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Abstract. Vision impairment affects 2.2 billion people globally, yet scal-
able screening is hindered by workforce shortages. We introduce OphFM-
bench, a national-scale benchmark for early multi-retinopathy screening
using color fundus photographs. The dataset includes over half a mil-
lion adults from 1,010 hospitals across 27 Chinese provinces, capturing
diverse devices and population structures. We evaluate three foundation
model families—retina-specific models, general medical vision-language
models (VLMs), and general-purpose backbones across three dimen-
sions: Screening Efficiency (high-sensitivity regimes), Spatial Generaliza-
tion (geographical shifts), and Algorithmic Fairness (age, sex, and resi-
dency). While retina-specific models like RETFound-DINO excel in rank-
ing, medical VLMs like MedSigLIP offer superior transfer efficiency and
robustness in high-recall scenarios. Notably, we identify a performance-
calibration gap where high AUC masks significant false-positive burdens
in low-prevalence areas. OphFM-bench establishes an actionable frame-
work for equitable AI deployment in national-scale screening networks.

Keywords: Real-world Screening · Foundation Model · Ophthalmology.

1 Introduction

Retinal diseases such as diabetic retinopathy (DR), age-related macular degen-
eration (AMD), pathological myopia (PM), and retinal vein occlusion (RVO) are
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Fig. 1. Cohort characterization and model scaling. (a) Geographic and demo-
graphic distribution of participants across Chinese provinces. (b) Performance scaling
with model size.

leading causes of preventable vision impairment [6,8]. Early detection and timely
intervention can avert irreversible vision loss, yet population-level screening is
difficult to scale due to specialist shortages, geographic inequities, and variable
grading consistency across institutions [7, 18].

Teleophthalmology partially alleviates these bottlenecks by enabling periph-
eral acquisition of fundus images with centralized triage [17, 20]. However, real-
world deployment remains challenged by heterogeneous devices and workflows,
severe class imbalance, and label uncertainty [2].

Meanwhile, foundation models (FMs) have shifted visual representation learn-
ing from single-task supervised training to scalable self-supervised and vision-
language pretraining. In ophthalmology, retina-specific FMs such as RETFound
demonstrate strong transfer across retinal disease tasks [24]. In parallel, medical
VLMs offer data-efficient adaptation and promise more robust transfer [22], but
their screening behavior under real-world distribution shift is not well charac-
terized [13].

Despite rapid progress, evidence for ophthalmic FMs is still limited by two
fundamental gaps.(1) The Dataset Gap: There is a profound discrepancy be-
tween the homogenous, cleanly annotated public datasets or single-center ret-
rospective cohorts traditionally utilized for model training, and the highly het-
erogeneous data derived from national natural populations [5]. Current datasets
fail to capture real-world complexities, including epidemiological heterogeneity,
diverse imaging devices and clinical workflows, severe label noise, and extreme
class imbalance [9,12]. (2) The Evaluation Gap: The community lacks a unified,
real-world evaluation framework tailored for early disease screening. Existing lit-
erature rarely moves beyond standard independent and identically distributed
(i.i.d.) performance metrics, failing to simultaneously interrogate performance,
generalization, and socioeconomic bias [23].

To address these gaps, we introduce OphFM-bench, a systematic bench-
mark for early multi-retinopathy screening from fundus photography at a na-
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tional scale. We evaluate retina-specific FMs, medical VLMs, and general back-
bones across linear probing and fine-tuning, using a unified protocol that couples:
(1) screening-oriented operating points, (2) spatial generalization across major
geographic and socioeconomic shifts, and (3) fairness audits across age, sex,
and urban-rural residency. Our goal is not merely to rank models, but to re-
veal where failures occur, identify adaptation regimes that remain reliable under
national-scale shifts, and provide actionable guidance for equitable deployment
in telemedicine screening networks.

2 Benchmark Construction

2.1 The National Telemedicine Cohort

We conduct a retrospective benchmark designed to reflect the full heterogeneity
of routine tele-ophthalmology screening, rather than curated research cohorts.
To avoid inflating performance via restrictive filtering, we apply no additional
inclusion/exclusion criteria beyond data availability, preserving real-world vari-
ation in image quality, devices, workflows, and patient mix.
Coverage and clinical diversity. Data are aggregated from a distributed
network of 1,010 medical centers across 129 cities in 27 provinces in China (Fig.
1a), spanning the full spectrum of care settings (top-tier hospitals, secondary
hospitals, and primary/community facilities).
Population-scale class imbalance. The cohort preserves the natural preva-
lence of retinal diseases in a health-check population. Consequently, normal fun-
dus images constitute the majority class with sparse disease labels, mirroring
the statistical environment that determines real-world referral burden and oper-
ational feasibility in screening programs.
Participants and metadata. The dataset contains 503,689 anonymized adults
undergoing routine health checks with color fundus photography, totaling 605,224
images. Each participant is associated with standardized questionnaire and ex-
amination metadata, including demographics, residential attributes, and medical
histories. Urban–rural residency is derived from medical insurance information.
All participants provided written informed consent and the Institutional Review
Board of National Clinical Research Center for Ophthalmic Diseases approved
the study protocol (2022KY-120). This study was conducted in accordance with
Declaration of Helsinki.
Reference labels via telemedicine grading. Images are graded by expert
ophthalmologists through a centralized telemedicine platform for signs of DR,
AMD, PM, and RVO, yielding disease-specific labels for multi-disease screening
evaluation. This setup reflects realistic label uncertainty and inter-rater variabil-
ity expected in operational telemedicine pipelines.

2.2 Foundation Models Spanning Pretraining Domains

To evaluate the practical transferability of foundation models under real-world
screening constraints, we benchmark models representing distinct pretraining
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domains and learning objectives: (1)Retina-Specific Foundation Models: Archi-
tectures explicitly pre-trained on massive corpora of ophthalmic imaging data,
designed to capture the unique topological and pathological features of the hu-
man retina (RETFound, RETFound-DINO [24], VisionFM [10], FLAIR [15],
RetCLIP [4], and RetiZero [19]). (2)Medical-General Foundation Models: Models
trained on diverse multi-modal medical datasets spanning radiology, pathology,
and dermatology to establish generalized medical intelligence (MedSigLIP [14]
and BiomedCLIP [22]).(3)Domain-Agnostic General-Vision Models: Baseline ar-
chitectures representing state-of-the-art computer vision trained on massive nat-
ural images (DINOv3 [16], ViT-IN [3], and CLIP [11]).

2.3 Evaluation Framework for Screening

Performance and Transfer Efficiency. We quantify representation quality
and data efficiency through two canonical adaptation regimes: linear probing
(LP) and full fine-tuning (FT). In deployment, LP is attractive for efficiency and
stability, while FT is often necessary when the task shift is large. Comparing both
regimes provides a direct measure of transfer efficiency. The dataset is randomly
divided into train/valid/test sets at a ratio of 5:1:24 at patient level, resulting
in 96,883/24,190/484,151 images.

Model performance is quantified using the area under the receiver operating
characteristic curve (AUC). However, screening pipelines require high recall to
minimize missed diseases and high specificity to control downstream specialist
workloads. Therefore, we extend our metrics beyond AUC to include clinically
relevant operating points: Specificity at 95% Recall (S@95R), Specificity at 99%
Recall (S@99R), and Recall at 95% Specificity (R@95S). This approach aligns
with real-world regulatory endpoints for autonomous diagnostic systems [21].

Real-world Generalization. Screening algorithms must not silently degrade
when deployed outside the training environment. We therefore evaluate robust-
ness under a hard geographic distribution shift.

China provides a naturally occurring stress test for real-world deployment.
The widely recognized North–South shift marks substantial differences in cli-
mate, ecology, and socioeconomic development. Beyond environment and health-
care access, large-scale genetics studies report measurable north–south popula-
tion structure correlated with geography, which can co-vary with disease preva-
lence and comorbidity profiles [1]. We fine-tune models using South-only data
in the training set and evaluate them on unseen North-only data in the test set.
This setup directly tests whether a model remains reliable when facing multi-
factor shifts (population mix, devices, practice patterns) that resemble realistic
telemedicine expansion across regions [21].

Fairness and Socioeconomic Bias. To support equitable deployment, we
conduct subgroup analyses across three primary axes: sex, age, and urban ver-
sus rural residency. The continuous age variable is stratified into four clinically
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Table 1. Performance metrics of FT (%). Best and second best per row are bold and
underlined. Model abbreviations: FLR (FLAIR), RC (RetCLIP), RF (RETFound),
RF-D (RETFound-DINO), RZ (RetiZero), VFM (VisionFM), BMC (BioMedCLIP),
MSL (MedSigLIP), CLP (CLIP).

Retina-Specific Medical General

Disease Metric FLR RC RF RF-D RZ VFM BMC MSL CLP ViT

AMD

AUC 86.73 86.66 86.11 88.20 85.28 84.61 83.52 87.75 69.03 84.84
S@95R 49.84 46.40 44.98 54.99 40.67 39.59 33.83 58.29 17.24 40.83
S@99R 25.91 27.20 28.39 31.94 23.73 24.10 23.11 28.54 15.83 24.40
R@95S 42.12 42.24 44.19 46.14 42.87 42.08 40.57 42.90 20.54 41.60

DR

AUC 88.91 87.91 86.76 89.74 85.95 86.28 84.22 89.44 74.88 85.40
S@95R 42.35 36.80 37.60 46.06 35.58 34.98 29.62 46.82 21.07 35.32
S@99R 21.08 18.81 23.32 27.70 20.27 22.41 19.30 23.47 15.00 22.21
R@95S 58.54 58.19 53.27 61.77 52.38 52.95 48.48 59.62 28.05 50.56

PM

AUC 94.67 94.25 95.19 95.12 95.39 95.49 93.86 95.55 92.39 94.70
S@95R 64.12 51.23 50.16 65.08 65.11 67.44 45.04 71.78 41.48 54.60
S@99R 31.09 18.92 18.02 42.40 36.88 35.99 21.36 60.09 11.66 12.15
R@95S 77.57 79.04 80.18 80.02 79.56 78.60 76.34 79.05 69.87 76.64

RVO

AUC 91.17 91.87 89.58 87.77 86.66 90.80 84.95 92.06 73.45 86.59
S@95R 34.80 44.42 79.99 13.11 73.68 70.27 28.84 77.04 26.23 51.71
S@99R 27.03 29.13 76.36 11.93 31.74 36.57 22.37 47.12 18.72 11.86
R@95S 75.48 81.72 75.05 74.62 62.37 75.48 60.43 80.43 32.04 64.95

Mean

AUC 90.37 90.17 89.41 90.21 88.32 89.30 86.64 91.20 77.44 87.88
S@95R 47.78 44.71 53.18 44.81 53.76 53.07 34.33 63.48 26.51 45.62
S@99R 26.28 23.52 36.52 28.49 28.16 29.77 21.54 39.81 15.30 17.66
R@95S 63.43 65.30 63.17 65.64 59.30 62.28 56.46 65.50 37.63 58.44

meaningful cohorts (≤ 44, 45-59, 60-74, and ≥ 75 years) to align with estab-
lished epidemiological milestones in retinal pathology. Algorithmic fairness is
mathematically evaluated for both LP and FT adaptation regimes using stan-
dard parity metrics, including AUC Disparity (∆AUC) and equal opportunity
(EOpp).

3 Experiments and Analyses

3.1 Performance and Transfer Efficiency

FT on test set. Across four diseases, retina-specific self-supervised models
dominate AUROC on AMD and DR, while medical VLMs dominate screening-
tail efficiency at high recall (Table 1). This suggests that medically tuned im-
age–text alignment produces features that remain robust when pushed to high-
sensitivity regimes. A key takeaway is that AUROC ranking and screening effi-
ciency are not interchangeable: models with near-tied AUROC can differ sharply
in tail specificity, which directly translates to referral burden.
Limitations in Autonomous Screening. Our evaluation reveals a critical
performance asymmetry: R@95S consistently outperforms S@95R across all
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Table 2. Performance metrics of LP (%). Best and second best per row are bold and
underlined.

Retina-Specific Medical General

Disease Metric FLR RC RF RF-D RZ VFM BMC MSL CLP ViT

AMD

AUC 78.45 84.49 73.51 83.77 78.89 79.97 67.76 85.85 57.46 78.01
S@95R 21.65 34.52 22.16 34.97 26.39 27.25 14.15 47.20 9.19 29.09
S@99R 6.65 9.17 7.50 12.00 8.95 9.34 4.25 18.49 1.60 9.94
R@95S 29.57 41.08 24.91 39.19 33.93 36.70 21.55 40.33 8.29 28.06

DR

AUC 83.42 85.57 79.29 84.82 81.73 82.06 72.58 87.82 64.68 81.61
S@95R 22.99 30.65 22.49 30.36 21.44 24.00 15.08 37.33 10.67 26.80
S@99R 6.87 9.15 5.84 7.58 6.34 5.36 3.63 11.27 1.60 8.75
R@95S 52.13 52.34 37.31 52.02 44.43 47.13 29.21 56.49 12.52 40.05

PM

AUC 87.25 94.39 94.71 93.11 94.87 95.19 92.36 94.42 77.29 92.37
S@95R 33.08 60.36 63.83 39.69 65.69 62.52 60.93 61.90 14.82 51.10
S@99R 9.45 17.43 38.03 21.91 43.16 37.49 32.27 24.98 1.63 28.04
R@95S 57.26 79.93 75.97 74.79 76.74 78.01 68.91 77.99 34.53 72.24

RVO

AUC 82.91 92.36 87.50 87.25 87.43 86.72 77.74 90.41 54.27 85.53
S@95R 38.26 21.55 29.28 64.00 42.58 58.09 48.26 72.41 15.55 41.71
S@99R 26.08 9.09 18.80 23.38 12.31 50.96 19.03 56.38 2.34 38.72
R@95S 56.34 80.22 64.09 69.25 68.39 67.31 40.86 77.63 8.60 55.48

Mean

AUC 83.01 89.20 83.75 87.24 85.73 85.99 77.61 89.63 63.43 84.38
S@95R 29.00 36.77 34.44 42.26 39.03 42.97 34.61 54.71 12.56 37.18
S@99R 12.26 11.21 17.54 16.22 17.69 25.79 14.80 27.78 1.79 21.36
R@95S 48.83 63.39 50.57 58.81 55.87 57.29 40.13 63.11 15.99 48.96

models. In populational screening, characterized by low disease prevalence, clin-
ical and regulatory safety mandates necessitate operating at the S@95R thresh-
old to minimize life-altering false negatives. However, the observed suboptimal
S@95R implies that enforcing high recall triggers an unsustainable volume of
false positives. In low-prevalence cohorts, this low specificity leads to a poor pos-
itive predictive value of unnecessary referrals. These results suggest that while
current FMs excel in diagnostic assistance, they require significant recalibration
or alignment to meet the rigorous specificity requirements for high-throughput,
autonomous screening.
LP for transfer efficiency. LP isolates the quality of pretrained representa-
tions by training only a linear head, a standard probe for feature linear sep-
arability. MedSigLIP is the strongest LP model for AMD/DR, achieving the
best AUC and best tail-specificities. This suggests that medical image–text pre-
training yields features that are immediately separable for lesion-driven diseases,
enabling highly data-efficient deployment. For RVO, RetCLIP achieves the best
LP AUC, implying that ranking quality and extreme-tail specificity can be de-
coupled even under LP.
FT–LP performance shifts. Comparing LP to FT clarifies which models need
task-specific adaptation to become screening-ready.MedSigLIP improves only
modestly in AUC from LP to FT, but improves substantially in screening-tail
specificity. This indicates its representations are already strong, while FT pri-
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Table 3. Geographical generalization performance and cross-region retention (%).
Each entry is formatted as Target Region (Retention,%), where Retention is
Target Region
Source Region and Source Region is the local fine-tuning result from Table 1. Best and
second best results are bold and underlined.

Disease Metric FLR RC RF-D RZ MSL

AMD

AUC 85.21 (98.2) 85.13 (98.2) 87.05 (98.7) 83.85 (98.3) 86.52 (98.6)
S@95R 45.34 (91.0) 41.90 (90.3) 50.89 (92.5) 36.17 (88.9) 54.19 (93.0)
S@99R 12.41 (47.9) 13.70 (50.4) 18.44 (57.7) 10.23 (43.1) 24.54 (86.0)
R@95S 37.62 (89.3) 37.74 (89.3) 42.04 (91.1) 38.37 (89.5) 38.90 (90.7)

DR

AUC 87.41 (98.3) 86.41 (98.3) 88.54 (98.7) 84.45 (98.3) 88.24 (98.7)
S@95R 37.85 (89.4) 32.30 (87.8) 41.96 (91.1) 31.08 (87.4) 42.72 (91.2)
S@99R 8.08 (38.3) 6.31 (33.5) 14.20 (51.3) 7.77 (38.3) 10.47 (44.6)
R@95S 54.04 (92.3) 53.69 (92.3) 57.67 (93.4) 47.88 (91.4) 55.52 (93.1)

PM

AUC 93.37 (98.6) 92.95 (98.6) 93.92 (98.7) 94.09 (98.6) 94.35 (98.7)
S@95R 59.62 (93.0) 46.73 (91.2) 60.98 (93.7) 60.61 (93.1) 67.68 (94.3)
S@99R 17.59 (56.6) 6.42 (33.9) 28.40 (67.0) 22.88 (62.0) 45.59 (75.9)
R@95S 73.07 (94.2) 74.54 (94.3) 75.92 (94.9) 75.06 (94.3) 74.95 (94.8)

RVO

AUC 89.67 (98.4) 90.37 (98.4) 86.27 (98.3) 85.16 (98.3) 90.86 (98.7)
S@95R 20.30 (58.3) 29.92 (67.4) 1.51 (11.5) 69.18 (93.9) 72.94 (94.7)
S@99R 13.53 (50.1) 15.63 (53.7) 0.93 (7.8) 27.74 (87.4) 33.12 (70.3)
R@95S 70.98 (94.0) 77.22 (94.5) 70.12 (94.0) 57.87 (92.8) 76.33 (94.9)

marily refines calibration in the high-sensitivity tail. RETFound’s RVO Spe@95R
jumps dramatically, showing that some retina-SSL representations require full
adaptation. Some models show tail-metric degradation after FT, demonstrating
that AUC-centric tuning can mask clinically relevant regressions at high-recall
operating points, suggesting the need for tail-aware objectives or constrained
tuning strategies.

3.2 Real-world Generalization

Geographical Robustness and Tail Performance. Across diseases and
models, Performance drop is moderate in AUC but amplified at screening tails.
It is demonstrated that ranking ability is relatively stable, but operating-point
behavior shifts under geography, demonstrating calibration can move substan-
tially under natural shifts. VLMs with medical/ophthalmic pretraining show
strong spatial robustness at screening-relevant points. MedSigLIP consistently
achieves the best tail specificity under geographic shift. A plausible driver is
that MedSigLIP is trained on de-identified medical image–text pairs, including
ophthalmology, improving invariances relevant to clinical image.
Practical Deployment Implications. Our results demonstrate that AUC is
a deceptive proxy for geographic readiness. Models with nearly identical AUC
values exhibit divergent S@99R profiles, directly translating to disparate refer-
ral burdens and specialist workloads at fixed sensitivities. Because much of the
degradation concentrates at operating points rather than ranking, lightweight
post-hoc recalibration or region-specific threshold selection using a small target-
region validation set can yield large gains without retraining the full model, an
actionable path for resource-limited deployment.
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Fig. 2. Fairness disparities across diseases, adaptation strategies, and sensitive at-
tributes.

3.3 Fairness and Socioeconomic Bias

Age-Based Disparities and Metric Incompatibility. Our analysis identifies
age as the primary axis of algorithmic bias across all evaluated pathologies and
models. Under a unified global operating threshold, age-stratified subgroups ex-
hibit significantly higher EOpp violations compared to sex or insurance status.
These findings demonstrate that a fixed operating point systematically redis-
tributes false-positive and false-negative burdens between age strata, reinforcing
the necessity of evaluating fairness under clinically intended decision rules rather
than relying solely on threshold-independent metrics.
The Fine-Tuning Paradox: Separability vs. Calibration. We observe a
critical trade-off between model adaptation and deployment equity: while FT
improves overall group-wise separability, it frequently exacerbates parity vio-
lations at fixed thresholds. Compared to LP, FT consistently reduces ∆AUC
across all model categories, indicating a superior ability to learn disease-specific
features for marginalized groups. However, EOpp gaps under a single global
threshold increase for FT in multiple categories, suggesting that fine-tuning can
alter calibration and score distributions unevenly across groups. This observation
is consistent with known trade-offs and incompatibilities among fairness notions
when subgroup-based rates differ.

4 Conclusions

We presented OphFM-bench, a national-scale benchmark for early retinopathy
screening that evaluates foundation models under realistic clinical heterogeneity.
We showed that AUC does not necessarily translate to screening efficiency at
high-sensitivity operating points, and that geographic shift can disproportion-
ately degrade tail metrics relative to AUC. We further demonstrated that fairness
conclusions depend strongly on the deployment decision rule: fine-tuning may
improve separability while worsening equalized opportunity under a single global
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threshold. Overall, OphFM-bench provides an actionable protocol equalizedfor
selecting and adapting FMs for real-world telemedicine screening, emphasizing
operating-point validation, cross-region stress testing, and decision-rule-aware
bias auditing before deployment.
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