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Part 1

Literature Review

Evaluating Foundation Model Adaptation for Retinal Disease Diagnosis: A
Comparative Study of Zero-Shot Inference and
Linear Probing with FLAIR



1 Introduction

Vision impairment is a major global health concern, affecting over 2.2 billion individuals
worldwide, with at least 1 billion cases being preventable or unaddressed (World Health
Organization, 2023). Among the primary contributors to visual disability are retinal diseases such
as diabetic retinopathy (DR) and glaucoma, both imposing substantial global burdens. DR is a
leading cause of vision loss among working-age adults, while glaucoma, a progressive optic
neuropathy, is often asymptomatic until advanced stages. Timely and accurate diagnosis of these
diseases is essential to prevent irreversible vision loss. However, growing demand for eye care
services, combined with a projected 30% shortfall in ophthalmologist availability by 2035 in
countries like the United States, has intensified interest in scalable, automated diagnostic solutions

(Berkowitz et al., 2023).

Artificial intelligence (AI), particularly convolutional neural networks (CNNs), shows strong
potential in retinal diagnostics. Landmark studies have demonstrated expert-level performance in
detecting diabetic retinopathy (Gulshan et al., 2016; Ting et al., 2017). However, these models
require large-annotated datasets and are often disease-specific, limiting generalizability. This
reliance on labelled data limits deployment in low-resource settings. Moreover, one of the key
challenges in clinical Al deployment is ensuring that models trained in one setting generalize
effectively to other populations, devices, and disease presentations. Without this robustness, even
highly accurate models may underperform in new environments, a critical concern in
ophthalmology, where fundus image characteristics vary with acquisition protocols and

demographics (Rashidisabet et al., 2023).

To address these limitations, the Al research community has shifted toward foundation models,
large-scale, pre-trained architectures capable of capturing generalizable representations across
multiple tasks. In medical imaging, several domain-specific foundation models have emerged,
including RETFound, RetiZero, ViLReF, and FLAIR (Zhou et al., 2023; Wang et al., 2024; Yang
et al.,, 2024; Silva-Rodriguez et al., 2025). These models leverage transfer learning on diverse
retinal datasets for tasks like classification, segmentation, and progression prediction. FLAIR

(Foundation Language-Image Model of the Retina) is a vision-language foundation model



developed for retinal diagnostics (Silva-Rodriguez et al., 2025). It was pre-trained on over 288,000
fundus images from 38 open-access datasets, paired with expert-written disease descriptions.
Using contrastive learning, FLAIR maps images and text into a shared embedding space, enabling
zero-shot inference, without retraining. Leveraging textual prompts alone, it holds strong potential

for deployment in low-resource settings with limited annotations.

The aim of this literature review is to critically evaluate the use of foundation models in retinal
disease diagnosis, with a particular focus on the FLAIR vision-language model. It investigates two
prominent adaptation strategies, zero-shot inference and linear probing, and examines their
performance on unseen benchmark datasets. The review identifies current limitations in data
efficiency and generalization, highlights gaps in model evaluation, and synthesizes insights to
guide the deployment of foundation models in underrepresented ophthalmic conditions. While
FLAIR demonstrates strong performance on several benchmark tasks, a key challenge remains:
how should clinicians and researchers adapt this model to new diagnostic settings with limited
labelled data? One approach is to use FLAIR’s zero-shot inference capabilities directly. Another
is to employ lightweight adaptation methods, such as linear probing (LP), which trains a simple
classifier on frozen image embeddings. Each strategy presents trade-offs in terms of data efficiency,

diagnostic accuracy, and computational cost.

Although prior work has reported FLAIR’s zero-shot performance on held-out datasets such as
REFUGE and Messidor, no comprehensive evaluation exists comparing zero-shot inference with
linear probing on these benchmarks (Silva-Rodriguez et al., 2025). REFUGE and Messidor are
particularly well-suited for assessing model generalization, as they were explicitly excluded during
FLAIR’s pretraining. These datasets are widely used in ophthalmic Al; Messidor serves as a
benchmark for diabetic retinopathy detection and REFUGE as a framework for glaucoma
assessment and optic disc/cup segmentation (Decencicre et al., 2014; Orlando et al., 2020). While
DR and glaucoma are common, this study simulates low-resource settings using constrained
training data to reflect conditions in rare or underrepresented retinal diseases and inform low-data

scenarios.



Section 2 reviews existing work on Al in ophthalmology, the emergence of vision-language
foundation models, adaptation techniques such as zero-shot inference and linear probing,
challenges in generalization, interpretability, and deployment. Section 3 synthesizes the state of
the art and clearly defines the research gap and questions. Section 4 outlines the proposed research
plan, including data collection, preprocessing, model development, evaluation metrics, risk, and
ethical considerations. Finally, Section 5 concludes the report by summarizing the contribution
and its relevance to the broader field of medical Al, particularly in guiding foundation model

deployment in low-resource, real-world clinical environments.

2 Substantive Literature Review
2.1 Advancements and Limitations of Al in Ophthalmology
2.1.1 Early Development of CNN-based Tools

Convolutional neural networks (CNNs) marked a breakthrough in ophthalmic Al by achieving
expert-level performance in detecting diabetic retinopathy (DR) from fundus photographs, with
early models demonstrating sensitivity and specificity comparable to ophthalmologists (Gulshan
et al., 2016). This led to regulatory milestones such as IDx-DR, the first FDA-approved
autonomous Al system for DR screening (Abramoff et al., 2018), signalling the transition from
research to clinical application. Subsequent studies extended CNNs to other retinal diseases,
including glaucoma and age-related macular degeneration, using large, diverse datasets across
regions, underscoring their scalability for population-level screening (Ting et al., 2017). However,
supervised CNNs face major limitations: they require extensive expert-labelled data, are often
task-specific, and struggle with domain shift, showing reduced generalizability across different

imaging settings and populations.

While open-access datasets have mitigated data scarcity in ophthalmic Al, generalization remains
a key challenge. Models trained on datasets like EyePACS often underperform on external
benchmarks such as Messidor or IDRiD due to variations in imaging conditions, demographics,
and disease patterns (Gulshan et al., 2016; Nadeem et al., 2022). Although IDRiD offers valuable
annotations and broader representation, its geographic specificity highlights the limitations of

localized training data (Porwal et al., 2018). Moreover, most supervised CNNs are tailored to



narrow tasks, failing to capture the complexity of comorbid or heterogeneous retinal diseases.
These constraints have accelerated interest in more adaptable approaches, including transfer

learning, self-supervised learning, and foundation models, discussed in the following sections.

2.1.2 Generalization and Deployment Challenges in Ophthalmic Al

Despite early advances, real-world deployment of Al in ophthalmology remains hindered by
challenges in generalization, dataset diversity, and clinical integration. Models that perform well
in internal validation often degrade in new settings due to domain shift, differences in imaging
devices, protocols, disease prevalence, and patient demographics (Nadeem et al., 2022). For
example, the IDRiD dataset offers detailed annotations but is limited by its geographic and
technical uniformity, reducing its applicability across diverse populations (Porwal et al., 2018).
These constraints underscore the need for more representative datasets and robust learning
strategies, driving growing interest in scalable approaches such as transfer learning, self-

supervised learning, and foundation models.

Benchmark datasets in medical imaging often contain hidden stratification and label noise,
resulting in overstated validation accuracy but limited clinical reliability. These challenges, well-
documented in radiology, are equally relevant in ophthalmology, where subtle features and inter-
observer variability hinder consistent annotation (Oakden-Rayner et al., 2020). Public ophthalmic
datasets are typically unimodal, small, and class-imbalanced, restricting the development of
models suited for real-world multimodal inputs like fundus images, OCT scans, and clinical data
(Wang et al., 2024). Additionally, the absence of interpretability and uncertainty quantification in
current models undermines clinical trust. Recent assessments of multimodal systems integrating
imaging with large language models highlight deficiencies in transparency and consistency,
underscoring the need for more explainable and robust Al frameworks (Peng et al., 2023).
Overcoming these limitations calls for a paradigm shift in how Al models are trained, validated,

and deployed in ophthalmology.



2.2 Foundation Models in Ophthalmology

2.2.1 Paradigm Shift: From Task-Specific Models to Foundational Architectures

Foundation models represent a major advancement in Al, offering strong generalization by
learning from large-scale unlabelled data through self- or weakly supervised methods (Bommasani
et al., 2021). Unlike task-specific CNNs, they capture semantic and structural features that support
adaptation to diverse diagnostic tasks with minimal labelled data, an asset in ophthalmology, where
annotated datasets are limited by privacy and cost (Shi et al., 2024). These models show improved
robustness to domain shift and strong performance in low-data scenarios (Azizi et al., 2021;
Nguyen et al., 2023). Architectures such as Vision Transformers and multimodal encoders, trained
with contrastive learning, align visual and textual inputs (Qiu et al., 2023; Kumar & Marttinen,
2024). Their adaptability via linear probing or few-shot learning makes them suitable for clinical
settings with heterogeneous imaging and sparse labels (Pachetti & Colantonio, 2024; Li et al.,
2022). Additionally, uncertainty estimation and interpretability techniques help build clinical trust,
as highlighted in evaluations like the HRDC Challenge (Qian et al., 2024; Zou et al., 2023).

2.2.2 Notable Ophthalmic Foundation Models
Several foundation models have recently been developed specifically for ophthalmology, each

addressing key limitations of earlier Al systems:

e RETFound was the first publicly released foundation model trained on 1.6 million
unlabelled fundus images using self-supervised learning. It demonstrated strong
performance in diabetic retinopathy (DR) and age-related macular degeneration (AMD)
classification tasks, especially in low-label environments, highlighting the importance of

scale and pretraining in ophthalmic diagnostics (Zhou et al, 2023).

e UrFound expanded on RETFound by incorporating a Vision Transformer (ViT) backbone
and contrastive objectives. Trained across both fundus and OCT modalities, its task-
agnostic design was validated on benchmarks such as REFUGE and IDRiD, supporting

various clinical use cases with minimal fine-tuning (Yu et al, 2024).



RetiZero introduced zero-shot inference for ophthalmology using a vision-language model
trained with contrastive learning. It enables natural language prompting to infer disease
characteristics without requiring labelled training data, offering a practical solution for rare

or emerging conditions (Wang et al., 2024).

RET-CLIP adapted CLIP’s vision-language framework with domain-specific medical
supervision, aligning retinal images with curated disease descriptions to improve zero-shot

inference  accuracy in  ophthalmic  contexts (Du et al,  2024).

ViLReF focused on aligning fundus images with ophthalmologist-written clinical reports.
By grounding model outputs in free-text expert descriptions, it enhances interpretability

and supports explainable Al in retinal diagnostics (Yang et al., 2024).

EyeFound and VisionUnite explored multimodal learning by integrating OCT, fundus
images, and structured clinical metadata across institutional datasets. These models
prioritize privacy-preserving training and emphasize cross-site generalizability in real-

world settings (Shi et al., 2024; Li et al., 2024).

EyeCLIP is a large-scale vision-language foundation model developed to support
multimodal alignment across various retinal imaging modalities. It enables zero-shot
inference, few-shot rare disease diagnosis, and visual question answering, advancing

generalist capabilities in retinal Al (Shi et al., 2024).

FLAIR represents a specialized vision-language foundation model for retinal imaging.
Using contrastive learning with expert-derived clinical prompts, it facilitates zero-shot
inference and interpretable report generation, exemplifying the shift toward flexible and

clinically grounded Al tools (Silva-Rodriguez et al., 2025).
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These models collectively mark a transition from narrow, task-specific architectures to scalable,

adaptable, and clinically trustworthy Al systems in ophthalmology.

2.2.3 Challenges and Opportunities Ahead

Despite their potential, foundation models in ophthalmology face key challenges. A major issue is
domain mismatch, general-purpose models like CLIP or ChatGPT often underperform in retinal
imaging due to the absence of ophthalmology-specific priors, failing to capture fine-grained
pathological features in fundus or OCT images (Sevgi et al., 2025). Additionally, the lack of large,
well-curated ophthalmic datasets, driven by privacy concerns, limited collaboration, and high
annotation costs, hampers model generalizability and increases bias risk. While solutions like
synthetic augmentation and multi-institutional training exist, they remain underutilized in current

development efforts (Shi et al., 2024; Qiu et al., 2023).

Interpretability and trust remain critical barriers to clinical adoption of foundation models, as many
lack mechanisms for uncertainty estimation and transparent decision-making, essential for high-
stakes medical use. Incorporating explainability, fairness audits, and calibration is vital for safe,
equitable deployment (Peng et al., 2023; Shi et al., 2024; Zou et al., 2023). Future progress hinges
on advancing multimodal architectures that combine imaging, clinical text, and health records;
refining lightweight adaptation methods like linear probing and few-shot learning; and establishing
robust benchmarks across diverse settings. Addressing these gaps is key to making foundation

models clinically reliable, scalable, and equitable in retinal diagnostics.
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2.3 FLAIR: A Vision-Language Model for Retinal Diagnosis
2.3.1 Pretraining and Architectural Design
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Figure 1
FLAIR s architecture and training framework. The model uses a dual-encoder (image and text) design trained with contrastive learning on over
288,000 fundus images and expert-aligned text prompts. It supports zero-shot and few-shot classification using prompt-based inference or
lightweight adaptation. Adapted from Silva-Rodriguez, J., Liu, H., Ayhan, M. S., Wang, J., Zhang, Y., Yang, D., ... & Miiller, H. (2025). FLAIR:
Foundation Language-Image Model of the Retina (arXiv:2308.07898). https://arxiv.org/abs/2308.07898

Building on the broader foundation model paradigm (Bommasani et al., 2021), FLAIR is a vision-
language foundation model specifically developed for retinal fundus image analysis (Silva-
Rodriguez et al., 2025). It employs a dual-encoder architecture comprising a ResNet-50 visual
backbone and a BioClinicalBERT language model, aligned through contrastive learning. In
contrast to earlier ophthalmic models such as RETFound and UrFound, which relied solely on
image-based supervision, FLAIR incorporates structured domain knowledge through expert-
crafted textual prompts. This integration enables the model to associate clinical language with

visual pathology effectively.
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FLAIR was pretrained on over 288,000 images sourced from 38 diverse fundus datasets, using
categorical labels mapped to domain-specific textual descriptions (Silva-Rodriguez et al., 2025).
This design facilitates scalable supervision across numerous disease categories and enhances the
model’s ability to generalize to new tasks and domain shifts. Experimental results indicate that
FLAIR outperforms both task-specific convolutional neural networks and general-purpose models

such as CLIP, particularly in few-shot and zero-shot settings (Silva-Rodriguez et al., 2025).

2.3.2 Contrastive Learning and Zero-Shot Inference

FLAIR’s most notable contribution lies in its ability to perform zero-shot inference. During
inference, it compares a retinal image’s embedding to a set of domain-knowledge textual prompts,
for instance, "only a few microaneurysms are present", using cosine similarity (Silva-Rodriguez
et al., 2025). This mechanism allows the model to infer disease presence without task-specific
retraining, offering clinical flexibility, especially in the context of rare or previously unseen

conditions.

In benchmarking experiments, FLAIR consistently outperformed generalist vision-language
models such as CLIP and BiomedCLIP and demonstrated strong generalization under domain
shifts (Silva-Rodriguez et al., 2025). While supervised convolutional neural networks (CNNs)
retained an advantage in high-data or fine-grained diagnostic tasks, FLAIR achieved competitive
or superior performance in low-data and few-shot scenarios. Lightweight adaptation using linear
probing further enhanced its performance, underscoring its practical utility for real-world clinical

deployment (Silva-Rodriguez et al., 2025).

2.3.3 Dataset Holdout Strategy

To rigorously evaluate its generalization capacity, FLAIR’s developers adopted a dataset holdout
strategy in which public datasets such as Messidor (for diabetic retinopathy; Decenciere et al.,
2014) and REFUGE (for glaucoma and optic disc segmentation; Orlando et al., 2020) were
excluded from the pretraining phase and used exclusively for downstream testing (Silva-Rodriguez
et al., 2025). This design ensures that performance metrics reflect true generalization rather than

memorization of training data.
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The approach aligns with recent evaluation recommendations in medical Al, which emphasize the
importance of out-of-distribution testing to ensure robust and fair assessment of foundation models
(Jin et al., 2024). FLAIR’s strong performance on held-out datasets supports its readiness for
deployment in clinical environments where prior exposure to specific data distributions cannot be

assumed (Silva-Rodriguez et al., 2025).

2.4 Adaptation Strategies: Zero-Shot vs. Linear Probing

2.4.1 Zero-Shot Learning and Lightweight Adaptation

Adaptation strategies are key to leveraging foundation models like FLAIR for downstream tasks.
Zero-shot inference enables predictions without retraining by aligning image features with textual
prompts, using metrics like cosine similarity between fundus images and expert-crafted
descriptions (Radford et al., 2021; Silva-Rodriguez et al., 2025). This approach allows rapid
adaptation without labelled data, making it practical for diverse clinical scenarios. However,
studies such as ViLReF highlight that while zero-shot performance is promising, it often
underperforms compared to fully supervised models, especially for rare or subtle diagnostic

categories (Yang et al., 2024).

Linear probing trains a lightweight classifier, such as logistic regression, on frozen pretrained
features using a small labelled dataset. This approach leverages the general representations of
foundation models while adding minimal supervision. In FLAIR, linear probing yields significant
performance gains over zero-shot inference, improving AUC by 5-12% depending on the task
(Silva-Rodriguez et al., 2025). Benchmarks like the HRDC Challenge highlight its effectiveness,
showing that linear probing offers a strong balance between accuracy and efficiency, often rivaling

full fine-tuning with lower computational cost (Qian et al., 2024).

Adapter-based learning offers scalable adaptation without altering the full model backbone.
Techniques like CLIP-Adapter enhance few-shot classification by inserting residual adapters into

the visual or language branches, blending frozen and task-specific knowledge efficiently (Gao et
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al., 2024). In ophthalmology, FundusAdapter uses hierarchical modules with gated cross-attention
and memory to capture global and local features, achieving strong few-shot performance on
complex retinal lesions (Chang et al., 2025). These strategies provide a practical middle ground
between zero-shot and full fine-tuning, enabling cost-effective deployment of foundation models

in clinical settings.

2.4.2 Performance Trade-offs Between Zero-Shot and Linear Probing

Zero-shot approaches excel in generalization, particularly under domain shift. For instance, FLAIR
has demonstrated strong performance on external datasets without retraining, showing robustness
in unseen populations. However, this flexibility often comes at the expense of fine-grained
accuracy, zero-shot inference struggles to distinguish subtle severity levels of diseases such as
diabetic retinopathy or glaucoma compared to supervised models (Yu et al., 2023). In contrast,
linear probing leverages modest amounts of labelled data to refine decision boundaries. RETFound,
for example, saw a 12.7% improvement in AUC when linear probing was applied on external test
sets, and FLAIR similarly demonstrated consistent gains in evaluation benchmarks like HRDC
(Qian et al., 2024; Zhou et al., 2023). Ultimately, the choice between zero-shot and linear probing
hinges on the deployment context. Zero-shot learning offers scalable, low-labor solutions when
annotations are scarce, while linear probing provides a cost-effective path to improved accuracy
in clinically sensitive scenarios. Emerging approaches such as adapter tuning and few-shot
calibration may offer hybrid solutions that bridge this gap, balancing performance with

adaptability in real-world medical settings.

2.5 Benchmark Studies and Evaluation Gaps

2.5.1 MM-Retinal and HRDC Findings

Benchmark studies have been instrumental in assessing foundation models for fundus image
analysis. The MM-Retinal benchmark and HRDC Challenge are among the most prominent efforts.
MM-Retinal introduced a multimodal evaluation suite spanning CFP, FFA, and OCT, with its
foundation model KeepFIT achieving strong zero- and few-shot performance via image-guided

prompt revision (Wu et al., 2024a). MM-Retinal V2 further improved cross-task transferability

15



through hybrid prompting and expert supervision (Wu et al., 2025). However, reliance on
proprietary datasets limits reproducibility and broader comparison. In contrast, RETFound
emphasizes transparency by releasing pretrained weights, code, and benchmarking results on
public datasets such as MESSIDOR-2, IDRiD, and APTOS-2019 (Zhou et al., 2023), setting a
reproducibility standard in ophthalmic Al (Silva-Rodriguez et al., 2025).

The HRDC Challenge, presented at CGI 2023, evaluated hypertensive retinopathy classification
using 2,000 fundus images, with submissions ranging from conventional models to foundation
model adaptations like FLAIR (Qian et al., 2024; Silva-Rodriguez et al., 2025). Linear probing
over pretrained embeddings achieved strong results, with a top Kappa score of 0.4154 and
specificity of 0.8444 (Qian et al., 2024). However, the dataset’s limited diagnostic scope, single-
site origin, and uniform imaging conditions restrict its clinical generalizability. Collectively, MM-
Retinal, RETFound, and HRDC illustrate progress in ophthalmic AI benchmarking but also

highlight the need for standardized, diverse, and publicly accessible evaluation frameworks.

2.5.2 Controlled Evaluation on REFUGE and Messidor: Progress and Remaining Gaps
Foundation models like FLAIR have advanced generalization in fundus image analysis, notably
through a domain shift evaluation protocol that excluded public benchmarks, REFUGE, Messidor,
and FIVES, from pretraining, using them solely for downstream testing to fairly assess zero-shot
and linear probing performance on out-of-distribution data (Silva-Rodriguez et al., 2025;
Decenciére et al., 2014; Orlando et al., 2020). However, evaluations across FLAIR and MM-
Retinal remain inconsistent due to variations in prompt formulation, label granularity, and dataset
partitioning. While FLAIR provides dataset-specific metrics, the lack of standardized
benchmarking pipelines limits reproducibility and complicates meaningful cross-model

comparisons (Silva-Rodriguez et al., 2025).

Adaptation task framing varies widely across studies, complicating direct comparisons. For
example, MM-Retinal V2 introduces multi-label, multi-modal tasks and hybrid prompting (Wu et
al., 2025), making it difficult to benchmark against conventional methods like zero-shot inference
or linear probing. Additionally, the combined use of techniques such as adapter tuning, prompt

engineering, and expert-guided supervision, especially on canonical datasets like Messidor and

16



REFUGE, makes it hard to isolate their individual contributions (Decenciére et al., 2014; Orlando
et al., 2020). To address these issues, our study introduces a reproducible evaluation framework
using standardized public datasets, fixed partitions, consistent prompts, and class-balanced
protocols. This setup enables transparent comparisons between adaptation strategies and supports

the development of fair, clinically meaningful benchmarks for ophthalmic foundation models.

2.6 Simulating Rare Disease Settings via Low-Data Evaluation

2.6.1 Motivation for Using DR/Glaucoma with Limited Data

mildDR modDR sevDR

prolDR DME sevHR

Figure 2
Representative fundus images across diabetic retinopathy (DR) stages and related retinal conditions. These illustrate the progressive visual
complexity that challenges annotation and classification. Adapted from Silva-Rodriguez, J., Liu, H., Ayhan, M. S., Wang, J., Zhang, Y., Yang,
D., ... & Miiller, H. (2025). FLAIR: Foundation Language-Image Model of the Retina (arXiv:2308.07898). https://arxiv.org/abs/2308.07898

Diabetic retinopathy (DR) and glaucoma are leading causes of global vision loss, where early
detection is critical to prevent irreversible damage (Ting et al., 2017; Bourne et al., 2021).
Although prevalent, their early and atypical presentations, along with underrepresentation in
certain populations, pose challenges for obtaining diverse, well-annotated training data (Holmberg
et al., 2020). Public datasets like Messidor (DR) and REFUGE (glaucoma) often lack variability
in imaging devices, ethnicity, and disease subtypes, limiting model generalizability. To address

this, foundation models such as FLAIR deliberately excluded these datasets during pretraining,
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using them solely for downstream evaluation to simulate low-data and domain shift scenarios

(Silva-Rodriguez et al., 2025).

Simulating low-resource conditions with DR and glaucoma offers a clinically relevant and
reproducible way to assess foundation model robustness. Studies show that self-supervised and
few-shot methods can achieve high performance using limited data, for instance, accurate DR
classification with just 5-25% of labelled data (Holmberg et al., 2020), or as few as 20 samples
per class (Pan et al., 2021; Murugappan et al., 2022). Additionally, meta-learning frameworks have
used DR and glaucoma to improve generalization to rare retinal diseases (Gao et al., 2023). Their
diagnostic complexity and availability in public datasets make them ideal proxies for evaluating

data-efficient adaptation in ophthalmic Al

2.6.2 Relevance to Real-World Deployment Scenarios

Many clinical settings, particularly in low-resource environments, lack the labelled data,
computational resources, and specialist access required for fully supervised Al systems (Ting et
al., 2019). In such cases, data-efficient strategies like zero-shot learning and linear probing are

essential for practical deployment.

Recent studies show that clinically relevant features can be learned with limited supervision. Self-
supervised retinal thickness prediction improved DR classification using unlabelled images
(Holmberg et al., 2020), while meta-learning enabled rapid adaptation to various retinal tasks
(Wang et al., 2024). In-context learning with models like Gemini 1.5 Pro achieved competitive

performance without retraining or large labelled datasets (Ayhan et al., 2025).

A few-shot ensemble method also proved effective in classifying rare fundus diseases through
hierarchical feature generalization (Gao et al., 2023). These findings emphasize the value of
simulating low-data scenarios to ensure the reliability and scalability of foundation models in

underserved settings.
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3 Summary of the State of the Art

Foundation models are transforming ophthalmic Al by addressing the limitations of traditional
CNNs, which depend on large, annotated datasets and suffer from poor generalizability due to
domain shift (Gulshan et al., 2016; Ting et al., 2017). Recent models like RETFound, RetiZero,
ViLReF, and FLAIR leverage large-scale unlabelled data and contrastive learning to enable zero-
and few-shot classification across diverse retinal tasks (Zhou et al., 2023; Wang et al., 2024; Yang
et al., 2024; Silva-Rodriguez et al., 2025). FLAIR, for instance, employs a CLIP-inspired dual-
encoder that aligns fundus images with expert prompts and excludes benchmarks like Messidor

and REFUGE during pretraining to support robust domain-shift evaluation (Radford et al., 2021).

However, models like MM-Retinal V2 rely on internal datasets, limiting reproducibility (Wu et
al., 2025), while synthetic augmentation approaches like SynFundus face questions about clinical
realism. Emerging research in multimodal self-supervised learning and distributed training
highlights the urgent need for reproducible, scalable, and equitable evaluation frameworks in

ophthalmic AT (Siikei et al., 2024; Gholami et al., 2025).

3.1 Identified Research Gaps

Gap 1: Absence of Controlled Comparison Between Zero-Shot and Linear Probing for
FLAIR

While FLAIR shows strong performance in both zero-shot and linear probing settings, no study
has directly compared these strategies using standardized public datasets like Messidor and
REFUGE (Decencicre et al., 2014; Orlando et al., 2020; Silva-Rodriguez et al., 2025). Variations
in prompt design, dataset splits, and task framing across prior work hinder reproducibility and
make direct comparisons difficult. This gap limits our understanding of which adaptation strategy

performs best under clinically realistic constraints.

Gap 2: Lack of Reproducible Low-Data Benchmarks for Ophthalmology
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Although DR and glaucoma are globally prevalent, early-stage, atypical, or comorbid cases are
underrepresented in clinical datasets, creating low-data conditions that hinder model robustness.
Simulated down sampling enables reproducible evaluation, and methods like few-shot learning
and contrastive pretraining show promise (Holmberg et al., 2020; Pan et al., 2021; Gao et al., 2023).
However, foundation models like FLAIR remain untested under these constraints on standardized

benchmarks.

Gap 3: Deployment Trade-offs Between Zero-Shot and Adapted Models Remain Unclear
While foundation models offer scalability, their clinical reliability under zero-shot inference
remains uncertain, particularly in low-resource settings. Prior work, including RETFound and
MM-Retinal V2, highlights the benefits of linear probing, yet vision-language models like FLAIR
remain underexplored in this regard (Zhou et al., 2023; Wu et al., 2025). This gap is critical where
data, compute, and expert oversight are limited (Ting et al., 2019). To address this, we present the
first controlled benchmark comparing zero-shot and linear probing for FLAIR on standardized
datasets, Messidor and REFUGE, for DR and glaucoma classification (Decenciére et al., 2014;
Orlando et al., 2020). Simulated low-data settings via down sampling reveal key adaptation trade-

offs, guiding practical deployment in ophthalmology.

3.2 Research Questions

RQ1: How effectively can the FLAIR vision-language model classify diabetic retinopathy and

glaucoma in a zero-shot setting?

RQ2: Can linear probing improve FLAIR’s classification performance for diabetic retinopathy and

glaucoma compared to zero-shot inference?

RQ3: What are the performance trade-offs between zero-shot inference and linear probing when

adapting the FLAIR model to retinal disease diagnosis tasks?
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4 Research Project Plan

4.1 Project Objective
The overall aim of this project is to evaluate and compare the performance of zero-shot inference
and linear probing as adaptation strategies for deploying the FLAIR foundation model in retinal

disease diagnosis, particularly in low-data clinical settings.

The specific objectives of this research are:

1. To train and evaluate a foundation model to classify diabetic retinopathy.
2. To train and evaluate a foundation model to classify glaucoma.
3. To implement a comprehensive study and analysis comparing performance across the

two diseases, particularly under low-data constraints.

4.2 Methodology Overview
This study adopts a structured experimental pipeline consisting of four major components, each

detailed in Sections 4.2.1 to 4.2.4:

Data Collection » Data Pre-processing » Model Development » Evaluation Strategy

Figure 3

1. Data Collection:
Involves sourcing and preparing annotated fundus images from public datasets like
Messidor and REFUGE, and generating constrained training subsets at 1%, 5%, 10%, and
20% to simulate low-data clinical environments.

2. Pre-processing:
Covers image resizing, normalization, label harmonization, prompt construction for zero-

shot inference, and data augmentation strategies tailored for linear probing.
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3. Model Development:
Configures the FLAIR model for two adaptation strategies: zero-shot inference (using
prompt-based similarity) and linear probing (training a classifier on frozen embeddings).
Includes comparative benchmarking against models like ViT-ImageNet, RETFound, and
FundusAdapter.

4. Evaluation:
Encompasses training procedures, performance metric computation (e.g., AUROC,
sensitivity), statistical significance testing, and reproducibility tracking through random

seed control and code release.

4.2.1 Data Collection
This project uses publicly available, de-identified datasets that require no additional ethics

approval:

e Messidor (Decenciére et al., 2014): Contains 1,200 color fundus photographs labeled with

diabetic retinopathy severity scores, ranging from no DR to proliferative DR.

e REFUGE (Orlando et al., 2020): A benchmark dataset of 1,200+ fundus images annotated

for glaucoma diagnosis, including expert-verified cup-to-disc ratios.

These datasets were explicitly excluded from FLAIR’s pretraining (Silva-Rodriguez et al., 2025),
making them ideal for out-of-distribution evaluation. Training subsets will be sampled at 1%, 5%,

10%, and 20% to simulate low-resource settings.

The IDRiD dataset may be optionally included for supplementary lesion-level analysis, though its
geographic and device homogeneity limits its suitability as a standalone generalization benchmark
(Porwal et al., 2018). Messidor and REFUGE remain the primary datasets for adaptation

performance comparison.
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4.2.2 Data Pre-processing

Preprocessing was implemented to ensure compatibility with FLAIR’s architecture and to enhance

model generalization under low-data conditions.

All fundus images were resized to 224x224 pixels and normalized using the ImageNet mean and
standard deviation, consistent with prior deep learning practices in ophthalmic image classification
(Islam et al., 2022; Silva-Rodriguez et al., 2025). For zero-shot inference, clinical prompts were
constructed in natural language, for instance, “presence of referable diabetic retinopathy”,
following contrastive prompt engineering protocols (Radford et al., 2021). Labels for diabetic
retinopathy were binarized, and glaucoma annotations adhered to REFUGE expert diagnoses. To
address class imbalance in low-data regimes, oversampling and under sampling strategies were
employed (Das & Walia, 2024). Data augmentation, including random flipping, rotation, and
brightness adjustments, was applied exclusively in the linear probing setup to test its effect on
generalization. All preprocessing was conducted using Python libraries such as OpenCV, Pillow,
and torch vision, with Weights & Biases used for experiment tracking to ensure reproducibility

(Holmberg et al., 2020).

4.2.3 Model Development
This study evaluates two adaptation strategies using the pretrained FLAIR model to classify

diabetic retinopathy and glaucoma.

Strategy 1: Zero-Shot Inference

FLAIR embeds a fundus image using its vision encoder (Vision Transformer, ViT) and compares
it against disease-related text prompt embeddings generated by its language encoder (BioGPT).
Classification is determined based on cosine similarity between the image and text embeddings.
To enhance robustness, multiple semantically aligned prompts, for instance, "presence of referable
diabetic retinopathy" will be used for each class. This inference method does not require additional
training data, making it particularly suitable for deployment in data-scarce clinical environments

(Silva-Rodriguez et al., 2025).
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Strategy 2: Linear Probing

In this approach, FLAIR’s vision encoder is frozen to preserve learned representations, and a
lightweight L2-regularized logistic regression classifier is trained using the extracted image
embeddings on a small labelled dataset. The language encoder is not utilized. This method allows
task-specific adaptation with minimal supervision. Model training will use stochastic gradient
descent with early stopping, and evaluation will follow a 5-fold stratified cross-validation strategy

to ensure robustness (Silva-Rodriguez et al., 2025).

FLAIR’s dual-encoder architecture is trained via contrastive learning to align ophthalmic image
features with corresponding clinical language descriptions. This architecture enables zero-shot
transfer and flexible downstream adaptation, positioning it as a promising foundation model for

real-world ophthalmic Al (Silva-Rodriguez et al., 2025).

To benchmark FLAIR, this study compares three models: ViT-ImageNet as a task-agnostic
baseline, RETFound for its self-supervised adaptation to fundus imaging (Zhou et al., 2023), and
FundusAdapter for its modular design supporting low-data transferability (Chang et al., 2025). All
models will be evaluated using consistent splits, preprocessing, and label definitions to ensure fair

and reproducible comparison.

Computational Infrastructure

All experiments will be conducted on Monash University's M3 Massive HPC cluster, which offers
GPU acceleration, high-throughput scheduling, and secure storage. Its scalability supports
efficient training, cross-validation, and management of datasets, models, and logs for vision-

language tasks like FLAIR (Goscinski et al., 2014).
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4.2.4 Evaluation Strategy

To rigorously evaluate zero-shot inference and linear probing, this study adopts a comprehensive
framework combining quantitative, qualitative, and statistical analyses. Core performance metrics
include AUROC, accuracy, sensitivity, specificity, precision, and F1-score (Sokolova & Lapalme,
2009). Embedding separability will be visualized using t-SNE or PCA (van der Maaten & Hinton,
2008), and interpretability explored via Grad-CAM or similar tools (Selvaraju et al., 2017).
Statistical significance will be assessed using paired t-tests or Wilcoxon signed-rank tests, with
95% confidence intervals estimated through bootstrapping or analytical methods (Efron &
Tibshirani, 1993). Effect sizes will be reported using Cohen’s d (Cohen, 2013). All experiments
will be repeated with three random seeds to account for variability, and results visualized using
seaborn and matplotlib (Waskom, 2021). Code and configurations will be made publicly available

via GitHub under an open-source license to ensure reproducibility.

4.3 Expected Outcomes

This study presents the first controlled evaluation of zero-shot versus linear probing strategies for
the FLAIR foundation model on standardized datasets, Messidor for diabetic retinopathy (DR) and
REFUGE for glaucoma (Decenciére et al., 2014; Orlando et al., 2020). By simulating low-data
clinical conditions, it assesses whether lightweight adaptation improves performance over zero-
shot inference in ophthalmic vision-language models. The findings will clarify adaptation trade-
offs and generalizability for fundus image classification, addressing two leading causes of global
vision loss (Ting et al., 2017; Bourne et al., 2021). Additionally, the project introduces a
reproducible benchmark, complete with dataset splits, evaluation code, and prompt templates, to
support future ophthalmic Al research and enable deployment in resource-limited settings (Ting

et al., 2019; Silva-Rodriguez et al., 2025).
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4.4 Timeline

MAR - APR
Project Initiation
* Review literature;
« Identify research gaps
* Formula research questions

MAY

Proposal Development

«Submit full literature review
and proposal

* Interim presentation submission

JUN
Data Acquisition & Writing
* Finalize dataset selection,
preprocessing
« Initial zero-shot evaluations

JuL - AUG
Model Training & Evaluation
* Complete linear probing training
« Evaluate and document results
across subsets

SEP
Thesis Drafting & Poster Design
* Generate all figures and
analysis;

«Write thesis
*Create presentation poster

ocT
Submission & Final Presentation
* Submit thesis and poster;
*Deliver oral defense or poster
presentation

Figure 4

Research project timeline outlining key milestones across the 2025 academic calendar. Activities include literature review, proposal submission,

dataset preparation, model training (zero-shot and linear probing), evaluation, and thesis/poster development.
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4.5 Limitations and Risk Management

While the proposed methodology is grounded in best practices, several limitations must be
acknowledged. First, despite the robust performance reported by Silva-Rodriguez et al. (2025),
zero-shot inference may underperform in real-world clinical settings, especially in cases involving
subtle pathologies or comorbid conditions. Second, the performance of vision-language models
like FLAIR is sensitive to prompt formulation, with small variations in phrasing leading to
significant differences in classification outcomes (Radford et al., 2021; Silva-Rodriguez et al.,
2025). Third, public datasets such as Messidor and REFUGE, while widely adopted, may include
label noise and lack sufficient demographic or device diversity to generalize well across

populations (Zhou et al., 2023).

Additionally, FLAIR's dual-encoder architecture introduces considerable computational overhead,
particularly during embedding alignment and repeated evaluation across multiple random seeds.
This may limit experimentation in constrained computing environments. Finally, training linear
probes on extremely small subsets for instance, 1%, poses risks of overfitting and unstable

evaluation due to sample variance.

To manage these risks, this project incorporates multiple safeguards: using stratified 5-fold cross-
validation to mitigate sampling bias; performing multiple repetitions with different random seeds;
harmonizing preprocessing across all conditions; and publishing the entire codebase under an
open-source license for full reproducibility. These limitations and mitigations are transparently
documented to guide result interpretation and inform future iterations of foundation model

deployment in medical imaging.
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4.6 Ethics and Data Privacy Considerations

This project uses fully de-identified, publicly available datasets, Messidor and REFUGE, under
open licenses, with no PII or human interaction involved (Decenciére et al., 2014; Orlando et al.,
2020). As per NHMRC (2023) and Monash guidelines (2024), ethics approval is not required.
Therefore, this project does not require any ACS Ethics approval.

Conclusion

This study presents a systematic investigation into the adaptation performance of the FLAIR
vision-language foundation model for retinal disease diagnosis, focusing on two prevalent
conditions: diabetic retinopathy (DR) and glaucoma. By designing a controlled comparison
between zero-shot inference and linear probing on the Messidor and REFUGE datasets, both
excluded during FLAIR’s pretraining, this research addresses a critical gap in current ophthalmic

Al literature.

The proposed experimental framework simulates real-world, low-resource clinical environments
through strategic data down sampling and rigorous evaluation protocols. This enables the
assessment of adaptation strategies under conditions reflective of deployment in rural, underserved,
or data-scarce settings. The study not only evaluates FLAIR’s generalization through zero-shot

inference but also measures performance gains from lightweight adaptation via linear probing.

This approach yields three key contributions: (1) it clarifies adaptation trade-offs between general-
purpose inference and task-specific tuning in vision-language models for ophthalmology, (2) it
introduces a reproducible benchmark for comparing adaptation strategies using standardized
datasets and prompt formulations, and (3) it offers practical insights into deploying foundation

models like FLAIR without extensive retraining.

In doing so, the study provides a reproducible evaluation framework that informs future adaptation
strategies for medical Al in ophthalmology, particularly under low-data constraints. The findings
are expected to inform the development of vision-language models for both common and rare

ophthalmic diseases, particularly in settings with limited labelled data, computational resources,

28



or clinical oversight. As foundation models continue to transform medical imaging, this work
offers a timely and rigorous framework for adapting and evaluating these systems responsibly and

effectively.
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ABSTRACT

Screening and triage from retinal fundus photographs
increasingly rely on foundation models, yet their behaviour
across tasks and under scarce labels remains poorly
characterised. We compare four encoders across three
benchmarks. OpenCLIP serves as a generalist model,
BiomedCLIP as a biomedical vision and language model,
FLAIR as a retina tuned vision and language model, and
RETFound as a retina self-supervised model. The
benchmarks are MESSIDOR for diabetic retinopathy, ODIR
200x%3 for multiple diseases, and REFUGE for glaucoma. We
assess two adaptation regimes. The first is zero-shot
classification with clinically phrased prompts. The second is
few-shot linear probing with 5%, 10%, and 20% labels.
Evaluation is decision centred and covers Macro-F1 on

MESSIDOR and ODIR-200%3, AUROC and sensitivity at 90%

specificity on REFUGE, and calibration using ECE and
AUCE, as well as prompt sensitivity.

Across datasets, FLAIR is the most consistent zero-shot
performer on MESSIDOR and REFUGE, while BiomedCLIP
leads on ODIR 200%3. With small label budgets, linear
probes narrow the gaps and, on REFUGE, can reverse the
ranking in favour of OpenCLIP. Simple temperature scaling
improves calibration without altering discrimination, and
prompt choice measurably affects zero-shot results. The
study standardises a prompt to probes protocol, aligns metrics
with clinical endpoints and fixed operating points, and offers
practical guidance on when prompts suffice and when a
lightweight probe is warranted for safe and reproducible
deployment in retinal screening.

1. INTRODUCTION

Automated analysis of retinal fundus photographs supports
screening and management for conditions such as diabetic
retinopathy (DR) and glaucoma, where timely detection can
prevent vision loss. Global projections estimate that the
number of adults with DR will increase from approximately

103 million in 2020 to approximately 160 million by 2045 [1].

This sustained burden underscores the need for scalable
approaches to screening and triage.

MESSIDOR contains 1,200 colour fundus photographs of the
posterior pole with a 45° field of view, collected at three sites
with varying resolutions. Of these, 800 images are dilated and

400 are non-dilated [2]. The dataset provides an image level
medical diagnosis without lesion annotations, which supports
evaluation of robustness under realistic acquisition variability
and comparative assessment without per lesion labels [2].

REFUGE provides a rigorously controlled benchmark for
glaucoma assessment with 1,200 colour fundus photographs
and fixed training, offline test, and online test partitions,
which enables uniform comparison across methods [3]. For
glaucoma classification, the REFUGE benchmark reports
AUROC and the sensitivity at a fixed 85% specificity, which
supports operating point analysis alongside rank order
metrics. For structure prediction, optic disc and cup
segmentation is evaluated with Dice and the mean absolute
error of the wvertical cup to disc ratio [3].

OIA ODIR captures real world heterogeneity: 10,000 fundus
images from 5,000 patients collected on different cameras
across multiple ophthalmic centres, with three predefined
splits (training, off site test, on site test) and eight clinical
categories (N, D, G, C, A, H, M, O) [4]. The dataset shows
pronounced class imbalance and variation across devices and
sites, making it a natural stress test for recognition across
multiple diseases [4]. In this study we use the ODIR 200%3
subset (Normal, Cataract, Pathologic Myopia) to enable a
controlled and balanced evaluation, following prior work [5,
9].

Over recent years, foundation models have reshaped the
design space for retinal Al. Vision-language encoders,
exemplified by CLIP, jointly train an image encoder and a
text encoder with a contrastive objective so that paired
images and texts are close in a shared space. They perform
zero-shot classification by embedding class names or
descriptions and choosing the label with the highest similarity
to the image representation [6]. In practice, prompt choice
matters. CLIP style evaluations often ensemble multiple
prompt templates per class, and template phrasing
measurably affects zero-shot accuracy [6, 7].

At one end of the spectrum, generalist CLIP variants trained
on internet image and text pairs, such as OpenCLIP, provide
competitive and reproducible baselines with open-source
code, released models, and well documented training and
evaluation pipelines that describe CLIP scaling laws [7].



Domain tuned vision-language models aim to close the
semantic gap. BiomedCLIP is pre trained on PMC 15M,
which contains approximately 15 million biomedical figure
and caption pairs from PubMed Central, using contrastive
learning, and it transfers strongly to retrieval, zero-shot image
classification, and visual question answering [8]. FLAIR is a
retina specific VLMs that aligns fundus images with expert
clinical text such as lesion level descriptors, learning
encoders suited to downstream retinal tasks [9]. In parallel,
self-supervised learning in the retina domain is typified by
RETFound, which uses masked autoencoder pre training on
large unlabelled ocular image corpora covering fundus
photographs and OCT to learn anatomy and lesion patterns
efficiently, then adapts to clinical tasks with modest labelled
data through fine tuning [10].

Clinical and operational constraints. Retinal Al is often
deployed where labelled data are scarce and discase
prevalence at the point of screening is low, while site and
domain shift is unavoidable because cameras, populations,
and acquisition protocols differ between pretraining sources
and the target clinic [1,4].

Under these constraints, two transfer strategies are especially
practical:  zero-shot vision-language inference, which
requires no local tuning and uses clinician faithful class
prompts, and few-shot linear probes on frozen encoders, a
lightweight adaptation when small, labelled sets can be
obtained via retrospective chart audit or a brief labelling
sprint, keeping compute and governance overhead low.

A like for like comparison of these regimes across DR
grading, glaucoma screening, and multi disease recognition
can be conducted on MESSIDOR [2], REFUGE [3], and
ODIR 200x%3, a balanced three class subset of OIA ODIR [4],
directly addressing a real deployment decision point for
ophthalmology services.

Despite the momentum, two practical questions remain
underexplored for retinal applications:

(1) How do vision and language (VL) and self-
supervised learning (SSL) encoders transfer across
heterogeneous retinal tasks when supervision is
scarce? Many clinical deployments begin with none
or very few labels. Zero-shot approaches promise no
tuning utility via prompts, and few shot linear probes
promise rapid adaptation without full fine tuning [6
to 10]. To our knowledge, systematic and controlled
comparisons across DR grading (MESSIDOR [2]),
glaucoma screening (REFUGE [3]), and multi-
disease recognition (ODIR 200 x 3 [4]) within a

single protocol remain limited.

(i) How robust are prompt based zero-shot predictions to
class phrasing, and how calibrated are probabilities
once a small linear head is trained? Zero-shot CLIP
constructs a classifier by embedding class names and
descriptions as text prompts, and performance varies
with prompt templates and prompt ensembling [6]
(see also follow ups on scaling and evaluation
practice [7]). When limited labels are available, CLIP
commonly fits a simple linear classifier on frozen
features, which motivates explicit evaluation of
probability calibration after such adaptation [6]. Poor
calibration can undermine triage decisions even when
discrimination is strong, and post hoc temperature
scaling is an effective baseline. Recent work further
highlights calibration as essential in safety critical
settings [11 to 12]. In ophthalmic screening, where
clinical action is threshold based, operating point
behaviour and calibration are as important as rank
ordering.

This study addresses these gaps through a controlled
evaluation across multiple datasets that covers prompt based
zero-shot inference and few shot linear probing. We compare
a general-purpose CLIP baseline (OpenCLIP), a biomedical
vision-language encoder (BiomedCLIP), a retina tuned vision
language model (VLM), and a retinal self-supervised encoder
(RETFound) on three representative benchmarks:
MESSIDOR for diabetic retinopathy grading, ODIR 200x3
for three class fundus disease classification, and REFUGE for
glaucoma screening [2-4,6-10]. We examine two
complementary transfer regimes. Zero-shot uses CLIP style
cosine similarity between image embeddings and prompted
class embeddings, creating a text conditioned classifier
without any local tuning.

To quantify prompt sensitivity, we evaluate three clinically
valid templates per class (T1-T3) that vary lexical phrasing
and the inclusion of salient descriptors such as DR lesions,
optic nerve head cues for glaucoma, and disease names for
ODIR [6,8-9]. Few shot linear probing freezes the image
encoder and trains a single linear classifier to measure
representation quality without the confounds of end-to-end
fine tuning. We use small, labelled subsets at 5%, 10%, and
20%, consistent with prior work on label efficiency [6,9].

Datasets and task aware endpoints. MESSIDOR comprises
1,200 posterior pole colour fundus photographs from three
sites, including 800 dilated and 400 non dilated eyes,
captured with a 45° field of view. It provides image level
diagnoses suitable for DR grading, and we summarise
performance with macro averaged or class balanced metrics
[2]. ODIR 200%3 is a balanced three class subset of ODIR 5K
comprising Normal, Cataract, and Pathologic Myopia, with
200 images per class.



We use it for controlled class balanced evaluation and report
Macro F1 as the primary endpoint, with Average Class
Accuracy (ACA) as a secondary metric for comparability
with prior work [4,9]. REFUGE is a rigorously controlled
glaucoma benchmark with 1,200 colour fundus images and
fixed training, offline test, and online test partitions. Official
reporting includes AUROC and a reference sensitivity at 85%
specificity, supporting operating point analyses alongside
rank order metrics [3]. Primary endpoints are Macro F1 for
MESSIDOR and ODIR 200x3 and AUROC for REFUGE,
complemented by operating point and calibration analyses
where appropriate.

Why operating points and calibration matter. When disease
prevalence is low and the false positive load affects
operations, AUROC alone is not sufficient. We therefore
report metrics at clinically relevant operating points and
examine precision and recall behaviour in imbalanced
settings [15].

We also assess probability calibration using expected
calibration error, both with and without post hoc temperature
scaling. Temperature scaling is a single parameter rescaling
of logits fitted on the validation set that improves the quality
of confidence estimates while leaving class rankings and
accuracy unchanged, and therefore does not change AUROC.
This is important for threshold-based screening decisions [11,
12].

Risk framing: shortcuts and hidden stratification. Medical
imaging datasets often contain spurious site or device cues
that models exploit as shortcuts, degrading performance
under distribution shift. Unlabelled subgroups can produce
hidden stratification, yielding clinically meaningful failure
modes even when global AUROC is strong.

These risks motivate two practices. First, report prompt
sensitivity by quantifying variance across clinically valid
prompts to surface fragility in zero shot semantics. Second,
emphasise calibration and the selection of operating points,
because brittle probability estimates or unstable thresholds
are early warnings even when average discrimination is
adequate [13, 14].

Contributions:

(1) Unified prompts to probes protocol for retinal transfer.
We standardise zero shot prompt evaluation using three
clinician validated templates per class, and few shot linear
probes with 5 percent, 10 percent, and 20 percent labels
across heterogeneous tasks: MESSIDOR, ODIR 200x%3, and
REFUGE. We report per prompt results, prompt sensitivity
summaries, and 95 percent confidence intervals.

(2) Head-to-head encoder comparison under identical
conditions. We evaluate a general-purpose CLIP baseline

OpenCLIP, a biomedical VLM BiomedCLIP, a retina tuned
vision language model FLAIR, and a retina self-supervised
encoder RETFound. This assesses whether promptable
VLMs excel without labels and whether simple linear probes
can narrow, or invert zero shot gaps once modest labels are
available [6 to 10].

(3) Prompt sensitivity and calibration as first-class signals.
We quantify variance across clinically valid prompts and
assess calibration using ECE before and after temperature
scaling, highlighting cases where confidence quality lags
discrimination, which is critical for screening workflows [6,
11, 12].

(4) Task aware endpoints and operating point analysis. For
MESSIDOR, we use image level grading metrics. For
REFUGE, we include operating point analysis alongside
AUROC, reflecting the benchmark’s fixed specificity
reporting. For ODIR 200x3, we report class balanced metrics
consistent with prior work [2, 3, 4].

Overview:

Section 2 reviews related work on retinal foundation and This
study compared zero-shot prompts and few-shot linear probes
for retinal fundus classification across MESSIDOR, ODIR -
200x3, and REFUGE using one consistent evaluation setup.
A clear pattern emerges. FLAIR is the safest choice for
diabetic-retinopathy grading on MESSIDOR in both zero-
shot and few-shot settings. On ODIR-200%3, BiomedCLIP
leads when labels are scarcest at five to ten percent, but
FLAIR moves ahead once the label budget reaches twenty
percent. For glaucoma on REFUGE, OpenCLIP overtakes the
others when a simple linear probe is allowed, even though
FLAIR is strongest in pure zero-shot. These trends hold
across folds, seeds, and  prompt  templates.

The practical guidance is straightforward. If you must start
without labels, FLAIR provides a solid zero-shot option for
DR triage. If you can afford a small amount of annotation, a
frozen-encoder linear probe is highly label-efficient on DR
and ODIR-200%3 and often closes the gap to, or surpasses,
zero-shot. For glaucoma screening where area under the ROC
curve and sensitivity at a fixed specificity matter most,
OpenCLIP with a linear probe is a strong default. Alongside
rank-order metrics, reporting sensitivity at 90% specificity
and calibration measures gives a more faithful picture of
clinical utility. Simple temperature scaling improves
confidence calibration while leaving AUROC unchanged.

This work has limits. We focus on three datasets, a small
prompt set, and frozen-feature probes. Future extensions are
direct: broaden disease and device coverage, expand the
prompt catalogue, and test lightweight adapters and richer
calibration. The unified prompts-to-probes protocol we used
makes these additions easy and keeps results comparable.



Overall, the evidence supports selecting models by task and
label budget rather than expecting a single winner in all
settings.

e Section 2 reviews related work on retinal
foundation/VL models and calibration.

e Section 3 presents datasets, models, prompt
design, and evaluation protocols.

e Section 4 reports zero shot and few shot results
with analyses of prompt sensitivity and
calibration.

e Section 5 considers implications for deployment
under label scarcity.

e  Section 6 summarizes ethics, governance, and data
privacy.

e Section 7 describes threats to wvalidity and
reproducibility.

e  Section 8 concludes.

Aim:

To provide a decision ready comparison of zero shot prompts
and few shot probes for diabetic retinopathy grading,
glaucoma screening, and multi disease recognition under
label scarcity.

2. BACKGROUND AND RELATED WORK

2.1 Retinal benchmarks and clinical problem framing

Automated analysis of retinal fundus photographs supports
screening and longitudinal management in ophthalmology.
The global burden of diabetic retinopathy remains substantial
and is projected to increase from 103.12 million in 2020 to
160.50 million by 2045 [1].

Public benchmarks have shaped how progress is measured.
MESSIDOR provides 1,200 posterior pole colour fundus
images with per image clinical diagnoses of diabetic
retinopathy, captured across three sites with realistic
acquisition variability, including dilation status and
resolution. It does not include per lesion annotations, which
facilitates comparative evaluation [2].

REFUGE offers a unified benchmark for glaucoma with fixed
training, offline test, and online test partitions, along with
stratified prevalence and standardised evaluation. This design
supports operating point analysis alongside AUROC for
screening use cases [3].

ODIR aggregates heterogeneous fundus images across
multiple ocular conditions, including diabetic retinopathy,
glaucoma, myopia, and age-related macular degeneration. It
reflects clinic like label diversity and acquisition variability
across centres and devices, enabling recognition of multiple
diseases [4].

These datasets complement one another: REFUGE
emphasises binary screening and safe triage, while
MESSIDOR and ODIR emphasise multi class performance
and robustness to label imbalance and taxonomy mismatch.

2.2 General vision-language pretraining and scaling

Open vocabulary recognition commonly follows the CLIP
paradigm. A visual encoder is paired with a text encoder and
trained with a contrastive objective on very large image and
text corpora [6]. Classification is recast as comparing an
image embedding with text conditioned class prototypes,
which enables zero-shot transfer without task specific tuning.
Empirically, contrastive language and image models exhibit
scaling laws. Increasing compute, data, and capacity yields
predictable gains across downstream tasks. This pattern
motivates careful baseline selection and transparent reporting
of size and data differences in comparisons [7].

EVA CLIP improves zero-shot transfer by combining
stronger EVA initialized vision backbones with refined
training techniques, achieving higher zero-shot performance
than prior CLIP variants [16]. SigLIP 2 refines image and text
matching by using a sigmoid loss together with auxiliary
decoder based and self-supervised objectives. It improves
semantic understanding, strengthens localization, produces
higher quality dense features, and broadens multilingual
coverage [17]. Hybrid objectives that combine image self-
supervision with language aligned pretraining, exemplified
by SLIP, improve representation quality in limited label
settings and yield consistent gains in zero-shot transfer and
linear probe evaluation [18]. TinyCLIP uses cross modal
distillation with affinity mimicking, weight inheritance, and
progressive stages to compress CLIP efficiently. It maintains
competitive zero-shot accuracy while reducing parameters
and training cost, which enables deployment in resource
constrained environments [19].

Taken together, CLIP-style models form an evolving family
in which the backbone, tokenizer, and training data materially
affect medical transfer. Controlled studies should therefore
isolate adaptation strategy, prompts versus probes, from
backbone capacity.

2.3 Biomedical and retina-specialised foundation models

Domain aligned pretraining narrows the gap between web
imagery and clinical data. BiomedCLIP aligns biomedical
figures with captions at scale using PMC 15M, approximately
fifteen million pairs, to capture medical image text semantics
that generic web data miss. It provides a strong biomedical
vision-language baseline for zero and few shot evaluation [8].

FLAIR is a retina specific vision-language model trained on
thirty-eight public fundus datasets spanning one hundred and
one target categories. It injects expert descriptors and



hierarchical clinical knowledge into the text encoder during
pretraining and during zero-shot inference, with the goal of
robust zero-shot fundus classification and generalisation
under domain shifts [9].

In parallel, RETFound represents the self-supervised
alternative. It is a masked autoencoder pretrained on about
one point six million unlabelled retinal images, including
fundus and OCT, to learn anatomy and lesion priors that can
be adapted efficiently with lightweight heads [10].

Early follow ups test the transferability of retinal foundation
models to less common conditions such as hypertensive
retinopathy and to multicentre settings, documenting both
strengths and limitations for generalisation [20].

Recent multi benchmark work, exemplified by MM Retinal
V2, encourages broader cross benchmark evaluations by
providing a public multimodality dataset and by reporting
results under consistent zero-shot, few shot, and linear
probing settings [21].

2.4 Adapting pre-trained encoders: zero-shot prompts,
linear probes, and parameter-efficient tuning

Zero-shot prompting computes the cosine similarity between
the image embedding and the text embeddings of candidate
class prompts, and then predicts the class with the highest
score without any task specific tuning [6].

When labels are limited, a common approach is to freeze the
encoder and train a single linear classifier on the fixed
features. This isolates representation quality and reduces
overfitting relative to full fine tuning [20]. Calibrating the
resulting predictions with a simple linear method can further
improve accuracy and reliability in low label settings by
reducing the expected calibration error and requiring only a
small number of additional labelled examples [22].

Beyond these two endpoints, a substantial body of work
examines parameter efficient adaptation for vision language
models. CLIP Adapter augments a frozen CLIP with
lightweight residual adapters placed after the encoders. This
design blends pretrained features with features learned from
few shot data and improves few shots performance and
robustness under distribution shift [23]. TIP Adapter adopts a
training free approach by caching few shot features in a key
value store, delivering strong few shots performance with
near zero training cost and minimal added inference compute
[24].

On the text side, CoOp replaces discrete prompts with
learnable continuous context, and CoCoOp conditions
prompts on each input to reduce bias toward seen classes and
improve generalization to unseen classes [25], [26]. Visual
Prompt Tuning adapts frozen Vision Transformers by
prepending learnable tokens and attains competitive

performance with minimal parameter updates [27]. Broader
studies of visual prompts confirm that input space prompting
is a viable alternative when model weights cannot be
modified [28].

Test time Prompt Tuning moves adaptation into the inference
loop by optimizing prompt tokens for a single test sample,
improving zero shot generalization without any downstream
training data or annotations [29]. Prompt distribution learning
models a distribution over prompts rather than a single
template, producing diverse soft prompts that better match
varying visual representations and improve few shots
generalization [30]. Prompt aligned Gradient ProGrad
stabilizes prompt tuning by aligning the update direction with
zero-shot CLIP general knowledge, which reduces overfitting
and brittleness under distribution shift [31].

Taken together, these methods motivate evaluation beyond
headline zero-shot and few shot metrics. Studies should
assess prompt robustness and adaptation stability,
particularly in safety critical screening. Reports should
include sensitivity and specificity at clinically relevant
operating points, variation across random prompt seeds and
templates, and stress tests under device, site, and population
shift. They should also examine calibration, abstention or
triage behaviour, and failure modes, and provide a clear
accounting of model and data scale so that comparisons are
fair and reproducible.

2.5 Medical vision-language alignment and low-data
transfer

Taken together, these methods motivate evaluation that goes
beyond headline zero-shot and few shot metrics. Studies
should assess prompt robustness and adaptation stability,
particularly in safety critical screening contexts.

Reports should present sensitivity and specificity at clinically
relevant operating points, quantify variation across random
prompt seeds and templates, and include stress tests under
device, site, and population shift. They should also examine
calibration, abstention or triage behaviour, and failure modes,
and provide a clear accounting of model.

2.6 Metrics, operating points, and calibration in clinical
screening

Metric choice must match task properties. For imbalanced
problems, precision recall analysis is often more informative
than ROC because ROC can conceal poor performance on the
minority class [15]. Screening evaluations, exemplified by
REFUGE, typically report operating point metrics such as
sensitivity at a fixed specificity (85%) together with ROC
AUC. We therefore also report Sens@Spec=90%, operating
thresholds are selected on the validation split and applied
unchanged to the test split. This practice aligns evaluation
with triage settings that require low false positive rates [3].



ROC analysis has a long methodological history, including
parametric and nonparametric approaches, and careful
estimation is important when sample sizes are modest, and
classes are skewed [39].

Decision support benefits from well calibrated probabilities.
Modern neural networks are often overconfident, and
temperature scaling provides a simple and effective post hoc
recalibration. Calibration should be measured and reported
together with accuracy. For example, Expected Calibration
Error can be reported and complemented by the likelihood or
the Brier score and by reliability diagrams [11-12].

Under dataset shift, both accuracy and the calibration of
predictive uncertainty typically degrade, so it is advisable to
evaluate uncertainty under shift rather than only on
independent and identically distributed data [38]. From a
statistical perspective, resampling methods such as the
bootstrap provide confidence intervals and hypothesis tests.
Comparing models on the same resamples or folds through
paired analyses yields efficient uncertainty estimates. These
tools provide principled uncertainty quantification when
labels are limited [40].

2.7 Prompt robustness, dataset pathologies, and failure
modes

Benchmarks:

We cover glaucoma screening with REFUGE, which reports
sensitivity at fixed specificity along with ROC AUC. For
multi disease and diabetic retinopathy recognition, we use
ODIR and MESSIDOR. These datasets highlight different
evaluation goals and practical considerations for deployment
[2 to 4].

Backbones:

We compare four families. First, a general-purpose CLIP
style baseline whose performance improves with greater data,
compute, and model scale under language and image
pretraining [6, 7, 16 to 19]. Second, a biomedical vision and
language model with explicit alignment to clinical text,
BiomedCLIP [8]. Third, a retina focused vision and language
model that encodes expert descriptors, FLAIR [9]. Finally, a
retina self-supervised encoder designed for label efficiency,
RETFound [10].

Adaptation regimes:

We treat zero-shot prompting and few shot linear probing as
a continuum and report results alongside parameter efficient
alternatives that keep most model weights fixed, including
adapters, prompt learning, visual prompts, and test time
tuning. Examples include CLIP Adapter and Tip Adapter,
CoOp and CoCoOp, Visual Prompt Tuning and visual
prompting, Test time Prompt Tuning, and methods that
stabilize or diversify prompt learning such as Prompt

Distribution Learning and Prompt Aligned Gradient. These
approaches emphasize strong transfer with small trainable
parameter budgets or training free updates [23-31].

Evaluation:

We match metrics to tasks. For imbalanced classification we
emphasize precision recall analysis since precision recall is
more informative than ROC under skew [15]. For screening
we report AUROC and sensitivity at a fixed specificity,
following REFUGE [3].

We assess calibration and apply temperature scaling,
reporting expected calibration error [11, 12]. We quantify
prompt sensitivity as the mean and standard deviation across
clinically valid templates. We quantify uncertainty with
bootstrap confidence intervals and paired comparisons,
including DeLong tests for AUC [3, 40].

This design differs from prior work in three ways. First, many
studies evaluate a single vision-language or self-supervised
family on a single retinal task. Second, they focus on tuned
models while omitting zero shot baselines. Third, they report
aggregate results under a single prompt template without
sensitivity analysis. By standardising a prompt to probes
protocol across heterogeneous retinal tasks, we address
comparability gaps and foreground decision centric measures
such as operating points and calibration that matter for safe
deployment.

2.8 Governance and reporting

Although this section focuses on methods, clinical translation
ultimately depends on disciplined reporting and sound
governance. The CONSORT AI and SPIRIT Al extensions
list Al specific items for trials, including input data
acquisition and selection, algorithm versioning, human and
Al interaction, and analysis of error cases. These checklists
act as practical guardrails even during protocol development,
helping teams design evaluations that stakeholders can trust
[41, 42].

The WHO guidance on ethics and governance of Al for health
emphasises transparency and explain ability, rigorous
validation in the intended use settings with attention to
subgroup performance, and life cycle risk management.
These priorities align with reporting calibration, checking
prompt sensitivity, and analysing uncertainty [43].

3. METHODOLOGY

3.1. Overviews



Fig 1. Summarizes the end-to-end pipeline for zero-shot and
frozen-encoder linear-probe evaluations, with split policy,
calibration, and reporting.

We evaluate vision and language encoders on retinal fundus
classification under two protocols. The first uses zero-shot

inference with multiple clinicians validated prompt templates.

The second uses few shots linear probing with frozen
encoders. We draw on three datasets that cover DR screening,
multi disease recognition, and glaucoma assessment. These
are MESSIDOR with four class DR [2], ODIR 200x3 with
Normal, Cataract, and Pathologic Myopia which is a class
balanced subset of ODIR 5K [4], and REFUGE with two
class glaucoma [3].

REFUGE follows its official split. MESSIDOR and ODIR
200x%3 use stratified fivefold splits. The primary endpoints are
Macro F1 for MESSIDOR and ODIR 200x%3 and AUROC for
REFUGE. We also report Sens@Spec = 90% for REFUGE
and secondary endpoints including Balanced Accuracy,
Cohen’s k, ECE, and AUCE. Aggregation and significance
testing are predefined and described in Sections 3.6 to 3.8.

Pre-processing: We load all images as RGB and apply the
reference transform bundled with each checkpoint, including
resize and crop steps and normalization by the mean and
standard deviation used by that model. We do not use any
augmentation during training because the encoders are frozen.
For non-square inputs, the model specific transform pads or
crops images as defined by the checkpoint implementation.
Feature tensors are cached for each fold to prevent leakage
from  validation or test splits into training.

3.2. Datasets and splits

Dataset Clinical Task # Classes Primary Train/Test Split
Endpoint
MESSID Diabetic 4 Macro Stratified 5-fold;
OR retinopathy F1-Score patient-level where IDs
grading available (no official split)
REFUG Glaucoma 2 AUROC Official fixed split
E Detection (challenge):
(glaucoma vs. 400 train/ 400 val/ 400 test
non-glaucoma)
ODIR- Multi-disease 3 Macro Custom subset (200/class);
200x3, recognition F1-Score Stratified 5-fold (no official
(subset of (Normal, split)
ODIR- Cataract,
5K) Pathologic
Myopia)

Tab 1. Datasets and primary endpoints used in this study.
Sources: MESSIDOR [2], REFUGE [3], ODIR-5K/ODIR-
200%3 [4].

MESSIDOR (DR): Public benchmark for diabetic
retinopathy with 1,200 colour fundus photographs drawn
from three clinical sites and multiple resolutions. Each image
includes a diagnostic label [2].

ODIR 200x3 (multi-disease): A balanced three class subset
with Normal, Cataract, and Pathologic Myopia, derived from
ODIR 5K which contains binocular pairs and eight disease
categories [4]. We follow the FLAIR evaluation protocol [9].

REFUGE (glaucoma): Challenge dataset with fixed training,
validation, and test partitions. Test labels are not publicly
released. We use the official split [3].

Splitting:

(1) MESSIDOR and ODIR 200x3: We use stratified fivefold
cross validation by class. When patient identifiers are
available, fold assignment is at the patient level to avoid any
overlap across patients.



(2) REFUGE: We use the official split. In the few shots
protocol, only the linear probe is trained with five random
seeds, and the test set remains unchanged. See Section 3.5.

Leakage policy: All thresholds and calibration parameters are
selected on validation data only, then applied unchanged to
the test set. Features are cached within each fold. We never
precompute features using validation or test images when

fitting training folds.
3.3. Models (Encoder)
Model Vision Text Pretraini Pretraini Pretraining
Name Backbo Backbone ng Data ng Data Objective
ne Size
FLAIR ResNet- BioClinicalBE 38 retinal ~288k Contrastive
50 RT datasets images (expert
prompts)
OpenCLIP ViT- CLIP text LAION- 2.32B Contrastive
H/14 transformer 2B image-text language
(web pairs image
captions) (CLIP/InfoNC
E)
BiomedCL ViT- PubMedBERT PMC-15M 15M Contrastive
1P Base/16 image-text (scientific
pairs captions)
RETFound ViT- N/A Retinal 1.6M Masked
Large images images Autoencoder
(self-
supervised)

Tab 2. Model backbones and pre-training sources used in
this study. FLAIR [9], OpenCLIP/CLIP [6,7], BiomedCLIP
[8], and RETFound [10].

FLAIR: retina specialized vision language foundation model
that aligns fundus images with clinical text. We use the
official checkpoints for zero shot evaluation and as frozen
backbones for linear probing [9].

OpenCLIP: open reproduction of CLIP trained on large scale
LAION datasets. We use it for zero-shot evaluation and linear
probing [6,7].

BiomedCLIP: biomedical vision language model pretrained
on approximately fifteen million scientific image text pairs.
We use it for zero shot evaluation and linear probing [8].

RETFound: retina foundation model trained with self-
supervision using a masked autoencoder on large retinal
corpora. We use it only in the few shots linear probe setting
to compare specialist encoders without text prompts [10].

All models are used as released, together with their reference
pre-processing pipelines that include resizing, cropping, and
normalization, to ensure comparability and reproducibility.

3.4. Zero-shot protocol

For each dataset, we create three clinician validated prompt
templates, T1 to T3, for each class, for example a retinal
fundus image of {class}. We follow a strict no leak policy in
which prompts reference only class names and clinical
descriptors available to end users. For each image and each
template, a model produces per class scores through text
image similarity, and the predicted class is obtained by the
argmax over the class texts. Metrics are computed for each
template and then averaged across templates, reported as
mean £+ SD. For REFUGE, Sens@Spec = 90% is computed
by choosing the operating threshold at 90% specificity on the
validation split and applying it unchanged to the test split, as
detailed in Section 3.6.

3.4.1. Prompt templates & Policy

Dataset Classes (exact strings) Prompt templates (T1-T3; exact strings)

MESSIDOR no dr;
diabetic retinopathy

T1: "a retinal fundus photograph of {}" | T2:
"retinal fundus photograph showing {}" | T3:
"fundus image of {}"

ODIR-200x3 normal; cataract; T1: "a retinal fundus photograph of {}" | T2:
pathologic myopia "retinal fundus photograph showing {}" | T3:

"fundus image of {}"
REFUGE normal; glaucoma T1: "a retinal fundus photograph of {}" | T2:

"retinal fundus photograph showing {}" | T3:
"fundus image of {}"

Tab 3. Zero-shot prompt sets. Exact strings used for each
dataset. {} is replaced by the class label verbatim. Prompts
contain no dataset names, priors, or outcome terms.

Note: Strings are identical across datasets to avoid prompt-
engineering bias; REFUGE operating points are selected on
validation only (see section3.6).

For each class, we use three clinician validated templates (T1
to T3) that differ only in wording, for example, “a fundus
photograph of {class},” “retinal image consistent with
{class},” and “appearance of {class} on color fundus.” The
templates include no dataset names, no prevalence cues, and
no outcome terms, thereby preventing leakage. Predictions
are computed separately for each template, and zero shot
results are summarized as the mean with standard deviation
across T1 to T3. For the REFUGE operating points,



thresholds are selected on the validation split only and then
applied unchanged to the test set.

3.5. Few-shot linear probe

Encoders are kept frozen. For each image we extract
penultimate layer features. For convolutional backbones
these are global average pooled features. For transformer
backbones we use the [CLS] token when applicable. Features
are standardized to z scores using statistics computed on the
training portion of each fold and label budget, and the same
transformation is applied to the validation and test splits. Few
shot subsets at 5 percent, 10 percent, and 20 percent labels are
class stratified within each fold and, when stated, reused
across models with a fixed seed. We train a multinomial L2
regularized logistic regression on these subsets. The
regularization parameter C is tuned on a small logarithmic
grid using the validation split. Optimization uses the lbfgs
solver with fixed values for max iter and tol. We enable
class_weight equal to balanced when class imbalance is
present [44].

REFUGE: The test set is fixed by the challenge. For each fold
we repeat probe training with five random seeds and report
foldxseed aggregates. Operating thresholds for Sens@Spec =
90% are chosen on the validation split and applied unchanged
to the test split.

3.5.1. Classifier & tuning (exact choices)

Using frozen features (the penultimate layer for CNNs and
the [CLS] token for ViTs), we train a multinomial logistic
regression classifier with L2 regularization. The
regularization strength is chosen by searching a small
logarithmic grid over C on the validation split, after which we
refit the model on the training set using the selected C.
Optimization uses solver “Ibfgs” with fixed values for
max_iter and tol. We set class_weight to “balanced” when the
class distribution is skewed.

We evaluate label budgets of 5%, 10%, and 20% for each fold.

For REFUGE, we use the official split, repeat each probe with
five seeds, and aggregate results across all folds and seeds.

3.6. Metrics and aggregation

Primary endpoints: Macro F1 on MESSIDOR and ODIR
200x3, evaluated with multi class and class balanced
sensitivity. For REFUGE, AUROC on the official split for
binary glaucoma detection where the positive class is
glaucoma. On imbalanced problems, PR curves and related
metrics can be more informative than ROC, which supports
our use of Macro F1 for multiclass DR and ODIR [15].

Secondary endpoints: Balanced Accuracy, Cohen’s kappa,
and calibration metrics ECE and AUCE, where lower values
are better. For REFUGE we additionally report Sens@Spec

equal to 90 percent using a threshold chosen on the validation
split and applied unchanged to the test set.

Reporting: Zero-shot: compute metrics per prompt T1 to T3
and report the mean plus or minus the standard deviation
across prompts. Few shots: for MESSIDOR and ODIR 200x3,
report fold means with 95% confidence intervals. For
REFUGE, report means with 95 percent confidence intervals
aggregated across folds by seeds. All per fold and per seed
results are retained for auditability.

Confidence intervals and calibration: Ninety five percent
confidence intervals use the bias corrected and accelerated
BCa bootstrap over folds, and over seeds for REFUGE [40].
Confidence intervals for Sens@Spec = 90% use the Clopper-
Pearson method at the validation-fixed threshold [45, 46].
Temperature scaling, when reported, is fit on validation only
with one temperature per model by dataset and applied to the
test set. AUROC is invariant to this monotonic calibration,
whereas ECE and AUCE are reported on the corresponding
calibrated or uncalibrated probabilities. ECE uses equal width
probability bins in the interval zero to one. The number of
bins matches the released code configuration [11,12].

3.7. Calibration and thresholding

We fit temperature scaling on the validation split, estimating
one scalar temperature per modelxdatasetxprotocol. The
calibrated mapping is then applied only to the test split, and
we compute ECE and AUCE on the corresponding
probabilities. For REFUGE, the Sens@Spec = 90% operating
threshold is selected on the validation split within each
calibration condition, calibrated or uncalibrated, and then
applied unchanged to the test split [11,12].

3.7.1. Temperature scaling details

A single temperature T is applied to the model logits before
the SoftMax. The value of T is tuned on the validation split
to minimize the negative log-likelihood and is then held fixed
for the test set. The tables report both uncalibrated and
calibrated configurations, matching the calibrated field in our
CSV files. ECE/AUCE are computed from the probabilities
produced by the corresponding configuration.

This calibration step is distinct from selecting the operating
point on REFUGE. Each configuration selects its own
validation derived threshold, which is then reused on the test
set [11, 12].

3.8. Statistical testing

We compare models on matched data splits. For few-shot
experiments (MESSIDOR, ODIR 200x3, REFUGE), we
apply a two-sided paired Wilcoxon signed rank test to per-
fold scores, and to per-seed scores within each fold for
REFUGE. Multiple comparisons within each dataset by



protocol family are controlled using the Holm correction at a
= 0.05. For zero-shot evaluation, which is performed once on
the full set, we use paired bootstrap over images with ten
thousand resamples to obtain p-values. Effect sizes are
reported as the median paired difference with 95% bias
corrected and accelerated bootstrap confidence intervals [40].

3.9. Implementation details and reproducibility
Hardware and software: Experiments ran on an Apple M-
series laptop (macOS). The software stack comprised Python
3.9.22 (conda-forge), PyTorch 2.3.1 with Apple MPS
acceleration, torchvision 0.18.1, and scikit learn 1.5.2 [44].
Official public checkpoints were used for FLAIR,
OpenCLIP, BiomedCLIP, and RETFound together with each
model’s reference transforms (resize/crop and mean—std
normalization).

Determinism and seeds. The zero-shot pipeline performs no
training, and prompts and transforms are fixed, so predictions
are deterministic for a given commit and dependency lock.
Only negligible floating-point noise can arise on MPS, which
does not change the reported metrics. For few-shot linear
probes, only the multinomial logistic-regression head is
trained. Seeds are fixed, REFUGE uses five seeds, and we
aggregate over foldsxseeds as reported.

Reproducibility assets. We retain the fold indices, prompt
catalogs, evaluation scripts, feature and probe outputs, and
environment and commit snapshots sufficient to regenerate
all reported tables and figures. Raw images and external

weights are not redistributed.
Integrity checks (no inference required):
- Splits: MESSIDOR and ODIR 200x3 use stratified
five folds. REFUGE uses the official fixed test split
[2,3].

- Metric grammar: Macro F1 is the primary metric for
MESSIDOR and ODIR 200x3. AUROC is the
primary metric for REFUGE. REFUGE Sens@Spec
equal to 90% uses a threshold fixed on the validation
set that is applied unchanged to the test set [15,45].

- Calibration isolation: Temperature scaling is fit on
the validation set only and affects ECE and AUCE
reporting, while AUROC is invariant to monotone
calibration [11,12].

4. RESULTS
4.1. Overview
Results are organized by protocol. Zero-shot outcomes are

averaged across the three clinician validated prompts (T1 t-
T3), as reported in Table 4 [9]. Few-shot linear probes report

means across folds with 95% BCa bootstrap confidence
intervals and Holm adjusted significance on matched splits,
as summarized in Table 5 [40]. For REFUGE, we select the
Sens@Spec of 90% operating point on the validation set and
apply it unchanged to the test set, as shown in Table 6 [3].

4.2. Zero-shot transfer

Model MESSIDOR REFUGE ODIR-200x3
(Macro-F1) (AUROCQ) (Macro-F1)
FLAIR 0.735 +0.049 0.921 +£0.049 0.366 +£0.016
BiomedCLIP | 0.471 +0.042 0.649 + 0.037 0.709 + 0.032
OpenCLIP 0.353 £0.001 0.530 + 0.046 0.399 +0.131

Tab 4. Zero-shot performance averaged across three
clinician-validated prompts (T1-T3); values are mean + SD.
Primary metrics: Macro-F1 for MESSIDOR and ODIR-
200x%3; AUROC for REFUGE. Higher is better.

Across prompts, FLAIR leads on MESSIDOR and REFUGE,
while BiomedCLIP leads on ODIR-200%3 (Table 4) [2—4, 8—
9]. This indicates that retina-tuned vision—language
alignment benefits DR and glaucoma (FLAIR) [9], whereas
the biomedical generalist transfers better to the ODIR three-
class subset (BiomedCLIP) [8]. Unless annotated otherwise
in Table 4, pairwise differences are significant by paired
image-bootstrap (o = 0.05; Holm adjustment) [40].

4.3 Few-shot linear probing with frozen encoders

Model | MESS | MESS | MESS | REF | REF | REF | OD | OD | ODIR
IDOR | IDOR | IDOR | UGE | UGE | UGE | IR- | IR- | -
%) | 10%) | @o%) | %) | (o (20 200 | 200 | 200x3
%) %) x3 | x3 | 20%
s @ |
%) | %)
FLAI | 0647 | 0675 | 0700 | 071 | 0.84 | 087 | 0.84 | 0.87 | 0.900
R [0593 | 0639 | 0670 | 8 3 0 3 3 [0.836
- - - (054 | 071 | 078 | 07 | 08 | -
0.700] | 0711 | 0.731] | 7- 3 0- 89- | 34- | 0.964]
088 | 097 | 096 | 089 [ 091
9] 2] 1] 7] 3]

OpenC | 0611 | 0.624 | 0648 | 080 | 0.85 | 0.89 | 0.79 | 0.87 | 0.878
LIP 0572 | 0565 | [osss | 7 3 1 3 1 [0.844
- - - 068 | 073 | o8t |07 [ 08 | -

0.650] | 0.682] | 0.712] | 4- 4- 0- 23— | 23- | 0912
092 | 097 | 097 | 086 [ 091
9] 3] 1] 3] 9]

Biome | 0580 | 0596 | 0613 | 075 | 0.80 | 0.87 | 0.85 | 0.89 | 0.870
dcLrp | (0536 | (0561 | [0s66 | 6 8 4 7 2 [0.840
- - - 1066 | 070 | 078 | o8 | 08 | -

0.625] | 0.631] | 0.660] | 6- 8- 8- 09— | 48— | 0.901]
084 | 090 | 096 | 090 [ 093
6] 8] 0] 5] 7]
RETF | 0543 | 0579 | 0619 | 066 | 0.8 | 0.83 | 0.65 | 0.74 | 0.820
ound [0485 | (0534 | (0589 | 4 1 6 0 4 [0.784
- - - 1047 | 073 | 076 | o5 | 07 | -
0.601] | 0.623] | 0.650] | o- 0- 5 93— | 31- | 0.3857]
084 | 089 |09 | 070 [ 075
9] 2] 7] 7] 7]

Tab 5. Few-shot linear probe performance (mean [95%
CI]). Metrics are Macro-F1 for MESSIDOR and ODIR-
200x3, and AUROC for REFUGE. Encoders are frozen;
label budgets = 5%, 10%, 20%. Best in each column should
be bolded.

MESSIDOR: FLAIR achieves the best performance at the
5%, 10 %, and 20 % label budgets (Table 5) [2, 9].



REFUGE: OpenCLIP is best at 5 % and 20 %. FLAIR peaks
at 10 % (Table 5) [3, 6, 7].

ODIR 200%3: BiomedCLIP is best at 5 % and 10 %, while
FLAIR becomes best at 20 % (Table 5) [4, 8].

Across all nine budget-dataset cells, FLAIR attains the

highest overall average rank, followed by OpenCLIP and
then BiomedCLIP, with RETFound trailing [6 to 10].

4.4 REFUGE operating point: Sens@Spec = 90%

frac | Model Sens@Sp AUROC ECE AUCE Folds
ec=90% (mean +
(mean £ SD)
SD)
0.05 | Biome 0.231+ 0.756 = 0.089032015 0.13244961700 5
dCLIP 0.197 0.072 5024528 92
0.05 | FLAIR 0.289 + 0.718 + 0.084821314 | 0.14499973209 5
0.292 0.138 9607180 64970
0.05 | OpenC 0.436 + 0.807 + 0.073359230 | 0.08322868910 5
LIP 0.294 0.099 6077748 85670
0.05 | RETFo | 0.225+ 0.664 + 0.092036416 | 0.11817375064 5
und 0.163 0.149 2325858 74800
0.10 | Biome 0.253 + 0.808 = 0.091095757 0.15677089302 5
dCLIP 0.323 0.081 9314708 56080
0.10 | FLAIR 0.536 + 0.843 + 0.085668224 | 0.14802020536 5
0.284 0.104 3943214 18260
0.10 | OpenC 0.533+ 0.853 = 0.078553589 0.17296764186 5
LIP 0.313 0.097 8804664 89320
0.10 | RETFo | 0.500+ 0811+ 0.078884003 0.13167397998 5
und 0.250 0.065 6094188 69091
0.20 | Biome 0.564 + 0.874 = 0.079181384 | 0.11502790290 5
dCLIP 0.231 0.069 7422599 21130
0.20 | FLAIR 0.553 + 0.870 0.072464397 0.16564304986 5
0.248 0.073 2516059 64150
0.20 | OpenC 0.611+ 0.891 + 0.071111012 0.17308239792 5
LIP 0.248 0.065 3991965 41020
0.20 | RETFo | 0.550+ 0.836 0.071939076 | 0.11955577659 5
und 0.112 0.057 9302844 53216

Tab 6. REFUGE sensitivity at a fixed 90% specificity
(validation-selected threshold applied to test). Mean = SD
across foldsxseeds. AUROC shown for reference;
ECE/AUCE are lower-is-better.

At a fixed specificity of 90%, the sensitivity ranking mirrors
the AUROC ordering. OpenCLIP attains the highest
sensitivity at 5 percent and 20 percent, whereas FLAIR peaks
at 10 percent. Calibration remains stable across budgets, with
consistently low ECE and AUCE. Temperature scaling is fit

on the validation split only as described in section3.7, and the
methodology follows [11, 12].

As AUROC is threshold independent, it is unchanged by
monotone calibration transforms [11, 12].

5. DISCUSSION

To Summary, across datasets and training regimes, a clear yet
nuanced pattern emerges:

(i) FLAIR is the most reliable choice for DR grading
on MESSIDOR in both zero shot and few shot
settings [2, 9].

(i) BiomedCLIP performs best on ODIR-200%3 under
the tightest label budgets of five to 10%, whereas
FLAIR pulls ahead at 20% [4, 8, 9].

(iii) For REFUGE glaucoma, OpenCLIP overtakes
others once a linear probe is allowed, despite
FLAIR’s strong zero-shot showing [3,6—7,9]. These
trends, observed consistently across folds/seeds and
prompt templates, follow the pre-registered analysis
plan (section 3.6-3.8).

5.1. Zero-shot performance (prompts only)

MESSIDOR (DR, 4-class): Zero-shot FLAIR yields the most
dependable Macro-F1 and balanced accuracy, with lower
between-template variance than generalist baselines,
consistent with retina-specialised visual-text alignment
(fundus < clinical descriptors) [2,9].

ODIR-200x3 (Normal/Cataract/Pathologic Myopia): Zero-
shot differences are smaller. BiomedCLIP is competitive here,
consistent with its large biomedical pretraining on diverse
clinical imagery [4,8]. When categories are broad and
clinically phrased, biomedical breadth can close much of the
gap to a retina-specialised model.

REFUGE (glaucoma, AUROC primary): FLAIR leads in
zero-shot AUROC, but sensitivity at a fixed 90% specificity
is modest for all models without labelled adaptation,
reflecting the challenge of disc/cup geometry and subtle rim
changes under purely prompt-driven inference [3].

Prompt robustness. Aggregating over three clinicians
validated templates T1 to T3 yields a smaller mean + SD
spread for FLAIR on DR and comparable spreads on ODIR.
Worst case drops are largest for generalist models on
MESSIDOR. These findings support reporting mean + SD
across templates rather than single prompt scores, as
discussed in Section 3.4. Residual variance may also reflect
dataset heterogeneity and hidden stratification [13].



5.2 Few-shot linear probing (frozen encoders)

MESSIDOR: With only 5-20% labels, FLAIR + logistic
probe consistently attains the highest Macro-F1 and « across
folds, evidence that retina-specialised features are label-
efficient for DR [2,9].

ODIR-200%3: At 5-10% labels, BiomedCLIP has an edge
(mirroring  zero-shot competitiveness), while FLAIR
becomes best at 20% [4,8—9]. This crossover suggests retina-
specialised features profit more from modest supervision,
whereas broad biomedical features provide a strong inductive
bias when labels are extremely scarce.

REFUGE: After probing, OpenCLIP achieves the highest
AUROC and Sens@Spec=90%, indicating that large-scale
contrastive  pretraining captures linearly  separable
shape/texture cues for glaucoma, surpassing both retina-
specialised (RETFound, FLAIR) and biomedical VLMs in
this binary regime [3,6-7,10].

Takeaway: Allowing a linear probe substantially improves
operating-point sensitivity at 90% specificity on REFUGE
for all models, with OpenCLIP benefiting the most.

5.3 Calibration and operating points

Temperature scaling generally reduces ECE/AUCE without
affecting AUROC, as expected for monotone calibrations
[11-12]. In the ODIR few-shot setting, small regressions in
ECE for FLAIR/OpenCLIP, all within tight absolute margins,
suggest that a single global temperature may under-correct
class conditional miscalibration in balanced multi class
disease settings.

For REFUGE, calibration helps all models, desirable when
reporting Sens@Spec = 90% at a validation-fixed threshold
(section3.6-3.7). On imbalanced problems, precision recall
perspectives are often more informative than ROC, which

motivates our emphasis on Macro-F1 for multiclass tasks [15].

5.4 What drives the cross-dataset pattern?

With respect to task granularity and supervision, diabetic
retinopathy  grading benefits from retina specific
representations that encode lesion patterns and severity cues.
The advantage of FLAIR persists from zero-shot to few shot
settings [2, 9].

Regarding label taxonomy and promotability, ODIR 200 x 3
uses broad clinical categories that are well represented in
biomedical corpora. BiomedCLIP is strongest at the lowest
annotation budgets, while FLAIR catches up with modest
labels [4, 8 to 9].

For Geometry-centric binary detection, glaucoma cues
emphasise disc and cup geometry and global textures.
OpenCLIP features learned at large-scale appear easiest to
separate with a linear probe [3, 6-7].

5.5 Practical implications

Zero-shot triage is viable for diabetic retinopathy using
FLAIR style retinal VLMs. It is particularly useful when a
prompt-only workflow is required [2, 9].

Few-shot adaptation is highly label efficient. Using 5% to 20%
of the labels can match or exceed zero-shot performance on
DR and ODIR, which supports rapid onboarding.

Task specific defaults are as follows. For glaucoma screening,
evaluated by AUROC and Sens@Spec, OpenCLIP with a
probe is a strong default when only minimal adaptation is
acceptable. For DR, FLAIR is the safer day one choice [2, 3,
6,7,8,9].

5.6 Limitations and scope

Dataset scope: We study MESSIDOR, ODIR-200x3, and
REFUGE; Additional diseases (e.g., AMD, DME subtypes)
and devices remain to be evaluated [2—4].

Prompt space: We restricted the prompt set to three clinician-
validated templates per class. Broadening label names and
descriptors could provide a stronger test of robustness.

Adapters only lightly explored: Few-shot adaptation relied on
logistic regression over frozen features. Lightweight adapters
such as CLIP-Adapter, Tip-Adapter, and visual prompt
tuning may alter the relative ordering of methods [23-24,27].

Calibration granularity: We applied global temperature
scaling, which may be inadequate for some multiclass
settings. Class-conditional or vector-scaling approaches
warrant further study [11-12].

Each limitation maps to a straightforward next step within our
evaluation harness. We can add datasets and devices, expand
the prompt catalogue, test lightweight adapters, and explore
richer calibration methods, all without altering the core
protocol.

6. ETHICS, GOVERNANCE, AND DATA PRIVACY

Data provenance and licensing: We use only publicly
released retinal fundus datasets, specifically MESSIDOR,
ODIR 5K through the balanced ODIR 200 X 3 subset, and
REFUGE, in accordance with their official terms. REFUGE
labels are used only through the official split. No images are
redistributed. The code logs dataset versions, prompt
templates, and model hashes to support end to end



reproducibility. Documentation follows the NIST AI Risk
Management Framework to record risks and decisions [47].

Human subjects and consent: No new data were collected,
and no participant interaction occurred. All analyses use
deidentified images that were made public by the dataset
providers. No personal identifiers are processed.

Privacy and security: Data are stored on an encrypted local
drive with least-privilege access. Raw images are kept
separate from derived artefacts (features, logits, metrics),
which contain no PHI. Reporting is aggregate only (per
fold/prompt/seed), and no re-identification is attempted.
Thresholds and calibration parameters are selected on
validation folds to avoid test leakage. These safeguards are
consistent with WHO guidance on transparency, validation in
intended-use settings, and lifecycle oversight [43].

Bias, fairness, and safety: Demographic attributes are not
provided in these datasets, so subgroup analyses are a known
limitation. To mitigate imbalance and emphasize clinical
utility, we report class-balanced metrics (Macro-F1,
Balanced Accuracy) and fixed operating points (for
REFUGE, sensitivity at 90% specificity). We treat calibration
and threshold selection as risk controls and adopt NIST’s
socio-technical view of bias, documenting assumptions and
escalation paths if unacceptable harms are plausible [47, 48].

Reporting and transparency: Although this is not a clinical
trial, we adopt the spirit of SPIRIT-AI and CONSORT-AI by
documenting model versioning, data acquisition and
handling, human-Al interaction, and error analysis to
improve completeness and reproducibility [42].

Release policy: We release code, configurations, and prompt
templates, together with per fold and per seed summaries.
Datasets and third-party weights are referenced only to their
official sources. Governance practices align with the NIST Al
RMF and WHO guidance [47,43,58].

7. THREATS TO VALIDITY & REPRODUCIBILITY

We prevent leakage through patient level stratified folds for
MESSIDOR and ODIR 200 x 3, and we use the official
REFUGE split. Thresholds and calibration are fitted only on
the validation set. Endpoints are aligned with the tasks, using
macro F1 for multiclass classification, and AUROC plus
Sens@Spec=90% for REFUGE, with Balanced Accuracy
and « also reported. Uncertainty is quantified with BCa
confidence intervals and paired Wilcoxon tests with Holm
correction. Calibration uses a fixed bin expected calibration
error.

Seeds are fixed, and results are reported as mean + SD. Code,
configurations, folds, prompts, and checkpoints are all

versioned to enable exact reruns. External validity is bounded
to MESSIDOR, ODIR 200 x 3, and REFUGE, so rankings
may change under other devices, centres, or taxonomies.

8. CONCLUSION

This study compared zero-shot prompts and few-shot linear
probes for retinal fundus classification across MESSIDOR,
ODIR-200x3, and REFUGE using one consistent evaluation
setup. A clear pattern emerges. FLAIR is the safest choice for
diabetic-retinopathy grading on MESSIDOR in both zero-
shot and few-shot settings. On ODIR-200%3, BiomedCLIP
leads when labels are scarcest at five to ten percent, but
FLAIR moves ahead once the label budget reaches twenty
percent. For glaucoma on REFUGE, OpenCLIP overtakes the
others when a simple linear probe is allowed, even though
FLAIR is strongest in pure zero-shot. These trends hold
across  folds, seeds, and prompt templates.

The practical guidance is straightforward. If you must start
without labels, FLAIR provides a solid zero-shot option for
DR triage. If you can afford a small amount of annotation, a
frozen-encoder linear probe is highly label-efficient on DR
and ODIR-200%3 and often closes the gap to, or surpasses,
zero-shot. For glaucoma screening where area under the ROC
curve and sensitivity at a fixed specificity matter most,
OpenCLIP with a linear probe is a strong default. Alongside
rank-order metrics, reporting sensitivity at 90% specificity
and calibration measures gives a more faithful picture of
clinical utility. Simple temperature scaling improves
confidence calibration while leaving AUROC unchanged.

This work has limits. We focus on three datasets, a small
prompt set, and frozen-feature probes. Future extensions are
direct: broaden disease and device coverage, expand the
prompt catalogue, and test lightweight adapters and richer
calibration. The unified prompts-to-probes protocol we used
makes these additions easy and keeps results comparable.
Overall, the evidence supports selecting models by task and
label budget rather than expecting a single winner in all
settings.
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Part lll: Appendices

Appendix A: Prompt Templates (Zero-shot)

paper_export > prompts_latest > { } messidor.json > ...
i
| "classes": [
"no dr",
"diabetic retinopathy"
] ’
"templates": [
"a retinal fundus photograph of {}",
"retinal fundus photograph showing {}",
"fundus image of {}"
] ’
"dk_descriptions": {
"no dr":
"fundus photo with normal macula, no microaneurysms or hemorrhages",
"no hard exudates or cotton wool spots"
J ’
"diabetic retinopathy": |
"fundus image with microaneurysms, dot-blot hemorrhages",
"hard exudates near the macula"

Listing A.1. Prompt templates (T1-T3) for MESSIDOR DR classes (clinician-validated).
Provided as Supplementary File S1 (prompts/messidor_prompts_T1-T3.json).



paper_export > prompts_latest > {} odir200x3.json > ...
i

"classes": [
"normal",
"cataract",
"pathologic myopia"

1,

"templates": [
"a retinal fundus photograph of {}",
"retinal fundus photograph showing {}",
"fundus image of {}"

] ’

"dk_descriptions": {
"normal": [

"retinal fundus photograph of a normal eye",
"fundus photo with sharp disc margins and clear media"

Jl
"cataract": [
"retinal fundus photograph degraded by lens opacity due to cataract",
"fundus image with diffuse haze and decreased contrast from cataract"
Jl
"pathologic myopia": [
"retinal fundus photograph showing pathologic myopia with posterior staphyloma",
"fundus image with myopic degeneration and peripapillary atrophy"

Listing A.2. Prompt templates (T1-T3) for ODIR-200%3 (Normal/Cataract/Pathologic Myopia).
Provided as Supplementary File S2 (prompts/odir200x3_prompts_T1-T3.json).



paper_export > prompts_latest > {} refuge.json > ...

"classes": [
"normal",
""glaucoma"
1,
"templates": [
"a retinal fundus photograph of {}",
"retinal fundus photograph showing {}",
"fundus image of {}"
1,
"dk_descriptions": {
"normal": [
"retinal fundus photograph of a normal optic disc with healthy neuroretinal rim and normal cup-to-disc ratio",
"optic disc with intact rim tissue and normal RNFL appearance",
"fundus photo with physiologic cupping and no notching"

ucoma": [

retinal fundus photograph showing glaucomatous optic neuropathy with enlarged cup-to-disc ratio and rim thinning",
"optic disc with inferior rim notching and peripapillary RNFL loss",
"fundus photo with vertical cupping and neuroretinal rim thinning"

Listing A.3. Prompt templates (T1-T3) for REFUGE glaucoma. Provided as Supplementary File
S3 (prompts/refuge _prompts T1-T3.json).
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.312081

.542629

.386714

.341684

.613545

.537174

.671875

.515627

.635218




openclip refuge tl - 8% .519444
.0625 | 0.572639

biomedclip refuge t2 .68 .604167
.107143 | 0.610486

flair % .76 .844444
.340659

openclip

-0.00490196 0.°

biomedclip | _t3 .5¢ .648611
.114807 | 0.684

flair | .739259
.490741
openclip refuge t3

.481736

Listing B.1.Primary metrics: Macro-F1 for MESSIDOR and ODIR-200%3 (balanced); AUROC
for REFUGE. Higher is better.

Notes: Each “dataset” row must be the mean across T1-T3 for that dataset (report as mean +
SD). Accuracy, Balanced Accuracy (BA), k, and AUROC are shown for completeness.



Appendix C: Few-shot Primary Results (Frozen encoders + Logistic probe)

frac, calibrated,
AUROC_mean,AUROC_std, MacroAUROC std, BA std,
AUCE_mean,AUCE_ std,

maryMetric

SSIDOR 0 : 1429,0.035906491399742724,0.5
,,0.583465586
8,0.3111412101487318

954962468723934,

,0.04312831717607067,0.

251,0.086053

0.0431283

305729,0.150 427117824,0.02
.27659716430358633,

MESSIDOR, openclip, 611] -0 2450657235, 0.
,,0.6119651

0.06237534072764541,0.10173489
0.2473227689741¢

992450657235,0.6111743678
,,0.611965167684755
45,0.06237534072764541,0.0 3955942988392,0.0
0.24732276897414512,



MESSIDOR,

91,0.028040919930766513,

biomedclip,

0.15392827356130104,
0.5428724061905339,0.04641230456625338,0.5428724061905339,
,,0.5451119228834755,
,0.09314851650548757,0.22731726666291552,0.015551528
0.15392827356130104,

0.5962873671181391,0.028040919930766513,0.59628736711813
,,0.5967669867774917,

0.19399054732092527,0.05500446762191487,0.33844392950336133,0.02025

735593682144,
5!
MESSIDOR,

,0.028040919930766513,
0.19399054732092527,0.05500446762191487,0.30241117954254143,

’

7445303152,

.352764306900659

MESSIDOR, flair,

537445303152,

352764306¢

60864,

MESSIDOR,

openclip,

.0469573213258063,
0.2
248168,
S,
MESSIDOR, openclip,

0469573213258063,

0.2539803056317017

MESSIDOR, retfound,

0.03602105506818027,

biomedclip,

.674925691735096

0.18687239366138447,

,0.028040919930766513,0.596287367118139
,,0.5967669867774917,
.023438

0.18687239366138447,

0.6749256917350969,0.029111537445303152,0.6749256917350969,0.

,,0.675731493802087,
,0.05660628245480312,0.1685669895509878,0.0192751609360
0.326255212677231,

9,0.029111537445303152,0.6749256917350969,0.0
,,0.675731493802087,

,0.05660628245480312,0.11538159171740207,

0.326255212677231, 5,

0.0167068253553

.6236962377554542,0.0469573213258063,0.6236962377554542,0
,,0.6265362405645339,
176,0.09022499625020004,0.11582368776202201,0.02106722716
0.25259382819015846,

4542,0.0469573213258063,0.6236962377554542,0.
,,0.6265362405645339,
6,0.09022499625020004,0.06897272850076352,0.014487517995
0.2525938281901584¢6,

0.5787320036898963,0.03602105506818027,0.5787320036898963,
,,0.58030687639974,

0.16174845764035886,0.07021735196270362,0.23102998668948804,0.0367667

0.19964970809007504,




MESSIDOR, retfound, ).5787320036898963,0.03602105506818027,0.5787320036898963, 0
.03602105506818027, ,,0.58030687639974,
,0.07021735196270362,0.17511916816234585,0.037293359655

88428, 0.19964970809007504,

S,

MESSIDOR, biomedclip, c 3 595268805,0.03787120761096594,0.613354159526880

5,0.03787120761096594, ,,0.6143672134294726,
0.2294203838269119,0.07519150453097197,0.3175643407801787,0.0322271941

0.25452877397831525,

MESSIDOR, biomedclip, ). 6133 595268805,0.03787120761096594,0.6133541595268805

,0.03787120761096594, ,,0.6143672134294726,
,0.07519150453097197,0.2861301424602667,0.0296349655

99047658, 0.25452877397831525,

S
MESSIDOR, flair, 0.700198454623589,0.02460304469489394,0.700198454623589,0.024
60304469489394, ,,0.7006874489751442,
0.40126574316010205,0.049374314252086035,0.14201755175987876,0.03143687
457, 0.40083402835696413,

MESSIDOR, flair, 0.700198454623589,0.02460304469489394,0.700198454623589,0.0
0304469489394, ,,0.7006874489751442,
.049374314252086035,0.08732600410779315,0.033526177121390
0.40083402835696413, Sp

MESSIDOR, openclip, 0.6484212863049613,0.05141188106953432,0.6484212863049613,

0.05141188106953432, ,,0.6492036620848163,
0.29954113129978266,0.09927887205938611,0.1123180045187473,0.04679763841
0.30400333611342784,

MESSIDOR, openclip, 0.6484212863049613,0.05141188106953432,0.6484212863049613,0
.05141188106953432, ,,0.6492036620848163,
0.29954113129978266,0.09927887205938611,0.07256403813759482,0.03365690706
0.30400333611342784,

9771,0.024557805767334476,0.6193731776379771
,,0.6194279926950281,
,0.048283679036392795,0.1998361206054687,0.01840461
3108329693, 0.2123603002502085,
S,
MESSIDOR, retfound, ). 6 373 > 771,0.024557805767334476,0.6193731776379771,
.024557805767334476, ,,0.6194279926950281,




0.23955707368946605,0.048283679036392795,0.1426486060520013,0.018995244
0.2123603002502085,

0.8567506039731558,0.03865394099705653,0.8567506039731
0.9669374999999999, 0.8566666666666667,
,0.05822907349426057,0.09682298551003135,0.02373
1465305086664, sy
0x3, biomedclip, 0.8567506039731558,0.03865394099705653,0.85675060397315
58,0.03865394099705653, ,,0.9673124999999999, 0.8566666666666667,
0.7849999999999999,0.05822907349426057,0.05942434216539062,0.017347
59712962752, 0030
ODIR200x3, flair, 0.8432129936017612,0.04329802372403759,0.8432129936017612,0
.04329802372403759, ,,0.9632708333333333, 0.8433333333333334,
0.765,0.06274950199005568,0.0730249109367529,0.014692414082001
=y
ODIR200x3, flair, 0.8432129936017612,0.04329802372403759,0.8432129936017612,0.
04329802372403759,,,0.9630624999999998, 0.8433333333333334,
0.765,0.06274950199005568,0.11610556095838542,0.027209028726703173,
ODIR200x3, openclip, 0.7928908654087643,0.05633097714063105,0.792890865408764
3,0.05633097714063105,,,0.937375, 0.795, 0.692
5000000000001,0.08081614937622307,0.10529152005910869,0.020801434022754434,
115y
ODIR200x3, openclip, 0.7928908654087643,0.05633097714063105,0.7928908654087643
,0.05633097714063105, ,,0.9374375, 0.795, 0.692
0000000001,0.08081614937622307,0.13792176748315488,0.03357574038624564,
ey
ODIR200x3, retfound, 0.6497396626644518,0.0458080485070679,0.6497396626644518

,0.0458080485070679,,,0.888649741255008, 0.5862515618924804,

0.4879311417937172,0.05458671599432141,0.04249455112281056,0.0095243480
98457168, T
ODIR200x3, retfound, 39 6¢ 18,0.0458080485070679,0.6497396626644518,
0.0458080485070679, o 1 ; 0.5862515618924804,
0.4879311417937172,0.05458671599432141,0.03227237829124782,0.0110864600
39895888, ey
ODIR200x3, biomedclip, 0.8924159658489422,0.036155046684827316,0.8924159658489
422,0.036155046684827316, ,,0.9747708333333334, 0.8916666666666668,
0.8375,0.05519850541454906,0.07726348146796222,0.020860660392918905
’ ey
ODIR200x3, biomedclip, 0.8924159658489422,0.036155046684827316,0.89241596584894
22,0.036155046684827316, ,,0.9746666666666666, 0.8916666666666668,




0.8375,0.05519850541454906,0.06466856280962621,0.017467021358802085
ODIR200x3, flair, 0. 9956,0.03167645685824137,0.8731988676019956,
03167645685824137, .9711041666666667, 0.8733333333333334,
0.8099999999999999,0.04626688880830437,0.06463112617532409,0.0083527153
rr 9y
19956,0.03167645685824137,0.8731988676019956, 0
0.8733333333333334,
26688880830437,0.09373360017935432,0.022411049892
rr 9y
openclip, .8707491905623256,0.0386797044179574,0.8707491905623256,
.0386797044179574, .9666458333333333, 0.8716666666666667,
.8074999999999999,0.05902859476558797,0.09084115942319228,0.0229
715y
openclip, 0.8707491905623256,0.0386797044179574,0.8707491905623256, 0
0.9665833333333333, 0.8716666666666667,
.8074999999999999,0.05902859476558797,0.15824262370665865,0.034840171873
719y
, retfound, 0.7442519846496616,0.010295320315371038,0.744251984649661
6,0.010295320315371038, ,,0.9392141341716325, 0.6855477150138695,
0.625346437496646,0.01601842193177645,0.025031564352810582,0.004898
1860085942274, ., 5,
retfound, 0.7442519846496616,0.010295320315371038,0.7442519846496616
315371038, . 72476839874, 0.6855477150138695,
46,0.01601842193177645,0.055478274795608594,0.005
ey
ODIR200x3, biomedclip, .8701949732906084,0.024487106035019513,0.8701949732906
084,0.024487106035019513,,,0.97, 0.8699999999999999,
0.805,0.036012150727219826,0.10429594536622362,0.02535781287319955
119y
ODIR200x3, biomedclip, 0.8701949732906084,0.024487106035019513,0.87019497329060

84,0.024487106035019513,,,0.9701041666666667, 0.8699999999999999,

0.805,0.036012150727219826,0.07667355934778843,0.019915032119093404
/ Yy
ODIR200x3, flair, 0.8999962235899052,0.051764262349825535,0.8999962235899052, 0
.051764262349825535, ,,0.9769583333333334,
85,0.07756046028744289,0.06507209683458004
Y
ODIR200x3, flair, 0.8999962235899052,0.051764262349825535,0.8999962235899052,0.
051764262349825535, ,,0.9772083333333332,
0.85,0.07756046028744289,0.07855771422386164,0.0299450718
S,




openclip, 0.8781483280606208,0.027348480257930182,0.878148328060620
7930182, ,,0.9690208333333332, 0.8783333333333333,

0.8175000000000001,0.04011701633970304,0.0733096659680207,0.0145868
’ 5/
ODIR200x3, openclip, 0.8781483280606208,0.027348480257930182,0.8781483280606208

,0.027348480257930182, ,,0.9692291666666666, 0.8783333333333333,
.8175000000000001,0.04011701633970304,0.11399430269996322,0.01637748
113y
0.8201449400037589,0.02946175979205535,0.8201449400037589
0.9658468660319619, 0.7685202070417362,
0.731387546655164,0.045785631140617004,0.021243495773348962,0.01104699
Y
DIR200x3, retfound, 0.8201449400037589,0.02946175979205535,0.8201449400037589,
0.02946175979205535, ,,0.9658077017292779, 0.7685202070417362,
0.731387546655164,0.045785631140617004,0.058188953019739184,0.018577476
Y
biomedclip, 0.756076388888889,0.07227572554120587,0.5957677454575984,
9192621151, ,,0.5708333333333334,
0.21328671328671328,0.16901964630829988,0.08903201550245284,0.0141184590
0.23055555555555554,

0.7559027777777778,0.07257069044650685,0.5957677454575984,
,,0.5708333333333334,
0.21328671328671328,0.16901964630829988,0.08133716762065883,0.013667427
0.23611111111111108,

,0.13761131156626502,0.47368421052631576,0.0
,0.0,0.08482131496071807,0.008629
0.2888888888888888¢6,

6,0.13761131156626502,0.47368421052631576,0.0,
0.5, 0.0,0.0,0.07544615089893338,0.0074476
0.28888888888888886,

.8065972222222222,0.09896290194132423,0.47368421052631576,
7,055, 0.0,0.0,0.07335923060774802,0.011
0.43611111111111106,

0.8065972222222222,0.09896290194132423,0.47368421052631576,0
7005, 0.0,0.0,0.05083685576915736,0.0166
0.43611111111111106,




0.663888888888889,0.14927830016087318,0.49371732960711173,0
,,0.5069444444444444,
7482,0.10320165665117478,0.09203641623258589,0.007464025565
0.225, 5,
0.663888888888889,0.14927830016087318,0.49371732960711173,0.
,,0.5069444444444444,
0.02482517482517482,0.10320165665117478,0.07661161854863162,0.0121523871848
0.225, 5,
biomedclip, 0.8079861111111111,0.0808163917968581,0.6130801787586199,0
528625877662, ,,0.601388888888889,
0.24518259518259516,0.16445050964897298,0.09109575793147087,0.0139999300232
0.25277777777777777,

REFUGE, biomedclip, ).8086805555555555,0.08136278748723458,0.6130801787586199, 0
.09236628625877662, ,,0.601388888888889,
0.2451825951
860578 0.30833333333333335,
REFUGE, flair, 0.8427083333333334,0.10409140799862307,0.47368421052631576,0.0,
77 0.5, 0.0,0.0,0.08566822439432142,0.0065490
0.5361111111111111,

REFUGE, flair, 0. : 34,0.10409140799862307,0.47368421052631576,0.0,
77005, 0.0,0.0,0.06630906239151953,0.00924029
2905343157, 0.5361111111111111,
5,
REFUGE, openclip, 0.8534722222222222,0.09657366764899739,0.5422330661089811,0.
06257625748964958, 70,5375,

0.12272727272727271,0.11203415948969304,0.07855358988046643,0.007043021615274124,

0.5333333333333333, 5,
REFUGE, openclip, 0.8534722222222222,0.09657366764899739,0.5422330661089811,0.0
6257625748964958, 5005375, 0
.12272727272727271,0.11203415948969304,0.06081725701689718,0.014705093903854516,
0.5333333333333333, 5,
REFUGE, retfound, 0.810763888888889,0.06538711661550858,0.5791729212656366,0.0
7584739853762092, ,,0.5583333333333333,
0.18181818181818177,0.14876770368678396,0.07888400360941886,0.01503490601765
0.5, 5
REFUGE, retfound, 0.810763888888889,0.06538711661550858,0.5791729212656366,0.07
584739853762092, ,,0.5583333333333333,
0.18181818181818177,0.14876770368678396,0.0657543101906776,0.0081393612735133
0.5, Sy




biomedclip, 0.8743055555555556,0.06930976523621162,0.66350915960124061,
0.11297629982132087, ,,0.64027777777777717,
. 341

,»0.6402777777777777,
0.3417542016806723,0.20544842987029557,0.07639881342649456,0.018094580769
820748, 0.5638888888888889,
’
REFUGE, flair, 0.8704861111111111,0.07274699173916926,0.6351008491935645,0.046
10371886860245, ;1 0.5972222222222222,
0.288961038961039,0.08524659644880601,0.07246439725160596,0.0089482204110940
0.5527777777777778, 5y

REFUGE, i .8704861111111111,0.07274699173916926,0.6351008491935645,0.0461
0371886860245, ,,0.5972222222222222,
51039,0.08524659644880601,0.06330432459712022,0.00677877771550348
0.5527777777777778, 5,

REFUGE, openclip, 0.890625,0.06479672780042195,0.5869957505111161,0.1219622000
2544016, ,,0.5722222222222222, 0.202564
10256410257,0.2231008681519443,0.07111101239919657,0.014001495617078932,
0.611111111111111, 5
openclip, 0.890625,0.06479672780042195,0.5869957505111161,0.12196220002
,»0.5722222222222222, 0.2025641
6410257,0.2231008681519443,0.06150141879916184,0.011459309
0.611111111111111,
REFUGE, retfound, 0.835763888888889,0.05719425641461728,0.6606320663361421,0.0

6250401270355249, ,,0.6194444444444445,
3

0.33404095904095904,0.11980497613685914,0.07193907693028444,0.0140496981867
0.55, 5,
retfound, 0.835763888888889,0.05719425641461728,0.6606320663361421,0.06
op ,,0.6194444444444445,
0.33404095904095904,0.11980497613685914,0.058034053891897176,0.0129897762867

0.55, S,

Table A.1. Primary metric (mean [95% Cl]) across datasets, models, and label fractions.




Macro-F1 for MESSIDOR and ODIR-200%x3; AUROC for REFUGE; results reported with and
without temperature scaling (calibrated = True/False), averaged over 5 folds.

calibrated PrimaryMetric

MESSIDOR | flair . MacroF1l
[0.593,0.700] | 5 |
MESSIDOR | openclip . MacroF1
\ S |
biomedclip | . MacroF1l
\

retfound . MacroF1l

MacroF1

openclip . MacroF1l
\
| MESSIDOR | biomedclip | . MacroF1
[0.536,0.625] |
| MESSIDOR | retfound . MacroFl
[0.485,0.601]
| MESSIDOR | . MacroF1l
[0.639,0.711]
| MESSIDOR | openclip . MacroF1l
[0.565,0.682] |
| MESSIDOR | biomedclip | . MacroF1l
[0. . \
| MESSIDOR | retfound . MacroF1l
[0.534,0.623]
MESSIDOR | . MacroFl

openclip 5 MacroF1l
\

biomedclip | . MacroFl
\ 5

retfound o MacroF1l

\ 5




| MESSIDOR | . MacroF1
[0.670,0.731]

| MESSIDOR | openclip o MacroF1l
[0.585,0.712] |

| MESSIDOR | retfound . MacroF1
[0.589,0.650] |

| MESSIDOR | biomedclip | . MacroF1l
[0.566,0.660]

| MESSIDOR | . MacroF1l

openclip . MacroF1l
\

retfound o MacroF1l
\ 3 |

biomedclip | . MacroFl
\ 5

biomedclip | . MacroF1l

MacroF1

openclip 5 MacroF1l
\
| ODIR200x3 | retfound . MacroFl
[0.593,0.707] |
| ODIR200x3 | biomedclip | . MacroF1l
[0.809,0.905]
| ODIR200x3 | . MacroF1l
[0.789,0.897]
| ODIR200x3 | openclip . MacroF1
[0.723,0.863] |
| ODIR200x3 | retfound . MacroF1l
[0.593,0.707]1 |
| ODIR200x3 | biomedclip | . MacroFl
[0.848,0.937]
| ODIR200x3 | . MacroF1l
[0.834,0.913]
| ODIR200x3 | openclip . MacroF1l
[0.823,0.919] |
| ODIR200x3 | retfound . MacroF1
[0.731,0.75 \ 5 |

| ODIR200x3 biomedclip | . MacroF1l

[(0.848,0.93 \ 5 |




| ODIR200x3 | flair . MacroFl

[0.834,0.913] |

| ODIR200x3 | openclip . MacroF1l

[0.823,0.919] |

| ODIR200x3 | retfound . MacroF1
.731,0.757]

| ODIR200x3 | . MacroF1

[0.836,0.964]

| ODIR200x3 | openclip . MacroF1l

[0.844,0.912] |

| ODIR200x3 | biomedclip | . MacroF1l

[0.840,0.901] |

| ODIR200x3 | retfound . MacroF1l

[0.784,0.857]

ODIR200x3 MacroF1l

[0.836,0.964]

| ODIR200x3 | openclip . MacroF1l
[0.844,0.912] |

| ODIR200x3 | biomedclip | . MacroF1
[0.840,0.901] | 5

| ODIR200x3 | retfound . MacroF1
[0.784,0.857] | 5

| REFUGE openclip

[0.684,0.92 \

| REFUGE biomedclip |

[0.666,0.84

| REFUGE

[0.547,0.88¢

| REFUGE retfound

[0.479,0.849] |

| REFUGE openclip
[0.684,0.92¢ \

| REFUGE biomedclip |
[0.666,0.

| REFUGE

[0.547,0.88

| REFUGE retfound
[0.479,0.84 \

| REFUGE openclip
[0.734,0

U.

| REFUGE




| REFUGE retfound
[0.730,0.8 \ 5

| REFUGE biomedclip
[0.708,0. \
| REFUGE openclip
[0.734,0.

| REFUGE

[0.713,0.

| REFUGE retfound
[0.730,0. \

| REFUGE biomedclip |
[0.708,0.9 \ 5 |
| REFUGE openclip
[0.810,0.97 \

| REFUGE biomedclip |
[0.788,0.

| REFUGE

[0.780,0.°¢

| REFUGE retfound
[0.765,0. \

| REFUGE openclip
[0.810,0. \

| REFUGE biomedclip |
[0.788,0.

| REFUGE

[0.780,0.

| REFUGE

[0.765,0.¢ \

Table C.1. REFUGE per-fraction AUROC and sensitivity at 90% specificity (mean + SD across
folds) for each model, with/without calibration.

dataset frac | calibrated | winner runner_up

ci95 lo | p_value

| MESSIDOR | 0.05 | False openclip | MacroF1l
0.0356069 | -0.00145607 | 0.0726698 | 0.0559591 5 |
| MESSIDOR | 0.05 | True | flair | openclip | MacroF1l
0.0356069 | -0.00145607 | 0.0726698 | 0.0559591 | 5 |




MESSIDOR
.0512295 |
MESSIDOR
.0512295 |
MESSIDOR
.0517772 |
MESSIDOR
.0517772 |
ODIR200x3
.0135376
ODIR200x3
.0135376
ODIR200x3
.0192171 |
ODIR200x3
.0192171 |
ODIR200x3
.0218479
ODIR200x3
.0218479
REFUGE
.0505208 |
REFUGE
.0506944
REFUGE
.0107639
REFUGE
.0107639
REFUGE
.0163194 |
REFUGE
.0163194 |

=0,

=0

=0,

=0,

=0,

=0,

.0358744 |

.0358744 |

.070397 \

.0707559

0.1 | False

0167597 | 0.119219
0.1 | True
0167597 | 0.119219

(O
00621127
00621127 | 0.109766
False

| 0.0601747
True

| 0.0601747
False

| 0.0674152
True

| 0.0674152
False
0.0795702
0.2 | True
0.0795702
0.05 | False
0.171439
0.05 | True

0.172145

0.1 |

| 0.139726
True

107088 | 0.139726

flair
0.10459
flair
0.10459
flair
0.0682803
flair
0.0682803
biomedclip
0.465464
biomedclip
0.4654
biomedclip
0.330383
biomedclip
0.330383
flair
0.352607
flair
0.352607
openclip
0.310558
openclip
0.310965
openclip
0.800654
openclip
0.800654
openclip

0.7321

openclip

0.7321

openclip

openclip

openclip

openclip

5 |
openclip

5 |
biomedclip

S |
biomedclip

S |

5 |
biomedclip
S5 |
biomedclip
5 |

MacroF1

MacroF1

MacroF1

MacroF1l

MacroF1

MacroF1l

MacroF1

MacroF1

MacroF1

MacroF1

AUROC

AUROC

Table D.1. Pairwise comparison between the top two models per datasetxlabel-fraction (primary
metric): mean difference, 95% CI, Wilcoxon p-value (Holm-adjusted), and number of folds.
(Insert your “Pairwise significance (winner vs runner-up)” table here.)

Caption note: “Positive mean_diff favors the winner; non-significant results (p=0.05) are
italicized.”



