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Abstract 
Limbal Stem Cell Deficiency (LSCD) is a corneal disorder characterized by con-

junctivalization of the cornea. Central corneal epithelial thickness, measured using 

Anterior Segment Optical Coherence Tomography (AS-OCT), is a biomarker for 

LSCD. Manual measurement of epithelial thickness remains the gold standard for 

diagnosis because existing automated commercial software is unreliable in severe 

cases. Standard machine learning approaches have limited applicability for auto-

mating this measurement due to the difficulty of distinguishing corneal epithelium 

from scar tissue, and imprecise clinical labels. The goal of this study is to develop 

a deep learning pipeline to automate measurement of central epithelial thickness in 

AS-OCT images of eyes with LSCD. To accomplish this goal, we developed AI-CE, 

a model based on Multi-scale U-Net (MSU-Net) trained to accurately delineate the 

epithelial layer. The primary dataset comprised of 134 patient eyes, including 47 

healthy normal eyes (35.0%), 34 with Stage 1 (25.4%), 34 with Stage 2 (25.4%), 

and 19 with Stage 3 (14.2%) LSCD. Performance was evaluated by calculating the 

average mean absolute error between model segmentations and manually measured 

clinical assessments. AI-CE model performance was compared against a commer-

cially available segmentation software to demonstrate its improvement over the 

current state-of-the-art. The proposed model achieved a mean absolute error of 5.10 

µm, significantly improving (p < 0.01) over clinical software (12.20 µm). This result 

was verified in a secondary retrospective dataset which similarly showed significant 

improvement over commercial software. We also demonstrate that clinical epithelial 
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thickness values provided by AI-CE can distinguish between LSCD stages similarly to 

manual evaluations.

Introduction

Limbal stem cell deficiency (LSCD) is a corneal disease characterized by the replace-
ment of corneal epithelium by conjunctival epithelium due to loss of limbal stem cells 
(LSCs) and/or their niche [1]. Corneal epithelial thickness (CET) in the central cornea 
has been identified as a biomarker of LSC function [2]. Clinically, CET is estimated 
from anterior segment optical coherence tomography (AS-OCT), a widely accessible 
and non-contact imaging modality [2] that can allow visualization of corneal layers 
with up to 2–3 micrometer (µm) resolution [1]. This assessment involves trained 
experts manually measuring the thickness, a process that is time consuming and 
subject to significant inter- and intra-rater variability.

Previous studies have shown that decreasing CET correlates with LSCD disease 
severity [1–5]. Automated epithelial layer measurement can be performed by com-
mercial software (Optovue RTVue XR 100 Avanti, Optovue Inc., Fremont, CA) using 
demarcation of the anterior epithelial and Bowman’s layers. These commercial algo-
rithms have been approved by the FDA for the measurement of epithelial, stromal, 
and corneal thickness [6]. In images with LSCD and stromal scars, however, this 
commercial software often fails to generate correct segmentations, which can lead to 
unreliable evaluations of corneal epithelial thickness [7]. The difficulty of evaluating 
LSCD within commercial software has been attributed to stark differences in CET 
reflectivity, in many cases due to subepithelial scarring (typically hyperreflective) 
associated with LSCD compared to normal CET reflectivity (typically hyporeflective) 
[2,3]. Therefore, manual measurements remain the clinical standard for assessing 
CET for LSCD diagnosis [1–3].

An automated method for estimating CET could potentially reduce the workload of 
ophthalmologists, improve diagnosis efficiency, and improve intra- and inter-reader 
reliability. However, this clinical problem poses several challenges that prevent 
traditional application of deep learning (DL) segmentation methods. First, the current 
clinical protocol for evaluating LSCD in AS-OCT images involves scalar CET mea-
surement values, rather than producing the segmentation masks required by most 
segmentation models to meaningfully represent relevant image features in latent 
space (the compressed internal representation where a model encodes image struc-
ture) [8–10]. These measurements are recorded at the patient level, so they do not 
capture variation across the corneal surface, nor do they specify the locations within 
the image where they were recorded. Second, in many Stage 3 (high disease sever-
ity) images, there are regions of healthy epithelium directly adjacent to subepithelial 
scar, with boundaries that exist as ambiguous gradients, which can cause difficulty 
when attempting to detect a boundary during inference [11–13]. Third, the epithelium 
can have variable localization, shape, and thickness as LSCD severity progresses. 
In particular, subepithelial scarring in severe LSCD cases often drastically alters 
the epithelial morphology, causing it to deviate significantly from consistent patterns 
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observed in earlier stages. These regions of interest are difficult to capture for a DL model, as learned representations of 
severe LSCD epithelium may contrast with those of epithelium in less severe LSCD images [14–16].

The goal of this project is to create a novel pipeline for segmenting the corneal epithelium and measuring CET (AI-CE) 
using only scalar clinical measurements (single-number values rather than pixel-level annotations) as labels. This pipeline 
consists of three main stages: 1) automatic generation of approximate training masks using edge detection guided by 
clinical measurements; 2) an informed patching method guided by the corneal surface; and 3) patch-level segmentation 
of the corneal epithelium with image-level reconstruction and thickness measurement. The performance of this pipeline is 
tested against a standard full image segmentation model as well as FDA approved clinical software designed for this task. 
We demonstrate that this pipeline significantly outperforms existing methods, providing accurate epithelial segmentations 
and CET measurements that can address limitations in the current clinical pipeline.

Related work

The field of OCT and AS-OCT image segmentation has broadened in recent years. Most existing models have used a 
UNet [17] as a backbone, including CorneaNet by dos Santos et al. [18], a model that segmented all layers of the cornea 
individually within healthy and keratoconus images. A model by Pham et al. [19] similarly localized various structures of 
the anterior segment in AS-OCT images, not including the epithelial layer. Li et al. [20] took a multitask learning approach 
for all broad structures within AS-OCT images, although they did not segment the epithelial layer individually. Goyanes et 
al. [21] performed AS-OCT segmentation of the ciliary muscle using a feature pyramid network architecture. SeqCorr- 
EUNet by Fang et al. [22] focused on segmenting the entirety of the cornea, but not individual corneal layers, using a dual-
flow architecture. Another study by Win et al. [23] performed segmentation of all layers of the cornea using a graph-based 
approach, but did not include LSCD images. These models do not focus on segmentation of epithelial regions affected 
by subepithelial scarring, which is required to correctly measure CET in LSCD images due to variability in reflectivity, and 
thus they are not applicable to this study.

There have also been studies that focus on understanding underlying image features of the epithelial layer within 
AS-OCT images. Elsawy et al. created a graph-based gradient edge-cost algorithm that measured the thickness in patho-
logical, but not LSCD, corneas [24]. A study by Levy et al. analyzed patterns within epithelial maps for various eye dis-
eases, including LSCD, but did not measure epithelial thickness [7]. Another study, by Goto et al., used Fourier harmonic 
analysis to analyze corneal shape irregularity in LSCD, but did not discuss measurement of CET [25]. Finally, a study by 
Greenfield et al. showed potential in detecting ocular surface squamous neoplasia, a disease with abnormal epithelial 
layer, using a vision transformer DL model [26]. While these studies focused on quantifying image features of the epithe-
lial layer, in some cases for LSCD images, no prior study has examined segmentation of AS-OCT images for classifying 
LSCD severity by measuring CET using DL methods [2,5].

Materials and methods

Dataset

The AS-OCT scans used in this study were acquired at the Stein Eye Institute after the approval of the Institutional Review 
Board at the University of California, Los Angeles (UCLA, IRB #24–1047). Patients with normal, healthy eyes in the data-
set had written consent obtained. The diseased eyes in the dataset had verbal consent obtained as the AS-OCT scans 
were a standard of care. Consent was witnessed and documented by clinical cornea specialists during data collection and 
was consistent with the protocol for the study as specified by the IRB. The study adhered to HIPAA regulations and com-
plied with the Declaration of Helsinki. All data was accessed for research purposes following IRB approval on November 
25th, 2024. All patient information was de-identified during initial data collection. The main dataset utilized for training and 
testing the AI-CE model consisted of 134 patients (134 eyes) using an Optovue RTVue XR 100 Avanti Edition scanner. In 
this dataset, 3 scans per eye were taken, representing 402 scans.
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As part of their clinical evaluation, each patient’s LSCD severity was staged using CET in combination with parameters 
obtained from other imaging modalities (slit-lamp biomicroscopy and in vivo laser scanning confocal microscopy). This 
staging categorized the severity for each of the eyes as either normal (n = 141 scans) or one of three LSCD stages: Stage 
1 (n = 102 scans), Stage 2 (n = 102 scans), or Stage 3 (n = 57 scans) [1,2]. Each stage was graded via a clinical score 
based on the global consensus of the stages of LSCD [1,2].

A secondary retrospective dataset including 12 patients (24 eyes) was collected from patients with one normal eye and 
one Stage 3 LSCD eye, representing an additional 72 scans [27]. This secondary dataset was used as a held-out test set 
to further evaluate the AI-CE model.

Clinical labels

The labels for both datasets are a set of manually measured CET values measured by cornea specialists (M-CET) 
for each individual AS-OCT scan. These values were measured following a consistent clinical protocol: using one 
image per subject, specialists took one measurement in the central cornea, and two additional measurements 1 mm 
apart on either side. The average of these three measurements was used clinically for diagnosing each patient, and 
thus were also used in this study as the ground truth label for each AS-OCT scan for that patient. In the main dataset, 
normal eyes had a median measurement of 55 µm (range: 46–60 µm), Stage 1 eyes had a median of 43 µm (range: 
31–62 µm), Stage 2 eyes had a median of 36 µm (range: 0–61 µm), and Stage 3 eyes had a median of 0 µm (range: 
0–27 µm). In the secondary dataset, normal eyes had a median measurement of 53 µm (range: 41–61 µm) and 
Stage 3 eyes had a median measurement of 24 µm (range: 0–47 µm). This labeling was manually and independently 
quantified by two senior cornea specialists, with an inter observer variability of <10%, confirming high inter-observer 
agreement.

For each Stage 3 scan in the main dataset, a binary label of subepithelial scar presence was created by cornea spe-
cialists via visual interpretation of each scan. There existed 39 scans with subepithelial scarring, and 18 scans without.

Mask creation

Traditionally, DL image analysis models require pixel level labels created from manual segmentations as inputs for train-
ing. In this case, only scalar M-CET measurement values were available for each of the subjects. Thus, it was necessary 
to generate training masks from the raw AS-OCT images to train the DL model. To create these masks, an initial edge 
detection of the top of the cornea, C, was performed in each image using a pre-trained diffusion-based edge detection 
model [28]. This step was followed by additional image preprocessing steps, including morphological smoothing, before 
shifting the top line down to estimate the bottom of the epithelium. This shift was performed for each pixel along the 
horizontal axis of the image, within a range of 30 µm above and below the M-CET measurement label, x′ . The offset of 
the bottom line, x, was chosen to be the line within this range, x ∈ [x′ + 30µm, x′ – 30µm], that had the maximal sum of 
intensity values of the Laplacian of Gaussian (∇2G) filtered AS-OCT image (I):

 
argmax

x

∫

C(x)

(
(∇2G) ∗ I

)
ds

 (1)

where C(x) is the top corneal contour shifted vertically down by an offset x, ds indicates that the integral accumulates 
filtered intensity along the length of that contour, and argmaxx  selects the offset x producing the maximum accumulated 
value.

This approach resulted in an approximate contour of the bottom of the epithelial layer. Images containing subepithelial 
scarring, based on the clinical binary labels, were given blank segmentation masks to aid the AI-CE model in learning the 
difference in reflectivity between healthy and subepithelial scar regions.
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Corneal surface-guided patching

Patching was chosen to train the AI-CE model because the epithelial layer is a disproportionately small portion of the 
corneal image. To create patches for training, once the top and bottom of the mask locations were established, patches 
were generated along the top layer of the mask (Fig 1). The center of each of the patches was sampled along the top of 
the segmentation. The patches were defined so that the horizontal edges were parallel to the tangent of the top of the 
epithelial layer. A 50% overlap stride in the direction parallel to the epithelial layer was performed between the patches to 
provide a greater number of training patches for input into the AI-CE model.

Model training and mask reconstruction

For the AI-CE model, Multi-scale U-Net (MSU-Net) [29] architecture was trained to segment the top and bottom of the 
epithelial layer. The AI-CE model was trained with a five-fold cross validation, where each individual fold contained a 
different 70% train, 10% validation, and 20% test split such that all images from a given subject were in the same split. 
The dataset was stratified to ensure each of the five folds contained the same distribution across LSCD stages. For each 
fold, the model was trained for 100 epochs—a single epoch being one complete pass through the training and validation 
data—with Adam optimization, a learning rate of 1e-3, and a batch size of 32. Dice loss was used for training the model 
and resulted in near identical loss curves across all folds. Dice loss measures the overlap between the predicted segmen-
tation and the target mask, and is defined as:

 
LDice = 1 –

2
∑N

i=1 pigi + ε
∑N

i=1 pi +
∑N

i=1 gi + ε
,
 (2)

Fig 1. Overview of the methods of the pipeline. AS-OCT images are patched along the epithelial layer (a), are used as inputs to train and test the Multi-
scale U-Net (MSU-Net) model (b), before the output patches are used to reconstruct the original full-size images and measure the predicted CET (c).

https://doi.org/10.1371/journal.pone.0358258.g001
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where pi ∈ [0, 1] is the predicted probability that pixel i belongs to the epithelium, gi ∈ [0, 1] is the corresponding value in 
the target mask, N is the total number of pixels, and ε is a small constant added for numerical stability. A loss of 0 indi-
cates perfect overlap, while a loss of 1 indicates no overlap.

The images of the cornea were reconstructed by aligning the predicted mask patches based on their original position in 
the image. The union of all the predicted patch masks were combined to create the full predicted epithelial layer for each 
image. The CET calculation for each image was performed by calculating the average distance between the top and bot-
tom of the epithelial layer along lines perpendicular to the surface segmentation across the entire image, denoted AI-CET.

To confirm that the patching approach was an improvement, a baseline standard MSU-Net model was trained using 
original AS-OCT images, with the same five-fold train/validation/test splits, training model parameters, and downstream 
evaluation as the AI-CE model.

Results

Across the entire main dataset, the MAE of the AI-CE model (5.10 µm) was significantly (p < 0.001) lower than OCT-CET 
(12.20 µm) (Table 1). AI-CE had a significant overall Pearson correlation with M-CET (r = 0.94, p < 0.01), while OCT-CET 
did not (r = 0.32, p = 0.07) (Fig 2). AI-CE had a significantly lower MAE for stage 1, 2, and 3 LSCD (4.54 µm, 5.18 µm, 
10.41 µm, respectively; p < 0.001 for each) and higher correlation with M-CET (r = 0.67, r = 0.89, r = 0.10, respectively; 
p < 0.001 for each) compared to OCT-CET (MAE = 8.45 µm, MAE = 10.20 µm, MAE = 46.07 µm, and r = 0.41, r = 0.18, 
r = 0.01, respectively). While AI-CET had slightly higher MAE and lower correlation for normal (MAE = 3.40 µm, r = 0.45) 
compared to OCT-CET (MAE = 2.03, r = 0.67), the difference was not statistically significant (p = 0.18) (Fig 3).

Evaluating the baseline MSU-Net model by training on the original AS-OCT size images resulted in an overall signifi-
cantly higher MAE (7.20 µm, p = 0.02) and an overall significantly lower correlation (r = 0.89, p = 0.01) than AI-CE. Differ-
ences in MAE and correlation were significant for the individual three LSCD severities (p < 0.001 for all three for both MAE 
and correlation), but not for normal (p = 0.21 for MAE, p = 0.19 for correlation). While MSU-Net did not perform as well 
as AI-CET, its overall MAE was still significantly lower (p < 0.001), and its overall correlation was still significantly higher 
(p < 0.001) than OCT-CET.

AI-CET stage classification distributions were not significantly different (p = 0.20) from those using manual measure-
ment (Fig 4), with a comparable overall accuracy (70.7% vs. 70.6%) and improved significantly over OCT-CET (p < 0.001). 
Compared to M-CET, AI-CET had a slightly higher bias towards Stage 1 as it had a higher Stage 1 recall (0.660 vs. 
0.531), but slightly lower recall for the other stages. Notably, classification using AI-CET was off by more than one stage 
fewer times than manual measurement (40 vs. 58). Comparatively, OCT-CET had a high bias towards the normal class, 
with the highest accuracy for normal, and decreasing accuracy as LSCD severity increased. OCT-CET did not correctly 
classify any Stage 3 images, instead placing most of these images into Stage 2.

Table 1. Result metrics (MAE and Pearson r value) across all, and across the individual normal and three LSCD severity classes (Stage 1, 
Stage 2, and Stage 3) for the AI-CE, MSU-Net, and OCT-CET models tested on the original dataset.

Class MAE (µm) Pearson Correlation

All Normal Stage 1 Stage 2 Stage 3 All Normal Stage 1 Stage 2 Stage 3

AI-CE 5.10 ± 4.61* 3.40 ± 1.88 4.54 ± 2.95* 5.18 ± 3.17* 10.41 ± 8.06* 0.94* 0.45 0.67* 0.89* 0.10*
MSU-Net 7.20 ± 6.04 3.86 ± 2.75 5.03 ± 3.57 6.14 ± 5.45 15.43 ± 9.74 0.89 0.43 0.34 0.65 0.04

OCT-CET 12.20 ± 8.36 2.03 ± 1.36 8.45 ± 3.98 10.20 ± 5.80 46.07 ± 10.09 0.32 0.67 0.41 0.18 0.01

Note: *p < 0.01.

https://doi.org/10.1371/journal.pone.0358258.t001
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In the secondary retrospective dataset, AI-CET values correlated well with M-CET (r = 0.94, p < 0.001, Fig 5) while OCT-
CET values did not (r = 0.37, p = 0.06) (Table 2). Overall MAE was significantly lower (p < 0.001) for AI-CET (MAE = 6.04 µ
m) compared to OCT-CET (MAE = 13.16 µm).

Qualitatively, the segmented epithelial layer produced by AI-CE was progressively thinner as LSCD severity increased 
(Fig 6), while OCT-CET did not demonstrate that trend. OCT-CET incorrectly segmented epithelial scar in 9.3% more 
cases than AI-CET. Comparatively, OCT-CET software always outputs a segmentation for each image across the entire 
cornea, even if there exists only subepithelial scar in the image. In all the Stage 3 images that contained subepithelial 
scar, regions of scarring were incorrectly included in the segmentation output by OCT-CET (Fig 7).

Discussion

The AI-CE model showed significant improvement segmentation of the the corneal epithelium over exiting commercial 
software. The AI-CE model also allowed for improved LSCD severity prediction compared to commercial OCT-CET soft-
ware. The similar LSCD stage classifications between AI-CET and cornea specialist labels suggest that the AI-CE model 
could potentially be used as an assistive device in the clinic by ophthalmologists. This tool would aid in the diagnostic 
process by emulating the clinical method of measuring CET, improving diagnostic efficiency and reducing workload.

Fig 2. Primary dataset correlations. Correlations between the manually measured epithelial thickness values (M-CET) with those automatically calcu-
lated using (a) the proposed model (AI-CET), (b) the baseline (MSU-Net), and (c) the current commercially available solution (OCT-CET).

https://doi.org/10.1371/journal.pone.0358258.g002
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The AI-CE model is able to more accurately classify Stage 1 eyes compared the manual measurements used in clinical 
practice. However, this improved classification is likely due to a difference in calibration as previously established thresh-
olds are based on analysis of manual measurements [2]. Evidence of this calibration can be seen in normal patients, 
where the AI-CE model produces more false positive results. Thresholding on CET provided imperfect results whether 
using AI-CET or M-CET, which was a result of using only epithelial thickness for classification rather than applying the 
clinical practice of combining results with other scan modalities (slit-lamp biomicroscopy and in vivo laser scanning confo-
cal microscopy) to determine diagnosis [2]. Additionally, most incorrect classifications by either model were off by a single 
stage, which may be due to a continuum in LSCD disease severity progression with overlap between stages.

Epithelial scarring can be easily confused with epithelium, which could explain why many Stage 3 images are predicted 
as having a high CET by OCT-CET. OCT-CET software is likely not trained with examples containing subepithelial scar 
and thus has no reference to distinguish subepithelial scar from healthy epithelium. OCT-CET also does not differen-
tiate thickness across severities well, which could be because the software expects to find a thickness value within an 

Fig 3. Primary dataset boxplots. Boxplots of predicted M-CET, AI-CET, MSU-Net, and OCT-CET values for normal, Stage 1, Stage 2, and Stage 3 
scans.

https://doi.org/10.1371/journal.pone.0358258.g003

Fig 4. Primary dataset confusion matrices. Confusion matrices of the established clinical cut-off threshold true labels vs. the M-CET (a), AI-CET (b), 
and OCT-CET (c) predicted severity classes [2].

https://doi.org/10.1371/journal.pone.0358258.g004
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established predictive range of values. In contrast, AI-CE is able to differentiate severities similarly to manual segmenta-
tions, which is likely due to the incorporation of the manual M-CET values when training the AI-CE model.

A benefit of the AI-CE model is its ability to obtain a segmentation across the full corneal surface, rather than the single 
CET value per cornea produced manually. This complete segmentation allows for capturing variations of epithelial thick-
ness along the cornea. Analysis of this variation could lead to improved analysis of LSCD by allowing further examination 
of which areas of the cornea (beyond just the center) are thinning or contain regions of subepithelial scar.

The AI-CE model could potentially be used to help detect thinning of the epithelial layer in other corneal diseases, such 
as in keratoconus and myopia [30,31], or potentially aiding clinicians in localizing eye scarring when planning for opera-
tions such as refractive laser surgery. Segmentation of thinner epithelial layer caused by keratoconus could potentially be 
achieved by AI-CE, as it is functionally a similar task to segmenting the thinner epithelial layer caused by LSCD. Similarly, 
the model could be applied to segment and measure epithelial layer thickness differences in pre and post orthokeratology 
contact lens wear [32]. Similar ocular surface diseases that manifest with thinning or distortion of the epithelial layer would 
be suitable targets for segmentation by the AI-CE model.

Future directions

Changes in epithelial reflectivity due to subepithelial scarring in Stage 3 images can cause difficulties in segmentation for 
the AI-CE model. If scar tissue is present, the AI-CE model could be given more knowledge in determining the boundaries 
of the epithelial layer by explicitly defining a classification task to determine epithelial layer versus scar tissue, guided by 

Fig 5. Secondary retrospective dataset correlations. Correlation of the secondary retrospective dataset for the AI-CE model compared to M-CET 
values (a) and the OCT-CET and M-CET values (b).

https://doi.org/10.1371/journal.pone.0358258.g005

Table 2. MAE (mean and scan-level standard deviation) and Pearson correlation in the secondary retrospective set for the AI-CE and OCT-
CET models.

Class MAE (µm) Pearson Correlation

All Normal Stage 3 All Normal Stage 3

AI-CE 6.04 ± 4.10* 4.14 ± 3.57 7.94 ± 4.57* 0.94* 0.94 0.79*
OCT-CET 13.16 ± 6.32 3.98 ± 3.06 22.34 ± 9.59 0.37 0.96 0.11

Note: *p < 0.01.

https://doi.org/10.1371/journal.pone.0358258.t002
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the average intensity (representing reflectivity) of the epithelial layer [2,3]. This approach would likely provide the model 
more certainty in localizing the bottom boundary of the epithelial layer, as the explicit encoding of reflectivity within the 
model would help guide its decisions in determining segmentation boundaries. The AI-CE model could also be applied 
to generate epithelial thickness maps over the corneal surface from predicted CET measurements. This approach could 
provide an improvement over maps currently provided by commercial software, especially for Stage 3 eyes.

Conclusion

We proposed AI-CE, a DL model to measure CET in LSCD eyes within AS-OCT images. This model is an improvement 
over current clinically available software, providing measurements that are similar to manual measurements. Applying this 
model to the clinic could reduce clinical workload by reducing the need for manual annotations and corrections to com-
mercial software. LSCD severity staging via this model can also be achieved by classifying patients based on the pre-
dicted measured CET, although future work will be required to show its performance as part of a multi-modal diagnosis. 

Fig 6. Corneal epithelial layer segmentations. Examples of AI-CE output segmentations of the epithelial layer for normal (a), Stage 1 (b), Stage 2 (c), 
and Stage 3 (d) LSCD.

https://doi.org/10.1371/journal.pone.0358258.g006
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The similarity between the AI-CE model’s predicted CET values and manual measurements suggests potential for its use 
as an automated tool for segmenting and measuring the epithelial layer.

Supporting information

S1 File. CET values for the original dataset and the secondary retrospective data set. The individual CET values of 
the AI-CE, OCT-CET, and M-CET used to generate the correlation and box plots presented in the study.
(XLSX)
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Fig 7. Stage 3 scarring segmentations. Examples of Stage 3 corneas that contain subepithelial scarring (a), output segmentations of the AI-CE model 
(b), and output segmentations of OCT-CET clinical software (c).
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