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1. Derivation of clinical proximity and methodological novelty scores 
1.1. Overview 
To quantify each study’s position in the generative model landscape (Figure 5), we developed 
a semi-quantitative scoring framework that integrates both clinical relevance and technical 
innovation. Each study Si was assigned two primary indices, the first one is the clinical 
proximity (𝐶௜), how closely the work aligns with real-world translational or clinical endpoints. 
While the second one is focused on mmethodological novelty (𝑁௜), how technically advanced 
or conceptually original the generative model is. Both indices were normalised to a 0–1 range 
for cross-study comparison. 
 
1.2. Calculation of clinical proximity (𝑪𝒊) 
Clinical proximity reflects how readily the proposed model could support clinical or 
translational application. It is computed as (equations 2 and 3 are from the main manuscript): 

𝐶௜ ൌ 0.4𝑈௜ ൅ 0.3𝑉௜ ൅ 0.3𝐸௜ ሺ2ሻ 
𝑈௜ is the clinical feasibility or clinical interpretability and is given based on the inclusion of 
features such as explainable outputs, privacy preservation, or annotation efficiency. 𝑉௜ is the 
dataset origin and diversity. This score is given based on single-centre = low; multi-centre, 
public benchmark, or cross-device = high. 𝐸௜ is the endpoint validation, where the quality and 
clinical relevance of the evaluation (e.g., expert grading, correlation with clinical biomarkers, 
lesion-level sensitivity) is considered. Each component was rated from 0 (low) to 1 (high) based 
on study design and reporting detail. 
 
1.3. Calculation of methodological novelty (𝑵𝒊) 
Methodological novelty quantifies the innovation of model architecture and training approach: 

𝑁௜ ൌ 0.4𝑀௜ ൅ 0.3𝐶௜
ᇱ ൅ 0.3𝑅௜ ሺ3ሻ 

Where 𝑀௜ is the model innovation, judged by the degree of architectural advancement (e.g., 
baseline cGAN = low; Fourier- or diffusion-based = high). 𝐶௜ᇱ is the conditioning and learning 
strategy, where the incorporation of multimodal input, semantic conditioning, spectral priors, 
or hybrid learning schemes ends in a higher score. 𝑅௜ is the research originality, which is based 
on the novelty of the application domain (e.g., first OCTA synthesis vs. incremental variation). 
Table S1 shows these parameters in short. These components collectively determine the bubble 
placement and size in Figure 5 as detailed in Table S2. 
 
Table S1. Definitions and scoring ranges for all quantitative variables used to derive the clinical proximity and 
methodological novelty indices. 
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Symbol Meaning Typical 
Range Description 

𝑈௜ Utility in clinical workflow 0–1 Degree to which outputs can assist clinical 
decisions 

𝑉௜  Dataset size/diversity 0–1 Scaled by log (dataset size) × diversity factor 

𝐸௜  
Endpoint or clinical 
evaluation 0–1 Quantifies use of clinical outcomes or expert 

validation 

𝑀௜  Model innovation 0–1 Architectural novelty (GAN < Fourier < Diffusion 
< Hybrid) 

𝐶௜
ᇱ Conditioning sophistication 0–1 Reflects multimodal or context-aware learning 

𝑅௜  Research originality 0–1 Novelty of the target problem or imaging domain 
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Table S2. Quantitative mapping of clinical proximity (𝐶௜) and methodological novelty (𝑁௜) for all reviewed studies. Each row lists the study reference, model type, computed 
indices, and contributing sub-scores (𝑈௜, 𝑉௜, 𝐸௜, 𝑀௜, 𝐶௜ᇱ, 𝑅௜). Scores were assigned on a 0–1 scale by consensus review and normalised across all included publications. Bubble 
positions in Figure 5 – in the main manuscript - correspond directly to the (𝐶௜, 𝑁௜) coordinates. 

Study Model(s) 
(𝑼𝒊) 
Endpoint 
validation 

(𝑉௜) Dataset 
scale/diversit
y 

(𝐸௜) Clinical 
feasibility 

(𝐶௜) 
(clinical 
proximit
y) 

(𝑀௜) 
Model 
innovation 

(𝐶௜
ᇱ) 

Conditioning/architect
ure 

(𝑅௜) 
Research 
novelty 

(𝑁௜) 
(metho
d 
novelty
) 

Zha [1] cGAN+SSIM 0.3 (image 
quality) 

0.2 (small 
dataset) 

0.25 
(moderate 
interpretability
) 

0.25 
0.2 
(baseline 
GAN) 

0.3 (PatchGAN/SSIM) 0.4 (early 
adaptation) 0.30 

Han [2] cGAN 0.35 (quality 
assess) 

0.25 (private 
dataset) 

0.35 
(interpretabilit
y) 

0.32 0.25 
(cGAN) 0.3 (transfer learning) 

0.55 
(applicatio
n-driven) 

0.36 

Lazaridis 
[3] WGAN ensemble 0.4 (trial 

outcome) 
0.35 (UKGTS 
dataset) 

0.4 (statistical 
power) 0.38 0.3 

(WGAN) 
0.45 (ensemble 
approach) 

0.7 
(improves 
trial 
design) 

0.48 

Ge [4] FOF-GAN 
0.15 
(technical 
demo) 

0.25 (private 
dataset) 

0.2 (low 
clinical use) 0.20 0.7 (Fourier 

GAN) 
0.6 (frequency 
conditioning) 

0.7 (first in 
domain) 0.66 

Tajmirriahi 
[5] Dual-disc. Fourier GAN 

0.3 
(technical 
eval) 

0.3 (medium 
dataset) 0.35 0.42 0.6 (dual-

disc GAN) 0.55 
0.65 (novel 
architectur
e) 

0.60 

Baek [6] CycleGAN/UNIT/RegG
AN 

0.55 
(outcome 
pred.) 

0.45 
(KINGFISHE
R) 

0.65 
(treatment 
monitoring) 

0.56 
0.4 
(CycleGA
N baseline) 

0.55 (UNIT/RegGAN 
hybrid) 

0.7 
(AMD/DM
E focus) 

0.56 

Lee [7] cGAN multimodal 0.65 (AMD 
pred.) 0.55 0.8 (clinical 

endpoint) 0.66 0.35 
(cGAN) 0.4 (multimodal inputs) 0.55 0.46 

Liu [8] Pix2PixHD 0.75 (nAMD 
treatment) 

0.7 (large 
dataset) 0.7 0.72 

0.45 
(Pix2PixH
D) 

0.5 (post-treatment 
focus) 0.55 0.50 

Xu [9] Pix2PixHD 0.65 (RVO 
treatment) 0.55 0.65 0.61 0.4 0.45 0.4 0.41 

Vidal [10] Pix2Pix 0.25 0.2 0.3 0.25 0.25 0.25 0.2 0.23 
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Zhao [11] Multi-GAN 0.1 0.25 0.1 0.15 
0.35 (multi-
GAN 
setup) 

0.25 0.3 0.32 

Kumar [12] PGGAN 0.35 0.3 0.40 0.30 
0.5 
(progressiv
e GAN) 

0.55 0.6 0.54 

Zheng [13] PGGAN 0.25 0.2 0.2 0.21 0.45 0.55 0.5 0.49 

Kreitner 
[14] 

OCTA synth. 
(PatchGAN) 

0.45 (segm. 
augmentatio
n) 

0.35 0.45 0.42 0.35 0.45 0.5 0.44 

Abdelmota
al [15] Pix2Pix OCT↔FA 0.55 0.45 0.65 0.55 0.25 0.35 0.45 0.34 

Coronado 
[16] cGAN fundus→OCTA 0.6 0.55 0.65 0.60 0.2 0.3 0.35 0.28 

Lin [17] U-Net (OCT→OCTA) 0.75 0.7 0.75 0.74 0.4 0.45 0.55 0.54 

Makita [18] Neural net OCT→PS-
OCT 0.75 0.7 0.8 0.75 0.25 0.35 0.55 0.35 

Sun [19] DL OCT→PS-OCT 0.8 0.75 0.85 0.80 0.35 0.4 0.55 0.46 
Pan [20] DL PS-OCT→PS-OCTA 0.6 0.55 0.6 0.58 0.55 0.6 0.7 0.62 

Melo [21] ESRGAN, SRFlow 0.55 0.6 0.55 0.56 
0.65 
(SRFlow 
advanced) 

0.6 0.7 0.66 
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