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Boosting foundation models for rare eye
disease diagnosis via a multimodal text-
to-image generative framework
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Mingguang He1,2,3 & Danli Shi1,2

The rising prevalence of vision-threatening retinal diseases poses a significant burden on the global
healthcare systems. Though deep learning (DL) techniques offer promising avenues for improving
diagnostic efficiency, data scarcity and imbalance issues persist in training robust diagnostic models,
particularly for rare eye diseases. Here, we introduce EyeDiff, a generative foundation model capable
of synthesizing lesion-preserving ophthalmic images from textual descriptions. Both objectivemetrics
and expert human evaluations confirmed EyeDiff’s ability to generate high-fidelity images across
multiple imaging modalities, accurately reflecting textual descriptions of diverse retinal diseases and
lesion types. By augmenting minority classes across 11 globally sourced datasets, EyeDiff
consistently boosted the diagnostic accuracy for both common and rare eye diseases across different
foundation model types, including modality-specific, multimodal and vision-language foundation
models trained solely on real data. These results underscore EyeDiff’s potential as a general-purpose
text-to-image foundation model, offering a scalable and flexible approach to generate balanced,
disease-relevant data for advancing retinal disease diagnosis.

The increasing prevalence of vision-threatening retinal diseases has sig-
nificantly strained the global healthcare system1. Multimodal ophthalmic
images, such as color fundus photographs (CFP), optical coherence tomo-
graphy (OCT), fundus fluorescein angiography (FFA), etc. provide com-
plementary information on ocular abnormalities2–4. While deep learning
(DL) techniques have shown great promise in enhancing diagnostic accu-
racy and efficiency5,6, growing concerns over data privacy and institutional
restrictions on data sharing make it increasingly difficult to integrate data-
sets across clinical centers and further exacerbating the problem of data
imbalance in training robust diagnostic models7–9. Recent foundation
models have shown remarkable diagnostic performancewith few-shot fine-
tuning, marking a significant advancement in data efficiency. However,
their accuracy for minority and rare classes remains suboptimal because
pretraining on extremely limited and imbalanced data prevents the models
from effectively learning specific disease features.

To mitigate data scarcity and imbalance, various data augmentation
techniques have been explored10,11. Traditional methods, such as random
oversampling, address class imbalance by replicating minority samples12,
but this can lead to overfitting and reduced generalization13. More recently,
generative adversarial networks (GANs) have been widely employed to

synthesize realistic fundus images, with the aim of enriching existing
datasets and enhancing DL-based diagnostic performance14–19. Although
effective, most GAN-based approaches are limited to unimodal image
generation and tailored for single-task classification, restricting their
broader utility. There remains a pressing need for generalist generative
models capable of addressing the diverse data needs of ophthalmic
applications.

Stable Diffusion (SD), a recent advancement in text-to-image gen-
eration, offers a powerful solutionbyproducinghigh-quality, diverse images
from natural language prompts20. In general computer vision, diffusion-
generated images have been shown to rival or surpass real images for self-
supervised model training21. This generative paradigm holds significant
promise for building universal models capable of synthesizing large-scale,
richly annotated datasets from textual input alone, effectively generating
digital twin datasets22,23. Despite this potential, its application in ophthal-
mology, particularly for producing multimodal diagnostic images, remains
underexplored.

Here, we present EyeDiff, a multimodal text-to-image generative
foundationmodel for synthesizing ophthalmic images fromdescriptive text
prompts. Trained on paired textual and image data across 14 imaging
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modalities, including CFP, FFA, OCT, indocyanine green angiography
(ICGA), fundus autofluorescence (FAF), EyeDiff enables lesion-preserving,
modality-aware generation of diagnostic-quality ophthalmic images. We
further validate EyeDiff’s generalizability by evaluating its performance in
boosting different foundation models across 11 diverse global datasets for
minority class augmentation and multi-disease diagnosis, covering both
common and rare retinal diseases.

Results
A total of 42,048 images from 8 datasets were used for model development.
The quality of EyeDiff-generated images was evaluated using quantitative
metrics for text-image alignment and human assessments for visual quality
and authenticity. To validate the model’s generalizability, we used different
established foundation models as baselines: (1) RETFound24: a modality-
specific foundation model trained with separate weights for different ima-
ging modalities using the Vision Transformer (ViT) architecture; (2)
EyeFound25: a versatile foundationmodel trainedwith the ViT architecture,
designed to learn generalizable representations from unlabeled multimodal
retinal images; (3) EyeCLIP26: a multimodal visual-language foundation
model trained on millions of multimodal ophthalmic images paired with
partial clinical text using the contrastive language-image pre-training
(CLIP) framework. We then evaluated whether augmenting minority and
rare classes in downstream datasets with EyeDiff-generated images could
improve the classification performance of these foundationmodels for both
common and rare diseases. A total of 4403 images from 2 internal datasets

and 13,198 images from 9 external datasets were enrolled for downstream
tasks. Detailed characteristics of the datasets and the flowchart of the study
are shown in Table 1 and Fig. 1.

Quantitative evaluation
We curated 77 text-image category pairs from the downstream datasets to
objectively evaluate the quality of EyeDiff-generated images. The Visual
QuestionAnswering Score (VQAScore)27was used to assess the alignment
between the generated images and their corresponding textual descrip-
tions. As shown in Table 2, the average VQAScore was 0.822 for OCT-
based disease detection, 0.776 for CFP-based multi-category eye disease
diagnosis, and 0.670 formultimodal imaging-based rare disease diagnosis.
These results demonstrate a strong correspondence between the gener-
ated images and textual prompts across various imaging modalities and
diagnostic tasks.

Medical realism evaluation
The results of the Turing test and visual quality scores provided by two
ophthalmologists are as follows.

Turing test
To evaluate the medical realism of EyeDiff-generated images, a Turing
test was conducted using 100 images (50 real and 50 EyeDiff-generated).
Grader 1 achieved an overall correct classification rate of 50.00%, while
grader 2 achieved 54.50%. For real images, the identification accuracies

Table 1 | Characteristics of datasets used for model development and validation

Dataset Image Modality Disease Category N (%)

Generative Model Development 42,048 (100.00%)

Retina Image Bank CFP, FFA, ICGA, OCT, FAF, RetCam, B scan, Slit Lamp, SLO,WF-SLO,
UWF-SLO, External eye, Red free, OUS

84 ocular diseases 22,941 (54.56%)

EyePACS CFP DR 15,202 (36.15%)

OCTDL OCT AMD, DME, RVO, RAO, ERM, VID,
Normal

2064 (4.91%)

REFUGE CFP Glaucoma 1200 (2.85%)

ORIGA CFP Glaucoma 282 (0.67%)

RIM-ONE CFP Glaucoma, Normal 158 (0.38%)

DRISHTI CFP Glaucoma, Normal 101 (0.24%)

GAMMA CFP, OCT Glaucoma 100 (0.24%)

Downstream Validation

Internal Validation 4403 (100.00%)

Retina Image Bank (Rare Diseases) CFP, FFA, ICGA, OCT, FAF, RetCam, B scan, Slit Lamp, SLO,WF-SLO,
UWF-SLO, External eye, Red free

17 rare diseases 2339 (53.12%)

OCTDL OCT AMD, DME, RVO, RAO, ERM, VID,
Normal

2064 (46.88%)

External Validation 13,198 (100.00%)

APTOS2019 CFP DR 3662 (27.75%)

OphthalWeChat CFP, FFA, ICGA, OCT, FAF, RetCam, B scan, Slit Lamp, SLO,WF-SLO,
UWF-SLO, External eye, Red free

178 common and rare diseases 3071 (23.27%)

MESSIDOR-2 CFP DR 1744 (13.21%)

Glaucoma Fundus CFP Glaucoma 1544 (11.70%)

JSIEC CFP 39 fundus diseases 1000 (7.58%)

Retina CFP Glaucoma, Cataract, Normal 601 (4.55%)

OCTID OCT MH, CSCR, AMD DR, Normal 572 (4.33%)

IDRiD CFP DR 516 (3.91%)

PAPILA CFP Glaucoma 488 (3.70%)

OCT Optical coherence tomography, CFP Color fundus photography, FFA Fundus fluorescein angiography, ICGA Indocyanine green angiography, FAF Fundus autofluorescence, SLO Scanning laser
ophthalmoscopy,WF-SLOWidefield SLO,UWF-SLOUltra-widefield SLO,OUSOcular ultrasound,DRDiabetic retinopathy, AMD Age-related macular degeneration, DMEDiabetic macular edema, ERM
Epiretinal Membrane, RVO Retinal vein occlusion, RAO Retinal artery occlusion, VID Vitreoretinal interface disease,MHMacular hole, CSCR Central serous chorioretinopathy.
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Fig. 1 | Flow diagram of this study. a Characteristics of training datasets. b The
architecture of the text-to-image diffusionmodel. Given a retinal image, the encoder
transforms it into a latent representation, while the decoder reconstructs the image
from this latent. The text-to-image diffusionmodel architecture is formed by a latent
diffusion model (LDM) that consists of time-conditional UNets. The LDM is con-
ditioned on text embeddings derived from the CLIP model. During the training
phase, noise is progressively applied to the image latent according to a specified noise
scheduler at each timestep t. The LDM learns to reduce this noise given the noisy

image latent, the timestep t and the text embedding as inputs. In the inference phase,
it begins with completely random noise, guided by a sampling timestep value and a
text embedding. Finally, the decoder reconstructs a new synthetic image from the
denoised image latent. c Downstream dataset characteristics. d The proportion of
internal and external validation datasets for downstream disease classifications. CFP
color fundus photography, OCT optical coherence tomography, FFA fundus
fluorescein angiography.
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Table 2 | VQAScore results for assessing text-imagealignment
of EyeDiff-generated images

Target dataset Prompts used in
downstream tasks

VQASc-
ore

OCT-based disease detection optical coherence tomography,
retinal artery occlusion

0.764

optical coherence tomography,
macular hole

0.789

optical coherence tomography,
vitreomacular interface disease

0.850

optical coherence tomography,
diabetic macular edema

0.827

optical coherence tomography,
diabetic retinopathy

0.762

optical coherence tomography,
epiretinal membrane

0.888

optical coherence tomography,
central serous chorioretinopathy

0.841

optical coherence tomography,
normal

0.794

optical coherence tomography,
retinal vein occlusion

0.850

optical coherence tomography,
age-related macular degeneration

0.857

aAverage 0.822

CFP-based multi-category eye
disease classification

fundus image, tessellated fundus 0.861

fundus image, cataract 0.824

fundus image, moderate non-
proliferative diabetic retinopathy

0.841

fundus image, blur fundus with
suspected proliferative diabetic
retinopathy

0.856

fundus image, retinal disease 0.842

fundus image, retinal artery
occlusion

0.636

fundus image, disc swelling and
elevation

0.795

fundus image, peripheral retinal
degeneration and break

0.819

fundus image, blur fundus 0.805

fundus image, vessel tortuosity 0.690

fundus image, macular hole 0.830

fundus image, large optic cup 0.741

fundus image, branch retinal vein
occlusion

0.747

fundus image, non-referable
diabetic retinopathy

0.721

fundus image, possible glaucoma 0.882

fundus image, suspected
glaucoma

0.845

fundus image, congenital disc
abnormality

0.684

fundus image, yellow-white
spots-flecks

0.834

fundus image, severe and
proliferative diabetic retinopathy

0.863

fundus image, bietti crystalline
dystrophy

0.804

fundus image, epiretinal
membrane

0.776

fundus image, vitreous particles 0.708

Table 2 (continued) | VQAScore results for assessing text-
image alignment of EyeDiff-generated images

Target dataset Prompts used in
downstream tasks

VQASc-
ore

fundus image, central serous
chorioretinopathy

0.844

fundus image, laser spots 0.791

fundus image, glaucoma 0.827

fundus image, vogt-koyanagi-
harada disease

0.829

fundus image, myelinated
nerve fiber

0.717

fundus image, central retinal vein
occlusion

0.662

fundus image, optic atrophy 0.704

fundus image, silicon oil in eye 0.816

fundus image, advanced
glaucoma

0.837

fundus image, rhegmatogenous
retinal detachment

0.628

fundus image, maculopathy 0.767

fundus image, coloboma 0.796

fundus image, massive hard
exudates

0.772

fundus image, severe hypertensive
retinopathy

0.826

fundus image, pathologicalmyopia 0.874

fundus image, fundus neoplasm 0.660

fundus image, cotton-wool spots 0.829

fundus image, preretinal
hemorrhage

0.720

fundus image, early glaucoma 0.801

fundus image, dragged disc 0.805

fundus image, retinitis pigmentosa 0.768

fundus image, fibrosis 0.795

fundus image, mild diabetic
retinopathy

0.713

fundus image, severe diabetic
retinopathy

0.889

fundus image, normal 0.274

fundus image, moderate diabetic
retinopathy

0.819

fundus image, proliferative diabetic
retinopathy

0.864

aAverage 0.776

Multimodal imaging-based rare
disease classification

birdshot retinochoroidopathy 0.675

pseudoxanthoma elasticum 0.629

familial exudative vitreoretinopathy 0.683

macular telangiectasia 0.751

central areolar choroidal dystrophy 0.788

optic disc pit 0.761

retinoblastoma 0.589

Stargardt disease 0.724

Stargardt disease, cone dystrophy 0.694

acute posterior multifocal placoid
pigment epitheliopathy

0.793

serpiginous choroiditis 0.648
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were 62.00% (grader 1) and 76.00% (grader 2); for generated images,
accuracies were 38.00% and 33.33%, respectively. Notably, 62.00% to
66.67% of generated images were mistaken for real ones. By modality,
the proportion of EyeDiff images misidentified as real was 60.00% to
66.67% for CFP images, 62.50% to 68.75% for OCT images, 60.00% to
66.67% for FFA images, 100% for FAF images, and 50.00% to 100% for
ultra-widefield color fundus photograph (UWF-CFP) (see Table 3).
Most of the generated images demonstrated considerable authenticity.
The common distinguishing features between the generated and real
images included unrealistic colors, enhanced edges of retinal structures
or lesions, and high levels of noise.

Visual quality evaluation
Fifty generated images were randomly selected for visual quality assessment
by two experienced ophthalmologists (R.C. and X.C.) using a five-point
scale (1 = generated images fully capture the key elements described in the
text prompt; 5 = generated images do not contain any of the key elements
described in the text prompt). Themean ± standard deviation visual quality
scoreswere1.940 ± 1.085 for grader1 and2.080 ± 1.055 for grader 2,with an
inter-rater agreement of Kappa = 0.870, indicating high consistency. These
results support themodel’s ability to synthesize lesion-preserving,modality-
consistent images that align closelywith clinical descriptions.Representative
examples of text prompts and their corresponding EyeDiff-generated
images are shown in Fig. 2.

Downstream performance for common vision-threatening
diseases
Incorporating EyeDiff-generated images alongside original real images
significantly enhanced diagnostic performance for both diabetic retino-
pathy (DR) and glaucoma when using RETFound as the baseline model.

ForDRdiagnosis using the IDRiDdataset28, the area under the receiver
operating curve (AUROC) improved from 0.826 (95% confidence interval
[CI]: 0.821–0.832) at baseline to 0.837 (95% CI: 0.833–0.840) after aug-
mentation with EyeDiff-generated images. Similarly, the area under the
precision-recall curve (AUPR) rose from 0.502 (95% CI: 0.483–0.520) to
0.518 (95% CI: 0.509–0.527), outperforming models augmented by tradi-
tional oversampling techniques. For glaucoma diagnosis using the Glau-
coma Fundus dataset29, the AUROC was 0.950 (95% CI: 0.937–0.964) for
original images, rising to 0.954 (95% CI: 0.940–0.968) with oversampling
and 0.959 (95% CI: 0.945–0.973) after EyeDiff augmentation. The AUPR
improved from0.876 (95%CI: 0.841–0.911) to 0.879 (95%CI: 0.843–0.915)
with oversample augmentation and 0.893 (95% CI: 0.855–0.931) with
EyeDiff-generated images. These improvements were statistically sig-
nificant (Table 4).

Performance improvements in DR and glaucoma diagnosis after
augmentationwithEyeDiff-generated images have also been observedusing
EyeFound and EyeCLIP as baseline models (Supplementary Table 1 and
Supplementary Table 2).

Downstream performance for multi-class disease diagnosis
The integration of EyeDiff-generated images significantly enhanced
model performance in multi-class disease detection tasks across var-
ious foundation models, including the modality-specific RETFound,
multimodal EyeFound, and vision-language foundation model
EyeCLIP.

For CFP-based diagnosis using RETFound (CFP weight) as baseline:
On the JSIEC dataset30, the AUROC increased from 0.990 (95% CI:
0.989–0.992) at baseline to 0.996 (95% CI: 0.995–0.997) after EyeDiff aug-
mentation, while the AUPR rose from 0.887 (95%CI: 0.871–0.891) to 0.967
(95% CI: 0.957–0.978). On the Retina dataset, AUROC improved from
0.857 (95%CI: 0.831–0.873) at baseline to 0.892 (95%CI: 0.867–0.918) after
EyeDiff augmentation, and AUPR increased from 0.720 (95% CI:
0.688–0.761) to 0.779 (95% CI: 0.731–0.826). All improvements were sta-
tistically significant.

For OCT-based diagnosis using RETFound (OCT weight) as baseline:
On the OCTID dataset31, AUROC increased from 0.993 (95% CI:
0.987–0.999) at baseline to 0.995 (95% CI: 0.992–0.997) after EyeDiff aug-
mentation, and AUPR from 0.980 (95% CI: 0.967–0.993) to 0.982 (95% CI:
0.969–0.994). On the OCTDL dataset32, AUROC improved from 0.982
(95% CI: 0.972–0.992) at baseline to 0.996 (95% CI: 0.995–0.997) after
EyeDiff augmentation, and AUPR from 0.903 (95% CI: 0.862–0.925) to
0.967 (95% CI: 0.957–0.978).

Similarly, EyeDiff-generated images also boosted the performance of
multimodal foundation models in multi-class disease detection (Supple-
mentary Table 1 and Supplementary Table 2). These consistent perfor-
mance gains across modalities and datasets underscore the robustness and
generalizability of EyeDiff for augmenting diverse ophthalmic diagnostic
tasks (see Table 4).

Downstream performance for under-represented disease sub-
type diagnosis
A minority class refers to a category of images that is significantly
under-represented compared to other subtypes in a dataset, leading to
data imbalance issues in downstream classification tasks. Data
imbalance issues exist in the following datasets, and the specific min-
ority classes are shown in Table 5. Supplementing EyeDiff-generated
images significantly enhances disease diagnosis performance in these
imbalanced classes. (1) IDRiD dataset (n = 103): The minority class
comprised images with mild retinopathy (n = 5). The AUROC for mild
retinopathy increased from 0.772 (95% CI: 0.733–0.811) at baseline

Table 2 (continued) | VQAScore results for assessing text-
image alignment of EyeDiff-generated images

Target dataset Prompts used in
downstream tasks

VQASc-
ore

serpiginous choroiditis, acute
posterior multifocal placoid
pigment epitheliopathy

0.704

optic nerve hypoplasia 0.586

choroidal osteoma 0.556

retinopathy of prematurity 0.493

congenital hypertrophy of the
retinal pigment epithelium

0.688

cone dystrophy 0.652

choroidal melanoma 0.565

retinitis pigmentosa 0.673

retinitis pigmentosa, cone
dystrophy

0.757

aAverage 0.670

OCT Optical coherence tomography, CFP Color fundus photography.
aAverage indicates the average VQAScore of the corresponding datasets.

Table 3 | Turing test results for EyeDiff-generated images

Image modality Number of
images (N)

Number of realistic images (N, %)

Grader 1 Grader 2

CFP 15 9 (60.00%) 10 (66.67%)

OCT 16 10 (62.50%) 11 (68.75%)

FFA 15 9 (60.00%) 10 (66.67%)

FAF 2 2 (100.00%) 2 (100.00%)

UWF CFP 2 1 (50%.00) 0 (0.00%)

Total 50 31 (62.00%) 33 (66.00%)

Realistic images were defined as those generated by EyeDiff that were mistaken for real images by
human graders in a blinded assessment.
CFP color fundus photography, OCT optical coherence tomography, FFA fundus fluorescein
angiography, FAF fundus autofluorescence, UWF CFP ultrawide field color fundus photography.
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Fig. 2 | Examples of lesion-preserving generated images using text prompts.OCT
optical coherence tomography; FFA fundus fluorescein angiography. The yellow
arrow outlines lesions. 1st row: enlarged cup-disc ratio; 2nd row: bone spicules
pigmentation and retinal dystrophy; 3rd row: microaneurysm, exudation, retinal

hemorrhage, intraretinal microvascular abnormality; 4th row: macular dystrophy
and degeneration; 5th row: characteristic lesion of acute posteriormultifocal placoid
pigment epitheliopathy; 6th row: macular lesion, peripapillary atrophy, pigmentary
change; 7th row: vitreomacular traction andmacular hole; 8th row: macular edema.
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using the original images to 0.817 (95% CI: 0.780–0.864) after incor-
porating EyeDiff-augmented images. (2) APTOS 2019 dataset
(n = 1100): The minority class consisted of images with severe reti-
nopathy (n = 58). The AUROC of severe retinopathy was increased
from 0.867 (95% CI: 0.829–0.906) at baseline to 0.914 (95% CI:
0.903–0.934) after EyeDiff augmentation. (3) MESSIDOR-2 dataset
(n = 526): The minority class consisted of images with proliferative
retinopathy (n = 11). The AUROC for proliferative retinopathy
increased from 0.960 (95% CI: 0.937–0.988) to 0.980 (95% CI:
0.967–0.994) after EyeDiff augmentation. (4) Glaucoma Fundus
dataset (n = 465): The minority class comprised images with early
glaucoma (n = 87). The AUROC of early glaucoma increased from
0.860 (95% CI: 0.827–0.873) to 0.927 (95% CI: 0.919–0.934) after
EyeDiff augmentation. (5) PAPILA dataset (n = 98)33: The minority
class comprised images with glaucoma (n = 14). The AUROC of
glaucoma increased from 0.754 (95% CI: 0.742–0.778) to 0.795 (95%
CI: 0.756–0.813) after EyeDiff augmentation.

Downstream performance for rare disease diagnosis
Adding EyeDiff-generated images into the Rare Diseases and
OphthalWeChat34 datasets significantly improved rare disease classification
performance.

For the Rare Diseases dataset, the AUROC increased from 0.871
(95% CI: 0.863–0.891) at baseline to 0.893 (95% CI: 0.872–0.923) with
oversampling and further to 0.919 (95% CI: 0.882–0.931) with Eye-
Diff augmentation. The AUPR improved from 0.439 (95% CI:
0.401–0.462) to 0.530 (95% CI: 0.497–0.550) with EyeDiff-generated
images.

For theOphthaWeChat dataset, theAUROCrose from0.613 (95%CI:
0.570–0.634) at baseline to 0.663 (95% CI: 0.629–0.701) with EyeDiff aug-
mentation, and the AUPR from 0.397 (95% CI: 0.351–0.431) to 0.439 (95%
CI: 0.401–0.468) (see Table 4).

Notably, the inclusion of EyeDiff-generated images significantly
enhanced classificationperformance acrossmultiple rare disease subgroups,
including Stargardt disease, retinopathy of prematurity, retinoblastoma,

Table 4 | Overall performance comparison of the baseline RETFound model, oversampling, and EyeDiff-based synthetic
augmentation in downstream classification tasks

Dataset Model AUROC (95% CI) AUPR (95% CI) P value

IDRiD RETFound 0.826 (0.821, 0.832) 0.502 (0.483, 0.520)

Oversample 0.833 (0.826, 0.841) 0.516 (0.499, 0.532) 0.012*

EyeDiff 0.837 (0.833, 0.840) ↑ 0.518 (0.509, 0.527) ↑ 0.008*

APTOS 2019 RETFound 0.946 (0.941, 0.950) 0.723 (0.703, 0.745)

Oversample 0.944 (0.941, 0.947) 0.709 (0.689, 0.729) 0.197

EyeDiff 0.945 (0.941, 0.948) 0.714 (0.697, 0.732) 0.211

MESSIDOR2 RETFound 0.884 (0.880, 0.887) 0.669 (0.656, 0.683)

Oversample 0.856 (0.840, 0.872) 0.625 (0.609, 0.641) 0.187

EyeDiff 0.879 (0.869, 0.890) 0.662 (0.631, 0.693) 0.213

Glaucoma Fundus RETFound 0.950 (0.937, 0.964) 0.876 (0.841, 0.911)

Oversample 0.954 (0.940, 0.968) 0.879 (0.843, 0.915) 0.009*

EyeDiff 0.959 (0.945, 0.973) ↑ 0.893 (0.855, 0.931) ↑ 0.008*

PAPILA RETFound 0.820 (0.788, 0.854) 0.678 (0.646, 0.709)

Oversample 0.833 (0.806, 0.859) 0.724 (0.691, 0.757) <0.001*

EyeDiff 0.814 (0.779, 0.848) 0.676 (0.638, 0.713) <0.001*

JSIEC RETFound 0.990 (0.989, 0.992) 0.887 (0.871, 0.891)

Oversample 0.993 (0.990, 0.996) 0.937 (0.902, 0.951) 0.133

EyeDiff 0.996 (0.995, 0.997) ↑ 0.967 (0.957, 0.978) ↑ 0.082

Retina RETFound 0.857 (0.831, 0.873) 0.720 (0.688, 0.761)

Oversample 0.864 (0.852, 0.876) 0.731 (0.712, 0.750) <0.001*

EyeDiff 0.892 (0.867, 0.918) ↑ 0.779 (0.731, 0.826) ↑ <0.001*

OCTID RETFound 0.993 (0.987, 0.999) 0.980 (0.967, 0.993)

Oversample 0.993 (0.984, 1.000) 0.980 (0.958, 0.999) 0.045*

EyeDiff 0.995 (0.992, 0.997) ↑ 0.982 (0.969, 0.994) ↑ 0.017*

OCTDL RETFound 0.982 (0.972, 0.992) 0.903 (0.862, 0.925)

Oversample 0.994 (0.992, 0.996) 0.947 (0.928, 0.966) <0.001*

EyeDiff 0.996 (0.995, 0.997) ↑ 0.967 (0.957, 0.978) ↑ <0.001*

ImageBank RETFound 0.871 (0.863, 0.891) 0.439 (0.401, 0.462)

Oversample 0.893 (0.872, 0.923) 0.471(0.454, 0.501) <0.001*

EyeDiff 0.919 (0.882, 0.931) ↑ 0.530 (0.497, 0.550) ↑ <0.001*

OphthalWeChat RETFound 0.613 (0.570, 0.634) 0.397 (0.351, 0.431)

Oversample 0.650 (0.603, 0.692) 0.411(0.382, 0.437) <0.001*

EyeDiff 0.663 (0.629, 0.701)↑ 0.439 (0.401, 0.468)↑ <0.001*

P values were compared to baseline RETFound.
CI confidence interval, AUROC Area under the receiver operating characteristic curve, AUPR Area under the precision-recall curve.
*P < 0.05.
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retinitis pigmentosa, choroidal osteoma, morning glory syndrome, incon-
tinentia pigmenti-associated retinopathy, Von Hippel–Lindau syndrome,
and cat scratch disease (see Table 6).

Discussion
In this study, we developed EyeDiff, a generative foundationmodel capable
of synthesizing multimodal ophthalmic images from text prompts. Both
quantitative evaluations and expert human assessments confirmed Eye-
Diff’s ability to generate lesion-preserving images across multiple imaging
modalities. When used as a data augmentation strategy, EyeDiff-generated
images significantly enhanced diagnostic performance for under-
represented disease subtypes across 11 validation datasets. Importantly,
these improvements were achieved on top of established modality-specific
and multimodal foundation models, further boosting diagnostic accuracy
for both common and rare ophthalmic conditions. These findings highlight
EyeDiff’s potential as a generalist model that enables the generation of
diverse, clinically meaningful images from simple textual inputs. This
approach addresses the persistent challenge of limited multimodal data,
especially for rare conditions, and provides substantial value in enhancing
expert-level diagnostic models through more balanced and comprehensive
datasets.

Despite the rarity of individual rare diseases, their collective burden is
considerable, impacting over 900 ocular abnormalities and often leading to
lifelong vision impairment in many individuals35. While DL models hold
promise for screening rare eye diseases, progress significantly lags behind
that of common diseases due to the scarcity of large, annotated datasets36,37.
Although ongoing efforts on foundation models like EyeFound and Eye-
CLIP have demonstrated potential in identifying rare diseases through
learning frommultimodal ophthalmic data25,26, the class imbalance in real-
world scenarios, due to the varying prevalence of different subtypes and the
rarity of certain diseases, hinders training effectiveness and robustness.
EyeDiff directly mitigates these challenges by generating lesion-preserving,
modality-specific images from simple text prompts. Trained on aligned
disease and manifestation labels across imaging modalities, EyeDiff learns
how specific diseases present across different modalities and generates
representative images that enhance the detection of rare diseases and
minority disease subtypes. This functionality highlights its potential as a
generalist model, particularly beneficial in contexts where data sharing is
limited due to privacy concerns.

Generative AI (GenAI) has previously been applied in ophthalmology
to generate images, but these efforts have largely been restricted to single-
modality outputs14,15,38–41. Among GenAI methods, diffusion models have
outperformed GANs in generating images with superior quality, diversity,
stability, and controllability42. Diffusion models excel in generating high-
fidelity images due to their iterative denoising process. While GANs may
struggle withmode collapse (resulting in less diversity) andVAEs can suffer
from blurry outputs, diffusion models are designed to progressively refine
the generated images, leading to more realistic and high-resolution results.
This makes them particularly suited for medical image generation, where
fine details are crucial20. Unlike GANs, where the generator’s output can
sometimes be unpredictable, or VAEs that focus on a lower-dimensional
latent space, diffusion models allow precise control over image character-
istics by conditioning on various factors, such as labels or input attributes.
This added control is a significant advantage in applications requiring
customization, like generating specific medical conditions or anatomical
structures.

EyeDiff achieves lesion preservation through a structured conditional
generation mechanism. Specifically, the diffusion process is guided by
multi-modal conditioning, where both textual and anatomical cues direct
the network’s attention to clinically relevant regions. Cross-attention
ensures that lesion-related features are localized and faithfully recon-
structed, rather than being freely hallucinated. During training, we adopted
a data-driven training paradigm in which shared anatomical priors and
disease-relevant lesion characteristics are learned implicitly through large-
scale real-world ophthalmic data and text-guided diffusion modeling,
thereby ensuring anatomical plausibility without hard-coded structural
rules. This supervision, combined with fine-tuned control over the
denoising trajectory, enforces consistency of pathological details across
diverse cases. Although multiple strategies collectively provide practical
safeguards against misleading artifacts, it remains challenging to fully
eliminate hallucination and bias risk within a generative framework. Future
work may incorporate automated artifact detection mechanisms or
uncertainty-aware generation strategies to further quantify and control
hallucination risk.

To further ensure reliability, EyeDiff’s outputs are validated both
quantitatively (e.g., downstream classification performance) and qualita-
tively (expert evaluation), confirming that generated lesions correspond to
realistic and medically accurate features. Although some synthetic images

Table 5 | Comparison of baseline RETFound, oversampling, and EyeDiff-based synthetic augmentation in enhancing minority
class performance in downstream classification tasks

Dataset Minority Class Model AUROC (95% CI) AUPR (95% CI) P value

IDRiD (n = 103) Mild Retinopathy (n = 5) RETFound 0.772 (0.733, 0.811) 0.137 (0.134, 0.144)

Oversample 0.804 (0.768, 0.841) 0.168 (0.138, 0.170) <0.001*

EyeDiff 0.817 (0.780, 0.846) ↑ 0.168 (0.149, 0.178) ↑ <0.001*

APTOS 2019 (n = 1100) Severe Retinopathy (n = 58) RETFound 0.867 (0.829, 0.906) 0.348 (0.323, 0.385)

Oversample 0.913 (0.884, 0.920) 0.372 (0.365, 0.409) <0.001*

EyeDiff 0.914 (0.903, 0.934) ↑ 0.496 (0.482, 0.504) ↑ <0.001*

MESSIDOR2 (n = 526) Proliferative Retinopathy (n = 11) RETFound 0.960 (0.937, 0.988) 0.721 (0.712, 0.744)

Oversample 0.981 (0.952, 1.007) 0.724 (0.720, 0.741) <0.001*

EyeDiff 0.980 (0.967, 0.994) ↑ 0.740 (0.732, 0.769) ↑ <0.001*

Glaucoma Fundus (n = 465) Early Glaucoma (n = 87) RETFound 0.860 (0.827, 0.873) 0.570 (0.561, 0.596)

Oversample 0.895 (0.866, 0.915) 0.791 (0.789, 0.807) <0.001*

EyeDiff 0.927 (0.919, 0.934) ↑ 0.809 (0.791, 0.846) ↑ <0.001*

PAPILA (n = 98) Glaucoma (n = 14) RETFound 0.754 (0.742, 0.778) 0.391 (0.358, 0.424)

Oversample 0.772 (0.739, 0.773) 0.387 (0.347, 0.407) 0.017*

EyeDiff 0.795 (0.756, 0.813) ↑ 0.401 (0.369, 0.407) ↑ <0.001*

P values were compared between baseline RETFound and EyeDiff (EyeDiff), and between EyeDiff and Oversample (Oversample).
CI confidence interval, AUROC Area under the receiver operating characteristic curve, AUPR Area under the precision-recall curve.
*P < 0.05.
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were recognizable due to minor artifacts, most retained key diagnostic
features for downstreamaugmentations.Notably, all generated imageswere
used in downstreammodel training without cherry-picking, demonstrating
the robustness of lesion-related features and themodel’s practical utility as a
reliable data source.

A key concern with generative models lies in their adaptability and
whether generated images can effectively boost diagnostic performance. In
our evaluation across eleven diverse datasets, EyeDiff augmented the
underrepresented subtypes. Integration of these synthetic images led to
notable performance improvements across different established foundation
models, with statistically significant gains in AUROC and AUPR across
datasets covering DR, glaucoma, vitreoretinal diseases, and rare conditions.
EyeDiff demonstrated a consistent ability to mitigate biases arising from
data imbalance, providing a scalable strategy for constructing more robust
retinal diagnostic models through balanced data augmentation. While
synthetic data offers opportunities to augment training datasets and
improve medical AI systems, clear ethical guidelines on how synthetic data
is validated and integrated into clinical workflows are warranted. Firstly,
synthetic retinal imagesmust be clearly labeled todistinguish themfromreal
patient data, ensuring transparency in research and clinical use. Secondly,
access to image-generation tools should be restricted to authorized

personnel, with policies in place to prevent fraud or malicious use. Finally,
developers should monitor and audit the use of these tools regularly to
mitigate misuse, such as creating misleading medical content.

Nonetheless, this study has several limitations. First, the current
training data still lacks sufficient population diversity, whichmay affect the
generalizability of the model. Future work incorporating pre-
valence‑stratifiedanalyses across broader epidemiological distributionsmay
further clarify the generalizability of synthetic augmentation strategies.
Second, some generated images still exhibit noticeable visual differences
from real data. These discrepancies may introduce risks of diagnostic bias,
such as deviations in lesion location or color. To address these challenges,
expanding the dataset to include more diverse, real-time data and fostering
closer collaboration between clinical and engineering teams will be crucial
for enhancing image quality and validating the clinical utility of synthetic
images. Moreover, the current text prompts used were relatively simplified;
future work should focus on developing algorithms capable of handling
more complex, nuanced prompts while ensuring fairness and eliminating
bias in prompts.

In conclusion, EyeDiff is a generative foundation model capable of
synthesizing multimodal ophthalmic images from natural language
prompts. Integrating EyeDiff-generated images with real-world data

Table 6 | Comparison of the performance among the baseline RETFound model, oversample augmentation, and EyeDiff
augmentation in rare disease classification tasks

Dataset Disease Model AUROC AUPR P-value

Rare Diseases Stargardt Disease RETFound 0.695 (0.692, 0.717) 0.513 (0.489, 0.549)

Oversample 0.752 (0.714, 0.753) 0.42 (0.382, 0.44) <0.001*

EyeDiff 0.816 (0.779, 0.828) ↑ 0.723 (0.698, 0.745) ↑ <0.001*

Retinopathy of Prematurity RETFound 0.733 (0.715, 0.757) 0.202 (0.176, 0.231)

Oversample 0.736 (0.71, 0.763) 0.247 (0.231, 0.249) 0.045*

EyeDiff 0.737 (0.734, 0.753) ↑ 0.382 (0.352, 0.392) ↑ <0.001*

Retinoblastoma RETFound 0.74 (0.712, 0.755) 0.316 (0.282, 0.33)

Oversample 0.712 (0.68, 0.724) 0.536 (0.519, 0.561) <0.001*

EyeDiff 0.787 (0.761, 0.811) ↑ 0.742 (0.719, 0.761) ↑ <0.001*

Retinitis Pigmentosa RETFound 0.635 (0.612, 0.657) 0.442 (0.414, 0.445)

Oversample 0.637 (0.624, 0.672) 0.444 (0.43, 0.468) <0.001*

EyeDiff 0.684 (0.672, 0.7) ↑ 0.491 (0.489, 0.515) ↑ <0.001*

Choroidal Osteoma RETFound 0.723 (0.703, 0.752) 0.216 (0.209, 0.23)

Oversample 0.589 (0.552, 0.596) 0.173 (0.164, 0.208) <0.001*

EyeDiff 0.724 (0.722, 0.735) 0.256 (0.219, 0.295) 0.056

OphthalWeChat Morning Glory Syndrome RETFound 0.611 (0.584, 0.641) 0.198 (0.177, 0.215)

Oversample 0.639 (0.615, 0.667) 0.244 (0.218, 0.259) <0.001*

EyeDiff 0.694 (0.659, 0.722) ↑ 0.381 (0.356, 0.402) ↑ <0.001*

Incontinentia Pigmenti-Associated Retinopathy RETFound 0.591 (0.565, 0.616) 0.071 (0.060, 0.082)

Oversample 0.627 (0.604, 0.653) 0.11 (0.098, 0.123) <0.001*

EyeDiff 0.665 (0.641, 0.692) ↑ 0.164 (0.149, 0.179) ↑ <0.001*

Von Hippel–Lindau syndrome RETFound 0.648 (0.622, 0.672) 0.273 (0.256, 0.298)

Oversample 0.685 (0.663, 0.708) 0.319 (0.298, 0.337) <0.001*

EyeDiff 0.731 (0.706, 0.753) ↑ 0.444 (0.426, 0.465) ↑ <0.001*

Cat Scratch Disease RETFound 0.628 (0.606, 0.654) 0.117 (0.105, 0.129)

Oversample 0.665 (0.641, 0.689) 0.16 (0.146, 0.173) <0.001*

EyeDiff 0.706 (0.681, 0.729) ↑ 0.234 (0.220, 0.248) ↑ <0.001*

Choroidal Osteoma RETFound 0.643 (0.618, 0.666) 0.139 (0.126, 0.152)

Oversample 0.675 (0.652, 0.699) 0.185 (0.169, 0.200) <0.001*

EyeDiff 0.722 (0.698, 0.748) ↑ 0.268 (0.252, 0.284) ↑ <0.001*

P values were compared between baseline RETFound and EyeDiff (EyeDiff), and between EyeDiff and Oversample (Oversample).
CI confidence interval, AUROC Area under the receiver operating characteristic curve, AUPR Area under the precision-recall curve.
*P < 0.05.
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significantly enhanced the diagnostic accuracy of the baseline foundation
model across both common and rare ophthalmic diseases. By enabling
efficient, high-quality, and balanced data augmentation, EyeDiff provides a
practical solution to the long-standing challenge of data scarcity, particularly
for underrepresented disease subtypes. This work lays a foundation for
building generalizable and robust disease detection models. Future efforts
should focus on curating large-scale, diverse image–text datasets from
multiple regions and refining generation algorithms to further improve
image fidelity, semantic alignment, and controllability.

Methods
Data acquisition
EyeDiff was developed using a large-scale collection of ophthalmic
image-text pairs, covering 14 modalities and over 80 disease categories
from 8 datasets. This extensive training enabled the model to accurately
learn the associations between image distributions and their corre-
sponding textual descriptions across a wide range of diseases. We then
assessed the generalizability of EyeDiff on 2 internal datasets and 9
external datasets for several common and rare disease classifications, as
well as minority class augmentation. Table 1 summarizes the char-
acteristics of the training and validation datasets, and the studyflowchart
is illustrated in Fig. 1. This study utilized publicly available data and was
approved by the Institutional Review Board of the Hong Kong Poly-
technic University (HSEARS20240202004).

Training datasets
A brief overview of the eight training datasets is provided below: (1) Mul-
timodal datasets: TheRetinal ImageBank andGAMMAwere included. The
Retinal Image Bank, established by the American Society of Retinal Spe-
cialists, is an open-access collection containing over 29,000 multimodal
images and descriptions covering various retinal diseases (Supplementary
Table 3). GAMMA is a multimodal image dataset designed for glaucoma
grading. It consists of fundus andOCT images from300 patients, annotated
with glaucoma grade, macular fovea coordinates, and optic disc/cup seg-
mentation masks43. (2) CFP datasets: The following datasets were used:
EyePACS, REFUGE, ORIGA, RIM-ONE, and DRISHTI. EyePACS com-
prises 88,702 fundus images from a diverse population with varying degrees
of DR and is widely used to develop and evaluate DR screening models44.
REFUGE provides 1,200 fundus images with ground truth segmentations
and glaucoma labels, making it the largest publicly available dataset for
automated glaucoma assessment45. ORIGA contains 650 fundus images
annotatedby clinical experts, with a focus ondisc and cup segmentation and
the cup-to-disc ratio (CDR) estimation46. RIM-ONE offers 485 fundus
images (313 from healthy individuals and 172 from glaucoma patients) for
optic nerve evaluation, eachmanually segmented by a glaucoma specialist47.
DRISHTI consists of 101 fundus images from both normal and glauco-
matous eyes, with optic disc and cup segmented by four experts48. (3) OCT
datasets: The OCTDL dataset was used, consisting of over 2,000 OCT
images labeled with disease groups and retinal pathologies. These include
AMD,diabeticmacular edema (DME), epiretinalmembrane (ERM), retinal
artery occlusion (RAO), RVO, and common vitreomacular interface
diseases32.

Validation datasets
The generalizability of EyeDiff was validated using 11 open-access oph-
thalmic image datasets, with 2 datasets for internal validation (OCTDL and
Retina Image Bank) and 9 datasets for external validation (APTOS 2019,
OphthalWeChat, MESSIDOR-2, Glaucoma Fundus, JSIEC, Retina,
OCTID, IDRiD, and PAPILA).

DR diagnosis: The APTOS-2019 (India), IDRiD (India), and
MESSIDOR-2 (France) datasets were used. These datasets contain color
fundus images labelled according to the International Clinical Diabetic
Retinopathy Severity Scale, which classifies disease into five stages: no DR,
mild non-proliferative DR (NPDR), moderate NPDR, severe NPDR, and
proliferative DR.

Glaucoma diagnosis: The PAPILA (Spain) and Glaucoma Fundus
(South Korea) datasets were used, both of which provide color fundus
images annotated with three categories: non-glaucoma, early glaucoma
(suspected glaucoma), and advanced glaucoma.

Multi-category eye disease diagnosis: The JSIEC (China), Retina,
OCTID, OCTDL, and OphthalWechat datasets were applied. JSIEC com-
prises 1000 color fundus images, covering 39 common fundus diseases and
conditions. The Retina dataset contains 601 color fundus images, categor-
ized as normal, glaucoma, cataract, and retinal diseases. OCTID includes
572 OCT scans labeled as normal, macular hole, AMD, central serous
chorioretinopathy (CSCR), and DR. OCTDL includes OCT images anno-
tated with conditions such as normal, AMD, DME, ERM, RVO, etc.
OphthalWeChat consists of 3071 ophthalmic images and corresponding
captions that were published on an open-access WeChat Official Account,
which represents a publicly accessible platform that allows verified users to
share text and image-basedmedical content. The images used in the current
study were collected from January 1, 2016, to December 31, 2024.

Rare disease diagnosis:Multimodal images collected from rare diseases
in the Retinal Image Bank between 2019 and 2023, as well as the Oph-
thalWeChat dataset, were used. We created a custom dictionary to identify
rare disease cases, such as birdshot chorioretinopathy, cone dystrophy,
Stargardt disease, etc. Rare disease categories can be retrieved from
authoritative databases, including the American Academy of Ophthal-
mology, Orphanet, and the National Organization for Rare Disorders. A
total of 5749 images representing 17 rare diseases were included. The details
of each dataset, including the imagingmodality, examinationdevice, disease
sub-categories, and the distribution of images for training, validation, and
testing, are presented in Supplementary Table 4.

Well-designed text prompt construction
The textual prompts were constructed through an information fusion
process across multiple training datasets. Specifically, we extracted disease-
related annotations and corresponding imaging modality from the original
dataset labels and standardized them using a custom-built dictionary. The
dictionary itself was developed with clinical input to ensure medical accu-
racy and consistency. The final prompts consisted of structured compo-
nents, including imaging modality, disease or lesion type, and disease
severity (such as mild NPDR, moderate NPDR, etc.) when available. A
detailed list of prompt examples is provided in Supplementary Table 5. We
excluded non-routine retinal examination image descriptions, such as his-
tology and pathology images.

Algorithm architecture
Diffusion models are probabilistic generative models that learn data dis-
tributions by progressively denoising a variable initially sampled from a
normaldistribution.The latent diffusionmodel (LDM)extends this concept
by incorporating a compression approach. Specifically, it compresses ima-
ges into amore efficient, lower-dimensional latent space, which is then used
for the diffusion process. Features of textual information interact with the
features during the image generation process, ultimately enabling condi-
tional generation. Compared to the high-dimensional pixel space, the
compact latent space offers several advantages for likelihood-based gen-
erative models. First, it enables the model to concentrate on the most
meaningful semantic features of the data. Second, it allows for training in a
much lower-dimensional space, which significantly reduces computational
complexity, making the model both more efficient and scalable.

The architecture of EyeDiff is built upon the StableDiffusion v1.5 (SD),
a text-to-image generation model implemented based on LDM. Among
existing text-to-image models, SD has garnered significant attention for its
impressive performance in generating high-quality images and its cost-
effective fine-tuning. Its denoising process operates in a latent space, akin to
other diffusionmodels, producing images that are highly consistentwith the
input text. This makes SD particularly suitable for text-guided image
generation20,49. Fig. 1b presents the algorithm architecture of EyeDiff. It is
formed by two modules: one is a Variational Autoencoder (VAE), which
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learns a compressed latent space, and the second is an LDM, which forms
the core component for text-to-image generation. The encoder-decoder
framework is pre-trained separately to establish an effective latent repre-
sentation of the input images before training the diffusion model. Impor-
tantly, the encoder and decoder are usually kept frozen during diffusion
model training to maintain a stable and consistent latent space.

Model development
For trainingEyeDiff, we utilized structured text prompts as input andpaired
images as the ground truth. Firstly, the VAEmodel is trained to project the
image data (resized to 512 × 512 resolution) into two latent tensors: a mean
and a standard deviation. These latent tensors are used to define a Gaussian
distribution,which is sampled toproducecompact embeddingsof the image
data. From this compact embedding, the VAE decoder reconstructs the
input image. The VAE is trained by using a combination of L1 recon-
struction loss, learned perceptual image patch Similarity (LPIPS)50, and a
Kullback-Leibler (KL)-divergence loss. The KL-divergence loss ensures a
Gaussian distribution in the latent space, while the integration of the
remaining loss functions avoids the blurring effects typically associatedwith
relying exclusively on pixel-space losses like L1 objectives. Once the VAE is
trained, we use it to turn images into latent representations that capture
essential visual features. The LDM then works on this latent space.

During the training phase of the LDM, noise is gradually added to the
image latent according to the linear noise scheduler at each timestep. The
U-Net of the latent diffusionmodel then learns to reduce this noise by taking
as input the noisy image latent, the timestep information, and the text
prompts. The predicted noise is subtracted from the noisy image latent at
each timestep, resulting in a denoised latent representation at the end of the
process, which can be passed through the VAE decoder to obtain the gen-
erated image. For the conditionalmechanism, the text prompts are encoded
through a contrastive language-image pre-training (CLIP) text encoder and
fed into the denoising U-Net of the LDM via cross-attention. The training
loss function serves as a reconstruction objective, comparing the noise
added to the latent representation with the predictions generated by the
UNet. For generating a new image, the process is the same, butwe start from
total random noise until we have a synthetic image whose generation has
been guided by the text embedding.

For implementation details, we utilized the AdamW optimizer with a
weight decay of 1e-2. The batch size was set to 8, and learning rate to 5e-5.
Each training sessionwaspreset to run for a total of 5 epochs, given that each
epoch involved training with sufficiently comprehensive data.

Objective evaluation of text-to-image alignment
We applied VQAScore27 to objectively measure the alignment between
generated images and the corresponding texts in downstream tasks. The
VQAScore applied a visual-question-answering (VQA) model to compute
an alignment score by estimating the probability of a “Yes” answer to the
question “Does this figure show ‘[text]’?”. TheVQAScore offers a simple yet
effective approach and has been shown to outperform prior art51, demon-
strating strong agreementwithhuman judgements. Thismetric ranges from
0 to 1, with higher scores indicating better alignment.

Subjective evaluation of medical realism
We applied the Turing test and visual quality scores to evaluate the medical
realism of the generated images. Two ophthalmologists (board-certified
ophthalmologists R.C. and X.C., both with 5 years of experience) inde-
pendently participated in Turing test and visual quality evaluation.

Turing test: One hundred images were randomly selected for the
Turing test, with 50 real images and 50 generated images. Two ophthal-
mologistswere asked to independently determinewhether each imagewas a
real clinical image or a synthetic one. The accuracy of ophthalmologists in
correctly identifying real and generated images was calculated to evaluate
the perceptual realism of the generated outputs52.

Visual quality evaluation: Fifty generated images were randomly
selected for visual quality evaluation. The ophthalmologists evaluated the

generated images subjectively using a five-point scale, based on the integrity
of generated structures and lesions according to text prompts. The scale is as
follows: 1 = The modality and lesion features of the generated image fully
match the text prompts; 2 = The modality of the generated image corre-
sponds to the text prompts, and the lesion featuresmostly alignwith the text
prompts; 3 = The modality of the generated image corresponds to the text
prompts, and the lesion features slightly alignwith the text prompts; 4 = The
modality of the generated image corresponds to the text prompts, but the
lesion features cannot be generated; 5 = All the text-guided features cannot
be generated. To determine the inter-rater agreement, we calculated
Cohen’s weighted kappa score. This score ranges from−1 to 1, with values
between 0.40 and 0.60 indicating moderate agreement, 0.60 and 0.80 sub-
stantial agreement, and 0.80 to 1.00 representing almost perfect agreement.

Downstream evaluation of applicability
We evaluated the applicability of EyeDiff-generated images in augmenting
minority classes and enhancing the overall performance of disease diagnosis
on the validation datasets listed above. We used RETFound, EyeCLIP, and
EyeFound, a series of established foundation model for retinal disease
diagnosis, as the baseline models for our experiments24. The weight sets of
RETFound, EyeFound, and EyeCLIP were applied, respectively.

RETFound and EyeFound were developed based on a Vision Trans-
former (ViT) architecture. It was utilized to extract image features into a
1024-dimensional embedding, followed by a multi-head attention
mechanism and a fully connected layer to obtain the diagnosis output. The
ViT is capable of capturing long-range dependencies and global contextual
information by leveraging a self-attention mechanism to process image
patches53. Its ability to effectively handle non-local information makes it a
powerful model for medical image analysis, where diagnoses often depend
on global features54. Previous evidence has confirmed the effectiveness of
ViT in detecting lesions and classifying retinal diseases from multimodal
ophthalmic images55,56.

EyeCLIP was developed based on the CLIP framework, which learns a
shared embedding space for image–text pairs through contrastive learning.
To enhancevisual representation learning, an image decoder inspiredby the
Masked Autoencoder (MAE) structure is integrated into the CLIP archi-
tecture, enabling masked image reconstruction in addition to the original
contrastive objectives. The training objective combines image-text con-
trastive loss, image-image contrastive loss for cross-modality alignment, and
reconstruction loss for self-supervised feature enhancement. All image
modalities share a unified vision encoder, allowing the model to learn
modality-invariant representations without the need for explicit fusion
layers. During training, images are cropped to the field of view, resized to
224 × 224, and augmented with random cropping, color jitter, and hor-
izontal flipping.

Wecompared thediagnosticperformance in the followingexperiments:
(1) RETFound/EyeCLIP/EyeFound: the baseline diagnostic model using
original real images; (2)Oversample: the diagnosticmodel using original real
images and oversampled images for augmenting minority classes; (3) Eye-
Diff: the diagnostic model using original real images and EyeDiff-generated
images for augmenting minority classes. All classes with fewer samples than
themajority class in the dataset were augmented using oversampling (in the
oversample group) or EyeDiff (in the EyeDiff group) to ensure balance by
matching the number of samples in the majority class. For single-modality
diagnostic tasks (e.g. color fundus images or OCT images), EyeDiff was
prompted with text such as “fundus image, [disease category]” or “optical
coherence tomography, [disease category]” to generate modality-specific
imageswith corresponding lesions. These imageswere then used to augment
the minority classes in developing classification models. For multi-modality
diagnostic tasks, the data used to train EyeDiff was labelled with disease and
manifestation information aligned to each specific modality. This approach
enables the model to learn the distinct manifestations of each disease across
modalities and generate representative images for downstream tasks.

The performance of retinal disease diagnosis was evaluated through
standard metrics, including the AUROC and the AUPR.
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Data availability
The data for model training in the current study are available as open data
through the following links: Retinal Image Bank (https://imagebank.asrs.
org/), EyePACS (https://www.kaggle.com/c/diabetic-retinopathy-detection/
data), OCTDL (https://ieee-dataport.org/documents/octdl-optical-
coherence-tomography-dataset-image-based-deep-learning-methods),
REFUGE (https://bitbucket.org/woalsdnd/refuge/src/master/), ORIGA
(https://figshare.com/articles/dataset/Retinal_Fundus_Glaucoma_Image_
dataset/24549217?file=43119880), RIM-ONE (https://bit.ly/rim-one-dl-
images), DRISHTI (https://www.kaggle.com/datasets/lokeshsaipureddi/
drishtigs-retina-dataset-for-onh-segmentation), GAMMA (https://
paperswithcode.com/dataset/gamma-challenge). The data for validation in
the current study are available as open data through the following links:
IDRID (https://ieee-dataport.org/open-access/ indian-diabetic-retinopathy-
image-dataset-idrid), MESSIDOR-2 (https://www.adcis.net/en/third-party/
messidor2/), APTOS-2019 (https://www.kaggle.com/competitions/
aptos2019-blindness-detection/data), PAPILA (https://figshare.com/
articles/dataset/PAPILA/14798004/1), Glaucoma Fundus (https://
dataverse.harvard.edu/dataset. xhtml?persistentId=https://doi.org/10.7910/
DVN/1YRRAC), JSIEC (https://zenodo.org/record/3477553), Retina
(https://www.kaggle.com/datasets/jr2ngb/ cataractdataset),OCTID(https://
borealisdata.ca/dataverse/OCTID) and OCTDL(https://ieee-dataport.org/
documents/octdl-optical-coherence-tomography-dataset-image-based-
deep-learning-methods).

Code availability
The deep-learning model was developed using PyTorch (http://pytorch.
org). We trained the model on an NVIDIA V100 card. The code for deep
learning model development can be accessed at https://github.com/
huggingface/diffusers/tree/main/examples/dreambooth.
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