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Abstract

Artificial intelligence is rapidly advancing in ophthalmology, offering data-driven
models for early detection, triage, and decision support. In Europe, adoption is
shaped by an unusually strict regulatory landscape defined by the parallel appli-
cation of the Medical Device Regulation (MDR) and the Artificial Intelligence
Act (Al Act). The MDR emphasizes safety and performance, while the Al Act
imposes horizontal obligations for high-risk Al systems, including transparency,
robustness, and human oversight. Although adopted in 2024, the Al Act’s pro-
visions will phase in through 2026-27, creating a moving target for compliance.
This dual environment risks raising entry barriers and slowing innovation but also
opens opportunities: uncertainty-aware methods, such as calibrated confidence esti-
mates, out-of-distribution detection, and risk communication, can directly address
transparency and reliability requirements while aligning with clinical trust needs.
Using ophthalmology as a lens, we argue that uncertainty quantification can turn
Europe’s regulatory strictness from bottleneck into enabler for trustworthy GenAl
in healthcare.

1 Introduction

Ophthalmology has long been a testbed for data-driven medicine. Imaging modalities such as fundus
photography and OCT have enabled early detection of diabetic retinopathy, glaucoma, and age-related
macular degeneration [|Gulshan et al., 2016} Ting et al., 2017, |[De Fauw et al.,[2018]]. Generative Al
(GenAlI) now extends this trajectory, supporting synthetic data generation [Yu et al.|[2018]], automated
triage [Esteva et al.| 2021]], and multimodal decision support [[Avramidis et al., [2022]]. It is important
to distinguish that synthetic data may carry different regulatory implications depending on its use:
while training-time augmentation can support robustness and privacy, operational use in clinical
decision-making may trigger distinct MDR and AI Act classifications. Yet integration into European
healthcare faces a uniquely demanding landscape: the parallel application of the Medical Device
Regulation (MDR) [MDR|} 2017] and the Artificial Intelligence Act (Al Act) [EUA| |2024]. The
MDR focuses on demonstrating medical device safety and performance, while the Al Act introduces
horizontal obligations for high-risk Al systems, including risk management, record-keeping, techni-
cal documentation, interpretability, and human oversight [Veale and Zuiderveen Borgesius) 2023]].
Crucially, the Al Act uses “transparency” in a narrow legal sense: it refers not to explainability in
general, but to concrete duties such as providing documentation for regulators, clear information for
users, and controls that enable meaningful oversight [Smuha, [2021}, /Wachter and Mittelstadt, 2021]].

For ophthalmology, this dual regime is a particular hurdle. GenAl models often fall short not be-
cause they are unsafe, but because they are not yet designed to evidence compliance in conformity
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assessment [[He et al., [2019), [Faes et al.,|2020]]. Evidence gaps include lack of calibration, insufficient
uncertainty reporting, and limited documentation of distributional validity. Uncertainty-aware meth-
ods address these gaps: calibrated confidence, out-of-distribution detection, and risk communication
can indicate when predictions are reliable and when they should be escalated to human experts
[Kompa et al., [2021, |Abdar et al., 2021]]. These methods align directly with the MDR’s safety
rationale and the Al Act’s oversight mandate. In this paper, we use ophthalmology as a lens to argue
how uncertainty-aware design can transform Europe’s regulatory strictness from bottleneck into
enabler for trustworthy GenAl in healthcare.

2 The Regulatory Landscape in Europe

The European Union provides one of the most stringent environments for deploying Al in healthcare,
shaped by the parallel application of the Medical Device Regulation (MDR) [MDR}2017] and the
Artificial Intelligence Act (Al Act) [EUAL[2024]. Ophthalmic Al systems used for diagnosis, triage,
or treatment are typically classified as medical devices, often Class Ila or IIb, reflecting their influence
on patient management [Faes et al., 2020, [He et al., 2019]. Conformity assessment is therefore
central to adoption. The Al Act, adopted in 2024, extends scrutiny by designating most medical Al as
“high-risk,” requiring risk management, technical documentation, accuracy, robustness, and human
oversight [[Veale and Zuiderveen Borgesius,2023]]. While calibration or uncertainty estimation are not
mandated, they can operationalize obligations such as reliability monitoring or risk communication
[Kompa et al., 2021} |Abdar et al.,|2021]]. Still, legal compliance demands more than technical fixes:
hazard analysis, mitigation, and lifecycle monitoring remain essential.

Oversight requirements illustrate this interplay. Article 14 of the AI Act obliges that high-risk Al
remain subject to “human oversight,” which may involve clinicians, technicians, or other trained
personnel, supported by design features that clarify system purpose and limitations [Smuha} 2021},
Wachter and Mittelstadt, 2021]]. Uncertainty signals can help, but only if paired with appropriate train-
ing and interfaces. Together, the MDR and AI Act form a dual pathway where safety, performance,
and oversight must be evidenced under overlapping but distinct regimes. For ophthalmic GenAl, the
dual challenge is to meet clinical standards while simultaneously producing regulatory evidence [He
et al., 2019, |[Faes et al.| 2020]. Yet this landscape can also become an enabler: uncertainty-aware
design aligns technical reliability with legal obligations, offering a pathway to compliance and clinical
trust [[Kompa et al.,[2021} |/Abdar et al.| 2021} |Gawlikowski et al.| [2023]].

3 Challenges in Deploying GenAl for Ophthalmology

Clinical Challenges. Ophthalmology workflows already rely on escalation and role sharing. Intro-
ducing GenAl heightens concerns about accountability. Clinicians often perceive liability as personal,
even though under EU product liability rules responsibility may be shared with manufacturers [PLD,
1985, 2022]|. This gap between perceived personal liability and formal legal allocation can itself
discourage adoption, amplifying the trust deficit clinicians report when facing opaque Al systems.
Oversight may be exercised by clinicians or other trained staff, so interfaces and alerts must direct
the right cases to the right human. Uncertainty signals (i.e., calibrated confidence, abstentions, triage
thresholds) serve as oversight affordances, supporting Article 14 of the AI Act while matching
ophthalmic workflows [Kompa et al., 2021} |(Gawlikowski et al., [2023]]. Effective oversight should
also address system-level uncertainty such as pipeline failures or sensor degradation.

Technical Challenges. GenAl faces risks of unreliable predictions under distribution shift and
hallucinations in generated outputs. Calibration is fragile when deployment diverges from training
data, undermining escalation logic [Guo et al., [2017} |Ovadia et al.| [2019]]. Methods such as en-
sembles, evidential approaches [[Sensoy et al.| 2018]], and conformal prediction [Vovk et al.| 2005,
Angelopoulos and Bates, [2021]] can improve reliability, providing explicit abstentions and coverage
guarantees. Guardrails such as selective generation, constrained decoding, and uncertainty-aware
triage should therefore be treated as oversight affordances, translating risk management requirements
into operational behaviors clinicians can act upon.

System-Level Challenges. At scale, uncertainty-aware GenAl must navigate the General Data
Protection Regulation (GDPR) and reimbursement hurdles. GDPR requires lawful bases, safeguards,
and robust anonymization, constraining cross-border pooling of ophthalmic data and raising questions



about re-identification even from synthetic data [GDP, 2016, WP2| 2014, Miotto et al., | 2018]]. Beyond
data governance, adoption also depends on Health Technology Assessment (HTA) and reimbursement:
EU-wide joint clinical assessments will interact with national payer decisions [HTA} [2021]]. Without
demonstrated outcome gains and cost-effectiveness, tools risk exclusion from reimbursement and
limited impact [He et al., 2019]. Here, uncertainty evidence (e.g., subgroup calibration or shift
detection) can improve comparative-effectiveness models and strengthen payer confidence, thereby
increasing the likelihood of integration into routine care [[Topol, 2019, |Carvalho et al.| 2019]).

Ophthalmology as Microcosm. These barriers converge acutely in ophthalmology. Its high imaging
volume, early Al adoption, and medico-legal sensitivity make it an ideal testbed for uncertainty-
aware design under MDR and AI Act. Benchmark datasets such as EyePACS, UK Biobank, and
REFUGE [EyePACS, 2015} Sudlow et al.| 2015} |Orlando et al.,2020|] have provided fertile ground
for uncertainty quantification research in ophthalmic imaging. Together, these developments position
ophthalmology as an influential testbed for advancing uncertainty-aware methods. Lessons generalize
across imaging-intensive fields (e.g., radiology, dermatology, pathology), where uncertainty-aware
GenAl can similarly bridge clinical trust and regulatory obligations. Importantly, this generalization
is conceptual rather than methodological: it concerns policy design and compliance templates more
than direct transferability of UQ pipelines across domains.

4 Opportunities through Uncertainty-Aware GenAl

Europe’s dual regulatory framework creates barriers but also unique opportunities: uncertainty-
aware GenAl offers concrete mechanisms to bridge regulatory obligations and clinical adoption. By
embedding calibrated confidence, distribution shift monitoring, and oversight affordances, compliance
can be reframed as an enabler of safe deployment. Table[I] summarizes how these methods can map
onto specific regulatory duties and clinical benefits.

Regulatory Alignment. The AI Act does not mandate confidence measures but requires risk
management, documentation, and oversight [EUA| 2024, |Veale and Zuiderveen Borgesius| 2023]].
Uncertainty Quantification (UQ) methods operationalize these duties: calibrated thresholds for
risk management, OOD detection for data governance, uncertainty summaries for documentation,
coverage guarantees for transparency, triage interfaces for oversight, and ensemble-based checks for
robustness [[Kompa et al., 2021} |Angelopoulos and Bates| 2021} |(Ovadia et al., 2019} |Gawlikowski
et al.} 2023]]. It is important to stress that “transparency” in the Al Act (Art. 13) refers to concrete
legal duties (i.e., documentation, user information, and oversight controls) rather than the broader
research concept of “explainability” [Smuha, 2021} 'Wachter and Mittelstadt, 2021f]. In this paper we
use “explainability” in the medical Al literature sense (interpretability for clinicians), and not as a
legal category.

Prioritizing practical methods. Among available UQ techniques, calibration remains the most
directly auditable and interpretable for regulators, providing quantifiable reliability evidence for the
MDR technical file. Shift detection ranks next in importance by enabling lifecycle monitoring and
dataset quality assurance under Articles 9—10 of the Al Act. Conformal prediction offers formal
coverage guarantees valuable for transparency but currently lacks large-scale clinical validation.
Ensemble and evidential approaches complement these but may be resource-intensive. Hence,
calibration and shift monitoring form the most practical near-term priorities for regulatory alignment.

As Table[T] highlights, uncertainty quantification provides a bridge between technical reliability and
legal compliance.

From prototypes to compliance. Bridging research prototypes and compliance-ready systems
requires explicit validation, auditing, and documentation pipelines. Calibration metrics and uncer-
tainty summaries should appear in the technical documentation required by the MDR, supported
by traceable logging and periodic audits mandated by the AI Act. Model cards, version control
of calibration data, and structured uncertainty reports can facilitate post-market monitoring and
harmonized conformity assessment without fundamentally changing clinical workflows.

Trustworthiness and Clinical Adoption. Clinician acceptance depends on actionable uncertainty
communication [|Gawlikowski et al., [2023]]. Studies show that calibrated intervals and interface cues

Transparency is a legal duty under Art. 13; explainability here refers to interpretability in the medical Al
literature [EUAL 2024, Veale and Zuiderveen Borgesius} 2023]].



Table 1: Illustrative mappings between EU regulatory requirements, example uncertainty-aware
approaches, and potential clinical benefits in ophthalmology. The approaches shown are examples
only, i.e., they are representative of possible techniques, not prescriptive recommendations. Other

methods may fulfill these requirements in different or complementary ways.

Regulatory Requirement (EU
Al Act/ MDR)

Example Approaches
prescriptive)

(non-

Potential Clinical Benefit (illustra-
tive)

Transparency (Al Act, Art. 13,
legal duty)

+  Explainabilit
cal/research term

(techni-

Risk management

Human oversight

Robustness (MDR + Al Act,
Art. 15)

Conformal prediction, calibrated
scores [Angelopoulos and Bates|
2021, \Vovk et al., 2005]

Bayesian methods, OOD detection
[Gal and Ghahramani, 2016} |Ovadial
et al.|[2019]

Triage thresholds, clinician-in-the-
loop with audit trails [Kompa et al.}
2021} [Topol, 2019

Ensembles, shift monitoring [[Ova;
dia et al., 2019, |GawlikowsKki et al.}
2023]

Provide reliability cues; may sup-
port clinician trust [Kompa et al.|
2021} [Topol, 2019]

Flag ambiguous or novel cases; may
reduce silent failures [He et all
2019

Enable meaningful intervention and
accountability [EUA| 2024, MDR|
2017]

Support safety across diverse de-
vices/populations [Faes et al., 2020,
Ting et al.|, 2017

improve trust and decision-making [Tonekaboni et al.||2019, |Carvalho et al., [2019} [Topol, 2019]. In
practice, uncertainty-aware workflows can manifest in several forms: (a) screening clinics where Al
auto-grades retinal images and defers ambiguous cases to ophthalmologists; (b) teleophthalmology
triage systems that flag uncertain referrals for in-person review; and (c) intra-hospital routing tools
that dynamically assign high-risk images to senior specialists. Each scenario demonstrates how
calibrated confidence and oversight affordances can integrate into everyday ophthalmic care while
maintaining regulatory traceability.

Leveraging European Heterogeneity. Diversity across populations, devices, and workflows can be
reframed as an asset. The Al Act requires representative datasets and documented biases [EUA} 2024/
EUAIACT Art. 10]; MDR emphasizes evidence across populations and devices [MDRL} 2017]]. UQ en-
ables subgroup calibration, conformal coverage, and drift detection to produce auditable fairness and
robustness evidence [|Angelopoulos and Bates, 2021} |Vovk et al., 2005]]. For ophthalmology, stratified
reliability claims strengthen safety files and HTA evaluations [HTAL 2021} [Topol, 2019]. Moreover,
subgroup-specific calibration and tail-risk detection directly address demographic fairness concerns
by ensuring that performance and uncertainty estimates remain stable across under-represented
populations and long-tail cases—a core expectation of both the MDR and AI Act fairness provisions.

Ophthalmology as Proof-of-Concept. Ophthalmology combines tractability (ocular imaging) with
high clinical stakes, making it an ideal pilot for uncertainty-aware pipelines. Benchmark datasets
(EyePACS, UK Biobank, REFUGE) already support UQ research [EyePACS| 2015} Sudlow et al.,
2015, |Orlando et al., 2020]. Success here could establish templates for radiology, dermatology,
and other imaging specialties, positioning Europe as a leader in trustworthy GenAl. Its relatively
contained scope (ocular images) makes it tractable for piloting uncertainty-aware pipelines, while
lessons on trust, liability, and workflow integration can generalize to other fields.

S Broader Implications and Recommendations

Although framed through ophthalmology, our analysis extends to other imaging-intensive specialties.
The strategies discussed (i.e., uncertainty quantification for transparency, hybrid human-Al workflows,
and regulatory alignment) generalize to radiology, dermatology, and pathology. Ophthalmology’s
role here is illustrative: it shows how uncertainty-aware GenAl can meet Europe’s strict demands
while providing transferable insights. The same evidence base (stratified performance, subgroup
calibration, shift monitoring) also supports downstream adoption decisions by HTA bodies and payers
beyond ophthalmology [HTA| 2021} [He et al., 2019} [Topol, 2019]]. Europe’s demanding regime may
thus serve as a proving ground: demonstrating compliance in ophthalmology creates benchmarks for
broader trustworthy GenAl.



Table 2: Illustrative stakeholder-specific challenges and possible recommendations for deploying
uncertainty-aware GenAl in European healthcare. These mappings are representative examples, not

prescriptive instructions

Stakeholder Current Challenge INlustrative Recommendation
Developers Limited interpretability complicates Embed UQ and trustworthy design early;
compliance with Al Act duties for wuse calibrated thresholds, OOD/shift
transparency, documentation, and monitoring, clinician-in-the-loop over-
oversight [EUA| [2024] |Veale and| rides, and logging to support confor-
Zuiderveen Borgesius| [2023]]. mity assessment [Kompa et al., 2021}
Angelopoulos and Bates|, 2021}, |(Ovadia
et al.,[2019, |(Gawlikowski et al .|, 2023]).
Regulators Strict requirements risk slowing in- Provide clear guidance and leverage Al
novation; uncertainty reporting, sub- regulatory sandboxes (Arts. 57-58) with
group evidence, and logging remain  ophthalmology pilots to co-develop prac-
under-specified [Smuha) 2021} [Veale] tical controls and documentation [EUAL
and Zuiderveen Borgesius, [2023]. 2024} He et al., 2019} {Topol, [2019].
Clinicians & Health Sys- Trust deficit and medico-legal liabil- Adopt hybrid workflows; link outputs
tems ity; need to integrate Al Act and and uncertainty to decisions/outcomes

GDPR logging/record-keeping into
workflows [[GDP, 2016, [EUAL 2024,
Holzinger et al.|[2022].

in EHRs; provide training and UI to
mitigate automation bias; support stan-
dards for interoperable uncertainty log-

ging (e.g., HL7 FHIR) [Kompa et al.,
2021} |He et al., 2019} [Topol, 2019].

Developers should embed uncertainty quantification and trustworthy design from the outset: cali-
brated thresholds, OOD/shift monitoring, clinician-in-the-loop overrides, and comprehensive logging
can operationalize risk management and populate the technical file [Kompa et al., 2021, /Angelopoulos
and Bates| [2021] |Ovadia et al., 2019} |Gawlikowski et al.| 2023]]. Robust evaluation protocols (e.g.,
covering calibration, subgroup reliability, and shift resilience) should accompany these design choices
to ensure claims are both clinically and regulatorily defensible.

Regulators should provide clear guidance and actively use Al regulatory sandboxes (Articles 57-58
of the EU AI Act) to co-develop uncertainty reporting, subgroup evidence, and logging practices
with ophthalmology pilots [EUA| [2024] [Veale and Zuiderveen Borgesius| 2023]]. Such sandboxes
can also shape international practice, positioning European pilots as templates for global regulatory
innovation.

Clinicians and health systems should adopt hybrid workflows where routine cases are accelerated
and ambiguous ones escalated; integrate logging of outputs, uncertainty summaries, decisions, and
outcomes into the EHR; and support research on interoperable standards such as HL7 FHIR extensions
[Kompa et al., 2021, Holzinger et al., 2022]]. These cross-cutting perspectives are summarized
in Table [2} which outlines representative challenges and illustrative recommendations for each
stakeholder group.

Limitations and future work. Despite their promise, uncertainty-aware methods face several
technical and clinical limitations. Calibration often degrades under distribution shifts, ensembles
and conformal predictors can add computational overhead, and reliable uncertainty visualization
in clinical interfaces remains an open challenge. Clinical validation studies are still limited in
scale and diversity, and prospective audits of uncertainty communication are rare. Most current
evidence addresses diagnostic imaging rather than generative use cases, where evaluation protocols
for hallucination control are still emerging. Future work should combine multi-center calibration
benchmarks, clinician-in-the-loop usability testing, and regulatory sandbox pilots to mature these
methods from research proof-of-concepts to compliance-ready systems.

3Legal note: The EU AI Act does not ban “black-box” models. High-risk systems must demonstrate
compliance through documentation, testing, logging, transparency, and human oversight. We use “black-box” to
denote limited interpretability; compliance can still be shown via evidence and controls [EUA||2024| Veale and
Zuiderveen Borgesius| [2023].
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