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Hypothetical illustration. Percentages and AUROC values are not FOCUS results.

A strong score on one dataset
leaves important questions
unanswered

Does performance transfer to another
dataset?

Who experiences errors, and under
which image conditions?
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General encoders are strong retinal baselines

Table 3: Method-aware mean metrics by model type and task. Higher is better except for ECE.

Task Model type Method Accuracy AUROC AUPRC ECE  Fairness Quality  Shift
Overall

General VM Linear probing 0.803 0.828 0.617 0.209 0.899 0.885 0.654

Ophthalmic VM Linear probing 0.733 0.667 0.414 0.231 0.917 0.899 0.762

General VLM-encoders Linear probing 0.802 0.829 0.614 0.201 0.923 0.863 0.661

General VLM-encoders Zero-shot 0:552 0.549 0.303 0.275 0.934 0.891 0.800

Ophthalmic VLM-encoders Linear probing 0.763 0.773 0.592 0.182 0.915 0911 0.732

Ophthalmic VLM-encoders Zero-shot 0.636 0.647 0.395 0.240 0.948 0.918 0.729

General MLLMs Zero-shot prompting 0.575 0.658 0.423 0.388 0.950 0.950  0.603

Medical MLLMs Zero-shot prompting 0.791 0.803 0.642 0.194 0.939 0.966 0.567

General VLM probes and general VM probes lead mean AUROC

Original Table 3, excerpt: header and Overall rows
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The largest VM gap occurs on mobile mBRSET

Table 4: Per-dataset mean AUROC for VM encoders. A = AUROCge, — AUROCp1.

Dataset Country Device Gen. Oph. A
¢ mBRSET Brazil mobile 0.754 0.592 +0.162 )

IDR1D India desktop 0.825 0.692 +0.133
BRSET Brazil desktop 0.822 0.700 +0.122
JSIEC1000 China desktop 0.958 0.851 +0.106
Messidor-2 France desktop 0.836 0.759 +0.077
RFMiD India desktop 0.914 0.849 +0.066
PAPILA Spain desktop 0.766 0.710 +0.056
G1020 Germany desktop 0.631 0.614 +0.017
RFMiD-2 India desktop 0.846 0.918 -0.072

Population and label differences accompany acquisition differences.

Original Table 4



Performance does not imply readiness for clinical deploy

Performance v.s. Reliability and Fairness
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Conclusions

Strong general encoders remain essential baselines

Retinal model evaluation must assess cross-dataset performance,
calibration, subgroup disparities, and image-quality robustness.

Code and interactive results
github.com/dsrestrepo/FOCUS-Retinal-Benchmark

huqqianace.cg/soaces/dsrestreoo/FOCUS-RetinaI-Benchmark
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http://github.com/dsrestrepo/FOCUS-Retinal-Benchmark
http://huggingface.co/spaces/dsrestrepo/FOCUS-Retinal-Benchmark

