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Rethinking scale in ophthalmic artificial
intelligence: from bigger models to
smarter clinical reasoning
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Recent advances in ophthalmic AI have improved benchmark performance, yet clinical trust remains
limited.We argue that progress shouldmove beyond data andmodel scaling toward trustworthy, skill-
efficient systems that integrate multimodal evidence, external knowledge, and uncertainty-aware
reasoning. Ophthalmology provides a strong testbed for agentic AI, but safe clinical translation will
require rigorous validation, workflow integration, and evaluation frameworks aligned with real-world
decision making.

Over the past decade, advances in ophthalmic artificial intelligence (AI)
have been largely driven by improvements in performance metrics such as
sensitivity, specificity, accuracy, and area under the receiver operating
characteristic curve (AUC)1. Expanding training datasets, increasingmodel
capacity, and refiningnetwork architectureshave led to steady gains across a
wide range of ophthalmic imaging tasks, including diabetic retinopathy
screening, glaucoma detection, and age-related macular degeneration
classification2. These developments have firmly establishedAI as a powerful
tool for visual pattern recognition in ophthalmology.

Despite growing regulatory approvals, such as FDA-cleared systems
for diabetic retinopathy in theUnited States and over 20CE-markeddevices
in Europe, real-world adoption lags markedly. This disparity highlights a
“translation gap” in which benchmark success and regulatory clearance fail
to overcome practical barriers such as workflow integration, reimburse-
ment, and clinician trust3. Beyond these structural hurdles, as many oph-
thalmic AI systems approach performance saturation on curated
benchmarks, it has become increasingly clear that numerical accuracy alone
does not equate to clinical readiness. Models that achieve high benchmark
scoresmay still behave inconsistently across devices, populations, or clinical
contexts, andmay fail in ways that are difficult for clinicians to anticipate or
interpret4,5. As a result, the central question facing the field is no longer how
to further improve performance, but how to build AI systems that clinicians
can trust and are willing to use in routine clinical care.

This shift reflects a deeper re-evaluation of what “scale” means in
ophthalmic AI. Progress can no longer be defined solely by dataset size or

model performance, but increasingly by three complementary dimensions:
trustworthiness, reasoning capability, and clinical skill efficiency. In this
context, trustworthiness encompasses robustness under distribution shift,
calibration of confidence, consistency across clinically similar cases, and
safety in deployment. Reasoning capability reflects the ability to integrate
multimodal evidence, incorporate external knowledge, and performmulti-
step inference. Clinical skill efficiency captures how effectively anAI system
transforms heterogeneous clinical information into actionable support for
diagnosis, monitoring, ormanagement. These dimensions can be evaluated
through complementary domains: trustworthiness (robustness, calibration,
consistency, and safety), reasoning capability (multimodal integration,
retrieval fidelity, and multi-step coherence), and clinical skill efficiency
(actionable decision support, longitudinal utility, and human-AI colla-
boration quality).

The limits of data-centric scaling
The prevailing paradigm in ophthalmic AI has been data-centric scaling,
where larger datasets and increasingly complex models are expected to
improve performance6. While this strategy has driven rapid progress, it is
beginning to show diminishing returns. In many imaging benchmarks,
adding more data yields only marginal improvements, suggesting the
emergence of a ceiling effect. For several ophthalmic tasks, model per-
formance has already approached the level of inter-grader agreement
among expert clinicians, which represents a practical upper bound for
many diagnostic benchmarks7,8. Consequently, further gains in
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numerical accuracy may translate into minimally into clinically mean-
ingful improvements.

A fundamental limitation lies in howdeep learningmodels learn. These
systems optimize statistical correlations rather than causal understanding,
and frequently exploit shortcuts that are predictivewithin a given dataset but
lack true clinical relevance9. Such shortcut learning can inflate benchmark
performance while obscuring vulnerability to real-world variation (Fig. 1).

In ophthalmology, where imaging devices, acquisition protocols, and
disease presentations vary widely, these limitations become particularly
evident. A model trained on millions of images may still struggle when
confronted with an unfamiliar scanner, a rare phenotype, or a subtle
longitudinal change. Models trained on curated public datasets may also
underperform when applied to heterogeneous real-world clinical data, as
demonstrated in glaucoma classification studies assessing generalizability
across public and routine-care datasets10. Similarly, multicenter real-world
validation studies of diabetic retinopathy screening systems have revealed
substantial variation in performance and gradability across algorithms and
deployment settings11. These findings suggest that scaling data alone does
not guarantee robust clinical intelligence. Recent ophthalmic electronic
health record studies further suggest that progress need not rely solely on
increasing the size of labeled datasets. Clinically informed semi-supervised
learning has shown strong performance across varying labeled-data frac-
tions, highlighting thatmeaningful gainsmay also come frommore effective
use of unlabeled clinical data rather than from simply expanding labeled
datasets12. Although improving robustness across devices, populations, and
clinical environments may still require large and diverse datasets for vali-
dation, the key shift is that scale should increasingly reflect diversity,
representativeness, efficient use of unlabeled real-world data, and evaluation
rigor rather than simply the raw number of labeled training samples.

Trustworthiness as a new axis of progress
As performance gains plateau, trustworthiness has emerged as a more
clinically relevant dimension of progress. Trustworthiness extends beyond
accuracy to include robustness under distribution shift, calibration, con-
sistency across similar cases, interpretability, and alignment with clinical
reasoning13.

Froma clinical perspective, not all errors are equivalent. False negatives
that miss vision-threatening disease may carry substantially greater clinical
consequences than minor disagreements between adjacent severity classes.
Evaluation strategies that incorporate asymmetric scoring rules, risk-
weighted metrics, or uncertainty estimation may therefore provide a more
clinically meaningful assessment of model behavior. An AI system that
behaves predictably, expresses uncertainty appropriately, and supports
human decision-making may therefore be more valuable than one that
achieves marginally higher accuracy but fails unpredictably.

These challenges the field to move beyond leaderboard-driven devel-
opment. Rather than asking which model performs best on a benchmark,
the more meaningful question is whether the system behaves in a manner
that clinicians can understand, anticipate, and safely integrate into practice.

From pattern recognition to clinical skill efficiency
True clinical intelligence is defined not by the volume of data a system has
consumed, but by how efficiently it transforms information into clinical
skills. Human ophthalmologists do not rely solely on memorized patterns;
they reason, integrate multimodal evidence, search for relevant knowledge,
and adapt to uncertainty.

Most current ophthalmic AI systems, including large foundation
models, remainprimarily pattern recognizers. Evenwhen trainedondiverse
datasets, their strengths lie in representation learning rather than explicit
reasoning. As a result, they may achieve strong performance without
demonstrating an understanding of disease context, progression, or man-
agement principles.

Reconceptualizing progress in terms of clinical skill efficiency, the
ability to generalize knowledge, reason across modalities, and adapt to
unfamiliar scenarios, offers amore clinicallymeaningful notionof scale (Fig.
1)14. This perspective shifts emphasis from learning more patterns to
learning how to reason.

Toward agentic AI in ophthalmology
Agentic AI represents a transition from passive prediction to active clinical
reasoning15,16. Rather than producing isolated outputs, agentic systems can
autonomously retrieve relevant information, integrate external medical

Fig. 1 | Conceptual illustration of a paradigm shift in ophthalmic artificial
intelligence. Traditional performance-centric scaling emphasizes larger datasets
and deeper models to optimize benchmark accuracy, but increasingly encounters
performance saturation, shortcut learning, and limited robustness. In contrast, a
trust- and reasoning-centric paradigm prioritizes trustworthiness, consistency,

knowledge integration, and agentic reasoning, enabling artificial intelligence sys-
tems to transform information into clinical skills and support decision-making
under human oversight. This shift reframes scale from data and model size toward
clinical skill efficiency. This figure was created by the authors using CorelDRAW.
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knowledge, perform multi-step reasoning, and revise conclusions as new
evidence emerges17. Early implementations in ophthalmology, such as
EyeAgent, a multimodal LLM-based agent that orchestrates specialized
tools for comprehensive clinical decision support across diverse imaging
modalities, demonstrate these capabilities in practice18.

However, the current evidence base remains limited, and several
challengesmust be addressed before widespread clinical deployment. These
includehallucination risks in large languagemodels, failures in tool selection
or knowledge retrieval, latency and cost, medico-legal liability, and the
difficulty of validating agentic systems within clinical longitudinal work-
flows. Therefore, agentic AI should be viewed as a promising but still
immature paradigm rather than an established solution.

In ophthalmology, such capabilities could substantially expand the
clinical role of AI19. An agentic system might analyze imaging data,
retrieve clinical guidelines, compare longitudinal findings, and reason
about disease progression or management strategies20. Importantly, this
approach offers a mechanism for handling uncertainty and novelty,
enablingAI systems to respondmore safely to cases that fall outside their
training distribution.

Agentic AI does not imply unsupervised decision-making. Rather, it
provides a framework in which AI systems can support clinicians through
transparent reasoning processes, while remaining embedded within human
oversight and clinical governance. Table 1 contrasts the key characteristics
of the traditional performance-centric paradigm with the proposed trust-
and reasoning-centric approach.

Importantly, these systems are best viewed as adaptive clinical copilots
rather than autonomous decision-makers, with their value lying in struc-
tured reasoning support rather than the replacement of clinician judgment.

Why ophthalmology is a critical testbed
Ophthalmology presents a particularly compelling environment for
reasoning-driven AI21. Clinical decisions frequently require the integration
of multiple imaging modalities, such as color fundus photography, optical
coherence tomography, angiography, and visual fields, alongside long-
itudinal follow-up and contextual clinical information.

Diseases such as glaucoma and age-related macular degeneration
illustrate the limitations of static, image-centric models. Diagnosis and
management depend not only on isolated images, but on progression pat-
terns, risk stratification, and individualized treatment goals. AI systems
optimized solely for single-image performance are unlikely to meet these
clinical demands.

By contrast, agentic and reasoning-oriented AI systems align more
closely with the realities of ophthalmic practice, where uncertainty, het-
erogeneity, and evolving disease trajectories are the norm rather than the
exception.

Implications for evaluation and regulation
This shift in perspective has important implications for how ophthalmic AI
should be evaluated and regulated. Accuracy on benchmark datasets, while

necessary, is insufficient. Evaluation frameworks should increasingly
incorporatemeasures of robustness, calibration, reasoning consistency, and
safety under distribution shift22. Such paradigms may also need to include
clinically weighted error analysis, uncertainty quantification, longitudinal
consistency, and human-AI interaction studies that assess decision-support
quality rather than prediction accuracy alone.

Regulatory approaches may also need to evolve to accommodate
adaptive and reasoning-enabled systems. Ensuring transparency, trace-
ability of reasoning processes, and appropriate human oversight will be
essential for responsible deployment in clinical settings. Such evaluation
paradigms may require moving beyond static test sets toward stress testing
under domain shift, longitudinal consistency analysis, and human-AI
interaction studies that assess decision support quality rather than predic-
tion accuracy alone.

Conclusion
As ophthalmic AI matures, progress should no longer be defined pri-
marily by the scale of data or model performance. The next phase of
advancement lies in scaling trust, reasoning capability, and clinical skill
efficiency. Moving beyond performance-driven development toward
agentic, knowledge-integrated, reasoning-driven systems may ultimately
determine whether AI becomes a reliable clinical partner rather than a
high-scoring but fragile tool.
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