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Abstract

Despite near-perfect performance reported on benchmark datasets, the real-
world behavior of artificial intelligence (AI) systems for diabetic retinopathy
(DR) screening remains insufficiently characterized. Here, we report a five-year,
multi-framework evaluation of a CE-marked AI system for automated detection
of referable DR and diabetic macular edema from color fundus photographs.
The system was initially validated on the Messidor-2 benchmark dataset and
subsequently assessed across three independent evaluation settings: a large-scale
masked comparative study (US Veterans Affairs), an external validation using
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handheld fundus photography in Finland, and an open, large-scale comparative
evaluation within the UK National Health Service.
Across these evaluation frameworks, substantial variability in observed sensitivity
and specificity was found. Differences in imaging devices, population characteris-
tics, referral definitions, and handling of ungradable images contributed to these
variations. In masked settings, interpretation of comparative performance was
limited by the lack of system-level attribution, while open evaluations remained
sensitive to protocol design.
Taken together, these results show that performance in AI-based DR screening
is not a fixed property of a system, but an emergent property of the evalua-
tion framework. This work calls for context-aware validation strategies and more
standardized evaluation protocols for clinical AI systems.

Keywords: Diabetic retinopathy screening; artificial intelligence; real-world
evaluation; domain shift; external validation; performance variability; medical imaging;
screening programs

1 Introduction

Artificial intelligence (AI) systems have demonstrated high diagnostic performance
for diabetic retinopathy (DR) screening on benchmark datasets, with several stud-
ies reporting near-expert or even expert-level accuracy [1, 2]. These advances have
supported regulatory approvals and the deployment of AI-based screening systems
in clinical practice [3, 4]. However, the extent to which such performance translates
across real-world settings remains insufficiently characterized. Recent meta-analyses
further support acceptable performance in real-world settings, while also highlighting
substantial variability across studies [5].

A growing body of evidence indicates that AI systems are sensitive to variations in
data distribution, commonly referred to as domain shift [6, 7]. This includes covariate
shift, corresponding to changes in the input distribution (X), as well as shifts affecting
the relationship between inputs and labels (y). Under such conditions, model perfor-
mance may degrade substantially when training and deployment data differ [8, 9]. In
clinical settings, this issue is further compounded by differences in the definition of
the target condition, often referred to as concept shift, which can be interpreted as a
shift in the target variable (y), for example through variations in referral criteria or
in the handling of ungradable images [10]. In retinal imaging, these sources of vari-
ability frequently co-occur, arising from differences in imaging devices (e.g., tabletop
versus handheld cameras), acquisition protocols, patient populations, image quality,
and clinical definitions. Together, these factors challenge the notion that performance
measured on a given dataset reflects an intrinsic property of an AI system.

To address these issues, several independent evaluations of DR screening sys-
tems have been conducted in recent years, including large-scale comparative studies
under both masked and open conditions [11, 12]. While these studies provide valu-
able insights, their interpretation remains complex due to heterogeneity in study
design, evaluation protocols, and reporting practices. In particular, masked evaluations
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Fig. 1 Overview of evaluation workflows across settings. Schematic representation of the
different evaluation environments considered in this study. From left to right, the level of separation
from development conditions increases, from developer-led benchmark evaluation on a controlled
dataset (Messidor-2), to collaborative evaluation on an external platform (Optomed), and finally
to independent evaluation frameworks. These include masked black-box testing (PC shipped to the
evaluators) with no system-level attribution (VA: US Veterans Affairs) and standardized third-party
execution (Docker-based submission) under a predefined protocol (NHS: UK National Health Service).
The branching structure highlights that masked and open evaluations represent distinct paradigms,
reflecting different forms of independence and protocol control.

limit system-level attribution, whereas open evaluations may still depend strongly on
protocol-specific choices, making cross-study comparisons difficult.

In this work, we investigate how the observed performance of an AI system for
DR screening varies across distinct evaluation frameworks (see Fig. 1). We report
a five-year, multi-framework evaluation of a CE-marked system across four inde-
pendent settings: a controlled benchmark dataset (Messidor-2), a large-scale masked
comparative study (VA: US Veterans Affairs), an external validation using handheld
fundus photography in Finland [13], and an open, large-scale comparative evaluation
within the UK National Health Service (NHS). Rather than treating these evaluations
as independent confirmations of performance, we analyze them as complementary
perspectives on how performance depends on the evaluation context.

Our results show that the same system can exhibit markedly different operating
characteristics across evaluation settings. These findings suggest that performance in
AI-based DR screening is not a fixed property of a system, but a function of the evalu-
ation framework. This work highlights the need for context-aware validation strategies
and more standardized evaluation protocols for clinical AI.

2 Results

Performance across four distinct evaluation frameworks is reported below and illus-
trated in Fig. 2, where each point corresponds to a distinct evaluation setting in the
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Fig. 2 Performance of the same AI system across four distinct evaluation frameworks.

Each point represents the observed sensitivity and specificity for referable DR detection in a given
evaluation setting: controlled benchmark (Messidor-2), external validation under acquisition shift
(Optomed), and open comparative evaluation (NHS: UK National Health Service). The shaded area
indicates the range of reported sensitivity and specificity across systems in the masked comparative
evaluation (VA: US Veterans Affairs). Substantial variability in operating characteristics is observed
across settings. This variability reflects differences in imaging devices, populations, referral definitions,
and evaluation protocols, illustrating the context dependence of AI performance.

sensitivity–specificity space. The main characteristics of these evaluation settings are
summarized in Table 1.

Table 1 Characteristics of the four evaluation settings.

Setting Type Country Scale Acquisition device

Messidor-2 Controlled France 1,748 images Tabletop cameras
Benchmark (874 patients)

VA Masked USA 311,604 images Tabletop cameras
comparative (23,724 patients)

Optomed External Finland 1,248 images Handheld camera
validation (156 patients)

NHS Open UK ∼1.2 million images Mixed devices
comparative (202,886 encounters)

2.1 Controlled benchmark evaluation (Messidor-2)

On the Messidor-2 benchmark dataset [2, 14], the system achieved high diagnostic per-
formance for the detection of referable DR, with an area under the receiver operating
characteristic curve (AUC) of approximately 0.99 (see Table 1 of the Supplementary
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Information). Two operating points were identified: a high-sensitivity setting (sensi-
tivity = 99.0%, specificity = 88.2% — see Fig. 1 of the Supplementary Information)
and a high-specificity setting (sensitivity = 95.3%, specificity = 92.1%). The high-
sensitivity operating point was used for comparisons with other evaluation settings,
reflecting typical screening requirements.

This evaluation was conducted under controlled conditions, with standardized
image acquisition and reference annotations. As such, it provides a stable estimate of
performance under benchmark settings, but does not account for variability introduced
by real-world clinical environments.

2.2 Masked comparative evaluation (VA study)

In a large-scale, multi-center comparative evaluation conducted within the VA health-
care system, multiple AI-based DR screening systems were assessed under masked
conditions [11]. System-level attribution of performance metrics was not disclosed.
Within this framework, the evaluated system was included among the approaches
selected for detailed analysis by the study investigators. However, the absence of
explicit system-level results limits quantitative interpretation and prevents direct
comparison with other methods.

Reported sensitivities and specificities among the systems selected for detailed
analysis spanned approximately 80% to 93% and 76% to 84%, respectively. This vari-
ability further illustrates the difficulty of interpreting comparative performance under
masked conditions, where differences in evaluation design and operating points cannot
be fully disentangled.

This setting highlights a key limitation of masked evaluations: while they reduce
bias in comparative studies, they also restrict interpretability and hinder the transla-
tion of results into actionable performance estimates.

2.3 External validation under acquisition shift (Optomed)

The system was evaluated on an independent dataset acquired at Oulu University
Hospital using a handheld fundus camera under non-mydriatic conditions [13]. Com-
pared to the benchmark setting, this evaluation involved differences in imaging device,
acquisition conditions, and grading protocols.

In this context, the system achieved a sensitivity of 83.6% and a specificity of 96.8%
for referable DR detection. While specificity remained high, sensitivity decreased
compared to the benchmark evaluation. This performance shift is consistent with dif-
ferences in image acquisition, field of view, and disease prevalence, as well as variations
in grading standards.

This evaluation illustrates the impact of domain shift on observed performance,
particularly when moving from controlled datasets to heterogeneous real-world
acquisition conditions.
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2.4 Open comparative evaluation (UK National Health
Service)

The system was further evaluated in a large-scale, open comparative study con-
ducted within the NHS, where performance metrics for all participating systems were
reported transparently [12]. This evaluation framework enables direct comparison
across systems under a shared protocol.

In this setting, the system achieved a sensitivity of 89.8% with a corresponding
specificity of approximately 74.5%. Similar operating characteristics were observed
across other evaluated systems, reflecting a common trade-off imposed by the screening
protocol, which prioritizes sensitivity over specificity. This pattern suggests that the
observed performance is driven not only by system characteristics, but also by the
evaluation framework itself.

However, performance remained dependent on study-specific design choices, includ-
ing referral definitions and handling of ungradable images. Although open evaluations
improve interpretability compared to masked studies, they do not fully eliminate
heterogeneity, and results remain tied to the specific evaluation protocol.

2.5 Cross-setting variability in observed performance

Across these four evaluation frameworks, the same system exhibited substantial vari-
ability in observed operating characteristics. Sensitivity and specificity varied across
settings in association with differences in imaging devices, population characteristics,
referral definitions, and evaluation protocols. Sensitivity ranged from approximately
80% to 99% across evaluation settings, with specificity ranging from 74.5% to 96.8%.

These evaluations should not be interpreted as independent confirmations of per-
formance, but rather as complementary observations of how performance depends on
the evaluation context. The observed variability is consistent with the combined effects
of covariate shift, related to changes in image acquisition and population character-
istics, and concept shift, related to differences in clinical definitions and evaluation
criteria.

3 Discussion

This study provides a multi-framework evaluation of an AI system for DR screening
across four independent settings spanning controlled benchmarks, masked comparative
studies, external validation, and open large-scale evaluations. Rather than yielding a
single estimate, these results demonstrate substantial variability in observed operating
characteristics across evaluation frameworks.

A key finding is that performance should not be interpreted as an intrinsic property
of the system, but as an emergent property of its interaction with the evaluation
context. Differences in imaging devices, acquisition conditions, patient populations,
referral definitions, and handling of ungradable images all contribute to variations in
observed sensitivity and specificity, consistent with the combined effects of covariate
and concept shift.
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A particularly important source of concept shift arises from differences in the
definition of referable DR across evaluation settings. In some screening programs, such
as those used in the VA and NHS evaluations, ungradable images are considered a
criterion for referral, whereas this was not the case in the benchmark dataset and in the
external validation setting, where image quality was controlled or pre-filtered. More
broadly, variations in referral criteria, inclusion of DME, or handling of ungradable
images lead to target or label drift, effectively altering the classification task. As
a result, reported performance may reflect a combination of disease detection and
ancillary tasks such as image quality assessment. Differences in disease prevalence may
further contribute through their impact on decision thresholds, calibration, and case
mix complexity.

The comparison across evaluation settings highlights structural limitations of
current evaluation practices. Benchmark datasets provide stable and reproducible esti-
mates but fail to capture real-world variability. Masked comparative studies reduce
bias but limit interpretability by preventing system-level attribution. Open compar-
ative evaluations improve transparency, yet remain dependent on protocol-specific
design choices. These frameworks therefore provide complementary but inherently
partial views of system performance.

Performance variability is further influenced by the degree of independence between
developers and evaluation workflows. Benchmark evaluations are typically conducted
under developer control, whereas large-scale comparative studies are performed by
independent third parties under predefined constraints, with external validation set-
tings lying between these extremes. These differences reflect varying levels of control
over data access, deployment conditions, and operating point selection, and should be
considered when interpreting results.

Another source of variability lies in the choice of operating points. Sensitivity and
specificity correspond to specific decision thresholds that may differ across settings,
meaning that comparisons may reflect differences in operating regimes rather than
intrinsic system performance.

More broadly, AI systems are trained on historical data but evaluated in evolving
clinical environments, where imaging technologies, clinical practices, and patient pop-
ulations may change over time, further contributing to discrepancies between expected
and observed performance.

Taken together, these findings support a shift from viewing performance as a fixed
metric to understanding it as a context-dependent property. Variability in reported
performance should therefore be interpreted not as noise, but as a structural feature of
AI evaluation in heterogeneous clinical settings. These findings also align with recent
efforts to improve the reporting and evaluation of clinical AI systems, such as the
CONSORT-AI and SPIRIT-AI guidelines [15].

These observations have implications for both development and assessment. Per-
formance measured on a single dataset or protocol should be interpreted as a
context-dependent estimate rather than an intrinsic property of a system. Evaluation
strategies should explicitly account for variability across settings, and reporting should
clearly specify operating points and evaluation protocols.
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A related implication concerns the alignment between model design and evaluation
requirements. Models are often trained to predict a single definition of referable disease,
whereas evaluation criteria vary across settings. Designing models at a finer level
of granularity, with outputs that can be aggregated according to different referral
definitions, may improve robustness without requiring retraining.

These findings have direct clinical implications: performance should not be assumed
transferable across settings, and must be established in the target population and
clinical workflow prior to deployment.

This study has several limitations. The number of evaluation settings is limited,
and the analysis remains descriptive. Differences in evaluation protocols could not
be fully controlled, and some settings restrict access to detailed system-level results.
Nevertheless, the consistency of variability across independent settings supports the
robustness of the conclusions.

In conclusion, the performance of AI systems for DR screening depends critically
on the evaluation framework. Recognizing and accounting for this context dependence
is essential for reliable clinical deployment.

4 Methods

4.1 Study design

This study reports a retrospective, multi-framework evaluation of a CE-marked AI
system for DR screening. Rather than relying on a single dataset or evaluation proto-
col, we analyzed the observed performance of the same system across four independent
evaluation settings spanning a five-year period. These settings include a controlled
benchmark dataset, a masked large-scale comparative study, an external validation
under different acquisition conditions, and an open large-scale comparative evaluation.
The system was not retrained or modified between evaluation settings.

4.2 AI system

The evaluated system is a CE-marked AI-based screening tool designed for automated
analysis of color fundus photographs. It performs multiple tasks, including image qual-
ity assessment, eye laterality identification, detection of referable DR, detection of
DME, and grading of DR severity.

The system was trained on large-scale annotated datasets derived from the OPH-
DIAT telemedicine screening program [16], which collects retinal images from multiple
clinical centers under routine screening conditions. The training dataset included
763,848 images from 102,257 diabetic patients acquired between 2004 and 2017 under
routine clinical conditions. Image grading was performed by certified ophthalmologists
following standardized protocols, including quality control procedures such as double
grading, and was consistent with French national guidelines for DR screening [17].

All data used for model development were collected and processed in compli-
ance with applicable data protection regulations. The French dataset was approved
by the “Commission Nationale de l’Informatique et des Libertés” (CNIL, approval
#2166059), and all procedures adhered to the principles of the Declaration of Helsinki.
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The system relies on ensembles of convolutional neural networks trained on these
annotated datasets. Input images are preprocessed and multiple network architec-
tures are combined to improve robustness. For each eye, predictions are computed
at the image level and aggregated by selecting the image with the highest predicted
severity. A detailed description of the model architectures, training procedures, and
preprocessing steps is provided in the Supplementary Information.

Only the original version of the system, corresponding to the CE-marked release,
was evaluated in this study. Subsequent developments were not considered, as they
were not consistently evaluated across all settings.

4.3 Evaluation settings

The system was evaluated across four independent settings, each corresponding to a
distinct evaluation framework differing in data characteristics, evaluation protocols,
and degree of independence from the system developers.

Controlled benchmark dataset (Messidor-2). Messidor-2 is a public bench-
mark dataset with standardized annotations, widely used for evaluating automated
DR screening systems [2, 14]. In this study, evaluation was conducted under controlled
conditions by one of the system developers (G.Q.). The high-sensitivity operating
point identified on this dataset was used as a reference throughout the study. Reference
standard: International Classification of Diabetic Retinopathy [18].

Masked comparative evaluation (VA study). The VA evaluation was con-
ducted as a large-scale, multi-center comparative study under masked conditions [11].
The software, packaged by ADCIS and Evolucare on a dedicated computer, was
shipped to the University of Washington, where evaluation was performed indepen-
dently. The evaluated system was included among the approaches selected for detailed
analysis, but explicit system-level attribution of performance metrics was not disclosed.
Reference standard: National Teleretinal Imaging Program Guidelines [19].

External validation under acquisition shift (Optomed). The Optomed eval-
uation was conducted on an independent Finnish dataset acquired using a handheld
fundus camera (Optomed Aurora, Oulu, Finland) under non-mydriatic conditions
[13]. Evaluation was performed by the Optomed team, with technical support from
Evolucare and ADCIS. Differences in imaging device and acquisition conditions make
this setting representative of external validation under acquisition shift. Reference

standard: Finnish Current Care Guidelines [20].
Open comparative evaluation (UK National Health Service). The NHS

evaluation was conducted under an open comparative framework with publicly
reported performance metrics [12]. The software, packaged as a Docker container, was
submitted to the evaluation team and executed under predefined conditions. While
this framework enables direct comparison across systems, results remain influenced
by protocol-specific choices, including referral definitions and the handling of ungrad-
able images. Reference standard: UK NSC Guidance Standards for the Presence and
Severity of DR [21].

These settings differ substantially in imaging devices, patient populations, refer-
ral definitions, handling of ungradable images, and evaluation workflows, providing
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complementary perspectives on system performance across controlled and real-world
conditions.

4.4 Outcome measures

The primary outcome measures were sensitivity and specificity for the detection of
referable DR at the eye level.

Operating points were defined according to each evaluation framework. On the
Messidor-2 benchmark dataset, the high-sensitivity setting was retained for cross-
setting comparisons, in line with screening requirements. In other evaluation settings,
operating points were either fixed by the study protocol or implicitly defined by the
evaluation procedures and could not be modified.

As a result, reported sensitivity and specificity values correspond to framework-
specific operating conditions and are not directly comparable across studies in terms
of decision thresholds. Given the heterogeneity of evaluation frameworks, performance
metrics were not pooled across studies.

4.5 Analytical approach

We adopted a descriptive and comparative approach to analyze performance variability
across evaluation settings. Each evaluation was considered as a distinct observation
of system behavior under specific conditions. Observed differences in sensitivity and
specificity were interpreted in light of documented variations in imaging conditions,
population characteristics, referral definitions, and handling of ungradable images.

Rather than assuming a fixed intrinsic performance, we analyzed how evaluation
context influences observed operating characteristics. Variability across settings was
interpreted as being consistent with the combined effects of covariate shift and concept
shift.

Data Availability. The Messidor-2 dataset is publicly available [2, 14]. The other
datasets analyzed in this study were obtained from third-party sources under specific
agreements and are not publicly available. Access to these data may be subject to
restrictions imposed by the corresponding data providers.

Code Availability. The source code of the AI system evaluated in this study is not
publicly available due to an exclusive licensing agreement with OphtAI. The system
is deployed as part of a commercial platform.
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