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Abstract
Artificial intelligence in ophthalmology encounters a continual challenge: Systems proficient in picture classi-
fication seldom yield quantifiable enhancements in patient outcomes. The primary concern is the disparity between 
pixel-level performance metrics and their clinical significance. Primary obstacles encompass data bias, domain 
shift, and label noise, exacerbated by the lack of prospective, randomized deployment trials. The frequent dis-
regard for patient-centered objectives, cost-effectiveness, and equity evaluations is significant. Rectifying these 
deficiencies necessitates stringent external validation, established decision criteria, and ongoing surveillance within 
actual clinical practices. Transparent reporting criteria and the deliberate incorporation of human-factors engi-
neering are essential. Only by bridging this gap can algorithmic accuracy be converted into significant diagnostic 
precision for glaucoma, diabetic retinopathy, and macular conditions (specifically diabetic macular edema and age-
related macular degeneration). This paper aims to assess the limits of using high-performing artificial intelligence 
systems in ocular image processing, which seldom lead to enhanced patient outcomes, and to delineate the sci-
entific, clinical, and practical techniques required to close this gap.
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Core Tip: Artificial intelligence offers potential for enhancing ocular diagnoses; nevertheless, greater algorithmic accuracy at 
the image level rarely translates to improved patient outcomes. Obstacles, including data bias, domain shift, and label noise, 
coupled with a scarcity of prospective research and a lack of cost-effectiveness or equity evaluations, impede translation. 
Enhancing external validation, establishing predetermined thresholds, and incorporating human-factors engineering into 
healthcare workflows are imperative. Bridging this gap could convert algorithmic accuracy into significant diagnostic 
precision for glaucoma, diabetic retinopathy, and macular conditions.
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INTRODUCTION
Artificial intelligence (AI) has swiftly become a revolutionary influence across medical professions, especially in areas 
where diagnostic imaging is crucial. Ophthalmology, characterized by its dependence on high-resolution imaging 
techniques like optical coherence tomography (OCT) and fundus photography, has been a leader in the incorporation of 
AI in clinical research and practice. The potential of AI lies in its ability to swiftly and accurately analyze extensive and 
intricate datasets, often surpassing the diagnostic efficacy of experienced doctors in retrospective assessments. Initial 
pivotal experiments revealed that deep learning algorithms could categorize retinal illnesses, including diabetic reti-
nopathy (DR), glaucoma, and age-related macular degeneration (AMD), with accuracy akin to that of ophthalmologists, 
thereby paving the way for expanded clinical applications[1].

The allure of AI in ophthalmology transcends mere diagnostic precision. As the global incidence of vision-threatening 
disorders, notably DR, glaucoma, and AMD, escalates, AI-driven screening and diagnostic technologies are recognized as 
promising remedies to address workforce deficiencies and mitigate preventable blindness. Regulatory achievements, 
exemplified by the United States Food and Drug Administration (FDA) endorsement of the IDx-DR autonomous 
diagnostic system, underscored the preparedness of AI to transition from laboratory environments to clinical applications
[2]. Nonetheless, despite these advancements, the tangible effect of AI on patient-centered outcomes has been less 
persuasive. Although AI models demonstrate proficiency in pixel-level categorization tasks, their capacity to influence 
patient clinical outcomes through vision preservation, cost reduction, or enhancement of care equity is constrained[3]. A 
multitude of variables contribute to this translational gap. The predominant AI research in ophthalmology is retro-
spective and depends on meticulously kept datasets. These datasets, although optimal for algorithm development, 
frequently exhibit deficiencies in diversity regarding ethnicity, region, disease spectrum, and image quality. Conse-
quently, algorithmic efficacy may diminish when utilized in novel clinical settings[4]. Moreover, deep learning techniques 
often operate as “black box” systems, producing outputs without clear explanations of their underlying reasoning pro-
cesses. This opacity erodes physician trust and restricts adoption, especially in contexts where accountability and medi-
colegal liability are involved[5].

A further area of concern is the absence of prospective, randomized, real-world implementation trials. Despite AI 
systems demonstrating high accuracy in retrospective analyses, there is a paucity of studies assessing their influence on 
clinical workflows, cost-effectiveness, or long-term patient outcomes[6]. Furthermore, significant ethical issues, including 
algorithmic bias, equal access, and data privacy, are often inadequately addressed in the literature[7]. These inadequacies 
underscore the need for a realignment in AI research priorities, shifting from optimizing algorithmic efficacy on ben-
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chmark datasets to demonstrating tangible benefits for patients across diverse healthcare settings.
This invited review aims to achieve two objectives: First, to critically evaluate the limitations of existing AI applications 

in ophthalmology that impede the conversion of pixel-level diagnostic accuracy into significant patient outcomes; and 
second, to delineate the scientific, clinical, and implementation strategies necessary to close this gap. This paper seeks to 
recontextualize the discourse on AI in ophthalmology by emphasizing methodological rigor, clinical validation, and 
patient-centered metrics, thereby shifting the focus from technical accomplishments to practical precision that directly 
benefits patients with glaucoma, diabetic eye disease, and macular disorders (specifically diabetic macular edema and 
AMD).

LITERATURE REVIEW
This study serves as a narrative synthesis of current work regarding AI in ophthalmology, focusing specifically on the 
disparity between algorithmic precision and patient-centered results. The search technique employed Boolean operators 
as follows: (‘artificial intelligence’ OR ‘machine learning’ OR ‘deep learning’) AND (‘ophthalmology’ OR ‘retina’ OR 
‘glaucoma’ OR ‘macular degeneration’ OR ‘diabetic retinopathy’ OR ‘OCT’ OR ‘fundus photography’). Filters were 
implemented to encompass English-language, human-subject, peer-reviewed studies published from January 2018 to 
September 2025.

The eligibility criteria for inclusion were extensive, consistent with the narrative character of this study. Studies were 
included if they presented original data, systematic or narrative reviews, or consensus statements pertaining to AI in 
ophthalmology. The principal inclusion criteria were: (1) Direct utilization of AI in ocular imaging techniques (fundus, 
OCT, visual fields, anterior segment imaging); (2) Assessment of diagnostic or prognostic precision; (3) Examination of 
methodological constraints, including data bias, generalizability, or interpretability; and (4) Clinical or ethical implic-
ations pertaining to patient care. The exclusion criteria encompassed solely technical computer science papers lacking 
clinical significance, animal or in vitro investigations, and conference abstracts that did not have peer-reviewed full texts.

The most clinically pertinent papers from the identified literature were picked for comprehensive investigation. These 
encompassed seminal early investigations that demonstrated the capabilities of AI in ophthalmic diagnosis, essential 
evaluations of OCT and fundus-based algorithms, systematic reviews regarding AI implementation, and contemporary 
analyses of bias, trust, and equity in AI integration. The study included studies examining regulatory frameworks, cost-
effectiveness calculations, and practical implementation obstacles to ensure rigor. This review, while structured as a nar-
rative synthesis, adheres to the methodological guidelines specified in the Preferred Reporting Items for Systematic 
reviews and Meta-Analyses Extension for Scoping Reviews to improve transparency and repeatability. Two independent 
evaluators (Capobianco M and Visalli F) performed the database searches and preliminary screening of titles and abs-
tracts. Discrepancies concerning inclusion were addressed through assessment by a third reviewer (Zeppieri M) to miti-
gate selection bias and guarantee consensus-based literature inclusion.

The synthesis was conducted qualitatively, with themes arising from iterative readings of the chosen literature. Themes 
encompassed diagnostic performance, data quality, generalizability, transparency, hurdles to clinical use, regulatory 
challenges, and ethical considerations. This review prioritizes narrative interpretation and the integration of data across 
various study designs, rather than consolidating quantitative indicators like pooled sensitivities or specificities, in ali-
gnment with its editorial intent.

CLINICAL APPLICATIONS
AI in ophthalmology has been mostly utilized for illnesses that are the foremost sources of global visual impairment, such 
as DR, glaucoma, and AMD. These disorders exemplify critical case studies for comprehending both the potential and the 
drawbacks of AI implementation in clinical care.

DR
DR is the most advanced and successful application of AI among all ocular illnesses. The condition is very suitable for 
automated screening because of its dependence on fundus photography, the relative homogeneity of diagnostic charac-
teristics, and the urgent necessity for early detection in at-risk groups. Initial deep learning algorithms exhibited sensit-
ivities and specificities akin to those of trained ophthalmologists in detecting referable DR[8,9].

These findings facilitated the development of the inaugural FDA-approved autonomous diagnostic system, IDx-DR, 
engineered to identify more-than-mild DR without necessitating clinical intervention[10]. Since then, additional auto-
nomous systems have received United States FDA clearances, broadening device and workflow options. Notably, EyeArt 
obtained clearance for the autonomous detection of both more-than-mild and vision-threatening DR, with subsequent 
indications expanding supported cameras; more recently, a handheld camera + AI was cleared, pointing toward portable, 
point-of-care screening[11,12]. These regulatory milestones expand the potential reach of DR screening into primary care, 
retail clinics, and community venues.

There is also emerging evidence of implementation benefits. Real-world deployments report improved screening 
completion/adherence when autonomous AI is embedded in primary care workflows, and pragmatic evaluations 
describe high imageability with practical operator training. While these studies primarily track process metrics (exam 
completion, imageability, referral yield), they demonstrate that integrating AI can close screening gaps at scale and 
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reduce specialist workload[13]. Economic evaluations are beginning to quantify value: Model-based analyses suggest DR 
AI screening can be cost-effective or even cost-saving under realistic sensitivity/specificity and per-screen costs, 
especially when it increases adherence among underserved populations. That said, cost-effectiveness depends on local 
prices, adherence baselines, and referral capacity, so generalizability should be assessed site-by-site[14]. However, the 
transition from proof-of-concept to broad deployment has revealed substantive obstacles and mixed results. For example, 
a multicenter head-to-head validation study of seven AI DR tools found wide variation in real-world performance - 
sensitivities ranged from approximately 51% to approximately 86% and specificities from approximately 60% to approx-
imately 84%, highlighting the challenge of maintaining performance across diverse populations and imaging conditions
[15].

Empirical studies have underscored significant challenges in scaling AI systems for DR. In community or real-world 
screening programs, inconsistent image quality (due to varying cameras, lighting, and operator technique) may lead to 
variable algorithmic performance[16]. Furthermore, many AI-based DR tools have been developed in isolation from 
comprehensive diabetes care pathways; the lack of integration with systemic diabetes management and follow-up limits 
their potential to meaningfully prevent vision loss or improve long-term patient outcomes[17]. Moreover, barriers to 
integration remain substantial. A study using telemedicine and AI DR screening programs flagged cost, infrastructure 
(information technology and connectivity), workflow redesign, training of personnel, and ensuring return on investment 
as hurdles[18].

While process outcomes are encouraging, the field still needs more prospective trials powered for patient-level 
endpoints (vision preservation, treatment timeliness, quality of life) and equity audits across demographic subgroups. 
Current evidence supports feasibility, accuracy, and workflow gains; the next step is linking those gains to reductions in 
vision loss and durable health-economic benefit.

Glaucoma
Glaucoma constitutes a more intricate application for AI due to its varied clinical manifestations and the multiple aspects 
of disease progression. Algorithms have been developed to identify glaucomatous optic neuropathy from fundus images 
and to measure retinal nerve fiber layer thickness utilizing OCT. Deep-learning systems trained on color fundus 
photographs can detect glaucomatous optic neuropathy with expert-level performance in clinical datasets (sensitivity/
specificity > 90%), though sensitivity drops on multiethnic/external sets - underscoring generalizability challenges[19]. A 
recent meta-analysis confirms high pooled diagnostic accuracy for glaucoma detection using both fundus photos and 
OCT[20]. On the structural side, OCT-based models have achieved strong performance for early glaucoma detection and 
characterization: Ran et al[21] trained and validated a deep-learning system on spectral-domain OCT and showed 
accurate identification of glaucomatous optic neuropathy. Complementing this, Mariottoni et al[22] demonstrated 
“structure-to-function” mapping with AI, learning direct correspondences between OCT-derived measures and visual 
field loss - an approach that moves beyond binary classification toward patient-specific functional inference from 
imaging. On the functional side, AI is proving useful for analyzing and forecasting visual field behavior, which is central 
to clinical decision-making. Asaoka et al[23] showed that neural networks trained on standard automated perimetry can 
detect pre-perimetric glaucoma with high accuracy and predict subsequent damage trajectories, suggesting that learned 
patterns in visual field data can flag risk before conventional criteria are met. Extending the time horizon, Wen et al[24] 
used deep learning to forecast future Humphrey visual fields up to five years ahead, illustrating the feasibility of long-
range functional prediction that could tailor monitoring intervals and treatment intensity to individual risk.

Recent research has concentrated on the integration of structural and functional factors, amalgamating OCT and visual 
field data to forecast disease progression. Despite their technical sophistication, these models are predominantly limited 
to research settings, and their efficacy in postponing blindness has not been substantiated in prospective studies[25]. 
Trust and interpretability continue to pose significant obstacles in glaucoma, as doctors frequently necessitate an 
elucidation of the methodologies employed by AI algorithms in generating risk predictions prior to their integration into 
long-term treatment strategies. Taken together, these strands indicate a pathway toward integrated glaucoma AI: OCT-
based models for early structural change, structure-function mappings to bridge anatomy and performance, and visual 
field-based predictors to anticipate progression. In practice, such tools could help triage high-risk patients, optimize 
follow-up cadence, and guide escalation decisions. Yet, as with other ophthalmic AI, translation will hinge on robust 
external validation across devices and populations, calibration monitoring over time, and prospective studies showing 
that earlier detection or improved prediction changes management and ultimately slows vision loss.

AMD and diabetic macular edema
AI development for AMD has focused on three complementary fronts: (1) Image-based disease detection and activity 
quantification, primarily from OCT; (2) Risk prediction for conversion and progression (to exudation or geographic 
atrophy); and (3) Treatment guidance (e.g., forecasting anti-vascular endothelial growth factor demand or optimal 
retreatment intervals). Deep-learning systems reliably segment and quantify hallmark OCT features - intraretinal and 
subretinal fluid, pigment epithelial detachment, and other lesion components - with agreement to reading-center grades, 
enabling automated disease-activity metrics at scale. Landmark work demonstrated fully automated, validated fluid 
detection/quantification on clinical OCT, with subsequent studies generalizing to multi-feature segmentation across 
neovascular AMD and atrophic AMD[26-28]. Beyond structural OCT, AI models using OCT angiography can diagnose 
and segment macular neovascularization and explore disease activity from vascular patterns - an emerging avenue that 
complements fluid-based activity signals[29]. In a notable study using three-dimensional-OCT, investigators integrated 
automated tissue and pathology segmentations with a risk model to predict fellow-eye conversion to exudative AMD[30]. 
In another study, using color fundus photography at the population scale, models trained on Age-Related Eye Disease 
Study/Age-Related Eye Disease Study 2 cohorts (optionally combined with genotype data) estimate the probability and 
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timing of progression to late AMD, supporting risk-stratified follow-up and trial enrichment[31]. For geographic atrophy, 
deep learning predicts short-term conversion from intermediate AMD and estimates individual lesion growth from a 
single baseline OCT or fundus autofluorescence/OCT inputs, opening paths to personalized surveillance and therapy 
selection[32,33]. Building on automated fluid/feature quantification, machine-learning and deep-learning models predict 
anti-vascular endothelial growth factor treatment need, retreatment intervals, or 2-year demand using early-phase 
imaging/clinical data - aimed at supporting treat-and-extend decisions and reducing visit burden[34,35]. A meaningful 
implementation milestone is the FDA De Novo authorization of the Notal Vision SCANLY® Home OCT (2024), a patient-
operated device with an AI-based analyzer for at-home visualization/assessment of intraretinal and subretinal fluid 
between clinic visits. Importantly, its labeling clarifies it is not intended to make treatment decisions or replace in-office 
care, underscoring both the potential and the current guardrails for AI-enabled home monitoring[36].

As with other ophthalmic AI, domain shift - across OCT vendors (spectral-domain-OCT vs swept-source) and 
acquisition protocols can affect calibration and sensitivity/specificity. OCT angiography-based activity detection adds 
further variability related to artifacts and segmentation. Robust external validation is therefore crucial before routine 
adoption. Finally, while AI-derived biomarkers and forecasts are increasingly accurate, prospective trials powered for 
patient-level endpoints (vision preservation, treatment timeliness, quality of life, cost-effectiveness) remain sparse relative 
to the volume of development studies; closing this gap is essential to translate pixel-level gains into sustained clinical be-
nefit[37,38].

CURRENT LIMITATIONS
Translating AI from pixel-level efficacy to patient-level advantage in ophthalmology is hindered by a complex array of 
methodological, clinical, and technical obstacles. The primary problem is the quality and representativeness of the data. 
Models are typically trained on meticulously curated image datasets that significantly differ from standard clinical data 
in terms of image quality, disease spectrum, and demographic composition, resulting in overly optimistic accuracy 
estimates and inadequate generalizability when implemented in novel environments or on different devices[39].

Ground-truth integrity signifies a secondary, often overlooked constraint. Numerous ophthalmic AI systems rely on 
unreliable reference standards, such as single-grader annotations, heterogeneous clinical records, or flawed diagnostic 
proxies. Inter-grader heterogeneity in fundus and OCT interpretation, recognized by clinicians, contributes to the labels 
used for training models, rendering “label noise” a fundamental characteristic of the dataset rather than a mere random 
disturbance. Inconsistent adjudication methods across several sites and studies generate concealed heterogeneity that 
diminishes perceived repeatability and amplifies confidence intervals when models are applied outside the laboratory. 
When ground truth is established by subsequent judgments (e.g., administered treatment), models may learn policy 
instead of pathology, encoding localized practice patterns as if they were universal clinical truths. The result is shortcut 
learning, wherein networks leverage misleading correlations - such as device signatures, clinic-specific artifacts, or 
demographic proxies - rather than disease phenotypes, leading to fragile systems that falter when superficial indicators 
vanish. Systematic methods for label curation, such as multi-reader adjudication, consensus processes, and uncertainty-
aware training, are uncommon, hence constraining the reproducibility and transportability of the presented findings.

Another constraint pertains to robustness and drift. Despite initial validation being robust, performance may 
deteriorate over time due to advancements in imaging hardware, changes in acquisition methods, or variations in patient 
demographics - typical instances of covariate and concept drift that are seldom routinely evaluated in ophthalmology. 
The opaque characteristics of deep learning exacerbate this danger, as failure mechanisms are challenging to predict and 
comprehend. At the same time, confidence scores serve as inadequate indicators of reliability at the individual case level. 
Safety-critical scenarios - such as autonomous triage for referable DR or treatment-guiding OCT analysis in neovascular 
AMD - intensify the repercussions of false negatives and mis-calibrated thresholds; however, few ophthalmic AI studies 
offer prospective drift surveillance plans or pre-defined recalibration strategies. Out-of-distribution detection - 
identifying images beyond the model’s training manifold - remains underdeveloped in clinical workflows, permitting 
unnoticed performance degradation on unusual diseases, atypical phenotypes, or non-standard acquisition conditions
[40]. These technological deficiencies immediately erode physician trust and generate medicolegal risks that hinder 
adoption, despite seemingly robust headline AUCs in retrospective evaluations.

The ability to explain and human-AI interaction constitutes a fourth restriction. In practice, saliency maps and other 
post hoc explanations sometimes emphasize areas that do not align with established pathophysiology, and they may 
remain consistent even when model projections change, thereby eroding clinician confidence during decision-making. 
Furthermore, explanations are seldom assessed as interventions; it is infrequent to examine if the inclusion of an exp-
lanation enhances clinician accuracy, calibration, or efficiency in a randomized, workflow-integrated study. For example, 
in glaucoma, risk predictions that combine structural and functional data may be clinically attractive; however, without a 
clear rationale for the predicted trajectory and evidence of enhanced progression management, clinicians find it chal-
lenging to integrate them into longitudinal care plans.

Regulatory, reporting, and trial design deficiencies further constrain translation. A significant portion of the oph-
thalmic AI research is retrospective, confined to single centers, and specialized to particular devices, exhibiting a scarcity 
of prespecified analysis strategies, decision thresholds, or patient-centered objectives[6]. Regulatory approvals for specific 
tasks, such as autonomous DR diagnosis, have shown feasibility[10]; however, comprehensive frameworks for adaptive 
learning systems, clinically significant change measures, and ongoing performance evaluation are still in development 
within ophthalmology[40]. In the absence of standardized reporting protocols and deployment trials that reflect real-
world variability, singular measurements like area under the curve will persist in exaggerating clinical significance and 
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minimizing danger.
Concerns regarding ethics and equity are widespread. The underrepresentation of specific ancestries, age dem-

ographics, or comorbidity profiles in training datasets might introduce structural bias into model performance, resulting 
in consistently inferior sensitivity or specificity for such groups at the same decision thresholds. Even when average 
performance is satisfactory, uneven calibration among subpopulations might skew triage priorities and resource distri-
bution, prompting equity concerns in screening initiatives and treatment waiting lists. Ultimately, responsibility in 
shared-control circumstances remains murky; when doctors either overrule or accept an autonomous decision, the routes 
to accountability are unclear, hindering adoption in risk-averse environments despite significant potential advantages
[41].

Barriers to economic and workflow integration finalize the scenario. Many AI systems in ophthalmology require 
standardized image acquisition and integration with picture archiving and communication systems or electronic health 
records to ensure seamless interoperability across devices and sites. In parallel, they often depend on high-performance 
computing infrastructure, including servers equipped with graphics processing units, to enable rapid image processing 
and model inference in real time[42]. The infrequent inclusion of these expenses in development papers, combined with 
the lack of comprehensive cost-effectiveness evaluations, means that health systems often lack a compelling business case 
for adoption, especially when the superiority of clinical outcomes remains unverified. Incorporating a model into busy 
clinics is complex; it may lead to delays, new points of failure, or redundant tasks if the results are deemed unreliable or 
cannot be integrated into current care pathways. In screening scenarios, referral networks must be equipped to 
accommodate heightened case detection without generating bottlenecks; otherwise, improvements in sensitivity at the 
initial stage result in prolonged wait times and unintended detriment for patients with urgent conditions. Ongoing adv-
antages necessitate persistent monitoring dashboards, management of alert fatigue, and explicit escalation protocols - 
capabilities that the majority of ophthalmic practices already lack.

Safety hazards remain prevalent despite elevated average performance. False negatives in autonomous DR screening 
can postpone referrals for sight-threatening conditions. At the same time, erroneous segmentation of OCT layers in 
macular disorders can misguide treatment time, especially in clinics dependent on a singular imaging modality for deci-
sion-making[40]. Calibration drift can transform an initially advantageous threshold into a detrimental one as case mix 
changes, and few implementations incorporate automatic recalibration methods linked to anticipated ground-truth sam-
pling or clinician input[43].

The limitations mentioned above elucidate why pixel-perfect classification has not produced consistent, quantifiable 
enhancements in visual results, cost efficiency, or equality in glaucoma, diabetic eye disease, and macular diseases. The 
way forward is not to forsake AI, but to redirect the discipline from performance measurements to clinical validity, safety, 
and sustainability. This entails prospectively establishing decision criteria associated with actions, checking subgroup 
performance and calibrating over time, incorporating human-factors design into interfaces and processes, and assessing 
impact using outcomes significant to patients and health systems. Unless studies are designed and presented with this 
translational objective, AI in ophthalmology will continue to produce remarkable visuals without ensuring benefits for 
individuals. Figure 1 summarizes the limits of using AI in managing ophthalmologic disorders.

FUTURE OUTLOOKS
The constraints of AI in ophthalmology underscore the need to shift research focus from proof-of-concept demonstrations 
to clinically verified applications. While algorithms have reliably attained notable diagnostic precision in retrospective 
investigations, the subsequent stage of advancement must exhibit significant effects on patient outcomes, workflow 
efficiency, and health equity. This necessitates a transition from strictly defined performance indicators to a compre-
hensive, patient-centered assessment. A critical area for future research is the execution of stringent prospective studies. 
The bulk of published research is retrospective, single-center, and concentrates on highly curated datasets that 
significantly differ from the variability observed in real-world practice. Future multicenter studies are required to assess 
algorithms in varied populations, employing pragmatic designs that consider comorbidities, heterogeneity in image 
quality, and varying healthcare infrastructures. Such trials must have patient-centered objectives, including the preser-
vation of visual function, a reduction in time to diagnosis, enhancement of quality of life, and evident cost-effectiveness. 
Randomized designs, stepped-wedge cluster studies, and post-deployment surveillance frameworks can ensure that 
algorithms maintain validity post-deployment and adapt securely to changing patient populations and advancing techno-
logies.

A further focal point is transparency and elucidation. For significant adoption of AI in ophthalmology, physicians must 
comprehend not just the system’s predictions but also the rationale behind such predictions. Progress in explainable AI, 
including saliency mapping, attention-based visualization, and uncertainty quantification, is promising; nonetheless, it 
requires thorough validation in clinical trials. Generating visually appealing explanations is inadequate; these tools must 
enhance clinician trust, calibration, and decision-making precision in practical workflows. Human-factors engineering is 
crucial for designing interfaces that interact effortlessly with electronic health records and imaging systems, reduce 
cognitive load, and enhance rather than supplant physician skills.

Equity continues to be an essential factor for forthcoming research. A significant number of datasets utilized for AI 
research are predominantly sourced from high-resource areas, which can jeopardize the performance for underrep-
resented people. This disparity threatens to exacerbate systemic imbalances in eye care, especially in low-income nations 
where the incidence of preventable blindness is most pronounced. Incorporating global populations into datasets, 
implementing learning methodologies that enable distributed model training without direct data exchange, and con-
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Figure 1 Flowchart delineating the principal constraints of artificial intelligence in the management of ophthalmic conditions. Primary 
obstacles encompass data quality and generalizability, label noise and inconsistencies in ground truth, robustness and drift of deployed models, insufficient ability to 
explain, clinician trust, deficiencies in regulatory frameworks and clinical trial design, ethical and equity issues, challenges in workflow integration, and costs. These 
aspects elucidate why elevated image-level accuracy does not necessarily result in enhanced patient outcomes. AI: Artificial intelligence.

ducting regular equity audits across demographic subgroups are essential measures to ensure the equitable distribution 
of AI benefits. Explicitly addressing prejudice is crucial for AI to fulfill its potential as a democratizing influence in oph-
thalmology, rather than a technology that exacerbates disparities in access and outcomes.

In the future, the discipline must adopt adaptable and ever-evolving systems. Static algorithms established upon 
deployment are inadequate for dynamic clinical settings, as case mix, imaging technologies, and treatment methodologies 
change over time. Implementing safeguards for continuous learning, such as version control, out-of-distribution dete-
ction, and uncertainty-aware recalibration, can guarantee stability while facilitating adaptability. These techniques must 
be complemented with monitoring dashboards that assess subgroup performance, safety signals, and model drift in real 
time, thus allowing physicians and regulators to respond proactively when performance diverges.

The amalgamation of multimodal data signifies a promising horizon. Instead of limiting AI to unimodal image categor-
ization, next-generation systems are expected to integrate imaging with genetic, systemic, and functional data streams to 
construct comprehensive models of illness risk and progression. In glaucoma, integrating OCT measures, visual field 
data, systemic risk factors, and genetic predispositions may yield individualized progression predictions that inform 
monitoring intervals and therapeutic approaches. In DR, correlating retinal imaging with systemic indicators such as 
glycemic regulation, renal function, and cardiovascular health may facilitate comprehensive risk assessment that extends 
beyond ocular considerations. This multimodal integration advances AI towards the goal of precision medicine, nece-
ssitating sophisticated data harmonization pipelines and stringent patient privacy protections.

Regulatory frameworks and reporting standards must advance concurrently with technology developments. Fra-
meworks like Consolidated Standards of Reporting Trials-AI and Standard Protocol Items: Recommendations for 
Interventional Trials-AI offer a foundational reference[44]. Future ophthalmic AI research should implement pre-
registration, predetermined thresholds, consistent calibration reporting, and transparent subgroup analyses as essential 
criteria. Regulators must confront the problems presented by adaptive systems that evolve over time, necessitating 
flexible approval processes that reconcile innovation with patient safety. Cost-effectiveness assessments, health economic 
modeling, and public reporting of implementation expenses will enhance the justification for adoption by healthcare 
systems and payers.

The future of AI in ophthalmology will hinge on collaborative ecosystems uniting clinicians, data scientists, patients, 
ethicists, and regulators. Algorithms can only be built to accord with clinical reality, uphold ethical standards, and yield 
measurable enhancements in patient outcomes through ongoing debate and collaborative development. The forthcoming 
decade will certainly ascertain whether AI evolves into a fundamental element of precision ophthalmology or persists as 
an outstanding yet underexploited technological artifact.

CONCLUSION
AI has swiftly emerged as one of the most promising technological advancements in ophthalmology. Its capacity to 
evaluate extensive imaging data, identify nuanced patterns, and achieve or exceed expert-level diagnostic precision in 
controlled environments has justifiably garnered international interest. Nevertheless, despite these accomplishments, the 
translation of algorithmic efficacy into quantifiable enhancements for patients has remained constrained. The disparity 
between pixel-level accuracy and clinical results remains the primary difficulty in this domain. Current evidence 
indicates that AI systems in ophthalmology are promising but encounter enduring obstacles: Data bias, label noise, 
spectrum effects, and inadequate generalizability compromise reliability beyond controlled environments. The opacity of 



Zeppieri M et al. AI in ophthalmology

https://dx.doi.org/10.5662/wjm.115265 8 September 20, 2026 Volume 16 Issue 3

black-box systems undermines physician trust, and the lack of prospective, randomized trials limits confidence in their 
real-world applicability. Regulatory ambiguity, elevated integration costs, and insufficient focus on patient-centered 
outcomes impede implementation. Ethical considerations - specifically justice, fairness, and accountability - exacerbate 
these challenges, increasing the likelihood that AI may unintentionally exacerbate gaps in eye care. Nonetheless, the trend 
of the study indicates a positive direction ahead. Stringent external validation, comprehensive prospective trials, and 
ongoing monitoring are crucial for guaranteeing safe and effective implementation. The degree of ability to explain, 
transparency, and the design of human-AI interactions will influence physicians’ acceptance or rejection of these tools. 
Creating inclusive global datasets, utilizing federated learning, and doing equity audits will ensure that AI serves all 
patients fairly. Multimodal integration has the potential to advance AI from mere picture classification to precision 
medicine, while adaptive systems with post-deployment recalibration will provide sustained reliability over time. The 
development of regulatory frameworks and reporting standards must parallel these scientific advancements to establish 
an ecosystem of accountability, repeatability, and clinical trust. The essential message for doctors and researchers is 
unequivocal: AI in ophthalmology should be evaluated not solely on its ability to classify images in retrospective 
datasets, but on its efficacy in enhancing patient outcomes when integrated into clinical processes. AI can only realize its 
transformative potential by advancing beyond mere technical performance to encompass clinical validation, equity, and 
patient-centered benefits. For ophthalmologists, the priority is not the decision to adopt AI, but rather how to guarantee 
its implementation is safe, transparent, equitable, and therapeutically significant.
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