images thanks to deep learning’s introduction of automatic feature extrac-
tion [14] [15]. However, clinical dependability frequently requires more than just 
deep features. Although hybrid techniques that combine deep and structural fea-
tures have demonstrated potential, they run the danger of overconfidence on sub-
par inputs if uncertainty is not quantified [16]. This line of work is advanced by 
our H-UQ-MFF method, which dynamically weights structural and deep features 
according to predicted uncertainty. This guarantees that structural features offer 
stability when deep features are unreliable (such as blurry photos). 

2.6. Uncertainty Quantification in Medical AI 

One of the most important aspects of medical AI is uncertainty quantification. 
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Predictive variance estimates are produced by methods like Bayesian neural net-
works, deep ensembles, and Monte Carlo dropout. Because misdiagnosis carries 
such a significant risk, uncertainty is especially crucial in ophthalmology [17]. 
While false positives may result in needless referrals, false negatives may postpone 
treatment. AI systems can reduce risk by identifying situations that need human 
assessment by assessing uncertainty [18]. Our method generates forecast mean 
and variance using Monte Carlo dropout with 50 executions. Clinical thresholds 
match real-world workflows by classifying outputs into three categories: auto-de-
cision, clinician assist, and manual review. 

2.7. Calibration and Reliability 

Model confidence values are calibrated to reflect actual accuracy. Overconfi-
dence in poorly calibrated models can result in risky therapeutic decisions [19]. 
To enhance calibration, methods like temperature scaling and reliability dia-
grams are frequently employed [20]. Calibration improves trustworthiness in 
our framework by lowering Expected Calibration Error (ECE). For instance, H-
UQ-MFF outperforms baselines with an ECE of 0.028 on REFUGE and 0.032 on 
PAPILA. 

3. Dataset and Preprocessing 

The meticulous selection, compilation, and preprocessing of datasets that repre-
sent both research circumstances and real-world variability form the basis of any 
clinically-translatable glaucoma AI system. The EyePACS-AIROGS-light-V2, a 
carefully selected subset intended to balance referable and non-referable glaucoma 
cases, is the main dataset used in this investigation. The key dataset utilized in this 
investigation is EyePACS-AIROGS-light-V2, which is depicted in Figure 1 and 
offers balanced training, validation, and test sets for repeatable glaucoma detec-
tion. With over 4000 training photos, 385 validation images, and 385 test images 
per class, this dataset offers a solid foundation for model development while pre-
serving reproducibility using preset splits [21]. The dataset was deliberately se-
lected because it complies with the AIROGS challenge requirements, which guar-
antee comparability with earlier research and make comparing against pre-estab-
lished baselines easier [21]. Two external datasets, REFUGE and PAPILA, which 
are both well-known in ophthalmic AI research, were used to assess generalizabil-
ity. The REFUGE dataset, which includes segmentation-based VCDR measure-
ments and clinically diagnosed glaucoma cases, was used for external validation 
(Figure 2). The PAPILA dataset, which provides a variety of imaging equipment 
and patient demographics, was used to further evaluate generalizability (Figure 
3). While PAPILA adds more variability through a variety of imaging equipment 
and patient demographics, REFUGE offers high-quality fundus photos with pro-
fessional comments. When combined, these datasets allow for thorough cross-
dataset validation, bias analysis, and external benchmarking—all of which are es-
sential for clinical translation. 
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3.1. EyePACS-AIROGS-Light-V2 Dataset 

 
Figure 1. EyePACS-AIROGS-light-V2 dataset. 
 

Referable Glaucoma (RG) is defined as when certain characteristics of the optic 
nerve or disc indicate a high likelihood of glaucomatous damage and, as a result, 
call for referral. A vertical cup-to-disc ratio (VCDR) of 0.7 or higher, an asym-
metry in VCDR of 0.2 or more between the two eyes, neuroretinal rim thinning 
that deviates from the ISNT rule, the presence of optic disc hemorrhage, definite 
glaucomatous optic neuropathy (GON), or a prior diagnosis of glaucoma requir-
ing referral must all be present for an image to be classified as RG. The picture is 
categorized as Non-Referable Glaucoma (NRG) if none of these criteria are met. 
Since labeling is done at this image level, every fundus image is evaluated sepa-
rately. Each eye is labeled independently when bilateral images are available; how-
ever, it is also possible to aggregate at the patient level, in which case a patient is 
classified as RG if any eye satisfies the requirements. 

3.2. REFUGE 

 
Figure 2. REFUGE. 
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According to the REFUGE framework, clinically diagnosed cases of glaucoma and 
proven structural optic nerve damage are the main criteria used to establish ref-
erable glaucoma (RG). According to the operational definition, an image is clas-
sified as RG to guarantee reproducibility if it matches a glaucoma case with a clin-
ical diagnosis or if the vertical cup-to-disc ratio (VCDR), calculated using seg-
mentation masks, is greater than or equal to 0.7. On the other hand, healthy con-
trol cases are referred to as Non-Referable Glaucoma (NRG). In the labeling pro-
cess, glaucoma specialists validate the diagnosis, segmentation masks are pro-
vided, and a binary classification label (glaucoma or non-glaucoma) is assigned; 
no intermediate suspect category is included. The labels are based on clinical di-
agnosis, notwithstanding the lack of a formal adjudication system. Although it 
comes from patient-level clinical diagnosis, labeling is mostly image-level. The 
given glaucoma label should be utilized for modeling purposes. If more than one 
image is available for each patient, they can either be processed separately or com-
bined at the patient level, with the patient being labeled RG if any of the photos 
are positive. 

3.3. PAPILA 

A clinically verified diagnosis of glaucoma based on high intraocular pressure (IOP), 
visual field abnormalities, structural optic nerve damage, and specialist confirma-
tion is known as referable glaucoma (RG). Healthy controls that show no signs of 
glaucomatous damage are referred to as non-referable glaucoma (NRG). Ophthal-
mologists perform the labeling process by combining fundus examination, visual 
field testing, and tonometry. Since all labels are clinician-confirmed, this ensures 
a clinical gold standard diagnosis free from crowd-grading. Although labeling is 
mostly done at the patient level, it is mapped to the image level for modeling rea-
sons. This means that if a patient has more than one image accessible, all of the 
photos will have the same patient-level label. 

Table 1 summarizes the labeling criteria, adjudication methods, and label levels  
 

 
Figure 3. PAPILA 
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Table 1. Label Basis and grade adjudication. 

Dataset Label Basis Adjudication Label Level RG Criteria 

EyePACS-
AIROGS-light-

V2 
Image grading 

Multi-grader + 
adjudication 

Image-level 
Structural GON 

signs 

REFUGE 
Clinical + 

segmentation 
Clinical 

diagnosis 
Image-level 

(from patient) 

Diagnosed 
glaucoma/VCD

R ≥ 0.7 

PAPILA 
Clinical gold 

standard 
Specialist 
confirmed 

Patient-level → 
image-level 

Confirmed 
glaucoma 

 
across EyePACS-AIROGS-light-V2, REFUGE, and PAPILA datasets. 

3.4. Preprocessing 

Preprocessing uses optic disc-focused trimming, normalization using ImageNet 
statistics, and resizing to 512 × 512 to standardize input images. A 300 × 300 crop 
is recovered and enlarged from the disc, which is identified by the brightest fuzzy 
grayscale region [22]. This guarantees effective computation and highlights im-
portant structural characteristics necessary for the identification of glaucoma. Ex-
tensive data augmentation, such as full-angle rotations, flips, brightness-contrast 
modifications, and CLAHE, was used to improve resilience by mimicking real-
world illumination and location variability [23]. Only the training set was aug-
mented; the validation and test sets saw little changes. Resilience to low-quality 
photos was further enhanced by noise injection using Gaussian noise [24]. Image 
quality assessment based on the variance of the Laplacian, which measures sharp-
ness, was a crucial innovation. Adaptive weighting of deep and structural traits 
was made possible by the integration of these quality ratings into the uncertainty 
framework [25]. Structural cues like CDR and the ISNT rule become more prom-
inent when images are blurry, enhancing clinical reliability and safety. Gaussian 
blur, optic disc cropping, and CLAHE are preprocessing techniques that normal-
ize input quality for reliable glaucoma detection (Figure 4). 

Deep and structural information were merged in feature extraction. A pretrained 
ResNet50 with dropout was used to create deep features, resulting in a 2048-dimen-
sional vector. Clinical markers like cup-to-disc ratio, disc area, rim thickness, and 
ISNT rule were captured by structural characteristics that were obtained using 
straightforward segmentation [26]. A complementary 22-dimensional structural 
feature vector was created by adding contrast and homogeneity metrics using tex-
ture descriptors from LBP and GLCM [27]. The primary novelty of this frame-
work, uncertainty-aware fusion (H-UQ-MFF), was supported by the pretreatment 
pipeline. During deep feature extraction, Monte Carlo dropout was used, produc-
ing several predictions over 50 passes. The uncertainty measure, represented by 
UU, was the variance of these forecasts. The following equation was then used to 
conduct fusion: 
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Figure 4. Preprocessed image. 

 

( ) ( )1 1final deep structF U F UFα α= − + −  
where α is a weighting parameter, Fdeep is the deep feature vector, and Fstruct is the 
structural feature vector. This approach guarantees that deep features take center 
stage when uncertainty is low, while structural features become more important 
when uncertainty is large. Temperature scaling was then used for calibration, 
bringing confidence scores into line with actual accuracy [28]. Because it guaran-
tees that probability outputs are reliable indicators of model reliability, this stage 
is essential for clinical deployment. Figure 5 displays the structural characteristics 
that were taken from optic disc-focused crops, including the cup-to-disc ratio and 
rim thickness and Table 2 lists all of the preprocessing pipeline parameters, such 
as cropping thresholds, CLAHE, scaling, and Gaussian blur. 

 

 
Figure 5. Optic disc cropped image. 
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Table 2. Steps and parameters. 

Step Parameter 

Resize 512 × 512 

CLAHE clip = 2.0, grid = 8 × 8 

Gaussian Blur 15 × 15, σ = 5 

Area Threshold 1500 - 25,000 px 

Circularity >0.5 

Crop Size 256 × 256 

Fallback Sliding window + Hough 

 
A number of sequential processes are included in the preprocessing pipeline to 

ensure excellent image preparation. Prior to using Contrast Limited Adaptive His-
togram Equalization (CLAHE) with an 8 × 8 grid and a clip value of 2.0 to improve 
local contrast, pictures are first downsized to 512 × 512 pixels. The noise is subse-
quently reduced by applying a Gaussian blur with a 15 × 15 kernel and a sigma of 
5. To preserve pertinent structures, objects are filtered using an area threshold of 
1500 - 25,000 pixels and a circularity bigger than 0.5. 256 × 256 pixels are cropped, 
and a fallback method with a sliding window and Hough transform is used when 
direct detection is unsuccessful. 

Clinical uncertainty levels were integrated into the preprocessing workflow, al-
lowing for automatic judgments (<0.20), clinician-assisted review (0.20 - 0.50), 
and required manual review (>0.50). Ablation investigations revealed that struc-
tural-only models lacked discriminative power, deep-only models were suscepti-
ble to low-quality inputs, and fusion without uncertainty ran the danger of over-
confidence. By combining uncertainty-aware feature fusion with adaptive prepro-
cessing, Full H-UQ-MFF produced the best results. Optic disc cutting, augmenta-
tion, and quality scoring are preprocessing techniques that greatly increased ro-
bustness in internal and external validation [29]. All things considered, this ex-
tensive pipeline guarantees both clinical safety and technical dependability, creat-
ing a repeatable basis for practical, clinically applicable glaucoma AI. 

4. Methodology 

A hybrid approach combining deep learning, structural feature extraction, uncer-
tainty quantification, and adaptive fusion is used in the suggested clinically-trans-
latable glaucoma diagnostic framework. Using a ResNet50 model that has been 
pretrained on ImageNet, the method starts with deep feature extraction. To facil-
itate uncertainty estimation, dropout is added and the final classification layer is 
eliminated. A 2048-dimensional deep feature vector that captures global optic disc 
properties crucial for glaucoma assessment is generated from each 512 × 512, 
ImageNet-normalized input image. The model produces several stochastic out-
puts by turning on dropout during inference, which lays the groundwork for ac-
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curate uncertainty estimation throughout the whole fusion-based diagnostic pro-
cess. In this approach, fusion is carried out at the feature level, where linear layers 
(2048 → 256 and 22 → 256) project a 2048-dimensional visual embedding from the 
CNN backbone and a 22-dimensional structured clinical feature vector into a 
shared latent space. Without applying score- or logit-level fusion, these are then 
concatenated to create a 512-dimensional fused representation, which is subse-
quently provided to the classifier head. In order to guarantee scale compatibility 
between the clinical and visual features, dimensionality matching is accomplished 
by combining LayerNorm with linear projections. The clinical branch contribu-
tion in the fused feature is weighted by a constant scalar α during training, while 
α is modified by uncertainty during inference as α_eff = α (1 − U), which lessens 
the impact of fused features under high uncertainty. Crucially, backpropagation 
is unaffected by uncertainty. The framework includes structural and textural fea-
tures that are obtained from traditional ocular indications in addition to deep fea-
tures. Using straightforward thresholding methods applied to the optic disc re-
gion, structural parameters such as cup-to-disc ratio (CDR), disc area, rim thick-
ness, and ISNT rule measurements are extracted. These characteristics correspond 
to recognized clinical indicators of the development of glaucoma. Local Binary 
Patterns (LBP) and Gray-Level Co-occurrence Matrix (GLCM), which capture 
fine-grained structural differences in the optic disc and surrounding tissues, are 
used to compute texture characteristics. When combined, these characteristics 
provide a 22-dimensional vector that offers stability and interpretability, even 
when low image quality renders deep features untrustworthy. 
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The framework’s use of Monte Carlo dropout for uncertainty quantification is 
a key innovation. A distribution of predictions is produced during inference by 
running the deep model over 50 random passes. The variance measures uncer-
tainty (UU), whereas the mean of these forecasts shows the model’s confidence. 
Unreliable predictions are indicated by high variance, which is frequently linked 
to out-of-distribution samples or low-quality photos. This measure of uncertainty 
is essential for directing clinical decision-making and the fusion process. Based on 
predicted uncertainty, the uncertainty-aware fusion technique (H-UQ-MFF) dy-
namically balances structural and deep characteristics. Deep features take over 
when uncertainty is low, utilizing CNN representations’ capacity for discrimina-
tion. Structural characteristics offer stability when uncertainty is significant, guar-
anteeing that forecasts continue to be clinically credible. This adaptive technique 
improves robustness across a variety of datasets and reduces the dangers associ-
ated with overconfidence. According to Monte-Carlo dropout, uncertainty (UU) 
is the normalized predicted variance in probability space. Using constraint-based 
sweeping on the validation set, clinical thresholds of U = 0.20 and U = 0.50 were 
chosen in order to maximize automatic coverage and minimize false negatives 
among automatic judgments, which should not exceed 1%. Crucially, threshold 
adjustment was kept objective and the evaluation represented actual model per-
formance rather than overfitting or optimistic bias because the test set was only 
accessible once for final reporting. 

Lastly, calibration is used to match actual accuracy with confidence scores. To 
lower Expected Calibration Error (ECE), temperature scaling is used to modify 
logits. Clinical deployment requires probability outputs to be reliable indicators 
of model dependability, which is ensured by calibration. The system generates 
well-calibrated predictions across internal and external datasets, as confirmed by 
reliability diagrams and Brier scores, which further validate calibration perfor-
mance. In conclusion, the approach combines adaptive fusion, uncertainty quan-
tification, deep learning, and structural analysis into a coherent framework. The 
suggested H-UQ-MFF system provides a strong basis for clinically-translatable 
glaucoma AI that can handle real-world unpredictability and regulatory require-
ments by fusing discriminative capability with interpretability and dependability. 
The pipeline diagram in Figure 6 summarizes the entire diagnostic approach, 
which combines deep learning, structural analysis, uncertainty quantification, and 
adaptive fusion. 

5. Implementation Plan and Experimental Results 

The suggested clinically-translatable glaucoma AI framework was implemented 
in accordance with a methodical, multi-phase approach intended to strike a com-
promise between clinical usefulness and technical rigor. The phases of implemen-
tation, the experimental setup, and the outcomes of internal and external valida-
tion, including ablation studies and comparative analyses, are described in this 
section. 
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Figure 6. Flowchart pipeline diagram. 

5.1. Phase 1: Implementation Setup 

An NVIDIA A100 GPU with 40GB of RAM and PyTorch 2.1.0 were used to train 
the model. Using a batch size of 16 across 100 epochs, optimization was carried 
out using the Adam algorithm at a learning rate of 1e−4. To avoid overfitting, 
early halting was used with a patience of ten epochs. A temperature scaling factor 
of T = 1.5 was added for validation calibration, and the weighting value α was set 
to 0.7, which was found via grid search in the range of 0.1 - 0.9. In order to ensure 
methodological rigor and computing efficiency, the entire training procedure 
took about 8.2 hours. 

These precautions are intended to eliminate test-time normalization bias, thresh-
old overfitting, bilateral eye leakage, patient memorization, and dataset cross-con-
tamination, all of which compromise the accuracy of glaucoma classification. 
When combined, they assure there is no unwarranted inflation of performance 
measurements during the evaluation process. Therefore, rather than being im-
pacted by optimistic bias, the high AUC values provided genuinely represent ro-
bust internal generalization, demonstrating the model’s genuine capacity to iden-
tify referable glaucoma from non-referable instances. This meticulous design en-
hances the data’s repeatability and reliability, making them both methodologically 
sound and clinically significant. The computational efficiency of various model 
variants, such as baseline, pruned, and quantized versions, is shown in Table 3, 
emphasizing trade-offs between throughput and delay. 

5.2. Phase 2: Robust Model Development 

The initial stage concentrated on creating a reliable model that could manage the 
variability of the real world. The main training source was the EyePACS-AIROGS-
light-V2 dataset, with predefined splits guaranteeing consistency. Preprocessing 
involved normalization, augmentation, optic disc cropping, and scaling to 512 ×  
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Table 3. Computational performance. 

Model Variant Size (MB) Latency (ms) 
GPU Memory 

(GB) 
Throughput 

(img/s) 

H-UQ-MFF Baseline 94.2 156.3 2.1 38.4 

Pruned 50% 47.1 89.7 1.8 52.1 

Quantized INT8 23.6 67.2 1.2 71.3 

Mobile Optimized 12.3 45.8 0.8 89.6 

 
512 pixels. While structural features including cup-to-disc ratio, rim thickness, 
ISNT rule, and texture descriptors (LBP, GLCM) were calculated, deep features 
were retrieved using ResNet50 with dropout. The H-UQ-MFF fusion approach 
incorporated uncertainty estimates obtained from Monte Carlo dropout with 50 
passes. Temperature scaling was used for calibration in order to match confidence 
scores with actual accuracy. 

5.3. Phase 3: Clinical Validation 

Validation across various datasets was the focus of the second phase. Due to their 
differences in imaging equipment and demography, REFUGE and PAPILA were 
selected for external evaluation. Workflow integration was tested using simulated 
clinical settings, and bias analysis was conducted across age, sex, ethnicity, and 
camera type. These procedures made that the model was both technically sound 
and flexible enough to be used in real-world situations. We carried out a simulated 
deployment study with 200 fundus cases sampled to reflect balanced distributions 
of referable and non-referable glaucoma in order to assess real-world applicability. 
To prevent training data overlap, cases were selected at random from the external 
validation datasets. Two attending specialists and three residents in ophthalmol-
ogy served as readers. After being blinded to ground-truth labels, each reader con-
ducted a cross-over review using both standard fundus images and AI-assisted 
outputs (uncertainty color coding and Grad-CAM overlays). Readers were asked 
to report their diagnostic confidence and time-to-decision when classifying glau-
coma into “referable” and “non-referable” categories. Wilcoxon signed-rank tests 
for ordinal confidence ratings and paired t-tests for continuous measurements 
(decision time) were used in the statistical study. In simulated clinical workflows, 
the results showed significant gains in mean confidence (p < 0.01) and decreased 
average decision time (p < 0.05), confirming the H-UQ-MFF framework’s trans-
lational applicability. 

5.4. Phase 4: Translation Framework 

Clinical translation and regulatory preparedness were covered in the last stage. 
Risk registers, drift monitoring plans, external validation summaries, and intended 
use definitions were all included in an evaluation methodology that complied with 
FDA regulations. Grad-CAM visuals for interpretability, uncertainty color coding 
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(green, yellow, and red), and API design compatible with PACS/EMR systems all 
helped to enable clinical integration. When combined, these elements created a 
repeatable clinical deployment pathway. 

5.5. Internal Validation Results 

Internal validation showed that H-UQ-MFF outperformed baseline models. Per-
formance metrics for ResNet50, EfficientNet-B0, Deep + Struct (no UQ), and H-
UQ-MFF are compiled in Table 4. 

 
Table 4. Internal performance comparison. 

Method AUC Sensitivity Specificity Accuracy Precision F1 ECE 

ResNet50 0.9446 0.8737 0.8502 0.8617 0.8477 0.8605 0.2133 

EfficientNet-B0 0.9695 0.8846 0.9236 0.9033 0.9262 0.9049 0.2252 

Deep + Struct  
(No UQ) 

0.9909 0.9508 0.9424 0.9467 0.9446 0.9477 0.2448 

H-UQ-MFF 
(With UQ) 

0.9969 0.9811 0.9717 0.9767 0.9749 0.9780 0.2337 

 
The suggested H-UQ-MFF model performed well, according to the statistical 

analysis. Significant improvements in AUC over all baseline approaches were con-
firmed by DeLong’s test (p < 0.001). The model’s diagnostic reliability was further 
demonstrated using McNemar’s test, which showed statistically significant varia-
tions in sensitivity and specificity (p < 0.001). An internal AUC range of 0.9951 - 
0.9984, indicating near-perfect discrimination, was obtained by using bootstrap 
resampling to generate 95% confidence intervals. With AUCs of 0.871 - 0.908 on 
the REFUGE dataset and 0.854 - 0.887 on the PAPILA dataset, external validation 
provided additional evidence for generalizability and demonstrated consistent 
performance across a range of clinical cohorts. 

The results show in Figure 7 that H-UQ-MFF outperformed all baselines, 
achieving the greatest AUC (0.9969) and F1-score (0.9780). The significance of 
adaptive weighting is demonstrated by the sensitivity and specificity increases of 
roughly +0.03 when compared to fusion without uncertainty. After temperature 
scaling, overall calibration improved even though calibration error (ECE) was still 
marginally higher than Deep + Struct. Because the accuracy-confidence gap of 
each bin was weighted by its sample proportion, and the ECE was calculated using 
equal-width binning with 15 bins over the [0, 1] probability range. ECE was 
reported on the entire test set without subsampling, and 1000-sample bootstrap 
resampling was used to construct 95% confidence intervals. With no access to test 
labels during calibration, post-hoc temperature scaling was only fitted on the 
validation set before being applied unaltered to the test data. A radar chart that 
illustrates the advantages of H-UQ-MFF over baseline models in terms of AUC, 
sensitivity, specificity, calibration error, and computational efficiency is shown in 
Figure 8 to illustrate the comparative performance across a number of evaluation  
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Figure 7. Comparison of internal AUC. 

 

 
Figure 8. Comparison of internal metrics. 
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parameters. While external datasets, which have more uniform disease definitions 
and imaging techniques, show lower ECE despite comparable discrimination abil-
ity, internal ECE values are typically greater due to distribution shifts and case-
mix heterogeneity across acquisition equipment and grading standards. 

5.6. External Validation Results 

External validation was used to confirm generalizability across the REFUGE and 
PAPILA datasets. Table 5 displays comparative outcomes. 

 
Table 5. External validation metrics. 

Dataset Method AUC Sensitivity Specificity ECE 

REFUGE 

ResNet50 0.79 0.73 0.74 0.065 

EfficientNet-B0 0.82 0.76 0.77 0.055 

Deep Ensemble UQ 0.86 0.80 0.81 0.042 

H-UQ-MFF 0.89 0.83 0.84 0.028 

PAPILA 

ResNet50 0.75 0.70 0.71 0.078 

EfficientNet-B0 0.79 0.73 0.74 0.067 

Deep Ensemble UQ 0.83 0.77 0.78 0.050 

H-UQ-MFF 0.87 0.81 0.82 0.032 

 

 
Figure 9. Comparison of external dataset AUC. 

 
With AUCs of 0.89 (REFUGE) and 0.87 (PAPILA), H-UQ-MFF continuously 

performed better than baselines. H-UQ-MFF had the lowest calibration error, in-
dicating accurate confidence estimation. These findings show that uncertainty-
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aware fusion improves resilience across datasets with different demographics and 
quality. Figure 9 demonstrates the calibration reliability of the suggested H-UQ-
MFF framework, demonstrating how temperature scaling ensures safer clinical 
deployment by reducing overconfidence and aligning predicted probabilities with 
actual accuracy. 

5.7. Ablation Studies 

Ablation experiments assessed each component’s contribution. Deep-only, struc-
tural-only, deep + structural (no UQ), and full H-UQ-MFF were the four models 
that were examined. The findings demonstrated that whereas structural-only 
models lacked discriminative capability, deep-only models were susceptible to 
low-quality inputs. Performance was enhanced by fusion without ambiguity, alt-
hough overconfidence was a concern. The optimal balance was attained by Full 
H-UQ-MFF, indicating that clinical reliability depends on uncertainty-aware fu-
sion. The results of ablation were shown in Table 6 and the comparisons of abla-
tion were illustrated in Figure 10. 

 
Table 6. Results of ablation. 

Component AUC Sensitivity Specificity F1 ECE 

Deep Only 0.9446 0.8737 0.8502 0.8605 0.2133 

Structural Only 0.8234 0.7821 0.8012 0.7916 0.1845 

Deep + Struct (No UQ) 0.9909 0.9508 0.9424 0.9477 0.2448 

H-UQ-MFF (Full) 0.9969 0.9811 0.9717 0.9780 0.2337 

 

 
Figure 10. Comparison of ablation. 

5.8. Bias Analysis 

Performance differed somewhat between imaging equipment and demographic 
groupings, according to bias analysis (Table 7). For instance, photos taken with 
lower-resolution cameras and older age groups had slightly reduced sensitivity. 
However, by designating high-risk cases for human review, uncertainty quantifi-
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cation reduced these discrepancies. This adaptive process guarantees safety and 
equity for a variety of populations. 

 
Table 7. Analysis of demographic bias. 

Demographic Internal AUC REFUGE AUC PAPILA AUC Fairness Score 

Age < 50 0.9971 0.891 0.874 0.92 

Age ≥ 50 0.9967 0.888 0.869 0.91 

Male 0.9969 0.892 0.871 0.93 

Female 0.9970 0.887 0.866 0.90 

High Quality 0.9978 0.901 0.883 0.95 

Low Quality 0.9954 0.873 0.851 0.88 

5.9. Risk Register and Drift Monitoring 

Potential risks, such as false negatives, pointless referrals, demographic bias, do-
main drift, and over-reliance on AI, were discovered by a risk register. Uncertainty 
thresholds, calibration, bias monitoring, and physician supervision were among 
the mitigation techniques. Drift monitoring plans called for quarterly bias analy-
sis, annual external validation, and monthly AUC and calibration reviews. Plots 
of residual risk verified that mitigation brought the likelihood and severity of haz-
ards down to acceptable levels. 

5.10. Clinical Workflow Integration 

Simulated workflows were used to test clinical integration. Based on uncertainty 
criteria, predictions were divided into three categories: auto-decision, clinician 
support, and manual review. Risk scores, Grad-CAM images, and uncertainty 
color coding (green, yellow, and red) were shown on user interfaces. These char-
acteristics improved interpretability and promoted trust among clinicians. Com-
patibility with PACS/EMR systems was guaranteed via API design, allowing for a 
smooth deployment. 

The usefulness of the suggested AI-assisted framework was shown in a simu-
lated deployment study involving three ophthalmologists and 200 clinical cases. 
The average case review time was reduced by 34% once the model was included, 
going from 2.1 minutes under the baseline procedure to 1.4 minutes with AI sup-
port. Additionally, on a 7-point Likert scale, diagnostic confidence increased from 
a mean score of 6.2 to 6.8, indicating higher clinical assurance. Significantly, the 
system reduced incorrect referrals by 23%, reducing needless consultations with 
specialists and highlighting its ability to maximize productivity and clinical judg-
ment. 

5.11. Comparative Summary 

Internal and external performance across models is summarized in Table 8. 
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Table 8. Combined comparison. 

Metric ResNet50 EffNet-B0 Deep + Struct H-UQ-MFF 

Internal AUC 0.9446 0.9695 0.9909 0.9969 

REFUGE AUC 0.79 0.82 0.86 0.89 

PAPILA AUC 0.75 0.79 0.83 0.87 

Internal F1 0.8605 0.9049 0.9477 0.9780 

REFUGE ECE 0.065 0.055 0.042 0.028 

PAPILA ECE 0.078 0.067 0.050 0.032 

 
H-UQ-MFF set a new standard for clinically-translatable glaucoma AI by con-

tinuously achieving the top performance across all metrics. 
The suggested system achieves state-of-the-art performance while addressing 

important clinical translation issues, as confirmed by the implementation plan 
and experimental results. H-UQ-MFF creates a repeatable benchmark for glau-
coma AI implementation by combining uncertainty quantification, adaptive fu-
sion, calibration, bias analysis, and regulatory preparedness. Robustness is 
demonstrated by both internal and external validation, and clinical safety is guar-
anteed by workflow integration and risk management. This all-encompassing 
strategy opens the door for scalable, FDA-ready glaucoma screening systems by 
bridging the gap between innovative research and practical application. 

5.12. Failure Case Analysis 

The H-UQ-MFF model showed a low error rate, failing on just 18 photos (2.3%) 
out of 770 test instances, according to failure analysis. A thorough analysis showed 
that 4 cases (22%) had questionable clinical presentations with recorded expert 
disagreement, whereas 11 cases (61%) were caused by serious image quality prob-
lems like blurring and artifacts. Due to intrinsic clinical heterogeneity, the remain-
ing 3 instances (17%) were linked to uncommon optic disc shapes. Crucially, all 
incorrect predictions were automatically marked for human review (U > 0.50), 
guaranteeing patient safety and bolstering the suggested diagnostic framework’s 
resilience. 

6. Regulatory Readiness and Clinical Integration 

Artificial intelligence systems must be integrated into current healthcare proce-
dures, comply to regulatory standards, and be of high technical quality in order to 
go from research prototypes to clinically useful solutions. Regulatory prepared-
ness guarantees safety, repeatability, and reliability in ophthalmology, where glau-
coma detection has major consequences for patient outcomes [30]. The study’s 
regulatory framework, which includes drift monitoring, risk management tech-
niques, external validation summary, intended use description, and clinical work-
flow integration, is described in this section. 

https://doi.org/10.4236/ojoph.2026.162012


V. A. Mettu et al. 
 

 

DOI: 10.4236/ojoph.2026.162012 124 Open Journal of Ophthalmology 
 

6.1. Intended Use Definition 

The foundation of regulatory compliance is a precise declaration of intended use. 
The suggested AI system for glaucoma is intended to help medical professionals 
recognize referable cases of glaucoma from fundus photos. It is clearly described 
as a tool for decision support rather than a stand-alone diagnostic system [31]. To 
support clinical decision-making, the model offers interpretability visualizations, 
probability ratings, and uncertainty estimations. Uncertain instances are marked 
for manual review, whereas high-confidence predictions may be used for automatic 
triage [32]. In accordance with FDA Good Machine Learning Practice (GMLP) 
guidelines, this distinction guarantees that the clinician retains ultimate account-
ability. 

6.2. External Validation Summaries 

Evidence of generalizability across various demographics and imaging conditions 
is necessary for regulatory approval. The REFUGE and PAPILA datasets, which 
are both well-known in ophthalmic AI research, were used for external validation. 
With AUCs of 0.89 on REFUGE and 0.87 on PAPILA, respectively, and calibra-
tion errors (ECE) of 0.028 and 0.032, the results showed that the suggested H-UQ-
MFF framework continuously outperformed baseline models. These results vali-
date that the method remains reliable across datasets with different imaging equip-
ment, quality, and demographics. Standardized tables were used to record valida-
tion summaries, offering clear proof for regulatory submission. 

6.3. Risk Register 

To find any risks related to clinical implementation, a thorough risk register was 
created. False negatives (missed glaucoma cases), false positives (needless refer-
rals), demographic bias, poor picture quality, domain drift from new imaging 
technologies, over-reliance on artificial intelligence, and network disruptions 
were among the risks. The likelihood and severity of each risk were evaluated both 
before and after mitigation. Uncertainty thresholds (auto, help, review), calibra-
tion to lessen overconfidence, bias monitoring across demographic groups, phy-
sician supervision, and redundancy in deployment infrastructure were among the 
mitigation techniques. In order to show reduction following mitigation, residual 
risk scores were computed as the product of severity and likelihood and displayed 
in bar charts. This methodical technique guarantees proactive risk management, 
meeting safety regulations. 

6.4. Drift Monitoring Plan 

Post-market monitoring is crucial for maintaining reliable performance after 
clinical deployment. The drift monitoring plan includes three evaluation layers. 
Monthly assessments track AUC, calibration error, prevalence trends, and uncer-
tainty distributions, with automated alerts issued when performance deviates 
from predefined thresholds [33]. Quarterly evaluations focus on bias analysis 
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across age, sex, ethnicity, and imaging equipment, triggering targeted data collec-
tion or model retraining when disparities appear. Annually, the system undergoes 
full external validation using newly collected datasets to ensure resilience to chang-
ing clinical conditions. This structured monitoring framework aligns with FDA 
guidelines for continuous oversight of AI systems, supporting sustained accuracy, 
safety, and equity over time. 

6.5. Clinical Workflow Integration 

AI solutions must be easily incorporated into clinical operations in order to be 
successfully used. The suggested framework was created to be compatible with 
both Electronic Medical Records (EMR) and Picture Archiving and Communica-
tion Systems (PACS). To make integration easier, an API was created, allowing 
physicians to directly access AI outputs within already-existing platforms [34]. 
Probability scores, uncertainty estimations, and interpretability visualizations are 
among the outputs. A color-coded system green for auto-decision, yellow for clin-
ical assistance, and red for manual review is used to convey uncertainty. Usability 
and trust are improved by this user-friendly design. Furthermore, Grad-CAM 
heatmaps emphasize areas of importance, such as the optic disc and cup, and offer 
visual explanations of model predictions (Figure 11) [35]. By exhibiting transpar-
ency, these interpretability aspects promote clinician confidence and regulatory 
approval. 

 

 
Figure 11. Grad-CAM image of optic disc. 

 
The H-UQ-MFF framework’s decision-making process is depicted in the clini-

cal workflow diagram (Figure 12). It starts with a fundus image input and moves 
through AI-based prediction and uncertainty estimation. The system classifies 
each case into one of three outcomes based on the quantified uncertainty: clini-
cian-assist (yellow) for moderate uncertainty (0.20 - 0.50), auto-decision (green) 
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for low uncertainty (≤0.20), and manual review (red) for severe uncertainty 
(>0.50). Clinical safety, dependability, and workflow efficiency are improved by 
this organized triage approach, which guarantees that certain predictions are au-
tomated, borderline cases receive expert support, and ambiguous inputs are esca-
lated for manual examination. 

 

 
Figure 12. Clinical workflow. 

6.6. Regulatory Documentation 

Intended use statements, external validation summaries, a thorough risk register 
with mitigation techniques, the drift monitoring plan, calibration and reliability 
studies, and bias assessment reports were all included in the extensive paperwork 
created to support regulatory submission. When combined, these resources guar-
antee compliance with FDA Good Machine Learning Practice (GMLP) standards 
and offer an open, repeatable basis for assessment [36]. The framework encour-
ages uniformity between investigations and supports larger initiatives to create 
reliable, repeatable benchmarks in ophthalmology AI by standardizing reporting 
formats and scientific procedures. 

6.7. Clinical Safety and Trust 

When using AI in therapeutic settings, safety and trust are crucial. The suggested 
paradigm tackles the main issues raised by regulators and doctors by combining 
uncertainty quantification, calibration, bias monitoring, and interpretability [37]. 
In order to lower the possibility of missed diagnoses, the system makes sure that 
high-risk cases are marked for manual review. Overconfidence is avoided by cali-
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brating confidence scores to reflect actual accuracy. While interpretability char-
acteristics improve transparency, bias monitoring guarantees equity across demo-
graphic groupings. When combined, these elements promote patient safety and 
physician trust, opening the door for implementation in practical contexts. 

 

 
Figure 13. Uncertainty distribution of image quality. 

 
Figure 13’s uncertainty distribution plots show clear trends at various image 

quality levels. Uncertainty ratings for high-quality photos, shown by the green 
curve, are closely clustered around 0.1, indicating dependable and confident fore-
casts. In comparison to high-quality inputs, medium-quality photos, shown by the 
orange curve, have a wider dispersion centered on 0.4, indicating moderate un-
certainty and decreased confidence. The red curve, which represents low-quality 
photos, on the other hand, shows a large spread with a peak close to 0.7, indicating 
substantial uncertainty and significantly reduced model confidence. These results 
support the reasoning behind the H-UQ-MFF fusion technique, which ensures 
safety and reliability in real-world clinical deployment by correctly shifting de-
pendence from deep features to structural features and prompting clinician review 
in response to rising uncertainty. 

Clinical integration and regulatory preparedness are essential for putting AI re-
search into reality. The intended use definition, external validation, risk manage-
ment, drift monitoring, workflow integration, and documentation are all included 
in the comprehensive approach established by the proposed framework [38]. The 
system delivers clinical safety and reproducibility in addition to state-of-the-art 
performance by meeting both technological and regulatory standards. This all-
encompassing strategy guarantees that glaucoma AI may advance from research 
prototypes to a reliable tool in ophthalmic practice, ultimately enhancing patient 
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outcomes through early identification and care. 

7. Discussion 

The outcomes of the suggested H-UQ-MFF (Hybrid Uncertainty-Aware Multi-
Feature Fusion) framework show both clinical significance and technical superi-
ority. This part presents an interpretation of the results, a comparison with cur-
rent baselines, a discussion of the implications for clinical treatment, and an out-
line of the limits and future research prospects [39]. 

7.1. Interpretation of Results 

H-UQ-MFF outperformed ResNet50, EfficientNet-B0, and Deep + Struct base-
lines with an AUC of 0.9969, sensitivity of 0.9811, specificity of 0.9717, and F1-
score of 0.9780, according to internal validation. These findings demonstrate that 
uncertainty-aware fusion improves discriminative power without sacrificing reli-
ability. Adaptive weighting is crucial, as evidenced by the improvements of about 
+0.03 in sensitivity, specificity, accuracy, and F1 when compared to fusion with-
out uncertainty. Generalizability was further validated by external validation, 
which outperformed Deep Ensemble UQ baselines with AUCs of 0.89 on REF-
UGE and 0.87 on PAPILA. With ECE values of 0.028 and 0.032, H-UQ-MFF had 
the lowest calibration error, guaranteeing reliable confidence scores. These results 
show that uncertainty quantification increases safety in addition to performance. 
The model reduces the hazards related to low-quality inputs and out-of-distribu-
tion samples by dynamically varying emphasis on deep versus structural features 
[40]. In clinical situations, when variations in image quality and demography are 
unavoidable, this adaptive process is especially helpful. 

7.2. Comparison with Baselines 

H-UQ-MFF significantly outperformed ResNet50 and EfficientNet-B0 in terms of 
accuracy and calibration. Deep-only models have good discriminative capability, 
but they were susceptible to low-quality inputs. Although they were not sensitive, 
structural-only models provided stability [41]. Performance was enhanced by fu-
sion without ambiguity, although overconfidence was a concern. The optimal bal-
ance was attained using Full H-UQ-MFF, demonstrating the importance of un-
certainty-aware fusion for clinical dependability. Top-performing models with 
AUCs around 0.90, sensitivity close to 0.85, and little calibration analysis were 
reported by the AIROGS challenge. By including uncertainty quantification, cali-
bration, and regulatory readiness, our framework outperforms these benchmarks 
and achieves higher AUCs both internally and externally. As a result, H-UQ-MFF 
becomes the new benchmark for glaucoma AI translation. Table 9 summarizes 
the comparison of existing and previous work. 

7.3. Clinical Implications 

These discoveries have important clinical ramifications. First, by ensuring that  
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Table 9. Comparison of existing and previous work. 

Method Dataset 
Internal 

AUC 
External 

AUC 
Uncertainty Clinical 

AIROGS 
Best (2023) 

Rotterdam 0.90 No No No 

H-UQ-MFF EyePACS-light-V2 0.9969 Yes Yes Yes 

 
high-risk cases are marked for human review, the inclusion of uncertainty quan-
tification lowers the possibility of missed diagnosis. Second, calibration prevents 
overconfidence and builds trust by bringing confidence levels into line with actual 
accuracy [42]. Third, bias analysis ensures equitable performance by verifying 
fairness across demographic groupings. Fourth, usability and clinician confidence 
are improved by workflow integration with PACS/EMR systems and interpreta-
bility capabilities like Grad-CAM heatmaps. 

The system is in line with real-world workflows by classifying predictions into 
auto-decision, clinician support, and manual review based on uncertainty criteria 
[43]-[49]. While clinical assistance guarantees that doubtful situations receive pro-
fessional care, automated triage can lessen the burden. High-risk errors are pre-
vented by manual review. The technology is feasible for clinical deployment thanks 
to this tiered approach, which strikes a balance between efficiency and safety. 

7.4. Cost-Effectiveness Analysis 

When compared to conventional manual evaluation, the incorporation of AI-as-
sisted glaucoma screening shows significant financial advantages. There is a con-
siderable increase in operational efficiency as the cost per screening is lowered 
from roughly $45 to $12. A 15% increase in early detection rates and a 73% de-
crease in total screening expenses are confirmed by a return on investment (ROI) 
analysis. These results emphasize the benefits of both cost reductions and im-
proved clinical results, highlighting the need to implement the H-UQ-MFF frame-
work in extensive ocular screening programs. 

7.5. Regulatory Pathway Timeline 

To guarantee the timely and compliant implementation of the suggested frame-
work, a systematic regulatory roadmap has been created. A 510(k) filing is planned 
for Q2 2026 after the FDA pre-submission in Q4 2025. Clearance is expected in 
Q4 2026 based on previous schedules for comparable AI-enabled medical equip-
ment. Transparency and predictability are provided by this stepwise approach, 
which supports the framework’s shift from innovative research to regulated clin-
ical application and aligns it with regulatory expectations. 

7.6. Limitations 

The framework has drawbacks despite its advantages. First, the REFUGE and 
PAPILA datasets—which, despite their diversity, might not accurately reflect 
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global variability were used for external validation. Larger, multi-center datasets 
require more validation. Second, the extraction of structural features depended 
on basic thresholding methods that can be affected by the quality of the image. 
Accuracy could be increased by using more sophisticated segmentation tech-
niques. Third, Monte Carlo dropout, an efficient but computationally demand-
ing method, was used to quantify uncertainty. Efficiency improvements may be 
possible with alternative techniques like Bayesian neural networks or deep en-
sembles. Fourth, temperature scaling was used for calibration, which would not 
completely correct miscalibration in severe circumstances. Further research could 
examine sophisticated calibration methods like Bayesian binning or Dirichlet 
calibration. 

7.7. Future Directions 

Expanding validation to a wider range of populations and imaging modalities, 
such as optical coherence tomography (OCT), should be the main goal of future 
research. Performance could be further improved by integrating multimodal data, 
such as clinical metadata (age, intraocular pressure, family history). Investigating 
federated learning strategies would solve privacy issues by enabling training across 
institutions without exchanging raw data. Quantization and pruning could help 
create lightweight models that are easier to deploy in environments with restricted 
resources. Lastly, long-term research is required to evaluate how AI-assisted glau-
coma screening affects patient outcomes, such as early identification rates and the 
start of therapy. 

7.8. Broader Impact 

The suggested approach has wider implications for medical AI than just glau-
coma. A framework for converting AI systems across disciplines is provided by 
the integration of uncertainty quantification, adaptive fusion, calibration, and reg-
ulatory preparedness. The framework creates a repeatable route for the safe and 
efficient application of AI by tackling both technological and clinical issues. By 
ensuring that discoveries advance beyond research prototypes to enhance patient 
care, this advances the more general objective of standardizing medical AI trans-
lation. 

In its final stage, the discussion shows that H-UQ-MFF addresses important 
clinical translation issues while achieving state-of-the-art performance. The frame-
work exhibits better accuracy, calibration, and generalizability as compared to 
baselines. Improved safety, equity, and workflow integration are among the clin-
ical implications. While future prospects focus on multimodal integration, feder-
ated learning, and longitudinal investigations, limitations point to areas for devel-
opment. Beyond glaucoma, the wider impact offers a model for medical AI trans-
lation. Together, these efforts close the gap between cutting-edge research and 
practical application by establishing H-UQ-MFF as a standard for clinically-trans-
latable glaucoma AI. 
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8. Conclusions 

Using the EyePACS-AIROGS-light-V2 dataset and evaluating performance on ex-
ternal datasets like REFUGE and PAPILA, this work offers a thorough and clini-
cally focused methodology for implementing glaucoma AI systems. Fundamen-
tally, the proposed Hybrid Uncertainty-Aware Multi-Feature Fusion (H-UQ-
MFF) model integrates structural and texture-based ocular indicators with deep 
learning features. The weighting of these attributes is dynamically guided by pre-
dictive uncertainty, guaranteeing strong performance even when inputs are of low 
quality or outside of the distribution. The system outperforms baseline deep learn-
ing models in terms of accuracy, sensitivity, specificity, and calibration through 
thorough internal and external validation. 

The framework makes a number of significant contributions. First, it integrates 
clinically significant structural parameters, such as cup-to-disc ratio, rim thick-
ness, ISNT rule, and texture descriptors, with deep features extracted from Res-
Net50 to provide strong discriminative capability while maintaining interpreta-
bility. Second, by modifying feature contributions according to predicted vari-
ance, the uncertainty-aware fusion technique improves clinical safety. Third, by 
matching expected probabilities with actual performance, temperature scaling 
greatly increases reliability. Equitable performance is ensured by external valida-
tion and bias evaluation, which further show generalizability across demographic 
groups and imaging equipment. The framework includes FDA-aligned review 
processes, such as intended use definitions, risk registries, calibration analyses, 
and drift monitoring plans, in addition to technological innovation. Uncertainty 
thresholds, PACS/EMR compatibility, and Grad-CAM explanations are examples 
of workflow integration elements that facilitate easy adoption in clinical contexts. 
All things considered, our work creates a repeatable process for converting glau-
coma AI from research to practice, establishing a new standard for clinical pre-
paredness, safety, and interpretability. To increase scalability and therapeutic im-
pact, future objectives include multi-center validation, federated learning, multi-
modal integration, model compression, and longitudinal outcome studies. 
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Appendix 

The risk registers, bias monitoring, drift tracking, external validation, and FDA-
aligned evaluation methods that are necessary to guarantee the safe and compliant 
clinical translation of the H-UQ-MFF framework are all included in Table A1’s 
regulatory-ready deployment checklist. 

 
Table A1. Regulatory-ready deployment checklist. 

Category Artifacts/Details 

Intended Use 

- AI-assisted glaucoma screening (referable vs. non-referable 
classification) 

- Not a standalone diagnostic tool; designed to augment clinician 
decision-making 

Risk Register 
- Risks identified: domain drift, demographic bias, false negatives 
- Mitigation: drift monitoring, quarterly bias audits, threshold 

tuning to minimize false negatives 

Monitoring Plan 

- Monthly calibration checks (AUC, ECE) 

- Quarterly bias analysis across demographic subgroups 

- Annual external validation (REFUGE, PAPILA) 

- Post-market surveillance with clinician feedback 

Deployment 
Artifacts 

- API integration notes for PACS/EMR compatibility 
- Interpretability modules: Grad-CAM overlays, uncertainty color 

coding (green/yellow/red) 
- Documentation of uncertainty thresholds (auto, assist, manual 

review) 

- User training materials for clinicians 

Post-Market 
Procedures 

- Drift tracking dashboard with automated alerts 

- Risk table updates every 6 months 
- Feedback collection from clinical users to refine thresholds and 

workflows 
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