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Abstract
Scaling synthetic colour fundus photographs (CFPs) offers a tunable strategy for retinal foundation-
model pretraining. From 28,430 real CFPs, we generated 568,600 synthetic CFPs and compared six one-
pass strategies: real-only, synthetic-only, real-plus-1×synthetic, real-plus-5×synthetic, real-plus-
10×synthetic and real-plus-20×synthetic. Average area under the receiver operating characteristic curve
(AUROC) was highest in internal validation with real-plus-10×synthetic (0.906 versus 0.862 for real-only
across 12 test datasets), but in external validation with real-plus-20×synthetic (0.777 versus 0.683
across eight datasets). The real-plus-1×synthetic strategy increased both averages with the lowest
counted computation among real-plus-synthetic strategies. At a matched image count, synthetic-only
achieved comparable average external AUROC to real-only. Generation accounted for approximately 99%
of the estimated 9 × 10¹⁹ floating-point operations for generation and backbone pretraining. These
findings identify complementary uses of synthetic scaling: lower-volume supplementation for a
performance–computation balance and larger volumes for stronger external generalisation, with
strategy selection guided by evaluation objectives and computational resources.

Introduction
Colour fundus photographs (CFPs) provide a non-invasive view of the retinal vasculature and optic nerve
head, enabling task-specific deep-learning models to detect eye diseases, including glaucoma, diabetic
retinopathy (DR), and age-related macular degeneration (AMD)1–3 and support systemic disease

prediction (oculomics).4–7 Most deep-learning models trained on CFPs, however, use labelled data from
specific development populations, which limits their generalisability across populations and settings.
Foundation models (FMs), by learning transferable representations from large unlabelled collections, can
be adapted to multiple downstream tasks using relatively little labelled data.8 For example, RETFound9

and VisionFM10 have demonstrated label-efficient adaptation across ocular and systemic prediction

tasks, while EyeFM11 extends the FM paradigm to multimodal clinical assistance. This versatility,
however, shifts the data burden to pretraining, which requires large, diverse, and carefully curated
collections of unlabelled CFPs and other ophthalmic images that are costly to assemble.12–14

Synthetic image generation offers one way to expand pretraining corpora without acquiring additional
real images, using approaches such as generative adversarial networks15 and diffusion models.16–17

Trained on real CFP datasets, these models can generate CFPs conditioned on available demographic,
acquisition, and disease metadata. Synthetic medical images have augmented original datasets18–20

and increased minority-class representation in prognostic models.21 In ophthalmic FM pretraining,
synthetic images have reduced the amount of real data required for pretraining.22 Although previous

studies have compared more than one real-to-synthetic ratio,10,18,21,23 evidence remains limited on
whether adding progressively larger synthetic volumes to a fixed real CFP corpus yields consistent
downstream gains, particularly in external validation, in which models are tested on independent
datasets not used to fine-tune the evaluated model. Because both image generation and pretraining over
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larger datasets require computation, the utility of scale cannot be judged from performance alone. A
scaling analysis must therefore examine downstream performance alongside floating-point operations
(FLOPs) for generation and pretraining to determine whether gains persist on external datasets.

In this study, using a fixed real CFP corpus as the reference, we compared real-only pretraining, synthetic-
only pretraining with the same number of images, and real-plus-synthetic pretraining with synthetic-to-
real image ratios of 1:1, 5:1, 10:1, and 20:1. We evaluated the resulting backbones across multiple
classification tasks using internal validation on held-out test sets and external validation. For each
strategy, we also related the observed unweighted mean area under the receiver operating characteristic
curve (AUROC) to the total FLOPs required for synthetic-image generation and one DINOv2 pretraining
run, separately for internal and external validation.

Results

Study overview
Figure 1 summarises the study design; source and downstream datasets are described in Tables 1 and
2, respectively. Implementation settings are summarised in Supplementary Table S1. Figure 2 shows
representative real CFPs from each of the three source datasets used to train low-rank adaptation
(LoRA) adapters alongside synthetic CFPs produced by the corresponding adapter.

Internal validation across synthetic volumes
Across the 12 downstream datasets, mean AUROC increased by Δ = +0.043 from real-only to real-plus-
10×synthetic, reaching the highest observed internal mean (Figure 3). Generally, the largest gains were
found between adjacent strategies from real-only to real-plus-1×synthetic and from real-plus-5×synthetic
to real-plus-10×synthetic. Only a subtle change in mean AUROC was observed between the 1× and 5×
strategies. Across the 12 internal datasets, no synthetic-only versus real-only comparison met the
Benjamini–Hochberg (BH)-adjusted significance criterion of q < 0.05. Nevertheless, the magnitude of
improvement varied by dataset. For example, APTOS and AMDNet23, which had high real-only AUROCs,
showed comparatively small gains. Per-dataset AUROC estimates are in Table S2. Threshold-dependent
metrics (sensitivity, specificity, precision, negative predictive value, and F1 score) at the locked operating
threshold are reported in Figure S1 (Supplementary Section S1).

The Friedman test across the 12 downstream datasets and six scaling strategies yielded χ²(5) = 44.05, p
< 0.001, indicating that strategy ranks were not all equal. The Nemenyi post hoc test had a critical
difference of 2.18 at α = 0.05 (k = 6, N = 12; Figure 4). The mean-rank differences between real-only and
real-plus-10×synthetic and between real-only and real-plus-20×synthetic were 3.00 and 3.58, respectively,
and therefore exceeded the critical difference.
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Of the 60 pairwise comparisons against real-only (12 datasets × 5 non-baseline strategies), 10 met the
within-dataset BH criterion (q < 0.05); no real-plus-synthetic strategy was significantly worse than real-
only. The 10 significant improvements occurred in five datasets: DeepDRiD, AITS, HRDC, ORIGA, and
HYAMD. All comparisons that remained significant after BH correction are reported in Table S3.

Area under the precision–recall curve (AUPRC) showed a similar overall scaling pattern: mean AUPRC
across the 12 downstream datasets increased by Δ = +0.062 from real-only to real-plus-20×synthetic,
which had the highest observed mean AUPRC. The Friedman test on AUPRC ranks yielded χ²(5) = 37.90,
p < 0.001, indicating that strategy ranks for AUPRC were not all equal. Real-plus-20×synthetic also had
the highest internal mean AUPRC, marginally exceeding real-plus-10×synthetic, which had the highest
mean AUROC. Per-dataset AUPRC values are tabulated in Table S4 with the corresponding synthetic CFP
scaling curve in Figure S2.

External validation across synthetic volumes
Across the eight same-disease external validations, mean AUROC increased by Δ = +0.093 from real-only
to real-plus-20×synthetic, the highest observed external mean, compared with a maximum internal gain
of +0.043 (Figure 5). Mean external AUROC was 0.012 higher with synthetic-only than with real-only
pretraining, but results varied across external validation datasets. Of the 40 non-baseline-strategy
comparisons, 22 showed significantly higher AUROC than real-only after applying the BH criterion within
each external validation at q < 0.05 (18 of 32 real-plus-synthetic comparisons and 4 of 8 synthetic-only
comparisons). One additional synthetic-only comparison, AMDNet23→HYAMD, showed significantly
lower AUROC; no real-plus-synthetic strategy showed a significant decrease. AUROC estimates for each
external validation are in Table S5; AUPRC values are reported in Table S6 and visualised in Figure S3. In
the selected true-positive cases shown for the eight external validations, the attention overlays were
spatially localised and sometimes overlapped the optic disc in glaucoma, visible retinal lesions in DR, or
the macular region in AMD. The heatmaps for each external validation are shown in Figure
S4 (Supplementary Section S7).

Observed AUROC versus counted FLOPs
Generating one synthetic CFP was estimated to require 156.45 trillion FLOPs, whereas one image
presentation during the specified single-pass DINOv2 pretraining protocol using a base-size Vision
Transformer (ViT) with 14-pixel patches (ViT-B/14) was estimated to require 601 billion FLOPs. Across
these two counted stages, generating the shared synthetic pool once and pretraining all six backbones
was estimated to require approximately 90 EFLOPs (1 EFLOP = 10¹⁸ floating-point operations), of which
approximately 99% arose from synthetic-image generation.

Figure 6 shows the empirical Pareto frontiers for mean AUROC versus counted FLOPs. Using the
strategy-specific FLOP accounting and Equation 1 in Methods, the internal empirical frontier comprised
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real-only (0.017 EFLOPs, 0.862), real-plus-1×synthetic (4.482 EFLOPs, 0.881), real-plus-5×synthetic
(22.342 EFLOPs, 0.885), and real-plus-10×synthetic (44.667 EFLOPs, 0.906). Synthetic-only and real-plus-
20×synthetic were empirically dominated in the internal summary. The external empirical frontier
comprised real-only, synthetic-only, real-plus-1×synthetic, real-plus-5×synthetic, and real-plus-
20×synthetic; real-plus-10×synthetic was empirically dominated in the external summary by real-plus-
5×synthetic.

Under the study-defined rule, real-plus-1×synthetic was designated because it had the lowest counted
FLOPs among real-plus-synthetic strategies, lay on both empirical frontiers, and exceeded real-only in
both observed mean AUROCs. Its observed internal AUROC gain was Δ = +0.018, 42% of the maximum
observed internal gain of +0.043, while using approximately 10% of the counted FLOPs of real-plus-
10×synthetic. Its observed external AUROC gain was Δ = +0.051, 55% of the maximum observed external
gain of +0.093, while using approximately 5% of the counted FLOPs of real-plus-20×synthetic. This
designation did not imply statistical superiority or a unique optimum.

At higher volumes, the internal and external summaries diverged. Real-plus-20×synthetic accounted for
89.316 EFLOPs, approximately twice the 44.667 EFLOPs of real-plus-10×synthetic and produced no
higher observed mean internal AUROC (0.905 versus 0.906); however, it achieved the highest observed
mean external AUROC (0.777 versus 0.683 for real-only). Table 3 summarises the strategy-specific
values. The corresponding Pareto analysis using mean AUPRC versus counted FLOPs, reported in Figure
S5, designated the same strategy in both panels.

Discussion
Real-plus-synthetic pretraining achieved higher mean downstream AUROC than real-only pretraining, with
the largest gains observed in external validation. Internal and external validation showed different
performance patterns as synthetic volume increased. Selecting this scale according to the intended
downstream tasks and available computation may provide a practical strategy for FM development.

Prior work has shown that synthetic medical images can augment classification datasets18–20, provide
training data for downstream classifiers24, increase representation of minority outcomes in prognostic
modelling21, and expand FM pretraining corpora.22 Four studies have compared multiple real-to-synthetic

ratios.10,18,21,23 Across the evaluated range, lower synthetic-data volumes delivered a substantial share
of the performance improvement with modest corpus expansion, whereas higher-volume strategies
achieved the strongest external validation performance. This contrast suggests two useful operating
regimes: efficient supplementation at lower volumes and scaling for external generalisation at higher
volumes.

Moreover, we assessed performance–compute efficiency and consistency by the Pareto and rank
analyses. We found that under the study decision rule, real-plus-1×synthetic provided a promising
starting point for synthetic supplementation among the evaluated real-plus-synthetic strategies. It
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achieved higher mean AUROCs than real-only pretraining in both evaluation settings, used the lowest
counted FLOPs among these strategies, and lay on both empirical frontiers.

We also found that at a matched image count, synthetic-only pretraining achieved comparable mean
external AUROC to real-only pretraining, supporting the use of synthetic CFPs as a potential standalone
pretraining resource in data-constrained settings. The treatment of retinal imaging as biometric data
remains debated.25–26 Synthetic-only pretraining offers a potential route to privacy-conscious
foundation-model development by reducing the need to share original patient CFPs for backbone
training. Nebbia et al. showed that retinal foundation-model features can support patient re-
identification.27 Our generator was conditioned on disease labels and demographic and acquisition
metadata, and the resulting synthetic images may support learning shared disease-relevant features
with less reliance on patient-specific retinal cues. Our findings support the disease-prediction utility of
this approach; its potential to reduce re-identification risk requires further evaluation.

A principal strength of this study was the consistent evaluation of synthetic CFP scaling under a one-
pass training protocol. All strategies used the same architecture, random initialisation, pretraining
method, and evaluation pipeline. This comparison measured the practical consequences of increasing
synthetic-data volume, including the additional training updates and computation associated with larger
corpora. Isolating the contribution of synthetic-image content at matched training updates represents a
complementary experimental question beyond the scope of this study.

The findings apply to the tested generation and pretraining pipeline, binary CFP classification tasks, and
populations and imaging devices represented in the source datasets. The synthetic-only comparison at a
matched image count provides a useful benchmark; future matched-computation comparisons with
additional real data or conventional augmentation could build on these findings. Further studies should
assess generated-image quality, diversity and generator-specific bias, and evaluate the comparative
performance and clinical utility of synthetic-only pretraining. The bootstrap confidence intervals provide
a descriptive summary of the eight external validations using three source-trained models, with unequal
disease representation. Extending evaluation to biomarker extraction and segmentation would broaden
the assessment of synthetic-data pretraining beyond classification.

In summary, our findings support synthetic CFPs as a valuable resource for retinal FM pretraining, either
as an extension of real-image corpora or as a potential standalone resource when access to real CFPs is
limited. Synthetic-data scale should be aligned with the intended evaluation objective and available
computation, with external validation used to guide and confirm strategy selection.

Methods

Study design
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Figure 1 summarises the study design. For each source dataset, we trained a separate image-generation
adapter and used it to generate synthetic CFPs. We then pretrained a separate ViT backbone for each
pretraining strategy, fine-tuned each backbone on each binary classification dataset, and evaluated the
resulting models on held-out images from the same dataset (internal validation) and on independent
datasets for the same disease (external validation).

Synthetic CFP generation

We adapted Stable Diffusion XL (SDXL) 1.0,28 a latent-diffusion text-to-image model with a U-Net
backbone,17 using LoRA for CFP generation.29,30 For each source CFP dataset, we trained only a LoRA
adapter in the U-Net self-attention and cross-attention projections; the SDXL text encoders and all base-
model weights remained frozen (Supplementary Table S1).

From the public ODIR,31 BRSET,32 and mBRSET33 datasets, we included 7,000, 16,266, and 5,164 real
CFPs, respectively (28,430 total; Table 1). For image generation, we constructed a prompt from the
available metadata for each source image, including camera type, demographic characteristics (age,
ethnicity, and sex), ophthalmic disease (DR, AMD, and glaucoma), and systemic disease (hypertension
and diabetes), using the following template:

"A fundus image collected using {camera} from a {age} year old {ethnicity} {sex} with {DR}, {AMD},
{Glaucoma/Hypertension/Diabetes}."

Each field was populated from the corresponding source-image metadata, and fields with missing data
were omitted. Each prompt therefore encoded the available camera and demographic characteristics
and recorded disease labels. Demographic metadata were included because they were available in the
source datasets and may influence image appearance; their effect on generated-image diversity was not
independently evaluated. We sampled prompts to match the distribution of available metadata and
recorded labels in each source dataset. Using the three adapters, we generated a shared pool of 568,600
synthetic CFPs at a resolution of 512 × 512 pixels. Generation used 50 Euler scheduler steps and a
classifier-free guidance scale of 5.0 34. Each image was generated with a distinct random seed.

Pretraining scaling strategies and backbone
We generated up to 568,600 synthetic CFPs (20× the real-set size) and, by sampling from this shared
pool, compared six scaling strategies: real-only (28,430 real CFPs), synthetic-only (28,430 synthetic
CFPs), and four real-plus-synthetic strategies combining the real set with 1×, 5×, 10×, or 20× the real-set
size of synthetic CFPs. Each strategy was used to pretrain a separate backbone for one complete pass
over its dataset under otherwise identical hyperparameters.
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Each backbone used the ViT-B/14 architecture35 and was trained from random initialisation with
DINOv236, a self-distillation framework that learns without labels. Because our pretraining corpora
ranged from tens to hundreds of thousands of images, we selected DINOv2, which is better suited to this
data scale than DINOv3, a model developed using a curated corpus of 1.689 billion images.37 Additional
generation, preprocessing, pretraining, and fine-tuning settings are summarised in Supplementary Table
S1. Training from random initialisation prevented inherited natural-image weights from influencing the
backbone comparison.

Downstream tasks and external validation
Each pretrained backbone was fine-tuned on 12 binary classification tasks spanning glaucoma, DR, AMD,
and systemic hypertension (Table 2). For glaucoma detection tasks, the Bangladesh Eye Hospital (BEH)
dataset,38 REFUGE,39 ORIGA,40 and AITS were used. Reference standards differed among the glaucoma
datasets. BEH images were labelled for glaucoma by two eye specialists. REFUGE labels were assigned
from comprehensive clinical-record review requiring glaucomatous optic nerve head damage and
reproducible visual field defects. ORIGA images originated from the Singapore Malay Eye Study and were
released with expert glaucoma labels and optic disc/cup annotations. AITS was an internal prospective
ocular-imaging cohort at the Chinese University of Hong Kong Eye Centre, with clinical glaucoma
diagnoses labelled by eye specialists. The Research Ethics Committee (Kowloon Central / Kowloon East)
approved the AITS cohort study (KC/KE-20-0241/ER-1), and participants provided written informed
consent. All four datasets were analysed as binary glaucoma versus non-glaucoma tasks (Table 2). For
DR detection, APTOS,41 IDRiD,42 MESSIDOR-2,43–44 and DeepDRiD datasets were used.45 All four
datasets were graded on the five-category International Clinical Diabetic Retinopathy severity scale and,
for this study, binarised as any DR (grades 1–4) versus no DR (grade 0). For AMD detection,
AMDNet23,46 HYAMD,47 and ADAM48 were used, all binarised as present versus absent: AMDNet23 was
binarised from four source classes into AMD versus non-AMD; HYAMD used classes 1 and 2 (early and
intermediate-to-late AMD) as positive and class 0 (non-AMD) as negative; and ADAM used its native
binary AMD-versus-non-AMD label (Table 2). HRDC49 was used to predict systemic hypertension from
CFPs. For each dataset, we used a fixed, stratified image-level split of 50% for training, 20% for validation,
and 30% for testing; we used identical image splits for all pretraining strategies. We fine-tuned all model
parameters for 50 epochs using AdamW50 at a constant learning rate with focal loss51 (γ = 2.0; α = 1.0)
to address class imbalance, and selected the checkpoint with the highest exponentially smoothed
validation AUROC. Full hyperparameter settings are given in Supplementary Table S1. To visualise the
spatial distribution of attention for each fine-tuned backbone, we extracted the class-token ([CLS]) self-
attention weights from the last transformer block, averaged them across heads, reshaped the CLS-to-
patch attention to the patch grid, resized it to the input image dimensions, and overlaid the resulting map
on the input CFP.
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To assess external generalisation, we fine-tuned each backbone on the largest dataset within each
disease group as the source and evaluated it on all images in each remaining same-disease dataset as
an independent target. The eight external validations were REFUGE→AITS, REFUGE→BEH, and
REFUGE→ORIGA for glaucoma; APTOS→IDRiD, APTOS→MESSIDOR-2, and APTOS→DeepDRiD for DR;
and AMDNet23→ADAM and AMDNet23→HYAMD for AMD.

Statistical analysis
Model discriminative performance was evaluated separately in each internal held-out test cohort and
across all images in each external target dataset. AUROC was prespecified as the primary metric, and
AUPRC as a secondary metric. For each downstream task and pretraining strategy, we drew 1,000
bootstrap samples from the source-dataset validation split, selected the threshold that maximised
Youden’s J statistic in each sample, averaged the selected thresholds, and locked that mean threshold
before evaluation. The threshold was applied without recalibration to the corresponding internal held-out
test cohort or, for external validation, to all images in the target dataset. Sensitivity, specificity, precision
(positive predictive value), negative predictive value, and F1 score were calculated at this threshold.

Overall differences among the six strategies were assessed across the 12 internal downstream datasets
using a Friedman test,52 with dataset as the block and strategy as the within-block factor; Nemenyi post

hoc comparisons of mean ranks were applied to the primary AUROC analysis.53 Within each evaluation
unit, each of the five alternative strategies was compared with real-only using a two-sided DeLong test54

on paired predictions from the same evaluation images—the held-out test partition for internal validation
or all images in the target dataset for external validation—and the five resulting p values were adjusted
within that unit using the BH procedure, with q < 0.05 used as the significance criterion.55 The evaluation
unit was the individual dataset for internal comparisons and the source–target dataset pair for external
comparisons. AUROCs for each internal or external validation and paired AUROC differences (ΔAUROC,
defined as the evaluated strategy’s AUROC minus the real-only AUROC) were reported with two-sided
95% confidence intervals from DeLong variance estimates.54 Confidence intervals for the unweighted
mean AUROC and AUPRC across internal or external validations were estimated with 1,000 paired
bootstrap resamples of the evaluation units. These intervals describe evaluation uncertainty for the fitted
models; repeated pretraining and fine-tuning runs would additionally characterise training variability. All
differences and across-dataset summaries were calculated from full-precision estimates before
rounding. Benjamini–Hochberg adjustment therefore controlled the five comparisons within each
internal or external validation, not the false-discovery rate across all internal or external validations;
aggregate counts of significant comparisons are descriptive.

FLOP estimation and empirical Pareto analysis
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To quantify computational requirements, we used PyTorch FlopCounterMode to estimate the FLOPs
required for synthetic-image generation and DINOv2 backbone pretraining. Counts were reported in
EFLOPs; only these two stages were included.

We compared observed unweighted mean AUROC with counted FLOPs separately for internal and
external validation. For each strategy s, C(s) denoted the combined FLOPs required to generate its
synthetic images and pretrain one backbone, and A(s) denoted its unweighted mean AUROC. Mean
AUROC was calculated across internal test datasets for the internal analysis and across external
validations for the external analysis. A strategy lay on the empirical Pareto frontier if no other strategy
Pareto-dominated it (s′ ≻ s, requiring C(s′) ≤ C(s) and A(s′) ≥ A(s) with at least one strict inequality). With
S denoting the set of evaluated strategies, the empirical Pareto frontier P was:

1
To provide a transparent descriptive designation, we defined the selected strategy as the lowest-FLOP
real-plus-synthetic strategy that was nondominated in both separately calculated AUROC summaries and
whose observed internal and external mean AUROCs both exceeded those of real-only. As an exploratory
secondary analysis, we repeated the Pareto analysis using mean AUPRC in place of mean AUROC. The
results are reported in Supplementary Section S8.
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Tables
Table 1. Source CFP datasets used for LoRA adapter training. Image counts and descriptive statistics
refer to the image-level records included in this study. Age: mean (range); Sex: female/male image
counts; Camera: as catalogued in per-image metadata. CFP, colour fundus photograph; LoRA, low-rank
adaptation; DR, diabetic retinopathy; AMD, age-related macular degeneration. In the ODIR row, ‘–’ for
camera indicates that the camera model was not available. 

Dataset Images
included

Camera Age
(mean,
range)

Sex (F/M) Source
population

Labels
available

ODIR 7,000 – 57.9
(1–91)

3,230/3,770 China DR, AMD,
glaucoma,
hypertension,
diabetes

BRSET 16,266 Canon CR-
2; Nikon
NF5050

57.7
(5–97)

10,052/6,214 Brazil DR, AMD,
hypertension,
diabetes

mBRSET 5,164 Phelcom
Eyer
(handheld)

61.4
(3–90)

3,360/1,804 Brazil
(community)

DR,
hypertension,
diabetes

 

Table 2. Downstream classification datasets, grouped by task. Positive class (%) is the percentage in the
held-out 30% partition used for internal validation. When a dataset served as an external target, all
images included in the study—not only its internal test partition—were evaluated. Source or acquisition
setting reports the available country, region, or dataset provenance; acquisition geography was not
available for the aggregated AMDNet23 sources. ONH, optic nerve head; VF, visual field; ICDR,
International Clinical Diabetic Retinopathy severity scale; DR, diabetic retinopathy; AMD, age-related
macular degeneration. 
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Dataset Images
analysed

Positive class
(%)

Positive-class
definition

Source or acquisition
setting

Glaucoma

AITS 502 16.6 Glaucoma (clinical
diagnosis)

Hong Kong, China

BEH 634 26.7 Glaucoma (two eye
specialists)

Bangladesh

ORIGA 650 25.6 Glaucoma (expert label) Singapore

REFUGE 800 10.0 Glaucoma (ONH + VF) China

Diabetic retinopathy

APTOS 3,662 50.7 Any DR (ICDR grade ≥1) India

IDRiD 413 63.2 Any DR (ICDR grade ≥1) India

MESSIDOR-
2

1,744 41.8 Any DR (ICDR grade ≥1) France

DeepDRiD 1,600 55.4 Any DR (ICDR grade ≥1) Shanghai, China

Age-related macular degeneration

ADAM 400 21.7 AMD (any stage) China

AMDNet23 1,994 24.7 AMD (any stage) Multiple public
sources

HYAMD 1,370 33.3 AMD (any stage) Israel

Systemic hypertension

HRDC 712 50.0 Systemic hypertension China

Table 3. Strategy-specific counted FLOPs for synthetic-image generation and backbone pretraining, with
observed unweighted mean AUROC. Internal AUROC is the unweighted arithmetic mean across the 12
downstream datasets; external AUROC is the unweighted arithmetic mean across the eight external
dataset pairs for the same disease. For each strategy, the reported FLOP count represents a hypothetical
single-strategy run in which the required synthetic images are generated and one backbone is pretrained.
These strategy-specific counts should not be added together and differ from the approximately 90
EFLOPs used to generate the shared pool once and run all six study strategies. AUROC, area under the
receiver operating characteristic curve; EFLOP, 10¹⁸ floating-point operations; FLOPs, floating-point
operations. N× denotes a synthetic-to-real image ratio of N:1, with the real corpus held fixed. 
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Strategy Counted
FLOPs
(EFLOPs)

Mean
internal
AUROC

Mean
external
AUROC

Empirical Pareto status

real-only 0.017 0.862 0.683 internal Pareto (minimum
counted FLOPs); external Pareto
(minimum counted FLOPs)

synthetic-only 4.465 0.855 0.695 internally dominated; external
Pareto

real-plus-
1×synthetic

4.482 0.881 0.734 internal Pareto; external Pareto

real-plus-
5×synthetic

22.342 0.885 0.745 internal Pareto; external Pareto

real-plus-
10×synthetic

44.667 0.906 0.742 internal Pareto (highest observed
mean AUROC); externally
dominated

real-plus-
20×synthetic

89.316 0.905 0.777 internally dominated; external
Pareto (highest observed mean
AUROC)

Figures

Page 18/24



Figure 1

Study design. (a) A fixed corpus of real colour fundus photographs (CFPs) was combined with increasing
synthetic CFP volumes to examine the relationship between downstream discriminative performance
and counted floating-point operations (FLOPs) for synthetic-image generation and pretraining. (b)
Separate low-rank adaptation (LoRA) adapters trained on ODIR, BRSET, and mBRSET were applied to a
Stable Diffusion XL (SDXL) base model to generate metadata-conditioned synthetic CFPs. (c) Vision
Transformer (ViT) backbones with the ViT-B/14 architecture were pretrained under six real and synthetic
data strategies, fine-tuned on internal tasks, and evaluated on internal and external datasets for the
same disease.
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Figure 2

Examples of real and adapter-generated synthetic colour fundus photographs (CFPs). Rows (a), (b) and
(c) show ODIR, BRSET and mBRSET, respectively. Each row shows one illustrative real CFP from a source
dataset and two independently generated CFPs from that dataset’s adapter; the synthetic images are not
case-matched to the real example (Methods).
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Figure 3

Internal test performance across scaling strategies for downstream evaluation tasks. Per-dataset test-
set AUROC across the six scaling strategies is presented as a 12-panel grid covering glaucoma, diabetic
retinopathy (DR), age-related macular degeneration (AMD), and systemic hypertension prediction from
CFPs. Each panel shows test-set AUROC for the six strategies with DeLong 95% confidence intervals; the
dashed blue line marks the real-only baseline. Asterisks indicate adjusted q-value levels after Benjamini–
Hochberg correction of DeLong comparisons with real-only (* q < 0.05, ** q < 0.01, *** q < 0.001). Among
the evaluated strategies, real-plus-10×synthetic had the highest observed internal mean AUROC, 0.906,
corresponding to Δ = +0.043 relative to the real-only mean of 0.862. AUROC, area under the receiver
operating characteristic curve; CFP, colour fundus photograph. Vertical-axis limits vary by panel and do
not start at zero; comparisons should use the labelled values. In the artwork, +1×syn, +5×syn, +10×syn,
and +20×syn denote the four real-plus-synthetic strategies. N× denotes a synthetic-to-real image ratio of
N:1, with the real corpus held fixed.

Page 21/24



Figure 4

Friedman mean-rank chart with Nemenyi critical difference. Mean ranks of the six scaling strategies
across the 12 downstream datasets are shown, with lower rank indicating better AUROC. The Friedman
test yielded χ²(5) = 44.05, p < 0.001. For the Nemenyi post hoc test, the critical difference was 2.18 at α =
0.05 (k = 6 strategies, N = 12 datasets); a pairwise mean-rank separation greater than 2.18 indicates a
significant difference. The separations of real-plus-10×synthetic and real-plus-20×synthetic from real-
only exceeded the critical difference. Comparisons that did not exceed the critical difference were not
detected as significant and should not be interpreted as equivalent. AUROC, area under the receiver
operating characteristic curve. In the artwork, +1×syn, +5×syn, +10×syn, and +20×syn denote the four
real-plus-synthetic strategies. N× denotes a synthetic-to-real image ratio of N:1, with the real corpus held
fixed.
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Figure 5

External validation performance across scaling strategies. AUROC is shown for eight external
validations: REFUGE→AITS, REFUGE→BEH, and REFUGE→ORIGA for glaucoma; APTOS→IDRiD,
APTOS→MESSIDOR-2, and APTOS→DeepDRiD for diabetic retinopathy (DR); and AMDNet23→ADAM
and AMDNet23→HYAMD for age-related macular degeneration (AMD). Each panel shows AUROC for the
six strategies with DeLong 95% confidence intervals; the dashed blue line marks the real-only baseline.
Asterisks indicate adjusted q-value levels after Benjamini–Hochberg correction of DeLong comparisons
with real-only (* q < 0.05, ** q < 0.01, *** q < 0.001; green, improvement; red, deterioration). Among the
evaluated strategies, real-plus-20×synthetic had the highest observed external mean AUROC of 0.777,
corresponding to Δ = +0.093 relative to the real-only mean of 0.683. AUROC, area under the receiver
operating characteristic curve. External AUROC was calculated on all images included in each target
dataset, not on its internal 30% test partition. Vertical-axis limits vary by panel and do not start at zero;
comparisons should use the labelled values. In the artwork, +1×syn, +5×syn, +10×syn, and +20×syn
denote the four real-plus-synthetic strategies. N× denotes a synthetic-to-real image ratio of N:1, with the
real corpus held fixed.
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Figure 6

Empirical Pareto frontiers for mean AUROC versus counted FLOPs. Each point shows a strategy’s
counted FLOPs for generation and pretraining and its observed unweighted mean AUROC. Panel (a)
shows internal mean AUROC across the 12 downstream datasets; panel (b) shows external mean
AUROC across the eight external dataset pairs for the same disease. The horizontal axis shows counted
FLOPs for synthetic-image generation and backbone pretraining on a symmetric-log scale. Real-plus-
1×synthetic (blue ring) is the strategy designated by the study-defined rule in both panels. The green ring
marks the strategy with the highest observed mean AUROC in each panel: real-plus-10×synthetic
internally and real-plus-20×synthetic externally. In the internal summary, synthetic-only and real-plus-
20×synthetic are empirically dominated. In the external summary, real-plus-10×synthetic is empirically
dominated by real-plus-5×synthetic. Dominance refers only to the two plotted summary values and does
not imply statistically significant, task-by-task, or clinical inferiority. The vertical axis is truncated to the
observed data range. AUROC, area under the receiver operating characteristic curve; FLOPs, floating-
point operations. In the artwork, +1×syn, +5×syn, +10×syn, and +20×syn denote the four real-plus-
synthetic strategies. N× denotes a synthetic-to-real image ratio of N:1, with the real corpus held fixed.
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