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Abstract

Objective

To assess whether Al-derived fluid volume provides prognostic value for visual outcomes in
uveitic macular edema (UME) and to compare model performance to central macular thickness

(CMT) measurements alone.

Design

Secondary subanalysis of patients with UME in the First-line Antimetabolites as Steroid-Sparing
Treatment (FAST) Clinical Trial using a deep learning segmentation model trained on patients

with age-related macular degeneration (AMD) and patients with retinal vein occlusion (RVO).

Participants

Patients with UME secondary to noninfectious uveitis from the FAST Uveitis Trial.

Methods

A 2D U-Net model, trained on patients with AMD and RVO using the RETOUCH dataset, was
applied to segment intraretinal fluid (IRF) and subretinal fluid (SRF) in Heidelberg Spectralis OCT
scans from the FAST Uveitis Trial. Model performance was validated against binary fluid
gradings. Linear mixed effects models evaluated fluid resolution during treatment. Likelihood ratio
tests and leave-one-subject-out cross-validation assessed whether baseline IRF and SRF volumes
provided improved model fit for visual acuity change over 6 months of treatment compared to

CMT alone.
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Main Outcome Measures

Segmentation accuracy, correlation of fluid volume with visual acuity, and association of visual

acuity change with baseline fluid volumes and CMT versus CMT only.

Results

The model achieved Dice scores of 0.61 for IRF and 0.74 for SRF on the RETOUCH dataset. In
the FAST dataset, fluid segmentation correlated with binary gradings (biserial correlation: IRF
0.39, SRF 0.63; Mann-Whitney U-test: IRF and SRF P < 0.01). Longitudinal fluid modeling
showed no significant treatment differences in IRF or SRF resolution. However, baseline IRF
volume had a significant interaction with treatment assignment (P = 0.02) when modeling visual
acuity change, suggesting that baseline IRF was more strongly associated with worse outcomes in
the methotrexate group than the mycophenolate mofetil group. The likelihood ratio test confirmed
that adding IRF and SRF improved fit over a model using CMT alone (P < 0.01) while leave-one-

subject-out cross-validation showed a small, non-significant difference in prediction error.

Conclusions

Al-based segmentation of IRF and SRF enabled quantitative fluid measurements in UME and may
provide additional prognostic signal for visual acuity change in UME compared to CMT alone,
although larger cohorts will be needed to determine the magnitude of generalizable performance
gains, if any. These findings support integrating Al-driven fluid analysis in clinical workflows and
suggest that future clinical trials should consider stratifying by baseline fluid characteristics using

Al fluid analysis.
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Introduction

The integration of artificial intelligence (Al) in ophthalmology has revolutionized the analysis of
optical coherence tomography (OCT) images, enabling rapid and automated detection of retinal
biomarkers. This advancement is largely driven by the availability of large, annotated OCT
datasets, such as the Kermany dataset! for classification tasks and the RETOUCH dataset? for fluid
segmentation. These datasets, which are enriched in common retinal diseases such as age-related
macular degeneration (AMD) and retinal vein occlusions (RVO), provide a foundation for
developing deep learning algorithms capable of biomarker identification and treatment
monitoring. While most models are developed and validated on common retinal pathologies, many
structural biomarkers that these models identify are not disease-specific, such as ellipsoid zone

(EZ) attenuation, intraretinal fluid (IRF), and subretinal fluid (SRF).

For the management of noninfectious uveitis, antimetabolites are frequently used as first-line
therapies to achieve corticosteroid-sparing control of chronic inflammation. Among the most
commonly prescribed agents are methotrexate and mycophenolate mofetil. The First-line
Antimetabolites as Steroid-Sparing Treatment (FAST) Uveitis Trial—a multicenter, observer-
masked clinical study—was designed to compare the corticosteroid-sparing effectiveness of these
two medications in treating noninfectious uveitis. A key component of this trial involved collecting
spectral-domain OCT images of the macula at all study visits to assess for macular edema

associated with noninfectious intermediate, posterior, and panuveitis®.

Despite advancements in Al-based analysis of edema across retinal diseases*®, their application in
uveitic populations remains limited. In this study, we apply a fluid segmentation algorithm, trained

on the RETOUCH dataset, to the FAST Uveitis Trial dataset. Central macular thickness is often
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used as a prognostic factor for visual acuity, macular edema, and by extension, inflammatory
disease activity®, but its association with visual acuity vary across disease cohorts’°. By assessing
intraretinal fluid and subretinal fluid segmentation volumes from baseline to month 6 (prespecified
primary outcome timepoint) in patients treated with methotrexate or mycophenolate mofetil, we
aim to demonstrate the clinical utility and external validity of the Al fluid segmentation algorithm

in the management of uveitic macular edema.

Methods

The RETOUCH Dataset

The RETOUCH dataset? was originally assembled from a challenge created for the 2017 Medical
Image Computing and Computer Assisted Intervention (MICCAI) conference, in which OCT
volumes were annotated for IRF, SRF, and pigment epithelial detachment (PED) at the pixel level.
The slices and ground truth labels are stored in the ITK Metalmage format. The training dataset
consists of 70 OCT volumes, with 24 volumes acquired using Zeiss Cirrus OCT (Carl Zeiss
Meditec, Dublin, CA) devices, 24 acquired using Heidelberg Spectralis OCT (Heidelberg
Engineering, Heidelberg, Germany) devices, and 22 acquired with Topcon OCT (Topcon
Corporation, Tokyo, Japan) devices. Heidelberg Spectralis volumes were acquired with 49 B-
scans, Zeiss Cirrus with 128 B-scans, and Topcon with 128 B-scans. The challenge submissions
were evaluated on a separate evaluation dataset without the segmentation labels provided and thus,
we did not use these volumes. 10 (four from Cirrus, three from Spectralis, and three from Topcon)
of the 70 volumes were excluded from any training or validation process and were reserved for

use in the evaluation of the model. The remaining 60 volumes are split into 5 folds, each fold being
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used as a test set in one of the 5 splits. For each split in the model training, the 4 folds used for
training are split into 75% for model fitting and 25% for validation. The validation set is used for
early stopping'® and binarizing the segmentation mask, choosing the cutoff for each fluid type that

maximizes the Dice scorel. The Dice score is defined as Dice =

2 X intersection of positive pixels

, performed for each fluid type.

positive ground truth pixels + positive prediction pixels

Model Training

A 2D U-Net model*? was used for this analysis due to its relative simplicity and high performance
in data-constrained scenarios, as shown in the popularity of U-Net-based frameworks such as nnU-
Net®. The model was developed using PyTorch* and MONAI®, trained on a Nvidia A100 for 25
epochs. The model used a combination of the Dice loss®® and cross entropy as the loss function
since Dice is particularly effective in dealing with class imbalance and cross entropy can enforce
a precise boundary!’. The AdamW optimizer*® was used with fast.ai'® default parameters for
training, with a peak learning rate of 5e-3 found using a range test?’. The fit-one-cycle policy?
was applied to the learning rate to ensure proper convergence to a minimum. The weights of the
epoch with the lowest validation loss were recorded for each model. The preprocessing step
required each B-scan to be padded so that the image was squared and then resized to 256 by 256
pixels. During training, random augmentations were applied to artificially increase the variety of
training images and to prevent overfitting. Each of the following augmentations was performed
with a 50% chance: horizontal flipping, random affine transformation (e.g., rotation, translate,

scale, and shear), and elastic deformation.
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Model Evaluation on RETOUCH

The evaluation of the model on the 10 withheld volumes is based on all five models, each trained
from a different split. Each pixel was classified as a particular type of fluid according to a majority
vote of the five different models. The five models allow us to perform a pixel-wise Fleiss' kappa
score for each fluid type, acting as a voting system for the classification of fluid and a measure of
internal consistency. The volume of each fluid type generated from the model was also compared

to the ground truth volume of each fluid type and the induced R? was computed. (Fig. 1)

The FAST Dataset

The FAST Uveitis Trial is a National Eye Institute—funded, block-randomized, observer-masked
clinical trial which has been previously described by Rathinam et al.®. The study was approved by
the institutional review boards at all sites, adhered to the Declaration of Helsinki, and obtained
written informed consent from all participants. The trial enrolled patients aged 16 years or older
with active noninfectious intermediate, posterior, or panuveitis in at least one eye requiring
corticosteroid-sparing therapy at baseline. All patients received an initial corticosteroid course (1
mg/kg or 60 mg daily, whichever was lower), tapered per Standardization of Uveitis Nomenclature
(SUN) guidelines??. Patients were block-randomized to receive oral methotrexate (15 mg for two
weeks, then 25 mg weekly) or mycophenolate mofetil (500 mg twice daily for two weeks, then 1.5
g twice daily). Macular edema was not included in the definition of treatment success, which was
determined by achieving corticosteroid-sparing control of uveitis, defined as a prednisone dose of
<7.5 mg with resolution of anterior chamber, vitreous haze, and retinal or choroidal inflammation.
At six months, patients who achieved treatment success continued their assigned therapy, while

those with treatment failure switched to the alternative medication for another six months.
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Periocular or intraocular steroid injections were permitted only for macular edema within the first
90 days; afterward, they were considered protocol deviations. OCT imaging of the macula was
conducted at every visit, with images analyzed at the University of South Florida reading center
to assess macular edema presence, morphology, and CMT. Of all the patients evaluated in the
clinical trial, patients with macular edema, defined as CMT > 315 um on Spectralis and cystic
changes on OCT, were included for analysis. Patients were excluded from CMT analysis if they

had a serous detachment associated with a diagnosis of Vogt-Koyanagi-Harada Disease®.

FAST Dataset External VValidation

To ensure accuracy, 20 segmentation masks were qualitatively assessed for IRF, SRF, and PED.
PED was excluded in the FAST dataset external validation, as posterior uveitis patients rarely
develop macular neovascularization and PED segmentation accuracy was low. (Fig. 2) As there
were no segmentation labels for the FAST dataset, we were unable to directly evaluate the results
of the segmentation model on the dataset at a pixel level. However, the dataset does contain
binarized labels for the presence of SRF and IRF for each scan, which we were able to compare
against our segmentation volumes using point biserial correlation to measure the relationship
between the dichotomous labeling and quantitative variable, and single-tailed Mann—Whitney U-
tests?® to compare volumes in scans graded as fluid present to those graded as fluid absent, as the

distribution of fluid are right-tailed.

Fluid Modeling in FAST

To assess the relationship between fluid volume, visual acuity, central macular thickness, and

treatment assignment, macular fluid was quantified by summing pixel counts from five central B-



187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

AUTomMatea Fiuia vioaeling in UVeEITC Iviacular eaema 10

scans (scans 22-26) extracted from 49 B-scan OCT volumes obtained using Heidelberg Spectralis
devices, as the majority of the imaging available was in this configuration. In all models, treatment

assignment was effect coded as +1 for mycophenolate mofetil and -1 for methotrexate.

Retinal Fluid Changes in Treatment Groups

To assess IRF and SRF changes in the five central scans over time between patients treated with
methotrexate and those treated with mycophenolate mofetil, we first fit linear mixed effects models
for each fluid type. We modeled the change in fluid compared to baseline up to month 6
(prespecified primary endpoint) to avoid confounding from switching medication as part of the
protocol. A total of 28 eyes in 19 patients and 41 eyes in 33 patients in the methotrexate and
mycophenolate mofetil groups, respectively, were included. The analysis inherently
accommodated unbalanced data under the assumption that data were missing at random, as some
visits did not use Heidelberg Spectralis and thus were excluded from our analysis. The modeling
included fixed effects for visit month, baseline fluid levels, and two-way interactions with
treatment assignment. Patient and eye were included as nested random effects to account for
repeated measures. Treating visit month as a factor was deemed unnecessary based on likelihood
ratio tests. Restricted cubic splines were fitted for baseline fluid levels and visit month, but deemed

unnecessary based on likelihood ratio tests.

The model was estimated using maximum likelihood, and the estimated marginal means at each
month were computed using the emmeans R package?®*, adjusting for baseline fluid volume. To
compare treatment groups at each month, pairwise comparisons of the estimated marginal means
were performed and two-sided P-values were calculated using Satterthwaite approximations for

degrees of freedom®. These P-values assess whether treatment assignment had a statistically
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significant effect on fluid levels at each month during treatment after adjusting for baseline

differences.

Effect of Baseline Fluid, CMT, and Treatment on Visual Acuity Change

To evaluate whether baseline retinal fluid metrics or CMT influenced visual acuity outcomes and
whether their effects differed by treatment assignment, we modeled the change in logMAR visual
acuity from baseline to follow-up, up to month 6, to avoid confounding from switching treatment.
We used baseline IRF, baseline SRF, baseline CMT, baseline visual acuity, and two-way
interactions with treatment assignment as fixed effects, with eye and patient as nested random
effects to account for repeated monthly follow-ups. Only eyes with OCT scans and visual acuity
recordings at baseline were included, as long as they had at least one visit during the first 6 months
of treatment. This resulted in 28 eyes from 19 patients in the methotrexate group and 43 eyes from
34 patients in the mycophenolate mofetil group. In fitting the model, we assumed that data was
missing at random and did not attempt to impute missing data points. We again evaluated treating
visit month as a factor and restricted cubic splines for each continuous variable, but chose to use

the simplest model after evaluating every combination using likelihood ratio tests.

We anticipated collinearity among the OCT measurements given that CMT serves as a surrogate
marker for macular fluid. Thus, variable selection is necessary to avoid overfitting and to ensure
the interpretability of effect estimates. Stepwise backward variable selection is performed by
removing the coefficient with the largest P-value while ensuring that if an interaction term is
included, then all of its lower-order terms are included, until no further reduction in AIC is
possible. Importantly, visit month and random intercepts for eye nested within patient were

retained in all models, regardless of statistical significance, due to their fundamental role in
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modeling repeated-measures longitudinal data. The quantile-quantile plot of the residuals in the
final model is visually inspected to ensure no heteroskedasticity. We then repeated the variable
selection process starting with the same variables except for baseline IRF and SRF to determine

the best model possible without using fluid metrics.

We utilized likelihood ratio tests as in-sample evidence of improved fit for pre-specified nested
models. We first compared a full model with baseline visual acuity, treatment assignment, visit
month, baseline CMT, IRF, SRF, and a random intercept for eye nested within patient, to a reduced
model that removed baseline IRF and SRF volume as variables to assess the incremental value of
baseline IRF and SRF volume measurements. To assess the incremental value of CMT, we
similarly compared the full model to a model in which baseline CMT was omitted using a
likelihood ratio test. Variable selection was not performed for these comparisons because
likelihood ratio tests require pre-specified, nested models to quantify incremental improvement in
in-sample fit. To evaluate the generalization of the improvement, incremental model performance

was assessed with leave-one-subject-out cross-validation using mean absolute error.

Results

Model Results on RETOUCH

Each test set is evaluated on the model created from the split where it acts as a test set, which
allows the entire 60 volume subset to be evaluated and bootstrapped 1000 times at the volume
level to get 95% confidence intervals (CI) for the mean Dice score. The Dice score of the 60
volume subset cross-validation is 0.61 (95% CI: 0.57-0.65) for IRF, 0.74 (95% CI: 0.67-0.79) for

SRF, and 0.61 (95% CI: 0.48-0.70) for PED. Our results are similar to those reported in Bogunovié¢



252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

AUTomMatea Fiuia vioaeling in UVeEITC Iviacular eaema 13

et al.2, with all three fluid types within a standard deviation of the challenge submissions. It should
be noted that our training used less data than challenge submissions, since we withheld a subset of
the dataset, whereas submissions were able to train using the entire 70 volume dataset and then
evaluated on a subset of the dataset whose segmentation labels are not available outside the
challenge. Fluid annotation is inherently a difficult task, with previous publications reporting a

human inter-rater mean Dice score of 0.75%

Evaluating on the 10 withheld volumes gave us additional confidence in the reliability of the model
in segmenting fluid in the context of retinal diseases. For all three fluid compartments, Fleiss’
kappa was over 0.6, signifying substantial internal consistency for IRF and SRF, according to the
divisions suggested by Landis et al.?®. The mean Dice score of each fluid ranged from 0.54 to 0.72,
which suggests reasonably accurate results. The regression performed on IRF and SRF volume
showed good correlation between volume readings in the ground truth and the model output, with

an R? of 0.86, 0.95, and 0.53 for IRF, SRF, and PED, respectively. (Table 1)

Applying Model on FAST

Comparing the fluid segmentation volume in the central five B-scans against the binary grading of
fluid resulted in a biserial correlation of 0.39 for IRF and 0.63 for SRF. Single-tailed Mann—
Whitney U-tests comparing the volume of fluid in the five central B-scans graded as fluid present
to those graded as fluid absent resulted in p < 0.01 for both IRF and SRF. Regressing IRF and SRF
volumes within the 5 central B-scans on CMT gathered from the same scan resulted in an R? of
0.413, with p < 0.01 for both IRF and SRF as independent variables, using 515 total scans from

the FAST macular edema cohort.
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Treatment Effects on Retinal Fluid

For IRF modeling, all main effects and interactions were statistically insignificant based on
Satterthwaite’s method?, except for the baseline IRF main effect. Pairwise contrasts of the
estimated marginal means at each month had P > 0.38 at all months and a P-value of 0.46 at month
6. SRF modeling had similar results, with non-significant main effects and interactions except for
the baseline SRF main effect. The pairwise contrasts had P > 0.81 at all months and a P-value of
0.82 at month 6. (Table 2) Backwards stepwise variable selection eliminated all variables in both
models except baseline fluid levels and removed patient level random effects. After adjusting for
baseline fluid levels, methotrexate and mycophenolate mofetil had comparable effects on IRF and
SRF reduction within the five central B-scans up to month 6. Longitudinal differences in fluid

volume while on either treatment is inconclusive.

Significant Interaction Between Baseline IRF and Treatment Assignment

In modeling visual acuity change during treatment, we started with a full model including all
baseline measurements and two-way interactions with treatment assignment. As expected, baseline
CMT had a correlation of 0.67 with baseline IRF and 0.49 with baseline SRF, demonstrating
moderate to strong collinearity. All other pairwise correlations were less than 0.49, indicating
weaker associations. The full model prior to variable selection had an AIC of -200 and BIC of -
141. Stepwise backward variable selection removed patient level random effects and removed all
interaction terms with treatment assignment except for the interaction term with baseline IRF.
(Table 3) The interaction term shows that for every mm? of IRF in the 5 central B-scans, the
associated change in logMAR visual acuity is 2.57 (worse vision) in methotrexate and -0.02

(slightly better to no change in vision) for mycophenolate mofetil, with a P-value of 0.02. (Fig. 3)
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Time was not statistically significant in this model (P = 0.31), though retained due to its structural
role in the repeated-measures design. The other main effects of baseline SRF, CMT, and logMAR
visual acuity coefficients had P-values of 0.04, 0.01, and < 0.01, respectively. Both the AIC and
BIC decreased compared to the full model, with AIC of -202 and BIC of -163. The fixed effects
explained 53% of the variance in visual acuity change (marginal R?), while accounting for the
random effect of each eye, the model explains 85% of the variance (conditional R?). After
performing the same backward variable selection process without fluid metrics, the variables
retained were baseline CMT, baseline visual acuity, visit month, and random intercepts for eyes
nested within patient. The model without fluid metrics prior to variable selection had an AIC of -
187 and BIC of -144. After variable selection, the AIC was -194 and BIC was -170, with a marginal

R? of 42% and conditional R? of 85%.

To assess the incremental value of baseline IRF and SRF volume measurements, we first fit a
model using baseline CMT, baseline IRF, baseline SRF, and baseline logMAR VA, treatment
assignment, time, and random intercepts for eye, nested within patient. We then fit another model
that removed baseline IRF and SRF volume. The full model had had an AIC of -199 and BIC of -
163, while removing IRF and SRF resulted in an AIC of -192 and BIC of -164. A likelihood ratio
test showed that the more complex model including baseline IRF and SRF provided significantly
better in-sample fit (P < 0.01). We then fit another model that removed baseline CMT while
retaining baseline IRF and SRF, resulting in an AIC of -191 and BIC of -160. Compared to the
model without CMT, the full model provided significantly better in-sample fit (P < 0.01). In leave-
one-subject-out cross-validation, the paired difference in absolute error between the full model and
the model without fluid was not statistically significant, with a mean absolute error of around 2

ETDRS lines (0.22 logMAR) in both models.



318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

AUTomMatea Fiuia vioaeling in UVeEITC Iviacular eaema 16

Discussion

This study evaluated an Al-driven fluid segmentation model for analyzing OCT images in uveitic
macular edema and utilized the segmentation output to compare fluid metrics to CMT in
prognosticating visual acuity during treatment. While Al algorithms have been widely used in
other retinal diseases?”?, their application to fluid evaluation in uveitic macular edema remains
unexplored. The Al segmentation model, initially trained on a dataset enriched with AMD and
RVO cases, demonstrated external validation in a distinct uveitis cohort, supporting its
generalizability across different exudative retinal pathologies. Importantly, the pathophysiology
of UME is due to inflammatory mechanisms that differ substantially from exudative and ischemic
process in AMD and RVO. Our results indicate that despite these mechanistic differences, the
model’s fluid volume estimates still provide clinical utility in UME, suggesting that cross-disease
application of segmentation models may be feasible. Given the limited availability of well-labeled
UME datasets, demonstrating that a model trained entirely on non-uveitic diseases can be applied
to UME helps address a key barrier to developing Al tools for rare inflammatory conditions.
Additionally, our results show that directly quantifying IRF and SRF using the Al segmentation
model may offer incremental prognostic signal for vision over CMT alone, particularly when
evaluating how treatment modifies these relationships. These findings suggest that Al-based fluid
analysis may provide a more reliable metric for assessing disease progression and treatment

response in uveitic macular edema.

While CMT has traditionally been regarded as a reliable indicator of fluid regression, it provides
a single global measure that cannot distinguish between fluid compartments. This is particularly

important because IRF and SRF may have distinct prognostic and pathophysiological implications.
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For instance, IRF in AMD has been linked with worse visual acuity outcomes whereas persistent
SRF was often associated with better or neutral outcomes®®-3!. However, AMD-specific fluid
findings cannot be assumed to hold in UME, as the two arise from fundamentally different
processes of fluid accumulation. No analogous compartment-specific fluid analysis has been
performed in UME, where most prior work rely exclusively on CMT. A prior study analyzed the
quantitative effect of SRF on visual acuity in patients with uveitic cystoid macular edema but did
not quantify IRF volume®2. Against this background, our study demonstrated that baseline IRF and
SRF volumes provided significant incremental in-sample prognostic signal for visual acuity
change beyond CMT alone in prespecified mixed-effects models, as supported by likelihood ratio
testing, while leave-one-subject-out cross-validation showed a small, non-significant improvement
in prediction error. Together, these results suggest that while CMT remains a useful parameter,
Al-driven fluid segmentation may provide a better assessment at baseline and nuanced assessment
of disease progression and visual prognosis in this uveitic macular edema cohort, although larger

cohorts will be needed to determine the magnitude of generalizable performance gains.

While Tsui et al.® found no difference in CMT between treatment groups, our segmentation of IRF
and SRF revealed that baseline IRF may have a differential impact on visual outcomes depending
on treatment. Specifically, higher baseline IRF was associated with worse visual acuity in
methotrexate-treated eyes, an association not observed in those receiving mycophenolate mofetil.
This finding parallels prior observations in AMD, where IRF is a strong negative prognostic
marker for vision®®. This treatment-specific prognostic heterogeneity only emerged when fluid
compartment measurements were incorporated into the modeling framework, as the model
restricted to CMT alone showed no treatment effect or interaction after model selection, indicating

that thickness-based measurements alone were insufficient in capturing this differential prognostic
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signal. While both treatments appear similarly effective in resolving fluid anatomically, shown in
our analysis of IRF and SRF changes during treatment and previous analysis using CMT in Tsui
et al.%, these results suggest that baseline IRF may influence functional outcomes in a treatment-
specific manner. However, as the trial was not designed to evaluate macular edema outcomes and
treatment groups were not stratified by baseline fluid characteristics, these exploratory findings
may be subject to confounding. Further prospective studies are warranted to investigate whether

baseline fluid burden modifies treatment response in uveitic macular edema.

Deep learning frameworks have been developed to identify OCT biomarkers of uveitis with high
accuracy, including hard exudates, hyper-reflective foci, intraretinal cysts, and neurosensory
detachment®*. Additional OCT biomarkers have demonstrated prognostic value in uveitic macular
edema but have yet to be adopted in this domain. Disorganization of the retinal inner layers
(DRIL), intraretinal cyst area, EZ disruption, hyperreflective foci, and CMT have all been strongly
associated with visual acuity, whereas external limiting membrane disruption has shown less
predictive utility®®. Pre-treatment EZ integrity and the presence of cystoid spaces or subretinal
fluid have been linked to improved therapeutic responses, while the absence of EZ and the presence
of DRIL correlate with poorer visual outcomes®3”. Machine-learning algorithms have already
been implemented to identify biomarkers such as DRIL in diabetic retinopathy®® and EZ
attenuation in retinitis pigmentosa®, demonstrating their utility in detecting structural changes
associated with visual outcomes*®. However, the limited availability of large, annotated uveitis
datasets, along with the heterogeneity and rarity of uveitis, has impeded the widespread adoption
of Al in this domain. Addressing these limitations through the development of uveitis-specific
datasets and refining Al models for this population could significantly enhance disease monitoring

and prognostication for uveitic macular edema. These findings suggest that integrating Al-driven
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fluid segmentation with other structural biomarkers may provide a more comprehensive

assessment of visual prognosis in treatment response.

These findings also carry practical implications for ongoing and future UME clinical trials*-44,
These trials currently rely on standard endpoints such as change in best-corrected VA and central
subfield thickness, which provide limited insight into fluid compartment-specific burden. Our
results suggest that incorporating Al-driven IRF and SRF quantification at baseline for
stratification or longitudinally for mechanistic response may improve trial power, reduce outcome

variability, and reveal treatment-specific biomarker interactions.

A major strength of this study is the use of a clinical trial cohort, ensuring standardized imaging
protocols and rigorous data collection. The inclusion of a diverse range of uveitic conditions
enhances the generalizability of findings but also introduces variability that may impact the
consistency of these associations. Additionally, as the Al model was not specifically trained on a
uveitis cohort, its accuracy in this population may be limited; incorporating a manually segmented
uveitis-specific dataset could allow for model finetuning, improved performance, and provide a
formal benchmark for evaluating how well models trained on non-uveitic diseases perform when
applied to UME. Another limitation is the lack of direct comparison between binary gradings by
the reading center and segmentation-level data, which may have constrained the validation of Al-
based fluid segmentation against standard clinical assessments. Furthermore, our modeling was
done on a relatively small cohort and assumed that data was missing at random, which may limit
the generalizability of this study. In leave-one-subject-out validation, differences in prediction
error between models were small and not statistically significant, suggesting that larger cohorts
may be needed to precisely estimate generalizable performance gains. Alternatively, additional

fluid metrics may not significantly improve prognostic performance over CMT alone. Lastly,
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media opacities (e.g., cataract or vitreous inflammation) may confound the quality of OCT images
and subsequently proper segmentation. Addressing these limitations in future studies could further

refine the role of Al-driven fluid analysis in uveitic macular edema.

Overall, this study provides evidence supporting Al-driven fluid segmentation as an important
addition to traditional CMT-based measurements in uveitic macular edema. By leveraging OCT
imaging, Al models can automate fluid quantification with greater precision and speed, offering a
more refined assessment of visual response to treatment and identify subtle differences between
treatments. Integrating Al-based segmentation into clinical practice and clinical trials has the
potential to enhance clinical decision-making, improve patient outcomes, and advance the

management of uveitic macular edema.
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Table and Figures

Fig. 1: Model segmentation output of a B-scan from the withheld portion of the RETOUCH
Dataset. Top images are the B-scans obtained from Spectralis OCT. Bottom images are
segmentation outputs for the corresponding images overlaid on the B-scan. Red represents areas
identified as intraretinal fluid (IRF), green represents areas identified as subretinal fluid (SRF),
blue represents areas identified as pigment epithelial detachment (PED).

Fig. 2: Model generated segmentation mask of patients with uveitis and macular edema from the
FAST Uveitis Trial. Top images are the B-scans obtained from Spectralis OCT. Bottom images
are segmentation outputs for the corresponding images overlaid on the B-scan. Red represents
pixels identified as intraretinal fluid (IRF) and green represents pixels identified as subretinal fluid
(SRF).

Table 1: Evaluation of U-Net Training Pipeline on 10 Withheld VVolumes from RETOUCH

Table 2: Fluid change in subset of 19 methotrexate-treated and 30 mycophenolate mofetil-treated
eyes with both baseline and month 6 measurements, showing insignificant differences between
treatments at month 6. Some eyes included in the mixed effects modeling had partial follow-up
data but were not included in this table due to missing month 6 measurements.

Table 3: Coefficient estimates of model predicting logMAR visual acuity change from baseline.
Stepwise backward variable selection was used to select these variables and interactions. Two-
way interactions with treatment assignment are considered but only the interaction term with
baseline VA is not removed by variable selection. Patient level random effects are also removed.
Baseline fluid levels are calculated from the sum of fluid areas in each of the 5 central B-scans,
multiplied by the interscan distance. Visit month is coded as months since first follow-up in month
1. Treatment assignment was effect coded with +1 for mycophenolate mofetil and -1 for
methotrexate.

Fig. 3: Marginal effect of baseline IRF within the 5 central B-scans on change in logMAR visual
acuity during treatment by treatment assignment. The slopes suggest that higher baseline IRF is
associated with worse visual acuity outcomes in eyes treated with methotrexate but this association
is not observed in eyes treated with mycophenolate mofetil.


https://uclahs.box.com/s/1kfddhdbwrxq863m0g1smkk7eabagfd8
https://uclahs.box.com/s/1u3iv2e5tulfrtk8v3bd8yzoeg8z2lda
https://uclahs.box.com/s/uifj6chyxqlqzbbwhxkori4xwq6a6om6
https://uclahs.app.box.com/file/1800383821999?s=oqoepl6t6ntj0gd1vyhr8wtieglfq4ck
https://uclahs.app.box.com/file/1933978569183
https://uclahs.app.box.com/file/1787440533225?s=z9v1b2x8qk749um4riualhyplbepi6pg

Fluid Type Fleiss’ Kappa Mean Dice Score R? of Volume
IRF 0.75 0.67 0.86
SRF 0.85 0.72 0.94
PED 0.67 0.54 0.53




Methotrexate

Mycophenolate

(-0.023 — 0.003)

(19 eyes) Mofetil (30 eyes) P-value
Median Baseline IRF (IQR), mm? (0.00040—13.037) (0.00%()—13.032)
Median Month 6 IRF (IQR), mm3 (0‘00%0_03.01 %) (0,0001'0_03,009)
Median Change in IRF (IQR), mm? (-0.0-203;0—0(1).004) (-0.0-1%0—0(1).001) 0.46
Median Baseline SRF (IQR), mm?® (0'0002'0_08033) (0'0001'0_13_053)
Median Month 6 SRF (IQR), mm’ (o.oooio—og.om) (0.00()2()—()2.017)
Median Change in SRF (IQR), mm3 0.04, N 0.82

(-0.036 — 0.001)

Table 2: Fluid change in subset of 19 methotrexate-treated and 30 mycophenolate mofetil-treated
eyes with both baseline and month 6 measurements, showing insignificant differences between
treatments at month 6. Some eyes included in the mixed effects modeling had partial follow-up
data but were not included in this table due to missing month 6 measurements.



Coefficient Estimate | Standard Error | P-value

Intercept 0.27 0.10 0.01

Treatment Assignment 0.028 0.031 0.37
Baseline IRF (per mm3) 1.28 0.77 0.10
Baseline SRF (per mm?d) -1.00 0.48 0.04
Baseline CMT (per mm) -0.89 0.32 <0.01
Baseline logMAR VA -0.30 0.067 <0.01

Visit Month -0.005 0.004 0.31

Baseline IRF : Treatment Assignment -1.30 0.55 0.02

Table 3: Coefficient estimates of model predicting logMAR visual acuity change from baseline.
Stepwise backward variable selection was used to select these variables and interactions. Two-
way interactions with treatment assignment are considered but only the interaction term with
baseline VA is not removed by variable selection. Patient level random effects are also removed.
Baseline fluid levels are calculated from the sum of fluid areas in each of the 5 central b-scans,
multiplied by the interscan distance. Visit month is coded as months since first follow-up in month
1. Treatment assignment was effect coded with +1 for mycophenolate mofetil and -1 for

methotrexate.
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