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Abstract
Accurate diagnosis and aetiological classification of posterior uveitis l remains challenging because of
heterogeneous manifestations, overlapping phenotypes, and severe class imbalance, yet existing
artificial intelligence models are limited by modality mismatch and poor generalisability to rare subtypes.
Here, we developed UWFound by domain-adaptive self-supervised fine-tuning of RETFound-DINOv2
using 21 234 unlabelled UWF images. UWFound was integrated into a hierarchical framework reflecting
clinical diagnostic reasoning from uveitis detection to infectious versus non-infectious classification and
aetiological subtyping. Validated on an internal cohort (617 images from 373 individuals), the model
achieved near-perfect uveitis screening (AUROC 0.9999) and strong infectious differentiation (mean
AUROC 0.9496). Furthermore, external validation across three independent datasets—comprising normal
and uveitis images strictly unseen during training—demonstrated robust preserved screening
performance (AUROC 0.7638–0.9767). Notably, UWFound consistently outperformed conventional and
generic retinal foundation models, particularly in medium- and few-shot scenarios, establishing a robust
and generalisable tool for automated posterior uveitis screening and complex aetiological identification.

Introduction
Uveitis includes a group of vision-threatening inflammatory disorders affecting the uveal layer and
mostly involving the posterior segment of the eye. The global incidence of uveitis is estimated at
approximately 50 cases per 100 000 person-years, and the disease accounts for 10–15% of blindness in
developed countries and up to 25% in developing regions.1,2 Posterior uveitis is particularly challenging
because inflammatory lesions often involve the peripheral retina and choroid, where subtle or atypical
findings may be missed on conventional fundus photography. Delayed or incorrect aetiological diagnosis
can lead to inappropriate treatment, preventable disease progression, and irreversible visual loss.1,3,4

Aetiological classification is central to clinical management for posterior uveitis. Infectious and non-
infectious uveitis require fundamentally different therapeutic strategies, and inappropriate corticosteroid
treatment in infectious disease can worsen ocular and systemic outcomes.3,5 However, posterior uveitis
encompasses diverse entities with overlapping imaging features, variable media opacity, and highly
imbalanced disease frequencies, making automated diagnosis difficult.

Ultra-widefield (UWF) fundus imaging provides panoramic visualisation of the posterior and peripheral
retina, enabling improved assessment of inflammatory lesions that extend beyond the central fundus.6

Compared with conventional fundus photography, UWF imaging can capture broader lesion distributions,
peripheral vasculitis, necrotic lesions, and vitreoretinal inflammatory changes.7–9 Despite these
advantages, most artificial intelligence studies in ophthalmology have focused on common retinal
diseases or conventional fundus photographs, and automated UWF-based diagnosis of posterior uveitis
remains underexplored.10–14
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Foundation models offer a potential solution by learning transferable visual representations from large-
scale data and adapting them to downstream tasks with limited labelled samples.15 However, existing
retinal foundation models are predominantly trained on conventional colour fundus photographs, which
differ from UWF scanning laser ophthalmoscopy in imaging mechanism, field of view, colour
characteristics, and peripheral lesion appearance. This modality gap may limit direct transfer to UWF-
based inflammatory disease diagnosis. Moreover, flat classification models do not reflect the
hierarchical nature of uveitis diagnosis, in which clinicians first identify ocular inflammation, then
distinguish infectious from non-infectious disease, and finally consider specific aetiologies.15

To address these challenges, we developed UWFound, a UWF-adapted foundation model obtained by
domain-adaptive self-supervised fine-tuning on large-scale unlabelled UWF images. We integrated
UWFound into a hierarchical diagnostic framework designed to emulate clinical reasoning from posterior
uveitis detection to infectious versus non-infectious classification and aetiological subtyping. We
hypothesised that UWF-specific foundation-model adaptation combined with hierarchical inference
would improve clinically aligned posterior uveitis diagnosis, particularly under class imbalance and
limited labelled data.

Results
The internal labelled dataset comprised 617 UWF images from 373 individuals, including 378 images
from 265 patients with posterior uveitis and 239 images from 108 healthy controls (Fig. 2). The dataset
was divided at the patient level into training, validation, and internal test sets. The final internal test set
included 181 UWF images, comprising 62 normal images and 119 posterior uveitis images. Clinical and
subtype characteristics of the internal cohort are summarised in the appendix Table 2 (appendix p10).

We first compared the performance of proposed UWFound models with conventional convolutional and
transformer-based models and generic retinal foundation-model baselines across high-, medium-, and
few-support categories (Table 1, appendix p11-12). The high-support category comprised normal eyes;
medium-support categories comprised Behçet’s disease, tuberculosis-related uveitis, ocular sarcoidosis,
and acute retinal necrosis; and few-support categories comprised endogenous bacterial
endophthalmitis, endogenous fungal endophthalmitis, endophthalmitis following cataract surgery, and
traumatic endophthalmitis. In the high-support category, all foundation-model approaches achieved high
discrimination, with AUROC values close to 1·0. In medium-support categories, UWFound achieved the
highest AUROC and AUPRC among the compared models, with an AUROC of 0·8577 and an AUPRC of
0·4681. In few-support categories, overall sensitivity and F1 scores were low across all models,
reflecting the difficulty of rare subtype recognition. Nevertheless, the UWFound-based hierarchical model
achieved the highest AUPRC in the few-support setting, suggesting an improved precision–recall trade-
off under severe class imbalance.
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Table 1
Performance comparison of different models for ultra-widefield posterior uveitis etiological

classification across many-, medium-, and few-shot categories
Model High-

support

AUROC /
AUPRC

Medium-support
AUROC / AUPRC

Few-
support

AUROC /
AUPRC

Few-support

sensitivity

Few-
support

F1

ResNet50 1.0000 /
1.0000

0.8003 / 0.4050 0.8178 /
0.1040

0.9573 0.1458

ViT 0.9965 /
0.9943

0.8033 / 0.4608 0.8305 /
0.1760

0.9901 0.115

VisionFM 0.9974 /
0.9959

0.8295 / 0.4777 0.8362 /
0.2012

0.9844 0.2964

RetFound 0.9908 /
0.9846

0.7425 / 0.3243 0.6745 /
0.1594

0.9887 0.1786

RetFound-
DINOV2

1.0000 /
1.0000

0.7682 / 0.3236 0.7183 /
0.0562

0.9690 0.0788

UWF Found 1.0000 /
1.0000

0.8577 / 0.8577 0.8081 /
0.2294

0.9815 0.1779

UWF Found-
Hierarchy

0.9999 /
0.9997

0.8206 / 0.4583 0.7537 /
0.3439

0.9759 0.1762

High-support category included normal eyes. Medium-support categories included Behçet’s disease,
tuberculosis-related uveitis, ocular sarcoidosis, and acute retinal necrosis. Few-support categories
included endogenous bacterial endophthalmitis, endogenous fungal endophthalmitis,
endophthalmitis following cataract surgery, and traumatic endophthalmitis.

Bold values indicate the best performance among all compared models within each category, and
underlined values indicate the second-best performance.

We then evaluated the diagnostic performance in the internal test set (appendix p5-6, 13). The UWFound-
based hierarchical model achieved strong performance for first-level posterior uveitis detection, which
reached an AUROC of 0·9999 and an AUPRC of 0·9998, with mean sensitivity and specificity of 0·9958.
The Brier score was 0·0050, indicating good probabilistic calibration for this binary screening task. At the
second diagnostic level, the model maintained strong discrimination for infectious versus non-infectious
uveitis. Non-infectious uveitis achieved an AUROC of 0·9391 and an AUPRC of 0·8971, whereas
infectious uveitis achieved an AUROC of 0·9098 and an AUPRC of 0·7853. Mean sensitivity and
specificity across second-level classes were 0·8500 and 0·9377, respectively. These results indicate that
the hierarchical model can support clinically relevant identification between infectious and non-
infectious posterior uveitis. At the third level, aetiology-specific performance varied substantially across
disease subtypes. AUROC values remained high for acute retinal necrosis and endogenous bacterial
endophthalmitis, reaching 0·9232 and 0·9718, respectively. However, mean sensitivity and mean F1
score across third-level classes were 0·4039 and 0·3690, respectively, with particularly limited sensitivity
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in several few-support categories. Specificity remained high across most subtypes, with a mean
specificity of 0·9465. These findings suggest that the model provides supportive fine-grained aetiological
information, while rare-subtype classification remains challenging.

To evaluate the generalisability of the UWFound-based hierarchical model, we performed external
validation using three independent UWF datasets: WEI-UWF, ZPPH-UWF, and the clinical reference
dataset (appendix p14). For first-level normal versus uveitis classification, the model preserved
discriminative ability across all external datasets, with AUROC values of 0·9767, 0·7638, and 0·7975
respectively. Sensitivity and specificity varied across datasets when the validation-derived operating
threshold was applied without recalibration. In WEI-UWF, uveitis sensitivity was 0·5338 with specificity of
1·0000, whereas in ZPPH-UWF, uveitis sensitivity was 0·9000 with specificity of 0·3300. These threshold-
dependent differences indicate substantial external domain shift and highlight the need for calibration
and prospective threshold selection before clinical deployment. Second- and third-level external
validation were evaluated in the clinical reference dataset. At the second level, infectious uveitis
achieved an AUROC of 0·8899 and an AUPRC of 0·7382, whereas non-infectious uveitis showed lower
discrimination, with an AUROC of 0·5293 and an AUPRC of 0·1149. When external results were grouped
by data availability, the model achieved higher performance in the high-support category than in medium-
and few-support categories. Few-support categories had low sensitivity and AUPRC, confirming that
rare-subtype recognition remains vulnerable to class imbalance and external domain shift.

Decision curve analysis showed positive net benefit for first-level uveitis detection across a broad range
of threshold probabilities and variable net benefit for second- and third-level tasks (appendix p7-8).
Norm-Layer class activation maps showed a progressive shift from broad retinal attention at the
screening level to more localised lesion-associated activation at finer diagnostic levels. Representative
maps highlighted clinically plausible regions, including vascular and peripheral inflammatory lesions in
non-infectious uveitis and focal peripheral necrotic or inflammatory regions in infectious entities (Fig. 3).
These visualisations support the interpretability of the hierarchical framework, while remaining
qualitative rather than definitive evidence of causal model reasoning.

Discussion
In this multicentre retrospective diagnostic study, we developed UWFound, a UWF-adapted foundation
model for hierarchical posterior uveitis diagnosis. Three findings are clinically relevant. First, domain-
adaptive self-supervised fine-tuning improved UWF representation learning compared with conventional
models and generic retinal foundation-model baselines, particularly in medium- and few-support
categories. Second, the hierarchical framework achieved strong performance for posterior uveitis
detection and infectious versus non-infectious classification. These two diagnostic steps are closely
aligned with clinical decision-making. Third, fine-grained aetiological identification remained difficult for
rare subtypes, especially under external domain shift, indicating that UWFound is best interpreted as a
triage and decision-support system rather than a standalone diagnostic tool.
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The clinical management of posterior uveitis depends on stepwise diagnostic reasoning.
Ophthalmologists normally first determine whether ocular inflammation is present, then assess whether
infection is likely, and finally integrate ocular signs with systemic history, laboratory testing,
microbiological evidence, and multimodal imaging to infer the most likely aetiology.20 The proposed
hierarchy was designed to reflect this workflow. The near-perfect internal performance for normal versus
uveitis classification suggests potential utility for UWF-based screening and referral support. Accurate
differentiation between infectious and non-infectious uveitis is also critical because treatment strategies
are fundamentally different, and the strong discrimination of UWFound could provide meaning clinical
instruction.1,21

UWFound extends previous ophthalmic foundation-model work by addressing the modality gap between
conventional colour fundus photography and UWF scanning laser ophthalmoscopy. UWF images differ in
field of view, illumination mechanism, colour distribution, peripheral distortion, and lesion appearance.
These differences are especially relevant for posterior uveitis, in which peripheral vasculitis, necrotic
lesions, and vitreoretinal inflammatory changes often carry diagnostic information.7–9 By adapting a
retinal foundation model using large-scale unlabelled UWF images, UWFound learned modality-specific
representations while retaining general retinal priors. The performance gains in medium- and few-
support categories support the value of UWF-specific domain adaptation for specialised inflammatory
disease tasks.

The results also show the limitations of image-only fine-grained aetiological classification. Although
AUROC values were high for some rare but clinically important entities, third-level sensitivity and F1
scores were modest overall. This pattern is expected in posterior uveitis, where subtypes may share
overlapping fundus appearances and where some diagnoses depend on systemic manifestations,
laboratory evidence, microbiology, or longitudinal treatment response.20 Therefore, the model output
should not be used to replace specialist assessment. Its most realistic role is to provide structured
diagnostic support: identifying eyes likely to have posterior uveitis, prioritising infectious versus non-
infectious pathways, and suggesting possible aetiologies that warrant targeted clinical investigation.

There have been several AI approaches for grading inflammatory activity, such as anterior chamber cell
counts, vitreous signal intensity, and choriocapillaris flow deficits based on OCT.22–24 However, these
methods are primarily limited to severity assessment and cannot reliably distinguish uveitis aetiologies.
Similarly, recent attempts using large language models achieved limited diagnostic accuracy for uveitis
classification.25 In contrast, the UWFound framework directly leverages visual retinal patterns captured
by UWF imaging, enabling both detection and aetiological differentiation, which is essential for clinical
management.

External validation demonstrated preserved discrimination for first-level uveitis detection but also
revealed substantial threshold-dependent variation in sensitivity and specificity across datasets. This
finding is important because it reflects real-world differences in case mix, image acquisition, device
settings, disease severity, and annotation standards. The observed increase in Brier scores and reduced
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rare-subtype performance under external validation indicate that calibration and threshold selection
should be prospectively assessed before deployment. Future clinical use should therefore include site-
specific monitoring, calibration assessment, and human-in-the-loop review, especially for rare disease
subtypes.

Interpretability analysis provided biologically plausible visual evidence for the hierarchical framework.
Norm-Layer class activation maps showed a transition from broad retinal attention during screening to
more localised lesion-associated activation during aetiological refinement. Representative examples
highlighted clinically relevant regions, including vascular and peripheral inflammatory lesions, peripheral
necrotic areas, and diffuse inflammatory changes in endophthalmitis. These findings support the
plausibility of the model’s visual reasoning. However, activation maps remain qualitative and should not
be interpreted as definitive causal explanations. In cases with severe media opacity or vitreous haze, the
model may attend to visibility-related features rather than specific retinal lesions.

This study has several strengths. It used a clinically motivated hierarchy, domain-adaptive foundation-
model training, patient-level internal splitting, independent external validation, and a comprehensive
evaluation framework including discrimination, precision–recall performance, calibration, decision curve
analysis, and visual interpretability. The inclusion of rare posterior uveitis subtypes also reflects the
clinical complexity encountered in tertiary referral settings.

Several limitations should be acknowledged. First, despite multicentre data collection, the number of
samples in several rare aetiological categories remained small, limiting sensitivity and confidence
interval precision. Second, this was a retrospective study and may be affected by referral bias and
spectrum bias, thus may not fully represent real-world deployment conditions. Third, the model used
UWF images alone, whereas real-world aetiological diagnosis of posterior uveitis depends on clinical
history, slit-lamp findings, OCT, OCTA, fluorescein or indocyanine green angiography, laboratory testing,
microbiology, and systemic evaluation.26 Fourth, other common ocular diseases that cause vitreous
opacities, such as haemorrhagic vitreous opacities and vitreous degeneration, were not included in the
model training, it is necessary to rule out these diseases before clinical application, which can be easily
differentiated based on the patient's medical history and ophthalmic manifestations. Finally, prospective
validation is needed to assess workflow integration, threshold calibration, reader interaction, and patient-
level clinical benefit.

In conclusion, UWFound provides a UWF-adapted foundation-model framework for hierarchical posterior
uveitis diagnosis. The model achieved strong performance for posterior uveitis screening and infectious
versus non-infectious classification, while providing supportive but imperfect aetiological subtype
information for rare diseases. These findings support further development of UWFound as an
interpretable triage and decision-support tool for complex inflammatory retinal disease. Future work
should focus on prospective multicentre validation, multimodal integration with clinical and laboratory
data, and calibration strategies for safe real-world deployment.
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Methods

Study design and ethics
This retrospective multicentre diagnostic study consisted of three sequential phases: domain-adaptive
self-supervised fine-tuning of a retinal foundation model using large-scale unlabelled UWF images;
supervised development and internal testing of a hierarchical posterior uveitis diagnostic framework
using a labelled cohort; and external validation using three independent UWF datasets. The study was
conducted in accordance with the Declaration of Helsinki. The study was approved by the Ethics
Committee of the Eye and Ear, Nose, and Throat Hospital (EENT) of Fudan University, Shanghai, China
(approval numbers: 2024126 and 2024-07-225). The requirement for written informed consent was
waived by the ethics committee because all data were retrospective and anonymised.

Data sources and study population
For domain-adaptive foundation-model fine-tuning, 21 234 unlabelled UWF images were collected from
routine clinical examinations and publicly available UWF datasets (appendix p1, 9). These images
represented a broad range of UWF appearances, imaging devices, and retinal conditions, and were used
only for self-supervised adaptation without diagnostic labels.

The internal labelled dataset comprised 617 UWF images from 373 individuals at the EENT Hospital,
including 378 images from 265 patients with posterior uveitis and 239 images from 108 healthy controls
(appendix p1). Consecutive patients with posterior uveitis were retrospectively identified over a 5-year
period. Individuals with uncertain diagnoses, absence of UWF imaging, or inadequate image quality were
excluded. Healthy controls underwent UWF imaging during the same period and had no evidence of
ocular inflammation. The labelled dataset was randomly divided at the patient level into training,
validation, and internal test sets to minimise information leakage between model development and
evaluation.

Posterior uveitis diagnoses were established by experienced uveitis specialists (RG and MZ) on
comprehensive clinical evaluation of clinical history, ophthalmic examination, laboratory testing,
microbiological evidence when available, and multimodal imaging findings according to established
international diagnostic criteria (appendix p1). Non-infectious posterior uveitis included Behçet’s
disease, tuberculosis-related uveitis, and ocular sarcoidosis. Infectious posterior uveitis included acute
retinal necrosis, endogenous bacterial endophthalmitis, endogenous fungal endophthalmitis, post-
traumatic bacterial endophthalmitis, and endophthalmitis after cataract surgery.

External validation was performed using three independent UWF datasets: the WEI-UWF dataset from
Weifang Eye Institute, the ZPPH-UWF dataset from Zhejiang Provincial People’s Hospital, and a clinical
reference dataset constructed from peer-reviewed publications and publicly available normal UWF
images (appendix p1-2).
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UWFound development
Conventional task-specific training relies on limited labelled datasets and is often constrained by poor
generalisability, particularly for rare subtypes (Fig. 1A). UWFound was therefore developed by domain-
adaptive self-supervised fine-tuning of RETFound-DINOv2 on 21 234 unlabelled UWF images (Fig. 1B).
Because UWF scanning laser ophthalmoscopy is acquired primarily through red and green laser
channels, only the informative red and green channels were retained, and images were resized to 784 ×
784 pixels to preserve peripheral retinal and choroidal lesion morphology. Domain adaptation was
designed to reduce the modality gap between conventional colour fundus photographs used for generic
retinal foundation-model pretraining and UWF scanning laser ophthalmoscopy.

Hierarchical diagnostic framework
Posterior uveitis diagnosis was formulated as a hierarchical classification task reflecting clinical
reasoning (Fig. 1C). The first level distinguished normal eyes from posterior uveitis. The second level
classified uveitis into infectious and non-infectious categories. The third level predicted specific
aetiological subtypes. UWFound was used as the image encoder, and hierarchy-specific prediction heads
generated diagnostic probabilities at each level.

To support coarse-to-fine inference, the prediction from each hierarchy level was transformed into a
class embedding and used to condition the subsequent refinement stage through a class-conditioned
attention module. This module combined channel modulation and spatial attention to emphasise
features relevant to the next diagnostic decision while preserving global retinal context. To improve
robustness under class imbalance and intra-class heterogeneity, each hierarchy level used a prototype-
based metric classifier with learnable class prototypes and momentum-updated prototype memory. Full
architectural details are provided in the appendix (appendix p2-4).

Model training and comparison
The hierarchical model was trained using cross-entropy losses summed across hierarchy levels. Teacher
forcing was applied during training to reduce error accumulation between hierarchy levels, whereas
inference was fully automated and used only model-predicted probabilities from preceding levels. Class-
prior logit adjustment was used to mitigate class imbalance. Model selection was based on validation-
set performance before final evaluation on the internal test set and external validation datasets.

We compared UWFound and the UWFound-based hierarchical model with conventional and foundation-
model baselines, including ResNet50, ViT, VisionFM, RETFound, and RETFound-DINOv2.16–18 All models
were trained and evaluated using the same patient-level data splits. For long-tailed evaluation, classes
were grouped by data availability. The high-support category comprised normal eyes. Medium-support
categories comprised Behçet's disease, tuberculosis-related uveitis, ocular sarcoidosis, and acute retinal
necrosis. Few-support categories comprised endogenous bacterial endophthalmitis, endogenous fungal
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endophthalmitis, endophthalmitis following cataract surgery, and traumatic endophthalmitis. Training
hyperparameters, augmentation strategy, and implementation details are provided in the appendix
(appendix p2-4).

Outcomes and statistical analysis
The primary outcome was diagnostic performance across the predefined hierarchy: normal versus
posterior uveitis, infectious versus non-infectious uveitis, and aetiological subtype classification. Model
performance was assessed using sensitivity, specificity, F1 score, area under the receiver operating
characteristic curve (AUROC), area under the precision–recall curve (AUPRC), and Brier score. Because
of substantial class imbalance, AUPRC and class-wise sensitivity were emphasised for medium- and
few-shot categories. Ninety-five percent confidence intervals were estimated using non-parametric
bootstrap resampling with 1000 iterations.

Receiver operating characteristic and precision–recall curves were plotted for each diagnostic level.
Decision curve analysis was used to assess net clinical benefit across threshold probabilities compared
with treat-all and treat-none strategies. For threshold-dependent metrics, operating thresholds were
selected using the validation set and then applied without modification to the internal test and external
validation datasets. Model interpretability was assessed using Norm-Layer class activation mapping to
visualise retinal regions contributing to predictions at different hierarchy levels.19
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Figure 1

Evolution of modelling paradigms and overview of the UWFound-based hierarchical diagnostic
framework

(A) Evolution of modelling paradigms. Traditional task-specific deep learning relies on small labelled
datasets and has limited generalisability, particularly for rare posterior uveitis subtypes. Generic retinal
foundation models improve transferability but remain affected by the domain gap between conventional
colour fundus photography and ultra-widefield (UWF) imaging. The UWFound paradigm adapts
foundation representations specifically to UWF images.

(B) UWF-specific foundation model adaptation. UWFound was developed by domain-adaptive self-
supervised fine-tuning of RETFound-DINOv2 using 21 234 unlabelled multisource UWF images, enabling
the encoder to learn UWF-specific retinal and peripheral lesion representations.

(C) Hierarchical diagnostic framework. UWF images are encoded by UWFound and analysed through a
clinically aligned hierarchy: level 1 distinguishes normal eyes from posterior uveitis; level 2 stratifies
posterior uveitis into infectious and non-infectious categories; and level 3 refines predictions to specific
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aetiological subtypes. Class-conditioned attention refinement uses predictions from preceding hierarchy
levels to guide subsequent feature refinement, supporting coarse-to-fine diagnostic reasoning.

Figure 2

Study cohort selection and internal dataset split.

A total of 337 uveitis patients with 440 ultra-widefield fundus images were screened. After exclusions,
265 patients with 378 images were included. 108 normal controls with 239 images were randomly
selected, and the combined dataset were divided at the patient level into training, validation, and internal
test sets. UWF=ultra-widefield.
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Figure 3

Hierarchical visual interpretability of posterior uveitis classification using Norm-Layer CAM

Norm-Layer class activation maps (CAMs) were generated to visualise discriminative retinal regions
across different diagnostic hierarchy levels for representative posterior uveitis subtypes. (A) Normal, (B)
Behçet's disease, (C) Tuberculosis-related uveitis, (D) Ocular sarcoidosis, (E) Endogenous bacterial
endophthalmitis, (F) Endogenous fungal endophthalmitis, (G) Acute retinal necrosis, (H) Endophthalmitis
following cataract surgery, (I) Traumatic endophthalmitis. Across hierarchy levels, attention progressively
shifts from global retinal context to more localised, disease-specific lesion patterns, illustrating that the
hierarchical framework enables coarse-to-fine visual reasoning consistent with clinical diagnostic
practice.
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