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Purpose: Thepurpose of this studywas to analyze optical coherence tomography (OCT)
images of generative adversarial networks (GANs) for the prediction of diabetic macular
edema after long-term treatment.

Methods: Diabetic macular edema (DME) eyes (n = 327) underwent anti-vascular
endothelial growth factor (VEGF) treatments every 4weeks for 52weeks froma random-
ized controlled trial (CRTH258B2305, KINGFISHER) were included. OCT B-scan images
through the foveal center at weeks 0, 4, 12, and 52, fundus photography, and retinal
thickness (RT) maps were collected. GAN models were trained to generate probable
OCT images after treatment. Input for eachmodelwere comprised of either the baseline
B-scan alone or combined with additional OCT, thickness map, or fundus images.
Generated OCT B-scan images were compared with real week 52 images.

Results: For 30 test images, 28, 29, 15, and 30 gradable OCT images were generated
by CycleGAN, UNIT, Pix2PixHD, and RegGAN, respectively. In comparison with the real
week 52, these GAN models showed positive predictive value (PPV), sensitivity, speci-
ficity, and kappa for residual fluid ranging from 0.500 to 0.889, 0.455 to 1.000, 0.357 to
0.857, and 0.537 to 0.929, respectively. For hard exudate (HE), they were ranging from
0.500 to 1.000, 0.545 to 0.900, 0.600 to 1.000, and 0.642 to 0.894, respectively. Models
trained with week 4 and 12 B-scans as additional inputs to the baseline B-scan showed
improved performance.

Conclusions:GANmodels could predict residual fluid andHE after long-term anti-VEGF
treatment of DME.

Translational Relevance: The implementation of this tool may help identify potential
nonresponders after long-term treatment, thereby facilitating management planning
for these eyes.

Introduction

Diabetic macular edema (DME) stands as a promi-
nent cause of global blindness and currently represents
the second-largest segment within the retinal disease
treatment landscape following age-related macular
degeneration (AMD).1

For its treatment, anti-vascular endothelial growth
factor (VEGF) injection is the primary option. A firm

basis for the treatment of DME with anti-VEGF has
been established by numerous randomized controlled
trials (RCTs) conducted during the last 2 decades,
including RISE and RIDE, VIVID and VISTA, and
DRCR.net protocols I and T.2–5

Nonetheless, approximately 20% to 40% eyes with
DME are reported to be refractory to monthly intrav-
itreal VEGF monotherapy in these landmark clini-
cal trials. The evaluation of imaging biomarkers has
been one of the important approaches used to predict
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the outcome after anti-VEGF treatment for DME.2
Studies have demonstrated that intraretinal cystoid
fluid, total retinal thickness (RT), outer nuclear layer,
subretinal fluid (SRF), and hyper-reflective foci (HF)
on optical coherence tomography (OCT) can serve as
markers indicating a higher probability of suboptimal
treatment response to anti-VEGF therapy in DME
eyes.6,7

Predicting the response to anti-VEGF treatment in
DME has previously been attempted with machine
learning (ML) methods.8–12 Cao et al. presented
compelling results with a random forest model, utiliz-
ing features extracted from OCT, to predict the
response to anti-VEGF treatment in DME eyes after
a 3-month period.8 Other studies by Chen et al.
and Gallardo et al. demonstrated the efficacy of ML
models trained with baseline clinical and OCT charac-
teristics for forecasting the longer-term prognosis in
DME eyes.9,13 These prior investigations underscore
the viability of utilizing baseline or initial clinical and
OCT features in predicting the prognosis of DME in
ML models. The application of generative adversarial
network (GAN) for predicting the prognosticmorphol-
ogy of OCT images is a recent introduction to this line
of research.

Given these observations, GANs can visualize
prognosis of the disease by training to generate possi-
ble post-treatment image from baseline OCT or other
images with additional biomarkers.14–17 Long-term
follow-up is essential for patients with DMEs, and the
value of predicting treatment outcomes, thereby identi-
fying potential nonresponders, remains significant for
individuals affected by DME. Unlike traditional ML
models that only show binary prediction results, GAN
models can show the predicted results in images, allow-
ing for a more intuitive understanding of the disease
progression. Here, we trained and evaluated the perfor-
mance of GAN models in prediction of long-term
images for DME based on data after regular injections
for 1 year.

Methods

Study Subjects

This study utilized data collected during the
KINGFISHER study (CRTH258B2305), a random-
ized, double-masked, multicenter phase III study
assessing the efficacy and safety of brolucizumab
(Beovu, Novartis, Basel, Switzerland) every 4 weeks
versus aflibercept every 4 weeks (Eylea, Bayer,
Leverkusen,Germany) in patients withDME.Detailed
descriptions of the KINGFISHER study can be found

at: https://clinicaltrials.gov/study/NCT03917472.
Informed consent was obtained from all subjects
before enrollment. Institutional review board approval
was obtained by Doheny Eye Institute (IRB protocol
number 15-000086) for these post hoc analyses. The
research followed the tenets of the Declaration of
Helsinki for research involving human subjects.

The inclusion criteria for the study are as follows:
(1) patients ≥ 18 years of age at baseline; (2) patients
with type 1 or type 2 diabetes mellitus (DM) and
hemoglobin A1c ≤ 12% at screening; (3) study eye
visual impairment due to DME, with a best corrected
visual acuity (BCVA) score between 73 and 23 letters
using Early Treatment Diabetic Retinopathy Study
(ETDRS) visual acuity testing charts at both screen-
ing and baseline; and (4) DME involving the center of
the macula, with central subfield thickness ≥ 320 μm
on OCT.

The key exclusion criteria for the study are as
follows: (1) high-risk proliferative diabetic retinopa-
thy (PDR) in the study eye as per investigator assess-
ment at both screening and baseline; (2) concomi-
tant conditions or ocular disorders in the study eye
at screening or baseline, which may confound inter-
pretation of the study results (e.g. structural damage
of the fovea, vitreous hemorrhage, retinal detachment,
retinal vein/arterial occlusion, neovascularization of
iris or choroidal neovascularization of any cause,
uncontrolled glaucoma, and amblyopia); (3) any active
intraocular or periocular infection or active intraocu-
lar inflammation in either eye at screening or baseline;
(4) use of anti-VEGF therapies, intraocular surgery, or
laser photocoagulation in the study eye during the 3-
month period prior to baseline; and (5) use of intraocu-
lar corticosteroids, including dexamethasone and fluti-
casone implant in the study eye during the 6-month
period prior to baseline.

Image Collection and GANModel Training

Of the 517 total patients enrolled, only those who
completed the 52-week follow-up and underwent OCT
volume scan (20 × 20 degrees; 512 A-scans × 97 B-
scans) imaging with Spectralis (Spectralis; Heidelberg
Engineering, Heidelberg, Germany) were eligible for
this analysis.

From the selected patients, OCT volume raw data
at baseline and weeks 4, 12, and 52 were saved as E2E
files and OCT B-scans at the fovea were extracted and
saved as JPG files (1024 × 496 pixels). In addition, the
infra-red fundus photographs (FPs; 434 × 343 pixels)
andRTOCTheatmap (794× 794 pixels) were collected
from each baseline E2E file and saved in JPG files. The
RT heatmap was generated from automated segmenta-
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Figure 1. Image preparation, generative adversarial network (GAN) model training, and evaluation. (Image preparation) Optical
coherence tomography (OCT) B-scans at the fovea at the baseline, weeks 4, 12, and 52, and fundus photography (FP), and retinal thickness
(RT) heatmap at the baseline were collected. Baseline B-scan was used as input for generating images for weeks 4, 12, and 52. In addition,
B-scans of baseline + week 4 + week 12, and B-scan + FP + RT heatmap, were used as inputs for generating week 52 image. The dataset
was randomly divided into a training set (n = 297) and a test set (n = 30). (Training GAN models) Pix2PixHD, UNIT, CycleGAN, and RegGAN
were used for training on generating probable post-treatment OCT B-scan images in the training set. (Evaluation) Generated images from
the test set were first categorized as gradable or ungradable. Then, the presence of fluid and hard exudate (HE) in each individual image
was graded by experts, and the grading results were compared with the ground truth. Retinal area defined as an area between the internal
limiting membrane and retinal pigment epithelial line was also compared between generated image and the ground truth. Mean absolute
error (MAE), peak signal-to-noise ratio (PSNR), and structural similarity index (SSIM) were calculated for each GANmodel.

tion information stored in the raw file by the Spectralis
system. All images were resized to 256 × 256 pixels.

Of a total of 327 cases, the dataset was randomly
divided into a training set (n = 297) and a test set
(n = 30; Fig. 1). Pix2PixHD, UNIT, CycleGAN, and
RegGAN were used for training and generation of
post-treatment OCT B-scan images. Using baseline B-
scans as input images, the GANmodels were trained to
generate probable post-treatmentOCT images at weeks
4, 12, and 52. For the generation of OCT images at
week 52, concatenated images of B-scans of baseline,
week 4, and week 12, and concatenated images of the
baseline B-scan, FP, and RT heatmap were used as
inputs in addition to B-scans only. Real 52 week OCT
B-scan images were used as reference for transferred
image for training. To train RegGAN, CycleGAN, and
UNIT, the default hyperparameters from the origi-
nal networks were used (i.e. learning rate adjusted to
0.0001, with the number of iterations to linearly decay
the learning rate to zero adjusted to 20, and the total
number of epochs adjusted to 200).18 For Pix2PixHD,
the initial learning rate was 0.0002, the number of itera-

tion to linearly decay learning rate to zero was set to
100, and epoch was set to 100 (total 200 epochs).

All experiments were performed with the PyTorch
deep learning framework (version 2.1.0 + cu121) in
Python (version 3.11.5; Python Software Foundation,
Wilmington, DE, USA) using NVIDIA RTX3090
(NVIDIA, Santa Clara, CA, USA), and Intel i7 CPU
3.6-GHz processor.

GANModel Test and Evaluation

Presumable post-treatment images based on input
images were generated by the trained GAN models
using the baseline images from the test set. OCT images
were assessed by two retinal specialists (authors YH
and ME) with over 5 years of ophthalmology experi-
ence. First, a mixture of real and generated/synthetic
OCT images was given to the blinded graders to catego-
rize each image as gradable or ungradable. Images
were considered gradable if they exhibited identifi-
able and undistorted retinal structures and layers,
allowing graders to accurately identify the types of
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retinal lesions present. Then, the graders were asked
to identify the presence of any fluid (i.e. subretinal
and/or intra-retinal) and hard exudate (HE) in each
individual image and record it as present or none.
In case of disagreement between the graders, a third
grader (author JB) was consulted to provide a grading,
and a final decision was made reflecting the majority
opinion. The grading results were compared between
the generated image and the ground truth, which was
the real OCT B-scan image at week 52. The retinal
area for each OCT B-scan was obtained in a semi-
automated manner. The internal limiting membrane
and retinal pigment epithelial line were automatically
detected on each B-scan using a graph-based segmen-
tation of retinal areas.19,20 Erroneous segmentations
were corrected by changing the contrast and brightness
of the image, and five images (8%) required manual
correction. The retinal area obtained as pixels from
each model was compared to that of the ground truth.
Additionally, the mean absolute error (MAE), peak
signal-to-noise ratio (PSNR), and structural similarity
index (SSIM) were calculated for eachGANmodel (see
Fig. 1).21

Statistical Analysis

Statistical analysis was performed using SPSS
version 26.0.1 for Windows (IBM Corp., Armonk,
NY, USA) and MATLAB (R2023a; The MathWorks,
Inc., Natick,MA,USA). Intergrader reliability regard-
ing the presence of lesions was assessed by calculat-
ing Cohen’s kappa. To evaluate the performance of
GAN models, we calculated the positive predictive
value (PPV), negative predictive value (NPV), sensi-
tivity, specificity, accuracy, and Cohen’s kappa for the
graded presence of fluid and HE between the ground
truth and generated images. The Kruskal-Wallis test
was used to compare the mean performance variables
among models. The Wilcoxon signed-rank test was
used to compare the retinal area between each model
and the ground truth. A P value < 0.05 was considered
significant.

Results

Qualitative Assessment for Generated
Post-Treatment Images for Week 52

Week 52 post-treatment images were generated by
Pix2PixHD, CycleGAN, UNIT, and RegGAN from
baseline OCT B-scans. With regard to the frequency of
gradable images, 15 of 30 (50%) were deemed gradable
for Pix2PixHD, 28 of 30 (93%) for CycleGAN, 29 of 30

(97%) for UNIT, and 30 of 30 (100%) for RegGAN (P
< 0.001). Confabulation of the generated images can
be observed in Pix2PixHDmodels with high frequency.
The kappa value for OCT grading was 0.835 between
the 2 graders. Examples of the week 52 post-treatment
images generated by each GAN model are shown
in Figure 2.

Prediction of Fluid and HE by GANModels
Using Baseline B-Scan at Weeks 4, 12, and 52

In the test set, the number of eyes with residual fluid
at weeks 4, 12, and 52 were 16, 16, and 11, respectively
(P = 0.957). HE was observed in 12, 10, and 11 eyes at
weeks 4, 12, and 52. The kappa value for ground-truth
fluid and HE as determined by the graders was 0.814
and 0.817, respectively.

CycleGAN, UNIT, and RegGAN were trained to
generate week 4, 12, and 52 post-treatment OCT
images from baseline OCT B-scans. The ranges of
PPV, NPV, sensitivity, specificity, accuracy, and kappa
for residual fluid were 0.500 to 0.889, 0.556 to 1.000,
0.455 to 1.000, 0.357 to 0.857, 0.567 to 0.933, and
0.537 to 0.929, respectively, and those for HE were
0.500 to 1.000, 0.773 to 0.944, 0.545 to 0.900, 0.600 to
1.000, 0.667 to 0.900, and 0.642 to 0.894, respectively
(Table 1).

No significant differencewas observed amongweeks
4, 12, and 52 in terms of PPV, NPV, sensitivity, speci-
ficity, accuracy, and kappa for residual fluid andHE (all
P > 0.05; Fig. 3). Among the GAN models, RegGAN
showed the highest NPV, specificity, accuracy, and
kappa mean (all P ≤ 0.05; Fig. 4).

Prediction of Fluid and HE by GANModels
Using Multiple Input Images at Week 52

When week 4 and week 12 OCT B-scans were added
to the baseline OCT B-scan as inputs, the ranges of
PPV, NPV, sensitivity, specificity, accuracy, and kappa
for residual fluid were 0.909 to 1.000, 0.826 to 0.950,
0.636 to 0.909, 0.947 to 1.000, 0.867 to 0.967, and
0.858 to 0.964, respectively, and those for HE were
0.750 to 1.000, 0.773 to 0.947, 0.545 to 0.909, 0.895 to
1.000, 0.767 to 0.933, and 0.752 to 0.929, respectively
(Table 2).

When the FP and RT heatmap were added to the
baseline OCT B-scan as inputs, the ranges of PPV,
NPV, sensitivity, specificity, accuracy, and kappa for
residual fluid were 0.563 to 0.800, 0.850 to 0.929, 0.727
to 0.909, 0.632 to 0.895, 0.700 to 0.833, and 0.678 to
0.822, respectively; and those for HE were 0.750 to
1.000, 0.773 to 0.900, 0.545 to 0.818, 0.895 to 1.000,
0.767 to 0.900, and 0.752 to 0.893, respectively (see
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Figure 2. Examples of week 52 post-treatment images generated by each generative adversarial network (GAN) model. The first
column represents the real week 52 post-treatment images, which serve as the ground truth. The corresponding examples generated using
each GAN model and test set data are presented in the same row from the second to the fifth column (Pix2PixHD, CycleGAN, UNIT, and
RegGAN from left to right). Confabulation of the generated images can be observed in Pix2PixHD models with high frequency, as seen in
the first three rows.

Table 2). PPV, specificity, accuracy, and kappa mean
were higher in additional week 4 and week 12 OCT
B-scans input model compared to other input models
(Fig. 5).

Comparison of Retinal Area Between
Generated Images and Real Week 52 Images

For the ground truth OCT B-scan 256 × 256 pixels
image, the mean retinal area in pixels was 2049.24 ±
1.00. The mean retinal pixel area for the CycleGAN

baseline B-scan only, the baseline B-scan with week 4
added, the baseline B-scan with week 12 added, and
the fundus and RT included models were 11437.6 ±
1430.53, 11492.63 ± 2030.99, and 12176.4 ± 1827.23,
respectively. For the RegGAN models, those were
11562.27 ± 1081.83, 11299.07 ± 760.27, and 11687.60
± 1039.92, and were 11254.3 ± 1028.68, 12062.3 ±
2602.36, 11997.73 ± 1725.57, and 11556 ± 2049.24 for
the UNIT models, respectively. There was no signif-
icant difference in the predicted retinal area for all
models compared to the ground truth (all P > 0.05).
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Table 1. PPV, NPV, Sensitivity, Specificity, Accuracy, and Kappa Values for Post-Treatment Prediction of IRF/SRF
and HE by GANModels Trained Using OCT B-Scans Only, in Comparison to Real OCT Images at Weeks 4, 12, and 52

Week 4 Week 12 Week 52

Post-Treatment CycleGAN UNIT RegGAN CycleGAN UNIT RegGAN CycleGAN UNIT RegGAN

IRF/SRF
PPV 0.643 0.571 0.889 0.700 0.722 0.833 0.533 0.500 0.692
NPV 0.563 0.556 1.000 0.800 0.750 0.917 0.800 0.700 0.882
Sensitivity 0.563 0.750 1.000 0.875 0.813 0.938 0.727 0.455 0.818
Specificity 0.643 0.357 0.857 0.571 0.643 0.786 0.632 0.737 0.789
Accuracy 0.600 0.567 0.933 0.733 0.733 0.867 0.667 0.633 0.800
Kappa mean 0.571 0.537 0.929 0.715 0.715 0.857 0.643 0.609 0.786

HE
PPV 0.909 0.727 0.714 0.500 0.750 0.889 0.750 1.000 0.818
NPV 0.895 0.789 0.875 0.857 0.944 0.905 0.773 0.792 0.895
Sensitivity 0.833 0.667 0.833 0.800 0.900 0.800 0.545 0.545 0.818
Specificity 0.944 0.833 0.778 0.600 0.850 0.950 0.895 1.000 0.895
Accuracy 0.900 0.767 0.800 0.667 0.867 0.900 0.767 0.833 0.867
Kappa mean 0.893 0.751 0.786 0.642 0.858 0.894 0.752 0.823 0.858

GAN, generative adversarial network; IRF, intraretinal fluid; NPV, negative predictive value; OCT, optical coherence tomog-
raphy; PPV, positive predictive value; SRF, subretinal fluid.

Figure 3. Comparison of mean performance parameters of the three GAN models (CycleGAN, UNIT, and RegGAN) for post-
treatment prediction of residual fluids and HE at weeks 4, 12, and 52. (Top row) Prediction parameters for residual fluids. (Bottom row)
Predictionparameters forHE. Therewasno significantdifference in termsof PPV,NPV, sensitivity, specificity, accuracy, andkappa for presence
of residual fluid and HE among prediction for weeks 4, 12, and 52 (all P> 0.05). GAN, generative adversarial network; HE, hard exudate; NPV,
negative predictive value; PPV, positive predictive value.

MAE, PSNR, and SSIM for GANModels

The ranges for MAE, PSNR, and SSIM by GAN
models for 52weeks compared to the ground truthwere
16.840 to 26.803, 15.286 to 19.307, and 0.377 to 0.500,
respectively. Compared to the baseline, those ranges
were 3.229 to 26.478, 15.390 to 33.382, and 0.377 to
0.948, respectively (Table 3).

Discussion

In this study, we trained and evaluated the perfor-
mance of GAN models for generating predictive OCT
B-scan images after long-term anti-VEGF treatment in
DME eyes. The results of the study showed that GAN
models can not only generate acceptable quality OCT
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Figure 4. Comparison of mean performance parameters of weeks 4, 12, and 52 for post-treatment prediction of residual fluids
and HE amongmodels CycleGAN, UNIT, and RegGAN. (Top row) Prediction parameters for residual fluids. (Bottom row) Prediction param-
eters for HE. Among GAN models, RegGAN showed the highest NPV, specificity, accuracy, and kappa mean (all P ≤ 0.05). GAN, generative
adversarial network; HE, hard exudate; NPV, negative predictive value; PPV, positive predictive value. * Statistically significant P value.

Table 2. PPV, Sensitivity, and Specificity Values for Post-Treatment Prediction of IRF/SRF and HE by GAN Models
Trained Using Multiple Input Images, in Comparison to Real OCT Images at Week 52

Post-Treatment Features Parameters CycleGAN UNIT RegGAN

OCT B-scans (0, 4, 12 wk) IRF/SRF PPV 0.909 1.000 1.000
NPV 0.947 0.826 0.950
Sensitivity 0.909 0.636 0.909
Specificity 0.947 1.000 1.000
Accuracy 0.933 0.867 0.967
Kappa mean 0.929 0.858 0.964

HE PPV 0.750 1.000 0.909
NPV 0.773 0.792 0.947
Sensitivity 0.545 0.545 0.909
Specificity 0.895 1.000 0.947
Accuracy 0.767 0.833 0.933
Kappa mean 0.752 0.823 0.929

OCT B-scan + fundus + thickness map IRF/SRF PPV 0.625 0.563 0.800
NPV 0.929 0.857 0.850
Sensitivity 0.909 0.818 0.727
Specificity 0.684 0.632 0.895
Accuracy 0.767 0.700 0.833
Kappa mean 0.750 0.678 0.822

HE PPV 0.750 1.000 0.900
NPV 0.773 0.792 0.900
Sensitivity 0.545 0.545 0.818
Specificity 0.895 1.000 0.947
Accuracy 0.767 0.833 0.900
Kappa mean 0.752 0.823 0.893

GAN, generative adversarial network; IRF, intraretinal fluid; NPV, negative predictive value; OCT, optical coherence tomog-
raphy; PPV, positive predictive value; SRF, subretinal fluid.
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Figure 5. Comparison of mean performance parameters of the three GAN models (CycleGAN, UNIT, and RegGAN) for post-
treatment prediction of residual fluids and HE at week 52 among different inputs. (Top row) Prediction parameters for residual
fluids. (Bottom row) Prediction parameters for HE. The PPV, specificity, accuracy, and kappa mean were higher in weeks 4 and 12 OCT
B-scans with added input model compared to other week 52 models (P = 0.046, 0.046, 0.05, and 0.05, and P = 0.046, 0.046, 0.05, and
0.05, respectively). GAN, generative adversarial network; HE, hard exudate; NPV, negative predictive value; PPV, positive predictive value;
B-scan, baseline B-scan only; 3 B-scans, baseline+week 4+week 12 B-scans; Fd+ RT, baseline B-scan+ fundus photography (FP)+ retinal
thickness (RT) map. * Statistically significant P value.

Table 3. MAE, PSNR, and SSIM for Predicted OCT Images at Weeks 4, 12, and 52 From GANModels

Compared to Week 52 Compared to Baseline

Inputs Parameters CycleGAN UNIT RegGAN CycleGAN UNIT RegGAN

Week 4 MAE 16.893 24.271 16.840 3.493 24.061 17.895
PSNR 19.180 16.191 19.307 33.270 16.277 19.034
SSIM 0.498 0.462 0.474 0.923 0.448 0.450

Week 12 MAE 24.541 25.825 18.503 3.229 25.545 19.298
PSNR 16.318 16.091 18.527 33.382 16.151 18.403
SSIM 0.450 0.432 0.446 0.948 0.423 0.426

Week 52 MAE 21.770 21.178 19.335 5.187 16.692 19.873
PSNR 16.812 17.146 18.397 27.565 17.912 18.342
SSIM 0.497 0.500 0.389 0.897 0.522 0.377

OCT B-scans (0, 4, 12 wk) MAE 17.293 23.826 17.550 17.331 23.776 18.621
PSNR 18.991 16.401 19.069 19.095 16.424 18.738
SSIM 0.460 0.488 0.450 0.504 0.470 0.430

OCT B-scan MAE 22.707 26.803 18.632 22.212 26.478 19.311
+ fundus PSNR 16.840 15.286 18.545 17.020 15.390 18.422
+ thickness map SSIM 0.496 0.492 0.428 0.481 0.479 0.410

GAN, generative adversarial network; MAE, normalized mean absolute error; OCT, optical coherence tomography; PSNR,
peak signal to noise ratio; SSIM, structural similarity index.

images, but also can predict the presence of persis-
tent fluid or HE after treatment in the long term.

GANmodel selection was based on previous studies
onGAN for other medical and retinal images.14–16,22,23
The results for OCT generation and fluid prediction
in the current study were comparable to previous
studies. Lee et al. used conditional GAN to generate
post-treatment OCT B-scan images for AMD.14 They

reported that the accuracy, specificity, and NPV for
IRF, SRF, and pigment epithelial detachmentwere 77.0
to 91.9%, 94.1 to 95.1%, and 54.7 to 96.5%, respec-
tively, which was comparable to our results on DME.
Lui et al. compared the performances of several GAN
models for the prediction of OCT appearance 1-month
after an uncontrolled anti-VEGF treatment.15 They
reported that 92% of the images were difficult to differ-
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entiate from the real OCT images by retinal specialists,
which was similar in the present study.

Of the GAN models used in this study, RegGAN
showed the best performance in predicting residual
fluid. This result is in accordance with a previous
study by Lui et al.15 We hypothesize that this is
due to the more refined structure of the RegGAN
model compared to the others. RegGAN has been
updated from CycleGAN so that the generator is
trained with an additional registration network to fit
the misaligned noise distribution adaptively. Because
the OCT images in the current study were not aligned
between the baseline andweek 52, this may explain why
the RegGAN model yielded the best performance.

There were significant differences in the perfor-
mance of GAN models among weeks 4, 12, and 52
for the prediction of residual fluid and HE. Just as
other MLmodels designed for longer-term predictions
have demonstrated effectiveness, the GAN models in
the present study also proved to be as effective as for
short-term predictions.

Features seen on fundus photography, such as
retinal microaneurysms, hemorrhages, intraretinal
microaneurysms, and venous beading, have been
found to be associated with visual prognosis in diabetic
retinopathy.24 Adding FP and RT maps as input data,
however, did not significantly enhance the performance
of the GAN models. Although FP and RT maps may
include important features that might be of relevance
for predicting DME treatment outcomes, they are
markedly different in structure compared to B-scan
images. Using images with highly dissimilar structures
as input images might not have helped to optimize
the output of GAN. On the other hand, additional B-
scans from weeks 4 and 12 improved the performance
of GAN models in predicting B-scans results at week
52. This finding can be supported by several previous
studies that have shown that consecutive initial BCVA
or OCT features are good predictors for outcomes in
patients with DME.9,10

An MAE of 26.74 ± 21.28 μm compared to the
real image (327.67 ± 209.11 μm, 8.16% difference) was
observed for central macular thickness (CMT) in the
study by Liu et al.15 It is unclear how they measured
CMT in that study. As the present study utilized one
central B-scan from the volume scan, the retinal area
was calculated instead of the central subfield macular
thickness. The result revealed no significant difference
between the ground truth and each model, and the
mean difference was only 2.35%. This indicates that the
models used in the present study also performed well in
estimating post-treatment retinal thickness.

Alignment differences between the baseline and real
week 52 images used in training and testing might

have contributed to SSIM values in the current study,
which were below 0.6. SSIM is a method for measur-
ing the similarity between two images. It compares
the luminance, contrast, and structure of the images
to determine their similarity.21 A lower SSIM value
indicates that the two images are less similar in terms
of these structures. Whereas some OCT devices use a
“Z-lock” during scan acquisition, the Spectralis does
not, thereby causing some degree of differences in
the Z-axis position within and between scans.25 When
SSIMs were calculated for images generated by Cycle-
GAN and the baseline image, the value went up to
0.948. Unlike UNIT, which uses both baseline and
week 52 images for synthetic image generation at the
first generator, CycleGAN uses the baseline image as
an input for the first generator and week 52 images are
used for calculating adversarial loss by the discrimina-
tor, and the resemblance of the alignment is greater for
the generated and baseline image in CycleGAN.

Our study is not without limitations. First, the
size of the study sample was relatively small for
GAN model training, which may have limited the
maximum-achievable performance for these models.
Additional information, including OCT angiogra-
phy, fundus autofluorescence, cytokine profiles, and
systemic chemical profiles, could also potentially yield
better performance for these prediction models in
the future.26–30 In addition, fluorescein angiography,
especially taken with ultra-widefield cameras, may
provide significant meaningful information for the
prediction of post-treatment DME prognoses, and
further study utilizing these types of input data is
warranted.31–33 However, solving the problem of struc-
tural dissimilarity between different types of input data
will still be necessary. The current study is limited
by its retrospective nature. A future study comparing
real-world data with GAN predictions could improve
artificial intelligence integration in clinical practice. In
addition, studies comparing GANs with other models,
such as convolutional neural networks (CNNs), are
also warranted. Regardless, this study evaluated a long-
term prediction model for DME using GAN, showing
head-to-head comparisons with short-term results,
thereby demonstrating the stability and the potential
range of application of themodel. By visualizing possi-
ble future treatment results, GAN models have the
advantage of bridging the gap in understanding the
disease between clinicians and patients. In addition, the
value of this study is highly strengthened by the use of
RCT data with long-term regular treatment for DME.

In summary, we demonstrated that GAN models
could be effective in predicting the appearance of OCT
B-scan images following long-term anti-VEGF treat-
ment in DME eyes. The application of these models
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may be useful in not only informing treating clinicians,
but also in educating patients with DME, regarding
the expected clinical course with a tangible and under-
standable output in the form of an image. This type of
information may facilitate patient compliance and aid
in management planning.
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