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Purpose: The purpose of this studywas to evaluate the diagnostic performance of deep
learning (DL) anterior segment optical coherence tomography (AS-OCT) as a plateau iris
prediction model.

Design: We used a cross-sectional study of the development and validation of the DL
system.

Methods:We conducted a collaboration between a referral eye center and an informa-
tive technologydepartment. The studyenrolled179eyes from142patientswithprimary
angle closure disease (PACD). All patients had remaining appositional angle after irido-
tomy. Each eye was scanned in four quadrants for both AS-OCT and ultrasound biomi-
croscopy (UBM). A DL algorithm for plateau iris prediction of AS-OCT was developed
from training datasets and was validated in test sets. Sensitivity, specificity, and area
under the receiver operating characteristics curve (AUC-ROC) of the DL for predicting
plateau iris were evaluated, using UBM as a reference standard.

Results: Total paired images of AS-OCT and UBM were from 716 quadrants. Plateau iris
was observed with UBM in 276 (38.5%) quadrants. Trainings dataset with data augmen-
tation were used to develop an algorithm from 2500 images, and the test set was
validated from 160 images. AUC-ROC was 0.95 (95% confidence interval [CI] = 0.91 to
0.99), sensitivity was 87.9%, and specificity was 97.6%.

Conclusions: DL revealed a high performance in predicting plateau iris on the noncon-
tact AS-OCT images.

TranslationalRelevance: Thiswork couldpotentially assist clinicians inmorepractically
detecting this nonpupillary block mechanism of PACD.
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Introduction

Plateau iris is a configuration of peripheral iris, a
mechanism which can be attributable to nonpupillary
block of angle closure in primary angle-closure disease
(PACD).1 The pathophysiology of angle closure in
plateau iris is related to an anteriorly positioned ciliary
process, leading to a posterior-pushing mechanism
in PACD.1 This nonpupillary block mechanism may
not be able to be successfully treated with conven-
tional laser peripheral iridotomy (LPI); however, laser
iridoplasty, with the aim of modifying the configu-
ration of peripheral iris, may be indicated to prevent
permanent angle closure in this condition. It is, there-
fore, important to rule out plateau iris in eyes with
PACD.

The standard method of detecting plateau iris can
be based on either dynamic gonioscopy2 or ultra-
sound biomicroscopy (UBM).3 The former is a subjec-
tive examination, which requires examiner skills and
expertise, whereas the latter is an objective investiga-
tion for direct imaging of angle structures behind the
iris. UBM has been the preferred method for detecting
plateau iris in recent studies, as the crucial findings for
the determination of plateau iris include the anterior
ciliary position, the absence of ciliary sulcus, and iris
root angulation, which can be better visualized using
UBM.4,5 There are limitations, however, in applying
UBM in routine clinical practice because it requires
a contact immersion scanning technique under skilled
operators.

Anterior segment optical coherence tomography
(AS-OCT), a recently developed imaging technology,
has been used for PACD evaluation in various situa-
tions. Without contacting ocular structures, AS-OCT
applies a 1310-nm diode laser to visualize anterior
segment structures, such as the cornea, iris, and
anterior chamber angle.6 It facilitates clinicians for the
qualitative and quantitative evaluation of the anterior
segment structures in more practical ways in compar-
ison to UBM.7 The diode laser, however, poorly
penetrates the iris pigment epithelium; thus, it is unable
to visualize the ciliary process and ciliary sulcus. Unlike
UBM, indirect signs of the peripheral iris configura-
tion are required for detection of plateau iris from AS-
OCT.8

Deep learning (DL) is a subfield of machine learn-
ing in artificial intelligence. It uses several artificial
neural network layers to learn patterns of existing data
to generate a set of knowledge and then applies it to
infer predictions from new data. With recent increased
computing power and big data, DL has shown very
promising diagnostic performance in medical imaging

analysis9,10 as well as in classification tasks in ophthal-
mology.9–16 Interestingly, some DL models have been
tentatively used for the classification or prediction of
disease across two diverse types of information or
imaging modalities; for example, the DL models have
been trained to predict the presence or absence of
glaucoma based on retinal nerve fiber layer (RNFL)
thickness at the optic nerve head (ONH) on OCT from
the grading on color photographs of the ONH. The
predictions from this grading have been found to be on
a par with the detection from actual measurement of
RNFL thickness.17

In this study, we developed a DL model that would
be capable of detecting plateau iris from AS-OCT
images using data from paired images from UBM and
AS-OCT for training, and UBM images as ground
truth for validation. To further improve model perfor-
mance, another unsupervised DL approach of image-
to-image translation from UBM to AS-OCT was also
conducted. This model could have an advantage due
to the more practical, noncontact imaging modality of
AS-OCT, and could potentially provide more accurate
outcomes in predicting the presence of plateau iris
on the same level of the contact imaging modality of
UBM.

Patients and Methods

This study was a collaboration among the Depart-
ment of Ophthalmology, Rajavithi Hospital, and
Sirindhorn International Institute of Technology
(SIIT), Thammasat University. The study proto-
col was approved by the institutional review boards
of both institutes, informed consent was read and
signed by all participants, and all images were de-
identified for patient confidentiality. FromMarch 2019
to January 2020, patients in the Glaucoma Clinic of
Rajavithi Hospital with PACD, including primary
angle-closure suspect (PACS), primary angle-closure
(PAC), and primary angle-closure glaucoma (PACG),
were enrolled into the study. The definition of the three
diagnoses of PACD were based on the classification by
Foster et al.18

Complete ocular examinations were performed in
all patients using slit lamps, Goldman applanation
tonometry, gonioscopy, visual field test, and ONH
evaluation, and axial length was obtained using IOL
Master (Carl Zeiss Meditec, Dublin, CA). Paired sets
of scans from AS-OCT and UBM on the same day
of examination were obtained for each of the enrolled
participants. All patients had phakic eyes when the
paired scans were obtained, and LPI was performed to
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eliminate pupillary block in all eyes at least 1 month
before the scans.

For AS-OCT, the patients were scanned in a sitting
position using Visante (Model 1000, version 3.0.1.8;
Carl Zeiss Meditec) for both horizontal and verti-
cal axes. For UBM, the scans were conducted by
our trained doctors (C.S. and W.W.) on superior,
inferior, nasal, and temporal angles using an immer-
sion technique with patients in a supine position. We
used two UBM devices in this study: P60 (Paradigm
Medical Industries Inc., Salt LakeCity, UT) for the first
78 patients, and VuMAXHD (Sonomed Escalon, Lake
Success, NY) for the other 64 patients. The procedures
were performed in the same standard room light for
the two devices. The AS-OCT images from the vertical
and horizontal axes were then split into images from
the superior, inferior, nasal, and temporal quadrants
to match the corresponding images of each quadrant
from UBM.

Patients were excluded from the study if they were
undergoing treatment with pilocarpine, had a history
of laser iridoplasty, glaucoma surgery (trabeculec-
tomy, glaucoma tube shunt, or goniosynechialysis),
opaque cornea, nanophthalmos, iridociliary cyst, or
other ocular conditions that could not be applied to
both AS-OCT and UBM investigations.

Classification of Plateau Iris Using UBM
Criteria

Classification of the presence or absence of plateau
iris was made for each quadrant image from UBM
according to standard protocol.19 Its presence was
labeled when an anteriorly positioned ciliary process,
obliteration of the ciliary sulcus, iris root angulation,
and narrow anterior chamber angle were found. The
images of quadrants without any of these signs were
labeled as absence. These labels, determined by a senior
glaucoma specialist (B.W.), were used as the reference
standard, and intra-observer agreement was assessed
for reproducibility of the classification on 30 images,
kappa = 0.79. Interobserver agreements were tested by
two glaucoma specialists (N.P. and K.S.), kappa = 0.73
and 0.71, respectively.

Prediction of Presence or Absence of Plateau
Iris With AS-OCT Using a Deep Learning
Model

We applied DL architecture, ResNet, for predic-
tion of the presence or absence of plateau iris from
AS-OCT images. To achieve an appropriate image
dataset size, a pretraining model and image augmen-

tation were applied. The Pre-trained Unsupervised
Network (PUN) comprises a family of DLmodels that
use unsupervised learning to train each hidden layer
within a neural network in order to achieve a more
accurate fitting of the dataset.20 Data augmentation
was performed to increase the data size and varia-
tion. With augmentation, the prediction model should
be more generalized and invariant to certain types of
data or images; in this study, four image augmentation
methods were applied.

Original images were augmented using four trans-
formation functions: flipping, rotation, contrast
enhancement, and intensity adjustment. The flipping
function reversed the pixels of the image in horizontal
position, akin to a mirror effect, and the rotation
function turned the image with a set of specified
degrees. The contrast enhancement exaggerated the
visible difference between the two adjacent structures,
for example, the edge, in order to emphasize its details.
The intensity adjustment mapped values of the inten-
sity of an image into a new range for the purpose of
brightness increment or decrement.

In addition to these transformations, we designed a
process to utilize the UBM images in order to enhance
the AS-OCT ones with a DL-based algorithm, namely
style transfer,21 an unsupervised DL-based approach
(Cycle Generative Adversarial Network or CycleGAN)
that performs image-to-image translation. Given two
domains of images, it produces a new one by combin-
ing the content of one image domain with the style
of the other. In addition, it can also map the content
between the two image collections.22 In this study,
a style transfer of paired images (i.e. AS-OCT and
UBM), was applied in a way that an AS-OCT image
was considered as an image’s content, whereas the
corresponding UBM image was a style. Examples of
the images with style transfer are shown in Supplemen-
tary Figure S1. They were the outcomes of mapping
the style of UBM taken from the same quadrant of
the same eye of a patient into the content of AS-OCT.
With the features of the peripheral iris transferred
and combined from the corresponding UBM images,
together with the labels of the original images, and
some with other augmentation functions also trans-
ferred from UBM, the knowledge from UBM images
could be learned by the ResNet DL model in order
to make a prediction about the presence or absence of
plateau iris on AS-OCT images.

Data Collection and Preparation

We collected images from 179 eyes of 142 Asian
patients, 109 (76.8%) of whom were women. There
were 716 images of scanned quadrants of these eyes for
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Figure 1. Overview of the proposed method.

both AS-OCT and UBM. Of the 716 AS-OCT images
of 179 eyes, images of 139 eyes (77.7%) were randomly
selected for training and those of the other 40 (22.3%)
were used for testing the model.

From the original 218 images of quadrants with the
presence of plateau iris (P) and 338 with the absence
of plateau iris (NP), 1200 and 1300 augmented images,
respectively, were constructed in order to balance the
number of images with P and NP in the training
dataset. The number of images from each function of
augmentation was determined taking into considera-
tion the quality of the original image and the neces-
sity of the reconstruction. Examples of the augmented
images and the number of images in each augmenta-
tion function are shown in Supplementary Figure S2.

The augmented AS-OCT images taken from each
patient were labeled according to the reference
standard labels determined from UBM images and
assigned to the original AS-OCT ones. The patients
were divided into 10 groups, each comprising 7 to
8 patients, and the AS-OCT images of these groups
were used for training the model. The total number of
images in the training dataset was 2500.

Training and Testing the Model

The 50-layered ResNet architecture (ResNet50) was
applied with the pretraining model to assign an initial
weight. For each training iteration, the images were

trained with a batch size of 32, with 50 epochs (itera-
tions), and the best learning rate, which was found
using the cyclical learning method with stochastic
gradient descent with restarts.

The performance of the model was measured using
a 10-fold cross validation. As stated previously, the
patients were independently classified into 10 groups;
each group is considered a fold. Because the folds
were classified on a patient level, the images that were
augmented from the four quadrants of the same patient
and eye were included in the same fold. For each round
of training, nine groups of patients were used as a
training set, and the others were used as a test set
(see Fig. 1). The total number of rounds for training
the model is 10. Among 10-fold cross validation, the
model that achieved the highest accuracy was selected
and tested using a test set. The AS-OCT images taken
from the 4 quadrants of the 40 eyes, which had not been
used in the training set, were used as a test set. There
were in total 160 images of quadrants; 58 were labelled
as P, and 102 asNP according to the reference standard
in the test set. To test the model, each AS-OCT image
alone without UBMwas directly supplied to the model
for prediction.

Statistics

Sensitivity, specificity, and accuracy were used as
measurements of model performance. To visualize the
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Table 1. Demographic Data from Primary Angle-Closure Disease

Patient-Wise
Total

(N = 142 Patients)
Training Set

(N = 118 Patients)
Testing Set

(N = 38 Patients)

Mean age, y 62.45 ± 8.50 62.29 ± 8.69 63.45 ± 7.84
Range 42-87 42-87 49-79
Sex:
Female, N eye 109 (76.80%) 88 (74.60%) 32 (84.20%)
Eye-wise Total

(N= 179 eyes)
Training set
(N= 139 eyes)

Testing set
(N= 40 eyes)

Diagnosis, N
PACS 52 (29.1%) 45 (32.4%) 7 (17.5%)
PAC 33 (18.4%) 25 (18.0%) 8 (20.0%)
PACG 94 (52.5%) 69 (49.6%) 25 (62.5%)
VA, logMAR:
Mean ± SD 0.35 ± 0.51 0.34 ± 0.49 0.37 ± 0.58
Median 0.20 (0.10, 0.40) 0.20 (0.10, 0.40) 0.20 (0.18, 0.38)
IOP mm Hg ± SD 17.0 ± 7.21 16.91 ± 7.43 17.31 ± 6.42
Range 8–56 8–56 10–44
Cup to disc ratio 0.54 ± 0.20 0.53 ± 0.20 0.62 ± 0.19
Range 0.2–0.9 0.2–0.9 0.3–0.9
Axial length, mm 22.59 ± 1.03 22.58 ± 0.99 22.63 ± 1.19
Range 19.07–27.88 19.14–27.88 19.07–27.69
Plateau iris
Inferior quadrant 58 (32.40%) 47 (33.8%) 11 (27.5%)
Nasal quadrant 58 (32.40%) 45 (32.4%) 13 (32.5%)
Superior quadrant 69 (38.55%) 55 (39.6%) 14 (35.0%
Temporal quadrant 91 (50.84%) 71 (51.1%) 20 (50.0%)
Image-wise Total

(N= 716 images)
Training set before augmentation

(N= 556 images)
Testing set

(N= 160 images)

performance in distinguishing between the presence
and absence of plateau iris, a receiver operation charac-
teristic (ROC) and area under curve (AUC) were also
depicted.

The prediction result obtained from each fold was
computed. The probabilities of each augmented image
derived from the same original input image were
averaged to generate a final image-wise prediction of
an original image. It was predicted as positive (plateau
iris) if the probability was greater than or equal to 0.5;
otherwise, it was predicted as negative.

Results

Demographic data of the patients are shown
in Table 1. The proportions of patients and eyes in
each of the parameters, including each of the PACD
categories, were randomly distributed in training and
test sets as shown. Plateau iris was found in 276

quadrants (38.55%) with the highest prevalence in the
temporal quadrant (N = 91, 32.97%). A total of 85
from 179 eyes (47.49%) had at least 2 quadrants of
plateau iris.

Training Results

From the 10-fold cross validation experiment in the
training dataset, the DL prediction model achieved
96.50% sensitivity, 98.90% specificity, and 97.90%
accuracy. It incorrectly predicted seven positive images
of plateau iris as negative, whereas three negative
images were incorrectly predicted as positive.

A comparison of the prediction result of each
augmentation function is shown in the form of ROC
curves in Supplementary Figure S3a. The prediction
probability of each original image of the same augmen-
tation function was averaged for a positive or negative
prediction, and the final prediction was from the
class that achieved a higher average probability. The
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Figure 2. A comparison of ROC-AUC of the test set applying the
style transfer augmentation for model training and the one without
it.

result showed that the AUC from each augmentation
function was in a narrow range with the highest AUC
from an enhanced function that achieved 0.9865 (95%
confidence interval [CI] = 0.97 to 0.99). The lowest
AUC was from style transfer at 0.9661 (95% CI = 0.95
to 0.98).

TrainingWith andWithout Style Transfer

We also trained another prediction model using
2500 augmented images with the same setting
described previously for training, but all the DL-based
style transfer images were replaced randomly with
some from the other 4 augmentation functions. The
ROC curve of the prediction result of each augmen-
tation function in training is shown in Supplementary
Figure S3b. Without the style transfer, the prediction
result was less than the lowest AUC of the model with
the style transfer as shown in Supplementary Figure
S3a, which was 0.9661.

Testing Results

The sensitivity of the DL model for predicting
plateau iris on AS-OCT images in the test set was
87.93%, the specificity was 97.06%, and the accuracy
was 93.75 %. Out of 58 positive images of plateau iris,
the model correctly detected 51 images, and it correctly
detected 99 out of 102 negative images.

The AUC was 0.9539 (95% CI = 0.91 to 0.99) with
the ROC-AUC curve shown in Figure 2. A comparison
of the ROC-AUC curves of models with and without
style transfer in the test set is shown in Figure 2. The
AUC of the model with style transfer was 0.95 (95%

Figure 3. A comparison of ROC-AUC curve of the four quadrants in
the test set of thepredictionmodelwith style transfer augmentation.

CI = 0.91 to 0.99), whereas that of the model without
style transfer was 0.67 (95% CI = 0.58 to 0.76).

A comparison of the sensitivity, specificity, and
accuracy of themodel for predicting plateau iris in each
quadrant is shown in Table 2. The temporal quadrant
achieved the highest sensitivity of 94.74%, and the
inferior quadrant achieved the highest specificity of
100%. The superior quadrant achieved the lowest sensi-
tivity of 75%, whereas the temporal quadrant achieved
the lowest specificity of 95.24%. A comparison of
ROC-AUC curves from the prediction of plateau iris
in each quadrant is displayed in Figure 3.

At patient level, for those who had plateau iris in at
least 2 quadrants (85 eyes), sensitivity was 83.3%, speci-
ficity was 95.5%, and accuracy was 90%. Examples
of AS-OCT images that achieved the highest predic-
tion scores are shown in Supplementary Figures S4(a)
and S4(b) for the presence and absence respectively
of plateau iris. Examples of images with the lowest
prediction scores for false positive and predictions
are shown in Supplementary Figures S5(a) and S5(b)
respectively. The high-intensity pixels in the heatmap
images in Supplementary Figures S4 and S5 show the
locations of the model used for the prediction. The
most common locations were the anterior chamber
angle and adjacent structures. Comparing the images
with the highest and lowest prediction scores, these
high-intensity pixels were located closely in a similar
location (the angle areas) in the former, whereas the
pixels were dispersed in different locations in the latter.

Discussion

In the present study, DL of AS-OCT achieved
high accuracy of plateau iris prediction. Sensitivity
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Table 2. Comparison of Sensitivity, Specificity, Accuracy, and AUC of the Model with Style Transfer for Predicting
Plateau Iris in Each Quadrant in the Test Set

Inferior
Quadrant n = 40

Nasal
Quadrant n = 40

Superior
Quadrant n = 40

Temporal
Quadrant n = 40 Total n = 160

Sensitivity 90% 92.31% 75% 94.74% 87.93%
Specificity 100% 96.30% 95.83% 95.24% 97.06%
Positive predictive value 100% 92.31% 92.31% 94.74% 94.44%
Negative predictive value 96.77% 96.30% 85.19% 95.24% 93.40%
Accuracy 97.50% 95% 87.50% 95% 93.75%
AUC (95% CI) 0.99

(0.98–1.00)
0.96

(0.88–1.00)
0.88

(0.75–1.00)
0.95

(0.88–1.00)
0.95

(0.91–0.99)

and specificity showed good diagnostic performance
to classify the disease. Previous studies have demon-
strated the potential of using DL to classify angle-
closure and open-angle from AS-OCT images with
high accuracy when gradings of either AS-OCT images
or gonioscopy were the reference standard.23,24

In a study by Fu et al.,23 approximately 8200
anterior chamber angle (ACA) images of AS-OCT,
10% of which were angle-closure and 90% open-angle,
were used for development of a DL model (VGG-
16 architecture with additional techniques of transfer
learning and data augmentation) to detect the presence
of angle-closure. This study achieved a sensitivity of
0.90, a specificity of 0.92, and AUC of 0.96; however,
there was no validation in the test set in this study.

In another study by Xu et al.,24 approximately 4000
AS-OCT images were assigned as a test set and 3400
images as a cross-validation set with about half open-
angle and the other half angle-closure in each of the
datasets. A ResNet-18 classifier was able to detect
gonioscopic angle-closure in the test set with an AUC
of 0.93.

There has not yet been a DL model for classify-
ing the presence and absence of plateau iris from AS-
OCT images. The two DL models mentioned previ-
ously were developed and validated on datasets of AS-
OCT images with the aim of applying the models to
AS-OCT images. In the present study, we developed
a DL model to predict the presence of plateau iris
based on a dataset of AS-OCT images with informa-
tion and labels transferred from a dataset of paired
UBM images. We validated the model on a test set of
new AS-OCT images with ground truth from UBM as
the reference standard.

This approach of “label transfer” for DL has been
used in a few recent studies of glaucoma. In a study
by Medeiros et al.,17 paired data of color photographs
of ONH and RNFL thickness from OCT were used to

train a DL model to be able to predict RNFL thick-
ness from assessment by color photographs only of
ONH. From a dataset of 32,820 pairs of the data, with
80% for training and 20% for testing, this DL model
demonstrated a strong correlation between predicted
and observed RNFL thickness, and it showed AUC
of 0.95 for discrimination between healthy eyes and
those with glaucomatous damage. The samemodel also
demonstrated better performance when comparedwith
human graders (absolute correlation with standard
automated perimetry [SAP] mean deviation at the rho
value of 0.54 vs. 0.48, and partial AUC of 0.529 vs.
0.411) to discriminate between glaucomatous optic
neuropathy and ONH of healthy subjects.

In the present study, we did not use only labels
transferred from UBM to train our DL prediction
model (ResNet50); we also utilized a “style transfer”
or image-to-image translation, which is another DL
approach (CycleGAN), for augmentation of AS-OCT
images, using UBM images as part of the training.
Interestingly, we found that without the style trans-
fer - with only the label transfer - our model did not
perform well in predicting the presence or absence of
plateau iris (AUC = 0.67). It was when the prediction
model included images with style transfer for train-
ing that it achieved significantly better performance
(AUC = 0.95). This was also reflected in training
when performances of the model on images from each
augmentation function were better when the predic-
tion model that included images with the style trans-
fer was used. As the structures behind the iris are
poorly imaged by the AS-OCT due to light attenua-
tion and limited penetration, DL may not directly use
this data for prediction; however, ourmodel was able to
make predictions with acceptable accuracy. This may
be viewed as a limitation, as described in the Black-
box in DL, and further validation of our models in new
datasets is required to support this.
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The same approach of style transfer has been
applied to improve visualization of medical images in
the past; for example, in radiology, visualization of
skulls on magnetic resonance images (MRIs) has been
enhanced by style transfer of corresponding computed
tomography (CT) scan images.25 In ophthalmology,
style transfer has been used to improve resolution
and visualization of blood vessels in fundus images
using another set of good resolution fundus images.26
In another example, styles of normal OCT images
were transferred to contents of abnormal OCT images
using another approach of style transfer (AnoGAN) to
detect abnormalities, such as intraretinal or subretinal
fluid, in order to create a marker for disease progres-
sion on OCT.27 This DL approach should be explored
further for its potential role in imaging studies in
ophthalmology.

There have been some previous studies of manual
grading of AS-OCT images to detect plateau iris.28–31
This condition was subjectively described as peripheral
iris rising up from the iris root, in apposition to the
anterior chamber angle, and turning flat centrally while
the anterior chamber depth appeared to be normal;
however, these studies had no data from dynamic
gonioscopy or UBMdemonstrating the position of the
ciliary process to support the presence of plateau iris.
In addition, there were no reports on diagnostic perfor-
mance, such as sensitivity, specificity, and accuracy for
the detection of plateau iris with the manual grading of
AS-OCT images in these studies.

There are limited numbers of studies of plateau
iris based on UBM in the literature. In a study in the
United States, it was found to be the most common
cause of angle-closure glaucoma (52%) in patients
younger than 40 years old.32 In other studies in Asia,
it was responsible for about one-third of patients
with PACD.4,5,33,34 The prevalence of plateau iris in
PACD in Chinese populations has been reported to
be 44.7%.35 A recent study found a similar prevalence
of plateau iris in PACD in Caucasians and Asians.36
In this study, also based on UBM, we found plateau
iris in 38.6% of quadrants of the eyes of the patients
with PACD suggesting that this disease may not be
uncommon.

There could be many applications of the DL
model developed in this study to assist clinicians
in making decisions when plateau iris is found in
PACD, particularly when UBM is not readily avail-
able. First, in patients with appositional close angle
post-LPI, plateau iris should be ruled out. Second, in
patients with asymptomatic plateau iris, prophylactic
laser iridoplasty may be performed to keep the anterior
chamber angle open. Third, in patients with PACD
before and after glaucoma filtering surgery, the detec-

tion of plateau iris could also help clinicians to make
proper judgment and management in order to avoid
serious complications after surgery. In this regard, a
report by Prata et al. showed that in patients with pre-
operative plateau iris configuration identified byUBM,
85% (11/13 eyes) developed malignant glaucoma after
trabeculectomy.37,38

One of the limitations of this study was the lack
of validation of the model in a new dataset of AS-
OCT consisting of patients with PACD. It is still possi-
ble that the results of our study are overfit with a new
dataset. In future plans to train and validate this model,
datasets used should include those from different clini-
cal settings, populations, and ethnicities. Although we
believe that training and testing using images from
two different UBM devices in this study might have
had no effect on model performance, this point should
be addressed in another study. Similarly, training and
testing on datasets from different AS-OCT devices
and technologies, such as spectral-domain or swept-
sourced, may also be required.

The relatively small sample size was another limita-
tion, although we believe that our model should
perform better with a greater number of images and
datasets of paired AS-OCT and UBM. Whereas other
DL models in ophthalmology can take advantage of
easily accessible open-sourced, online datasets, such as
color retinal photographs, the open-sourced dataset of
AS-OCT for PACD is unfortunately not readily avail-
able. The labeling of the data in our study was carried
out by a single rater, and this might be considered
another limitation.

In summary, we developed aDLmodel to be applied
with AS-OCT to predict the presence or absence of
plateau iris. The model was capable of making predic-
tions with high diagnostic performance at both image
and patient levels. This model could potentially assist
clinicians for management of the disease in order to
avoid its irreversible consequences.
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