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ABSTRACT

Background: Artificial intelligence (AI) has great potential for interpreting and analyzing images and
processing large amounts of data. There is a growing interest in investigating the applications of Al in anterior
segment ocular diseases. This narrative review aims to assess the use of different Al-based algorithms for
diagnosing and managing anterior segment entities.

Methods: We reviewed the applications of different Al-based algorithms in the diagnosis and management of
anterior segment entities, including keratoconus, corneal dystrophy, corneal grafts, corneal transplantation,
refractive surgery, pterygium, infectious keratitis, cataracts, and disorders of the corneal nerves, conjunctiva,
tear film, anterior chamber angle, and iris. The English-language databases PubMed/MEDLINE, Scopus, and
Google Scholar were searched using the following keywords: artificial intelligence, deep learning, machine
learning, neural network, anterior eye segment diseases, corneal disease, keratoconus, dry eye, refractive
surgery, pterygium, infectious keratitis, anterior chamber, and cataract. Relevant articles were compared
based on the use of Al models in the diagnosis and treatment of anterior segment diseases. Furthermore,
we prepared a summary of the diagnostic performance of the Al-based methods for anterior segment ocular
entities.

Results: Various Al methods based on deep and machine learning can analyze data obtained from corneal
imaging modalities with acceptable diagnostic performance. Currently, complicated and time-consuming
manual methods are available for diagnosing and treating eye diseases. However, Al methods could save
time and prevent vision impairment in eyes with anterior segment diseases. Because many anterior segment
diseases can cause irreversible complications and even vision loss, sufficient confidence in the results obtained
from the designed model is crucial for decision-making by experts.

Conclusions: Al-based models could be used as surrogates for analyzing manual data with improved
diagnostic performance. These methods could be reliable tools for diagnosing and managing anterior segment
ocular diseases in the near future in remote areas. It is expected that future studies can design algorithms that
use less data in a multitasking manner for the detection and management of anterior segment diseases.
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Artificial intelligence applications in anterior segment ocular diseases

Artificial intelligence (AI) is a new topic in computer science that imitates human cognition and behavior [1].
Machine learning (ML) and deep learning (DL) are important branches in this growing scientific field. Recently,
Al has shown great potential for use in medical research owing to its ability to process data [2]. In ophthalmology,
researchers have investigated the use of Al in posterior segment diseases, particularly retinal diseases [3].

Currently, anterior segment diseases with a risk of permanent eye impairment have encouraged researchers
to use Al models [4, S]. Timely diagnosis and appropriate treatment are important to prevent vision loss [6].
Routine clinical practices may be time-consuming and result in poor decision-making. Therefore, by designing
tools based on Al methods, diagnosis and management can be performed with greater accuracy, less time, and
lower cost [6, 7]. Despite various studies on the application of Al in ophthalmology, challenges remain that have
been overlooked by researchers [8].

To our knowledge, few studies have compared different applications of Al in anterior segment diseases [3,
9]. This narrative review aims to assess the applications and diagnostic performance of Al in anterior segment
entities, including keratoconus, corneal dystrophy, corneal grafts, corneal transplantation, refractive surgery,
pterygium, infectious keratitis, cataracts, and disorders of the corneal nerves, conjunctiva, tear film, anterior
chamber angle, and iris.

The English-language literature published from April 1999 to August 2022 was searched via the PubMed/
MEDLINE, Scopus, and Google Scholar databases using the following keywords for Al and anterior segment

» « » «

ocular diseases: “artificial intelligence,” “deep learning,” “machine learning,” “neural network,

» «

anterior eye
segment,” “corneal disease,” “keratoconus,” “dry eye,” “refractive surgery,” “pterygium,” “infectious keratitis,”
“anterior chamber,” and “cataract” The extracted articles were first reviewed by title and abstract, then the full
texts of relevant articles were examined for parameters related to the detection and management of anterior
segment disease.

We compared the relevant articles based on the application of Al-based models in the diagnosis and treatment
of anterior segment ocular diseases. Furthermore, we prepared a summary of the diagnostic performance of Al-
based methods for these purposes (Table 1). Al-based models based on DL and ML can analyze data obtained
from corneal imaging modalities with an acceptable diagnostic performance (Table 1). Currently, complicated
and time-consuming manual methods are available for diagnosing and treating eye diseases. Al methods could
save time and prevent vision impairment in eyes with anterior segment diseases. In the Discussion section below,
the retrieved studies concerning Al-based models for diagnosing and treating anterior segment ocular diseases
are outlined.

Keratoconus

Keratoconus (KCN) is a bilateral, non-inflammatory, asymmetric ectatic corneal disorder that can cause corneal
irregularity, increased aberrations, and even vision loss [3]. As KCN is a progressive disease, timely diagnosis
could save vision [3, 55]. Imaging modalities used for the diagnosis of KCN include placido disc-based corneal
topography, three-dimensional corneal tomography, anterior segment optical coherence tomography (AS-
OCT), and biomechanical assessment [56].

The diagnostic accuracy of corneal imaging methods based on Al models has been evaluated in some studies.
Feedforward neural networks, convolutional neural networks (CNN), support vector machine (SVM) learning,
multilayer perceptron (MLP), and decision tree classification (DT) are effective in differentiating keratoconic
eyes from normal eyes [3]. Kamiya et al. [10] found that CNN using six color-coded maps obtained from AS-
OCT could distinguish a healthy cornea from that of KCN with an accuracy of 99.1% and could also evaluate
KCN severity. In another study, Lavrik and Valentin [11] detected KCN with a high accuracy (99.3%) using
a CNN (KeratoDetect, Keratoconus Detection Algorithm). In addition, Al can predict the results of KCN
treatment. Valdes-Mas et al. [13] predicted postoperative visual quality based on corneal shape changes using an
artificial neural network (ANN).
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Artificial intelligence applications in anterior segment ocular diseases

Table 1. Summary of studies on the diagnostic performance of artificial intelligence-based models in anterior segment ocular entities

with PLE, KCN, FFKCN,
respectively)
10,561 images

based on ML (SVM,

ANN, RE, LASSO
[a feature of NN,
AdaBoost)

Kamiya et al. (2019) [10] AS-OCT 239 normal eyes CNN Accuracy: 99.1
304 eyes with KCN (108 eyes Sensitivity: 98.4
grade I, 75 eyes grade I, 42 Specificity: 100
eyes grade III, and 79 eyes
grade IV)
Lavricetal. (2019) [11] Pentacam 1,500 normal eye KeratoDetect CNN | Accuracy: 99.3
1,500 eyes with KCN
Yousefi et al. (2018) [12] AS-OCT 3,156 eyes with valid Ectasia | Unsupervised ML Sensitivity: 97.7
Status Index Specificity: 94.1
Valdes-Mas etal. (2014) [13] - 288 eyes with KCN ANN Mean Absolute Error: 95
MLP
Issarti et al. (2019) [14] Pentacam 312 normal eyes, Feedforward NN Accuracy: 96.6
77,220, and 229 eyes with Sensitivity: 95.6
KCN suspect, mild KCN, and Specificity: 97.8
moderate KCN, respectively
Ruiz Hidalgo et al. (2017) Pentacam 131 eyes SVM and binary Accuracy: 98.9
[15] classification Specificity: 99.1
Xu etal. (2022) [16] Pentacam 430 normal eyes, KerNet and index KerNet on validation set
231 unaffected eyes from derived Al models -Accuracy: 94.12
asymmetric KCN, and (XGBoost, LGBM, -AUC: 99
447 eyes with KCN LR and RF) Index derived Al models:
-Accuracy: 84.02 - 86.98
-AUC: 94.4 - 96.8
Herber et al. (2021) [17] Pentacam 116 normal eyes LDA and RF The overall accuracy for:
318 eyes with KCN algorithms -LDA:71.0
-RF:78.0
Hazarbassanov etal. (2022) | AS-OCT and 6,961 eyes Unsupervised ML Accuracy: 96.03
[18] Pentacam (FPA-K-means) Precision: 96.29
Firat et al. (2022) [19] Pentacam 341 normal AlexNet (SVM) Accuracy: 98.53
341 eyes with KCN Sensitivity: 98.06
Specificity: 99.01
Treder et al. (2019) [20] AS-OCT Eyes post-DMEK surgery DT Accuracy: 96
1,172 AS-OCT images (609: Sensitivity: 98
attached graft; 563: detached Specificity: 94
graft) for training and testing
Hayashi et al. (2020) [21] AS-OCT 31 eyes with rebubbling DNN AUC: 96
31 eyes with no rebubbling Sensitivity: 96.7
469 images Specificity: 91.5
Abou Shousha etal. (2020) | OCT 3,900 normal eyes DCNN AUC: 99
[22] 3,900 eyes with graft rejection Accuracy: 100
12,000 OCT images
Mangana etal. (2022) [23] - 220 images of post- AutoML Accuracy: 99.5
keratoplasty anterior pole Sensitivity: 95.8
eyes Specificity: 95.5
Elsawy etal. (2021) [24] AS-OCT 879 eyes MDDN AUC: 99
158,220 AS-OCT images F1 scores: 90
(45,900; 16,740; 64,800;
and 30,780 images of healthy
eyes, eyes with FECD,
KCN, and eyes with DES,
respectively)
Lopes etal. (2018) [25] Pentacam 2,980; 71; and 182 eyes with | RF, CNN, Bayers AUC: 97
stable LASIK, PLE, and network, SVM Accuracy: 94.2
KCN, respectively Sensitivity: 96.6
Specificity: 98.8
Yoo etal. (2019) [26] Pentacam 153 eyes (1, 108, and 42 eyes | Ensemble classifier AUC: 98.1

Internal Accuracy: 94.1
External Accuracy: 93.4

24

Med Hypothesis Discov Innov Optom. 2022; 3(1)




Artificial intelligence applications in anterior segment ocular diseases

Continued Table 1. Summary of studies on the diagnostic performance of artificial intelligence-based models in anterior segment ocular entities

Saad et al. (2016) [27] OPD-Scan 114 post-LASIK stable eyes | DF AUC: 97
62 eyes with FFKCN Sensitivity: 63 (for FFKCN)
Sensitivity: 100 (for KCN)
Specificity: 82
Yoo etal. (2020) [28] Slit lamp, 18,480 healthy eyes A multiclass XGBoost | Accuracy: 81
Pentacam model
Khamar et al. (2020) [29] OCT 76 eyes (22,22, 15,and 1 DT AUC: 79
eyes after LASIK, SMILE, Sensitivity: 86.4
PRK, and transepithelial Specificity: 71.9
PRK refractive surgeries,
respectively)
Pterygium
Zulkifley et al. (2019) [30] Slit lamp 60 normal eyes CNN Accuracy: 81.1
60 eyes with pterygium Sensitivity: 95
Specificity: 98.3
Wan Zaki etal. (2018) [31] | Slitlamp 2,692 normal eyes SVM Accuracy: 91.2
325 eyes with pterygium Sensitivity: 88.7
Specificity: 88.3
AUC: 95.6
Hungetal. (2022) [32] Slit lamp 61 normal eyes DL, MLP Accuracy: 91.7
176 eyes with pterygium Sensitivity: 91.7
Specificity: 91.7
F1 score: 84.6
Xu etal. (2021) [33] Slit lamp 190 normal eyes PyCharm - Accuracy: 94.68
162 eyes with pterygium EfficientNet-B6 AUC: 93.7
1,220 images Sensitivity: 90.06
Specificity: 97.32
Jais etal. (2021) [34] - 93 eyes with pterygium RapidMiner - SVM | Accuracy: 94.44
Specificity: 100
Sensitivity: 92.14
Infectious Keratitis
Saini et al. (2003) [35] - 106 eyes with corneal ulcer | ANN Accuracy: 90.7
(either bacterial or fungal Specificity (bacterial): 100
keratitis) Specificity (fungal): 76.4
Wu etal. (2018) [36] Confocal 378 images DT, KNN, LR, SVM  AUC: 86-98
microscopy Accuracy: 81.7 - 99.1
Sensitivity: 78.5 — 98.5
Specificity: 87.4 - 98.9
Liu et al. (2020) [37] Confocal 1,213 images (994 abnormal | CNN Accuracy: 100
microscopy | images and 219 normal Sensitivity: 99.9
(fungal images) Specificity: 100
keratitis)
Kuo etal. (2020) [38] Fundus 288 images (fungal keratitis) | DenseNet algorithm | Accuracy: 70
photography (a representative Sensitivity: 71
and slit lamp CNNbasedonDL) | Specificity: 68
microscopy
Essalat etal. (2022) [39] Confocal 4,001 eyes: 897; 1,391; 1,004;  CNN (DenseNet161) | Accuracy: 93.55
microscopy | and 743 eyes with fungal Precision: 92.52
keratitis, acanthamoeba Recall: 94.77
keratitis, NSK, and normal F1 score: 96.93
eyes, respectively
Ghosh et al. (2022) [40] Slit lamp 66 eyes with fungal keratitis | CNN (VGG19, Precision and sensitivity
128 eyes with bacterial ResNet50, and respectively:
keratitis (779 and 1,388 DenseNet121) -VGG19: 88.70
images from eyes with - DenseNet121: 61. 85
fungal and bacterial keratitis, - RestNet50: 57. 85
respectively).
Natarajan et al. (2022) [41] | Slitlamp 177 images from eyes with CNN (DenseNetand |AUC: 73

herpes simplex viral stromal | ResNet) Accuracy: 72
Sensitivity: 69.6

Specificity: 76.5

necrotizing keratitis and

130 images from eyes with
culture-proven non-viral
keratitis (43 bacterial and 87
fungal keratitis).
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Continued Table 1. Summary of studies on the diagnostic performance of artificial intelligence-based models in anterior segment ocular entities
Anterior Chamber Angle and Iris

Xu etal. (2019) [42] AS-OCT 4,036 AS-OCT images, Modified ResNet-18 | AUC:93.3
with corresponding 1,943 Accuracy: 89.1 - 98.4
and 2,093 open and close
angle gonioscopy grade,
respectively
Fuetal. (2019) [43] AS-OCT 2,113 OCT images (7,375 VGG-16 (CNN) AUC: 96
open-angle and 895 angle- Sensitivity: 90
closure glaucoma) Specificity: 92
Fuetal. (2020) [44] AS-OCT 4,135 images by AS-OCT MLDN Accuracy: 91.2-91.8
HD-OCT and 701 images by HD-OCT Sensitivity: 87.4 - 93.0
(7,475 open-angle and 895 Specificity: 90.8 - 95.1
angle-closure glaucoma)
Shietal. (2019) [45] UBM 540 eyes with open-angle and | Inception v3 CNN AUC: 99
angle-closure Accuracy: 97.2
540 UBM images Sensitivity: 96.3 - 98.2
Specificity: 98.1 - 99.1
Dimililer etal. (2016) [46] - 50 normal eyes BPNN Accuracy: 95.7

50 eyes with iris tumor
100 images of two databases
(MilesResearch and
EyeCancer)
Liu etal. (2022) [47] AS-OCT 116 normal eyes DLLSS and MPSS -
171 eyes with primary angle-
closure glaucoma
5,166 images

Shon et al. (2022) [48] Visual field | 9,212 eyes with primary CNN AUC: 86.4
test open-angle glaucoma Sensitivity: 42
Specificity: 95
Cataract
Xu etal. (2020) [49] Fundus 8,030 fundus images: 2,212; | AlexNet + VisualDN | Accuracy: 86.2
camera 1,871;2,272; and 1,675 (CNN) Sensitivity: 79.8 — 95.0
fundus images of eyes with Specificity: 83.3 - 88.4

no cataract, eyes with mild,
moderate, and severe cataract,

respectively
Zhang et al. (2019) [50] Fundus 1,352 images (487,317,124, | SVM + FCNN Accuracy: 92.66
camera 154,135, and 13S images of Sensitivity: 99.4

eyes with no cataract, eyes

with slightly mild, mild,

medium, slightly severe, and

severe cataracts, respectively)

Jiang etal. (2018) [51] Slit lamp 6,090 slit lamp images of TempSeq-Net (CNN) | AUC: 97

pseudophakic eyes Accuracy: 92.2
Sensitivity: 81.0
Specificity: 91.4

Ahn etal. (2022) [52] AS-OCT, 2,332 anterior segment v4 CNN and ResNet | -
Optical images (DNN)
biometry
Shimizu et al. (2021) [53] Slit lamp 18,596 images ML Accuracy: 87.8
Sensitivity: 99.6
Specificity: 96
Junayed et al. (2021) [54] Fundus 2,067 normal images CataractNet (CNN) | Accuracy: 99.13
camera 2,679 cataract images Specificity: 99.17

F1 score: 99.07

Abbreviations: AS-OCT, anterior segment optical coherence tomography; KCN, keratoconus; CNN, convolutional neural net-
work; ML, machine learning; ANN, artificial neural networks; MLP, multilayer perception; NN, neural networks; SVM, support
vector machines; Al, artificial intelligence; LGBM, a machine learning model called light gradient boosting machine; LR, linear
regression; RF, random forests; AUC, area under the curve; LDA, Linear discriminant analysis; FPA-K-means, a forward propaga-
tion acceleration; DMEK, descemet membrane endothelial keratoplasty; DT, decision tree; DNN, deep neural networks; DCNN,
deep convolutional neural networks; AutoML, automated deep learning; FECD, fuchs endothelial dystrophy; DES, dry eye syn-
drome; MDDN, multi-disease deep learning diagnostic network; F1 score, the F1 score is a combination of precision and recall;
LASIK, laser-assisted in situ keratomileusis; PLE, post-LASIK ectasia; FFKCN, forme fruste keratoconus; LASSO, least absolute
shrinkage and selection operator; OPD-scan, Placido-aberrometer systems (Nidek, Gamagori, Japan); DF, Discriminant function;
SMILE, small incision lenticule extraction; PRK, photorefractive keratectomy; DL, deep learning; KNN, k-nearest neighbor; NSK,
non-specific keratitis; HD-OCT, high-definition optical coherence tomography; MLDN, Multipath lightweight deep network;
UBM, ultrasound biomicroscopy; BPNN, back propagation algorithm in neural network; DLLSS, deep learning supersampling;
MPSS, manually plotted §S; FCNN, fourier convolution neural network.
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Corneal Dystrophy

Corneal dystrophy is a genetic, non-inflammatory, and bilateral disease [S57]. The differences between an
edematous cornea and a normal cornea can be identified using OCT images based on DL algorithms [58]. In
addition, using high-resolution OCT images, early-stage Fuchs’ corneal endothelial dystrophy (FECD) without
corneal edema can be distinguished from late-stage FECD with corneal edema. The sensitivity and specificity in
the differentiation of the normal cornea from that of FECD (early or late) using this method have been reported
as 99% and 98%, respectively [S9].

Corneal Nerves

Corneal nerves are altered in some corneal diseases, and Al-based algorithms may be useful for identifying
related diseases. In vivo confocal microscopy (IVCM) provides more information about the basal nerves and is
superior to manual examinations [1]. The CNN approach with IVCM images and neural segmentation obtained
a correlation score of 0.80 between readers and CNN [60]. In one study, nerve properties, including fiber
length and tail points, were measured using DL models to diagnose diabetic neuropathy and its severity [61].
The authors compared DL performance with that of a reliable automated analysis program called ACCMetrics
(Early Neuropathy Assessment [ENA] group, University of Manchester, Manchester, UK) and found that the
DL algorithm had superior performance. The corneal nerve segmentation network (CNS-Net) is another DL-
based model that evaluates the automatic segmentation of the sub-basal corneal nerve fiber using IVCM images
with an area under the curve (AUC) of 96% [62].

Corneal Grafts

Endothelial cell characteristics can be assessed using Al-based algorithms and specular microscopic images.
U-Net is a DL-based model designed by Daniel et al. [63] based on the automatic segmentation of binocular
microscopic images for different corneal diseases. They found a good correlation between the research results
and the manual interpretation of images. Treder et al. [20] detected graft detachment after Descemet membrane
endothelial keratoplasty (DMEK) using AS-OCT images based on the DL method with sensitivity, specificity,
and accuracy of 98%, 94%, and 96%, respectively. Evaluation of endothelial cell density (ECD) and hexagonality
(HEX) using CNN with Topcon SP-1P (Topcon Co., Tokyo, Japan) binocular microscopic images in the eyes of
patients who underwent ultrathin Descemet stripping automated endothelial keratoplasty showed an accuracy
of 98.4% [64]. However, the success rates of ECD and HEX determination using Topcon IMAGEnet i-base
software have been reported as 71.5% and 30.5%, respectively [64].

Corneal Transplantation

Graft detachment is a complication of endothelial keratoplasty and may require intervention [65]. Al can help
in choosing proper cases at the right time; Treder et al. [20] evaluated 1,172 AS-OCT images based on the
DL method in the diagnosis of graft detachment after DMEK surgery (accuracy: 96%, sensitivity: 98%, and
specificity: 94%). Hayashi et al. [21] designed nine models of deep neural network structures using AS-OCT
images and evaluated them to assess rebubbling after DMEK. They reported the highest AUC for the VGG19
model [21]. Therefore, with Al methods, better decisions can be made regarding the treatment and follow-up of
these patients.

Refractive Surgery

Although various refractive surgical approaches are effective in improving patients’ visual acuity and quality of
life, the risk of iatrogenic ectasia has been a concern for both patients and physicians [1]. Al technology may
be able to prevent complications and reduce the risk of corneal ectasia. In recent years, platforms have been
designed based on Al methods to monitor those at risk of post-laser in situ keratomileusis (LASIK) ectasia
(PLE) [56]. Ambrosio et al. [66] evaluated the performance of several Al-based models using Pentacam HR
tomography data (Oculus, Wetzlar, Germany). They found that the Pentacam random forest index had an AUC
0f 99.2%, a sensitivity of 94.2%, and a specificity of 98.8%, and had diagnostic power superior to that of Belin/
Ambrosio deviance (AUC: 96%, sensitivity: 87.3%, and specificity: 97.5%).

In addition, Al-based models can predict the appropriateness of corneal refractive surgery. Yoo et al. [26]
examined 10,561 eyes that underwent laser epithelial keratomileusis, LASIK, and small-incision lenticule
extraction surgery. They found that the XGBoost model derived from the meta-algorithm could predict the
suitability of corneal refractive surgery with internal and external accuracy of 94.1% and 93.4%, respectively.
In addition, Saad and Gatinel [27] designed a linear diagnostic model using Orbscan II data, which had a high
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sensitivity and specificity for the diagnosis of PLE. The SCORE Analyzer and the Pentacam InceptionResNetV2
Screening System (PIRSS) models were also generated based on DL models and had accuracies of 95% and 91%,
respectively [67, 68].

Conjunctiva and Tear Film

The most important application of Al for the conjunctiva and tear film is the diagnosis of dry eye disease (DED).
The fluorescein breakdown time test, tear film interferometry, tear film protein analysis, and meibography are
common clinical examinations for DED evaluation [9].

Algorithms based on SVM and MLP can evaluate interference patterns in the lipid layer of tears using the
interferometry technique [69-71]. In addition, Koh et al. [ 72] used a method combining SVM and scale-invariant
feature transform with meibography; the length and width of meibomian glands were measured with sensitivity
and specificity of 97.9% and 96.1%, respectively. Recently, the multi-disease deep learning diagnostic network
(MDDN) method was developed for the automatic diagnosis of several eye diseases, including KCN, DED, and
FECD, using 158,220 AS-OCT images [24]. In that study, the MDDN model showed a high level of validity
(AUC >99%) [24]. DED detection is possible by analyzing tear film protein patterns using ANN with an AUC of
93%, a sensitivity of 90%, and a specificity of 90%. In addition, Al-based methods have shown promising results in
the automatic grading of conjunctival hyperemia using the conjunctival segmentation algorithm [73-75].

Pterygium

Pterygium is an ocular surface disease that causes excessive growth of the conjunctiva toward the cornea [3].
Various Al-based methods have been reported for the differentiation of healthy eyes from those with pterygia.
Zulkifley et al. [30] used Pterygium-Net for the detection and localization of pterygia. Pterygium-Net is a DL
model that utilizes three layers of CNN with three layers of fully connected networks with a high diagnostic
ability (accuracy: 81.1%, sensitivity: 95%, and specificity: 98.3%) and a low failure rate of 0.053 for pterygium
localization. In addition, Wan Zaki et al. [31] used SVM and ANN to distinguish healthy eyes from those with
pterygia based on images taken from the anterior surface of the eye. Both algorithms had an average accuracy of
91.2%; however, SVM, with a sensitivity of 88.7% and a specificity of 88.3%, and AUC of 95.6%, may be more
effective for detection of pterygia.

Infectious Keratitis

Infectious keratitis (IK) is an important cause of blindness, with a prevalence of 1.5-2 million people worldwide
[76]. Timely diagnosis and proper follow-up can reduce serious eye problems and the need for corneal
transplantation [56]. The current reference standard methods for the diagnosis of IK are corneal scraping,
microscopy, staining, and culture [3]. Confocal microscopy is a noninvasive and non-contact imaging method
used to detect fungal IK [36]. Recently, Al-based models involving image processing methods have been
developed to identify IK. Saini et al. [35] evaluated the success rate of ANN in classifying IK in corneal ulcer
classifications. They reported that the ANN algorithm has a higher accuracy than that of physicians’ predictions
(accuracy: 90.7% versus 62.8%). The robust binary pattern, or ARBP, is another new model that can distinguish
fungal hyphae by processing confocal microscopic images of IK-affected corneas and healthy corneas (accuracy:
99.74%) [36]. Kuo et al. [38] designed a DL software called DenseNet algorithm to distinguish fungal from non-
fungal keratitis, with 71% sensitivity and 68% specificity. These models may be useful for tele-diagnosis of IK in
remote areas where a corneal specialist is unavailable.

Anterior Chamber Angle and Iris

Glaucoma may not be detected in its early stages, and early detection is vital for preventing vision loss [4].
Gonioscopy is the reference standard for the evaluation of angle-closure glaucoma; however, it has limitations,
such as subjective interpretation and poor reproducibility [77]. AS-OCT, high-frequency ultrasound
biomicroscopy (UBM), and Scheimpflug imaging, as with the Pentacam, serve as effective tools for challenging
gonioscopic circumstances [77].

DL-based methods have been designed for the automatic detection of primary angle-closure glaucoma
(PACG) using images obtained from AS-OCT. The OCT image processing method categorizes images based on
related features. Xu et al. [42] designed three CNN classifiers with an analysis of 3,396 AS-OCT images for the
diagnosis of PACG. Their results showed that the ResNet-18 classifier had the best performance (AUC: 92.8%)
[42]. VGG-16 multilevel and multi-context deep network algorithms were developed in the process of analyzing
8,270 images and had good diagnostic accuracy (Table 1) [43, 44].

Med Hypothesis Discov Innov Optom. 2022; 3(1)
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UBM also produces high-quality images of the anterior chamber angle [3]. Shi et al. [45] designed the
Inception v3 software, which is a type of CNN algorithm for the classification of the anterior chamber angle
using UBM images. They classified the images into one of three categories: open-angle, narrow-angle, and angle-
closure. The sensitivity and specificity of this algorithm were 98.04% and 99.09% for open-angle, 96.30% and
98.13% for narrow-angle, and 98.21% and 99.05% for angle-closure, respectively [45]. It appears that CNN has
an acceptable success rate in classifying glaucoma images.

Studies have shown that Al-based methods can be useful for diagnosing iris diseases [3]. Dimililer et al.
[46] designed an intelligent eye tumor detection system (IETDS) based on the two conventional 3-layer back
propagation neural networks (BPNN) with 4,096 input neurons. The IETDS could accurately detect different
types of iris tumors using the BPNN1 and BPNN2 back-propagation neural networks (accuracy: 95.7%).
BPNNI uses resized original images to detect eyes with or without tumors, and BPNN?2 uses the preprocessed
image in IETDS to increase the detection ratio [46].

Cataracts

Cataracts are one of the main causes of blindness worldwide [9]. They are usually diagnosed using a slit lamp
examination, and the lens opacities classification system III and the Wisconsin cataract grading system are the
two main cataract grading systems [78, 79].

Al-based models can aid in automatic cataract recognition and grading using images obtained by slit-lamp
microscopy and fundus photography. Using fundus images, Zhang et al. [S0] developed a new cataract grading
method using residual networks (ResNet18), gray-level co-occurrence matrix (GLCM), SVM classifiers, and
fully connected neural network (FCNN) DL-based models. This method achieved an average accuracy of
92.66%, which was at least 1.75% higher than that of existing methods [50]. The AlexNet and VisualDN models
were designed based on CNN by processing 8,030 fundus images for cataract diagnosis and grading (AUC:
86.2%) [49]. In addition, Jiang et al. [S1] demonstrated a model based on deep CNN using slit lamp images to
predict the progress of posterior capsule opacification with an accuracy of 92.2% (Table 1).

Limitations of Artificial Intelligence

Despite the several advantages of using Al in ophthalmology, some limitations have been reported that create a
serious challenge. These include higher accuracy in the training set than in the test set, which is called “overfitting”
[1, 80]; unfavorable results due to the use of irrelevant or inappropriate inputs, called “rubbish in and rubbish
out” [1]; and the lack of transparency of decision-making and data analysis methods by the model, which is
identified as a “black box” [1, 80].

The use of data collected from different groups is an important challenge in the future of Al Data collection
for training different Al-based models has been performed for particular populations, races, and ethnicities [8].
Therefore, this could create a significant challenge during the testing phase. Furthermore, choosing a model
with high diagnostic power may be challenging when faced with a heterogeneous population. Therefore, it is
necessary to validate a large dataset from a heterogeneous population that reflects real-world settings while
observing medicolegal issues and ensuring data security [1,4]. Although there is a large amount of worldwide
data available to design various Al-based models, data validity is an important issue [8, 80]. Data should be
verified by a specialist for quality and specific details related to the ocular structure, and manual data sorting
is time-consuming. In addition, standardization and classification of data for the anterior segment are more
difficult than those for the posterior segment because of the transparent nature of the cornea and the differences
in image magnification and contrast. This issue becomes more challenging when models with large datasets are
required [1].

Because many anterior segment diseases can cause irreversible complications and even vision loss, sufficient
confidence in the results obtained from the designed modelis crucial for decision-making by experts. Automation
bias occurs when an expert relies on the output of a model for diagnosing a disease and does not look for other
clinical evidence [81]. To fully trust the results of a model and avoid automation bias [82], models should be
periodically retrained with new and different data to reduce the possibility of errors. This issue is more important
in anterior segment diseases and may become a significant challenge in the future.

Although this review provides information for eye care practitioners by summarizing studies of Al applications
in anterior segment ocular diseases, it has some limitations. One drawback is the lack of a systematic search
and meta-analysis on validity results concerning the diagnostic performance of each Al-based method for each
anterior segment disease. A systematic review and meta-analysis of articles reporting the validity of a particular
Al-based model may provide more robust and conclusive results. The lack of a grey literature review is another
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limitation. The use of Al is growing rapidly, and there could be unpublished data with useful information that
was not presented here. Review articles addressing these limitations could pave the way for future Al applications
in treating and managing anterior segment ocular diseases and could provide robust results to confront existing
challenges in this regard.

Diagnosis of corneal diseases and monitoring responses to management remain major challenges in
ophthalmology. However, corneal imaging modalities and data processing algorithms can be useful. Al-based
models can be used even in areas that do not have access to ophthalmologists with a teleophthalmology approach.
The diagnosis of many anterior segment diseases requires accurate examination; however, multitasking models
can be used simultaneously with clinical examination. In the future, new technologies based on AI will make
the diagnosis and treatment of anterior segment diseases easier and safer using combined models with different
datasets.

Ethical approval: Not required.
Conflict of interests: None

None.

None.

1. Rampat R, Deshmukh R, Chen X, Ting DSW, Said DG, Dua HS, et al. Artificial Intelligence in Cornea, Refractive Surgery, and Cataract:
Basic Principles, Clinical Applications, and Future Directions. Asia Pac ] Ophthalmol (Phila). 2021 ;10(3):268-281. doi: 10.1097/
APO.0000000000000394 pmid: 34224467

2. Sidey-Gibbons JAM, Sidey-Gibbons CJ. Machine learning in medicine: a practical introduction. BMC Med Res Methodol.
2019;19(1):64. doi: 10.1186/512874-019-0681-4 pmid: 30890124

3. Ting DS]J, Foo VH, Yang LWY, Sia JT, Ang M, Lin H, et al. Artificial intelligence for anterior segment diseases: Emerging applications
in ophthalmology. Br J Ophthalmol. 2021;105(2):158-168. doi: 10.1136/bjophthalmol-2019-315651 pmid: 32532762

4. LiJO, Liu H, Ting DS]J, Jeon S, Chan RVP, Kim JE, et al. Digital technology, tele-medicine and artificial intelligence in ophthalmology:
A global perspective. Prog Retin Eye Res. 2021;82:100900. doi: 10.1016/j.preteyeres.2020.100900 pmid: 32898686

5. UngL, Bispo PJM, Shanbhag SS, Gilmore MS, Chodosh J. The persistent dilemma of microbial keratitis: Global burden, diagnosis,
and antimicrobial resistance. Surv Ophthalmol. 2019;64(3):255-271. doi: 10.1016/j.survophthal.2018.12.003 pmid: 30590103

6. Balyen L, Peto T. Promising Artificial Intelligence-Machine Learning-Deep Learning Algorithms in Ophthalmology. Asia Pac ] Oph-
thalmol (Phila). 2019;8(3):264-272. doi: 10.22608/AP0.2018479 pmid: 31149787

7. Hwang DK, Hsu CC, Chang KJ, Chao D, Sun CH, Jheng YC, et al. Artificial intelligence-based decision-making for age-related macu-
lar degeneration. Theranostics. 2019;9(1):232-24S. doi: 10.7150/thno.28447 pmid: 30662564

8. Ting DSW, Pasquale LR, Peng L, Campbell JP, Lee AY, Raman R, et al. Artificial intelligence and deep learning in ophthalmology. Br J
Ophthalmol. 2019;103(2):167-175. doi: 10.1136/bjophthalmol-2018-313173 pmid: 30361278

9. WuX, LiuL, Zhao L, Guo C, Li R, Wang T, et al. Application of artificial intelligence in anterior segment ophthalmic diseases: diversi-
ty and standardization. Ann Transl Med. 2020;8(11):714. doi: 10.21037/atm-20-976 pmid: 32617334

10. Kamiya K, Ayatsuka Y, Kato Y, Fujimura F, Takahashi M, Shoji N, et al. Keratoconus detection using deep learning of colour-cod-
ed maps with anterior segment optical coherence tomography: a diagnostic accuracy study. BMJ Open. 2019;9(9):e031313. doi:
10.1136/bmjopen-2019-031313 pmid: 31562158

11. Lavric A, Valentin P. KeratoDetect: Keratoconus Detection Algorithm Using Convolutional Neural Networks. Comput Intell Neuros-
¢i. 2019;2019:8162567. doi: 10.1155/2019/8162567 pmid: 30809255

12. Yousefi S, Yousefi E, Takahashi H, Hayashi T, Tampo H, Inoda S, et al. Keratoconus severity identification using unsupervised machine
learning. PLoS One. 2018;13(11):e0205998. doi: 10.1371/journal.pone.0205998 pmid: 30399144

13. Valdés-Mas MA, Martin-Guerrero JD, Rupérez MJ, Pastor F, Dualde C, Monserrat C, et al. A new approach based on Machine Learn-
ing for predicting corneal curvature (K1) and astigmatism in patients with keratoconus after intracorneal ring implantation. Comput
Methods Programs Biomed. 2014;116(1):39-47. doi: 10.1016/j.cmpb.2014.04.003 pmid: 24857632

14. Issartil, Consejo A, Jiménez-Garcia M, Hershko S, Koppen C, Rozema JJ. Computer aided diagnosis for suspect keratoconus detec-
tion. Comput Biol Med. 2019;109:33-42. doi: 10.1016/j.compbiomed.2019.04.024 pmid: 31035069

1S. Ruiz Hidalgo I, Rozema JJ, Saad A, Gatinel D, Rodriguez P, Zakaria N, et al. Validation of an Objective Keratoconus Detection System
Implemented in a Scheimpflug Tomographer and Comparison with Other Methods. Cornea. 2017;36(6):689-695. doi: 10.1097/
1C0.0000000000001194 pmid: 28368992

Med Hypothesis Discov Innov Optom. 2022; 3(1)


https://doi.org/10.1097/apo.0000000000000394
https://doi.org/10.1097/apo.0000000000000394
https://pubmed.ncbi.nlm.nih.gov/34224467/
https://doi.org/10.1186/s12874-019-0681-4
https://pubmed.ncbi.nlm.nih.gov/30890124/
https://doi.org/10.1136/bjophthalmol-2019-315651
https://pubmed.ncbi.nlm.nih.gov/32532762/
https://doi.org/10.1016/j.preteyeres.2020.100900
https://pubmed.ncbi.nlm.nih.gov/32898686/
https://doi.org/10.1016/j.survophthal.2018.12.003
https://pubmed.ncbi.nlm.nih.gov/30590103/
https://doi.org/10.22608/apo.2018479
https://pubmed.ncbi.nlm.nih.gov/31149787/
https://doi.org/10.7150/thno.28447
https://pubmed.ncbi.nlm.nih.gov/30662564/
https://doi.org/10.1136/bjophthalmol-2018-313173
https://pubmed.ncbi.nlm.nih.gov/30361278/
https://doi.org/10.21037/atm-20-976
https://pubmed.ncbi.nlm.nih.gov/32617334/
https://doi.org/10.1136/bmjopen-2019-031313
https://doi.org/10.1136/bmjopen-2019-031313
https://pubmed.ncbi.nlm.nih.gov/31562158/
https://doi.org/10.1155/2019/8162567
https://pubmed.ncbi.nlm.nih.gov/30809255/
https://doi.org/10.1371/journal.pone.0205998
https://pubmed.ncbi.nlm.nih.gov/30399144/
https://doi.org/10.1016/j.cmpb.2014.04.003
https://pubmed.ncbi.nlm.nih.gov/24857632/
https://doi.org/10.1016/j.compbiomed.2019.04.024
https://pubmed.ncbi.nlm.nih.gov/31035069/
https://doi.org/10.1097/ico.0000000000001194
https://doi.org/10.1097/ico.0000000000001194
https://pubmed.ncbi.nlm.nih.gov/28368992/

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

3S.

36.

37.

38.

39.

40.

41.

42.

Artificial intelligence applications in anterior segment ocular diseases

XuZ, FengR, Jin X, Hu H, Ni S, Xu W, et al. Evaluation of artificial intelligence models for the detection of asymmetric keratoconus
eyes using Scheimpflug tomography. Clin Exp Ophthalmol. 2022. doi: 10.1111/ce0.14126 pmid: 35704615

Herber R, Pillunat LE, Raiskup F. Development of a classification system based on corneal biomechanical properties using artificial
intelligence predicting keratoconus severity. Eye Vis (Lond). 2021;8(1):21. doi: 10.1186/540662-021-00244-4 pmid: 34059127
Hazarbassanov RM, Alyasseri ZA, Al-Timemy A, Lavric A, Abasid AK, Takahashi H, et al. Detecting keratoconus on two dif-

ferent populations using an unsupervised hybrid artificial intelligence model. Investigative Ophthalmology & Visual Science.
2022;63(7):2088-F0077. Link

Firat M, Cankaya C, Cinar A, Tuncer T. Automatic detection of keratoconus on Pentacam images using feature selection based on
deep learning. International Journal of Imaging Systems and Technology. 2022. doi: 10.1002/ima.22717

Treder M, Lauermann JL, Alnawaiseh M, Eter N. Using Deep Learning in Automated Detection of Graft Detachment in Descemet
Membrane Endothelial Keratoplasty: A Pilot Study. Cornea. 2019;38(2):157-161. doi: 10.1097/1C0O.0000000000001776 pmid:
30325845

Hayashi T, Tabuchi H, Masumoto H, Morita S, Oyakawa I, Inoda S, et al. A Deep Learning Approach in Rebubbling After Descem-
et’s Membrane Endothelial Keratoplasty. Eye Contact Lens. 2020;46(2):121-126. doi: 10.1097/ICL.0000000000000634 pmid:
31425350

Abou Shousha M, Elsawy A, Eleiwa TK, Tolba M, Chase C, Ozcan E, et al. Artificial intelligence algorithm for the diagnosis of corneal
graft rejection. Investigative Ophthalmology & Visual Science. 2020;61(7):4310-. Link

Mangana CM, Kargacin AB, Fernandez-Engroba J, Tafia P, Santolaria G, Olivera M, et al. Detection of graft failure in post-keratoplasty
patients by Automated Deep Learning. Investigative Ophthalmology & Visual Science. 2022;63(7):2330-. Link

Elsawy A, Eleiwa T, Chase C, Ozcan E, Tolba M, Feuer W, et al. Multidisease Deep Learning Neural Network for the Diagnosis of
Corneal Diseases. Am J Ophthalmol. 2021;226:252-261. doi: 10.1016/j.2j0.2021.01.018 pmid: 33529589

Lopes BT, Ramos IC, Salomao MQ, Guerra FP, Schallhorn SC, Schallhorn JM, et al. Enhanced Tomographic Assessment to Detect
Corneal Ectasia Based on Artificial Intelligence. Am J Ophthalmol. 2018;195:223-232. doi: 10.1016/}.2j0.2018.08.005 pmid:
30098348

Yoo TK, RyuIH, Lee G, Kim Y, Kim JK, Lee IS, et al. Adopting machine learning to automatically identify candidate patients for
corneal refractive surgery. NPJ Digit Med. 2019;2:59. doi: 10.1038/541746-019-0135-8 pmid: 31304405

Saad A, Gatinel D. Combining Placido and Corneal Wavefront Data for the Detection of Forme Fruste Keratoconus. ] Refract Surg.
2016;32(8):510-6. doi: 10.3928/1081597X-20160523-01 pmid: 27505311

Yoo TK, Ryu IH, Choi H, Kim JK, Lee IS, Kim JS, et al. Explainable Machine Learning Approach as a Tool to Understand Factors
Used to Select the Refractive Surgery Technique on the Expert Level. Transl Vis Sci Technol. 2020;9(2):8. doi: 10.1167/tvst.9.2.8
pmid: 32704414

Khamar P, Chandapura R, Shetty R, Dadachanji Z, Kundu G, Patel Y, et al. Epithelium Zernike Indices and Artificial Intelligence

Can Differentiate Epithelial Remodeling Between Flap and Flapless Refractive Procedures. ] Refract Surg. 2020 ;36(2):97-103. doi:
10.3928/1081597X-20200103-01 pmid: 32032430

Zulkifley MA, Abdani SR, Zulkifley NH. Pterygium-Net: a deep learning approach to pterygium detection and localization. Multime-
dia Tools and Applications. 2019;78(24):34563-84. doi: 10.1007/s11042-019-08130x

Wan Zaki WMD, Mat Daud M, Abdani SR, Hussain A, Mutalib HA. Automated pterygium detection method of anterior segment
photographed images. Comput Methods Programs Biomed. 2018;154:71-78. doi: 10.1016/j.cmpb.2017.10.026 pmid: 29249348
Hung KH, Lin C, Roan J, Kuo CF, Hsiao CH, Tan HY, et al. Application of a Deep Learning System in Pterygium Grading and Further
Prediction of Recurrence with Slit Lamp Photographs. Diagnostics (Basel). 2022;12(4):888. doi: 10.3390/diagnostics12040888
pmid: 35453936

XuW, Jin L, Zhu PZ, He K, Yang WH, Wu MN. Implementation and Application of an Intelligent Pterygium Diagnosis System Based
on Deep Learning. Front Psychol. 2021;12:759229. doi: 10.3389/fpsyg.2021.759229 pmid: 34744935

Jais FN, Che Azemin MZ, Hilmi MR, Mohd Tamrin MI, Kamal KM. Postsurgery Classification of Best-Corrected Visual Acuity
Changes Based on Pterygium Characteristics Using the Machine Learning Technique. ScientificWorldJournal. 2021;2021:6211006.
doi: 10.1155/2021/6211006 pmid: 34819813

Saini JS, Jain AK, Kumar S, Vikal S, Pankaj S, Singh S. Neural network approach to classify infective keratitis. Curr Eye Res.
2003;27(2):111-6. doi: 10.1076/ceyr.27.2.111.15949 pmid: 14632163

WuX, Qiu Q LiuZ, Zhao Y, Zhang B, Zhang Y, et al. Hyphae detection in fungal keratitis images with adaptive robust binary pattern.
IEEE Access. 2018;6:13449-60. doi: 10.1109/ACCESS.2018.2808941

LiuZ, Cao Y, Li Y, Xiao X, Qiu Q, Yang M, et al. Automatic diagnosis of fungal keratitis using data augmentation and image fusion
with deep convolutional neural network. Comput Methods Programs Biomed. 2020;187:105019. doi: 10.1016/j.cmpb.2019.105019
pmid: 31421868

Kuo MT, Hsu BW, Yin YK, Fang PC, Lai HY, Chen A, et al. A deep learning approach in diagnosing fungal keratitis based on corneal
photographs. Sci Rep. 2020;10(1):14424. doi: 10.1038/541598-020-71425-9 pmid: 32879364

Essalat M, Abolhosseini M, Le TH, Moshtaghion SM, Rezai Kanavi M. An Interpretable Deep Learning Approach for Automatic
Diagnosis of Fungal Keratitis and Acanthamoeba Keratitis Based on an Introduced Database of in Vivo Confocal Microscopic Images.
SSRN. 2022. doi: 10.2139/ssrn.4119213

Ghosh AK, Thammasudjarit R, Jongkhajornpong P, Attia J, Thakkinstian A. Deep Learning for Discrimination Between Fungal Kerati-
tis and Bacterial Keratitis: DeepKeratitis. Cornea. 2022;41(5):616-622. doi: 10.1097/1C0.0000000000002830 pmid: 34581296
Natarajan R, Matai HD, Raman S, Kumar S, Ravichandran S, Swaminathan S, et al. Advances in the diagnosis of herpes simplex stro-
mal necrotising keratitis: A feasibility study on deep learning approach. Indian J Ophthalmol. 2022;70(9):3279-3283. doi: 10.4103/
ijoJO_178 22 pmid: 36018103

Xu BY, Chiang M, Chaudhary S, Kulkarni S, Pardeshi AA, Varma R. Deep Learning Classifiers for Automated Detection of Gonio-
scopic Angle Closure Based on Anterior Segment OCT Images. Am ] Ophthalmol. 2019;208:273-280. doi: 10.1016/j.2j0.2019.08.004
pmid: 31445003

Med Hypothesis Discov Innov Optom. 2022; 3(1)

31


https://doi.org/10.1111/ceo.14126
https://pubmed.ncbi.nlm.nih.gov/35704615/
https://doi.org/10.1186/s40662-021-00244-4
https://pubmed.ncbi.nlm.nih.gov/34059127/
https://iovs.arvojournals.org/article.aspx?articleid=2782316
https://onlinelibrary.wiley.com/doi/abs/10.1002/ima.22717
https://doi.org/10.1097/ico.0000000000001776
https://pubmed.ncbi.nlm.nih.gov/30325845/
https://pubmed.ncbi.nlm.nih.gov/30325845/
https://doi.org/10.1097/icl.0000000000000634
https://pubmed.ncbi.nlm.nih.gov/31425350/
https://pubmed.ncbi.nlm.nih.gov/31425350/
https://iovs.arvojournals.org/article.aspx?articleid=2768487
https://iovs.arvojournals.org/article.aspx?articleid=2780438
https://doi.org/10.1016/j.ajo.2021.01.018
https://pubmed.ncbi.nlm.nih.gov/33529589/
https://doi.org/10.1016/j.ajo.2018.08.005
https://pubmed.ncbi.nlm.nih.gov/30098348/
https://pubmed.ncbi.nlm.nih.gov/30098348/
https://doi.org/10.1038/s41746-019-0135-8
https://pubmed.ncbi.nlm.nih.gov/31304405/
https://doi.org/10.3928/1081597x-20160523-01
https://pubmed.ncbi.nlm.nih.gov/27505311/
https://doi.org/10.1167/tvst.9.2.8
https://pubmed.ncbi.nlm.nih.gov/32704414/
https://doi.org/10.3928/1081597x-20200103-01
https://doi.org/10.3928/1081597x-20200103-01
https://pubmed.ncbi.nlm.nih.gov/32032430/
https://link.springer.com/article/10.1007/s11042-019-08130-x
https://doi.org/10.1016/j.cmpb.2017.10.026
https://pubmed.ncbi.nlm.nih.gov/29249348/
https://doi.org/10.3390/diagnostics12040888
https://pubmed.ncbi.nlm.nih.gov/35453936/
https://doi.org/10.3389/fpsyg.2021.759229
https://pubmed.ncbi.nlm.nih.gov/34744935/
https://doi.org/10.1155/2021/6211006
https://pubmed.ncbi.nlm.nih.gov/34819813/
https://doi.org/10.1076/ceyr.27.2.111.15949
https://pubmed.ncbi.nlm.nih.gov/14632163/
https://ieeexplore.ieee.org/abstract/document/8301401
https://doi.org/10.1016/j.cmpb.2019.105019
https://pubmed.ncbi.nlm.nih.gov/31421868/
https://doi.org/10.1038/s41598-020-71425-9
https://pubmed.ncbi.nlm.nih.gov/32879364/
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4119213
https://doi.org/10.1097/ico.0000000000002830
https://pubmed.ncbi.nlm.nih.gov/34581296/
https://doi.org/10.4103/ijo.ijo_178_22
https://doi.org/10.4103/ijo.ijo_178_22
https://pubmed.ncbi.nlm.nih.gov/36018103/
https://doi.org/10.1016/j.ajo.2019.08.004
https://pubmed.ncbi.nlm.nih.gov/31445003/

32

43.

44,

4S.

46.

47.

48.

49.

50.

S1.

S2.

S3.

54.

SS.

S6.

57.
S8.

S9.

60.

61.

62.

63.

64.

6S.

66.

67.

68.

69.

Artificial intelligence applications in anterior segment ocular diseases

Fu H, Baskaran M, Xu Y, Lin S, Wong DWK, Liu J, et al. A Deep Learning System for Automated Angle-Closure Detection in Ante-
rior Segment Optical Coherence Tomography Images. Am J Ophthalmol. 2019;203:37-45. doi: 10.1016/.2j0.2019.02.028 pmid:
30849350

FuH, Xu Y, Lin S, Wong DWK, Baskaran M, Mahesh M, et al. Angle-Closure Detection in Anterior Segment OCT Based on Multilev-
el Deep Network. IEEE Trans Cybern. 2020;50(7):3358-3366. doi: 10.1109/TCYB.2019.2897162 pmid: 30794201

Shi G, Jiang Z, Deng G, Liu G, Zong Y, Jiang C, et al. Automatic Classification of Anterior Chamber Angle Using Ultrasound Biomi-
croscopy and Deep Learning. Transl Vis Sci Technol. 2019;8(4):25. doi: 10.1167/tvst.8.4.25 pmid: 31448182

Dimililer K, Ever YK, Ratemi H. Intelligent eye tumour detection system. Procedia Computer Science. 2016;102:325-32. doi:
10.1016/j.procs.2016.09.408

Liu P, Higashita R, Guo PY, Okamoto K, Li F, Nguyen A, et al. Reproducibility of deep learning based scleral spur localisation and
anterior chamber angle measurements from anterior segment optical coherence tomography images. Br ] Ophthalmol. 2022:bjoph-
thalmol-2021-319798. doi: 10.1136/bjophthalmol-2021-319798 pmid: 35091438

Shon K, Sung KR, Shin JW. Can Artificial Intelligence Predict Glaucomatous Visual Field Progression? A Spatial-Ordinal Convolu-
tional Neural Network Model. Am J Ophthalmol. 2022;233:124-134. doi: 10.1016/}.2j0.2021.06.025 pmid: 34283982

Xu X, Zhang L, Li ], Guan Y, Zhang L. A Hybrid Global-Local Representation CNN Model for Automatic Cataract Grading. IEEE J
Biomed Health Inform. 2020;24(2):556-567. doi: 10.1109/JBHI1.2019.2914690 pmid: 31059460

Zhang H, Niu K, Xiong Y, Yang W, He Z, Song H. Automatic cataract grading methods based on deep learning. Comput Methods
Programs Biomed. 2019;182:104978. doi: 10.1016/j.cmpb.2019.07.006 pmid: 31450174

Jiang J, Liu X, Liu L, Wang S, Long E, Yang H, et al. Predicting the progression of ophthalmic disease based on slit-lamp images using a
deep temporal sequence network. PLoS One. 2018;13(7):e0201142. doi: 10.1371/journal.pone.0201142 pmid: 30063738

Ahn H, Jun I, Seo KY, Kim EK, Kim TI. Artificial Intelligence for the Estimation of Visual Acuity Using Multi-Source Anterior
Segment Optical Coherence Tomographic Images in Senile Cataract. Front Med (Lausanne). 2022;9:871382. doi: 10.3389/
fmed.2022.871382 pmid: 35655854

Shimizu E, Yazu H, Aketa N, Tanji M, Sakasegawa A, Nakayama S, et al. Innovative artificial intelligence-based cataract diagnostic
method uses a slit-lamp video recording device and multiple machine-learning. Investigative Ophthalmology & Visual Science.
2021;62(8):1031-. Link

Junayed MS, Islam MB, Sadeghzadeh A, Rahman S. CataractNet: An automated cataract detection system using deep learning for
fundus images. IEEE Access. 2021;9:128799-808. doi: 10.1109/ACCESS.2021.3112938

Ting DSJ, Rana-Rahman R, Chen Y, Bell D, Danjoux JP, Morgan SJ, et al. Effectiveness and safety of accelerated (9 mW/cm2) corneal
collagen cross-linking for progressive keratoconus: a 24-month follow-up. Eye (Lond). 2019;33(5):812-818. doi: 10.1038/s41433-
018-0323-9 pmid: 30610230

Tahvildari M, Singh RB, Saeed HN. Application of Artificial Intelligence in the Diagnosis and Management of Corneal Diseases.
Semin Ophthalmol. 2021;36(8):641-648. doi: 10.1080/08820538.2021.1893763 pmid: 33689543

Klintworth GK. Corneal dystrophies. Orphanet J Rare Dis. 2009;4:7. doi: 10.1186/1750-1172-4-7 pmid: 19236704

Zéboulon P, Ghazal W, Gatinel D. Corneal Edema Visualization With Optical Coherence Tomography Using Deep Learning: Proof of
Concept. Cornea. 2021;40(10):1267-1278. doi: 10.1097/1C0.0000000000002640 pmid: 33410639

Eleiwa T, Elsawy A, Ozcan E, Abou Shousha M. Automated diagnosis and staging of Fuchs’ endothelial cell corneal dystrophy using
deep learning. Eye Vis (Lond). 2020;7:44. doi: 10.1186/s40662-020-00209-z pmid: 32884962

Oakley JD, Russakoft DB, McCarron ME, Weinberg RL, Izzi JM, Misra SL, et al. Deep learning-based analysis of macaque corne-

al sub-basal nerve fibers in confocal microscopy images. Eye Vis (Lond). 2020;7:27. doi: 10.1186/s40662-020-00192-5 pmid:
32420401

Williams BM, Borroni D, Liu R, Zhao Y, Zhang J, Lim J, et al. An artificial intelligence-based deep learning algorithm for the diagnosis
of diabetic neuropathy using corneal confocal microscopy: a development and validation study. Diabetologia. 2020;63(2):419-430.
doi: 10.1007/500125-019-05023-4 pmid: 31720728

Wei S, Shi F, Wang Y, Chou Y, Li X. A Deep Learning Model for Automated Sub-Basal Corneal Nerve Segmentation and Evaluation
Using In Vivo Confocal Microscopy. Transl Vis Sci Technol. 2020;9(2):32. doi: 10.1167/tvst.9.2.32 pmid: 32832205

Daniel MC, Atzrodt L, Bucher F, Wacker K, Béhringer S, Reinhard T, et al. Automated segmentation of the corneal endothelium in a
large set of ‘real-world’ specular microscopy images using the U-Net architecture. Sci Rep. 2019;9(1):4752. doi: 10.1038/s41598-019-
41034-2 pmid: 30894636

Vigueras-Guillén JP, van Rooij J, Engel A, Lemij HG, van Vliet L], Vermeer KA. Deep Learning for Assessing the Corneal Endo-
thelium from Specular Microscopy Images up to 1 Year after Ultrathin-DSAEK Surgery. Transl Vis Sci Technol. 2020;9(2):49. doi:
10.1167/tvst.9.2.49 pmid: 32884856

Dirisamer M, van Dijk K, Dapena I, Ham L, Oganes O, Frank LE, et al. Prevention and management of graft detachment in descemet
membrane endothelial keratoplasty. Arch Ophthalmol. 2012;130(3):280-91. doi: 10.1001/archophthalmol.2011.343 pmid:
22084160

Ambrésio R Jr, Lopes BT, Faria-Correia F, Salomao MQ, Biihren J, Roberts CJ, et al. Integration of Scheimpflug-Based Corne-

al Tomography and Biomechanical Assessments for Enhancing Ectasia Detection. ] Refract Surg. 2017;33(7):434-443. doi:
10.3928/1081597X-20170426-02 pmid: 28681902

Chan C, Saad A, Randleman JB, Harissi-Dagher M, Chua D, Qazi M, et al. Analysis of cases and accuracy of 3 risk scoring systems

in predicting ectasia after laser in situ keratomileusis. ] Cataract Refract Surg. 2018;44(8):979-992. doi: 10.1016/j,crs.2018.05.013
pmid: 30115298

Xie Y, Zhao L, Yang X, Wu X, Yang Y, Huang X, et al. Screening Candidates for Refractive Surgery With Corneal Tomographic-Based
Deep Learning. JAMA Ophthalmol. 2020;138(5):519-526. doi: 10.1001 /jamaophthalmol.2020.0507 pmid: 32215587

Remeseiro B, Bolon-Canedo V, Peteiro-Barral D, Alonso-Betanzos A, Guijarro-Berdinas B, Mosquera A, et al. A methodology for
improving tear film lipid layer classification. IEEE ] Biomed Health Inform. 2014;18(4):1485-93. doi: 10.1109/JBHI1.2013.2294732
pmid: 25014945

Med Hypothesis Discov Innov Optom. 2022; 3(1)


https://doi.org/10.1016/j.ajo.2019.02.028
https://pubmed.ncbi.nlm.nih.gov/30849350/
https://pubmed.ncbi.nlm.nih.gov/30849350/
https://doi.org/10.1109/tcyb.2019.2897162
https://pubmed.ncbi.nlm.nih.gov/30794201/
https://doi.org/10.1167/tvst.8.4.25
https://pubmed.ncbi.nlm.nih.gov/31448182/
https://www.sciencedirect.com/science/article/pii/S1877050916325881
https://www.sciencedirect.com/science/article/pii/S1877050916325881
https://doi.org/10.1136/bjophthalmol-2021-319798
https://pubmed.ncbi.nlm.nih.gov/35091438/
https://doi.org/10.1016/j.ajo.2021.06.025
https://pubmed.ncbi.nlm.nih.gov/34283982/
https://doi.org/10.1109/jbhi.2019.2914690
https://pubmed.ncbi.nlm.nih.gov/31059460/
https://doi.org/10.1016/j.cmpb.2019.07.006
https://pubmed.ncbi.nlm.nih.gov/31450174/
https://doi.org/10.1371/journal.pone.0201142
https://pubmed.ncbi.nlm.nih.gov/30063738/
https://doi.org/10.3389/fmed.2022.871382
https://doi.org/10.3389/fmed.2022.871382
https://pubmed.ncbi.nlm.nih.gov/35655854/
https://iovs.arvojournals.org/article.aspx?articleid=2773807
https://ieeexplore.ieee.org/abstract/document/9539231
https://doi.org/10.1038/s41433-018-0323-9
https://doi.org/10.1038/s41433-018-0323-9
https://pubmed.ncbi.nlm.nih.gov/30610230/
https://doi.org/10.1080/08820538.2021.1893763
https://pubmed.ncbi.nlm.nih.gov/33689543/
https://doi.org/10.1186/1750-1172-4-7
https://pubmed.ncbi.nlm.nih.gov/19236704/
https://doi.org/10.1097/ico.0000000000002640
https://pubmed.ncbi.nlm.nih.gov/33410639/
https://doi.org/10.1186/s40662-020-00209-z
https://pubmed.ncbi.nlm.nih.gov/32884962/
https://doi.org/10.1186/s40662-020-00192-5
https://pubmed.ncbi.nlm.nih.gov/32420401/
https://pubmed.ncbi.nlm.nih.gov/32420401/
https://doi.org/10.1007/s00125-019-05023-4
https://pubmed.ncbi.nlm.nih.gov/31720728/
https://doi.org/10.1167/tvst.9.2.32
https://pubmed.ncbi.nlm.nih.gov/32832205/
https://doi.org/10.1038/s41598-019-41034-2
https://doi.org/10.1038/s41598-019-41034-2
https://pubmed.ncbi.nlm.nih.gov/30894636/
https://doi.org/10.1167/tvst.9.2.49
https://doi.org/10.1167/tvst.9.2.49
https://pubmed.ncbi.nlm.nih.gov/32884856/
https://doi.org/10.1001/archophthalmol.2011.343
https://pubmed.ncbi.nlm.nih.gov/22084160/
https://pubmed.ncbi.nlm.nih.gov/22084160/
https://doi.org/10.3928/1081597x-20170426-02
https://doi.org/10.3928/1081597x-20170426-02
https://pubmed.ncbi.nlm.nih.gov/28681902/
https://doi.org/10.1016/j.jcrs.2018.05.013
https://pubmed.ncbi.nlm.nih.gov/30115298/
https://doi.org/10.1001/jamaophthalmol.2020.0507
https://pubmed.ncbi.nlm.nih.gov/32215587/
https://doi.org/10.1109/jbhi.2013.2294732
https://pubmed.ncbi.nlm.nih.gov/25014945/

70.

71.

72.

73.

74.

78S.

76.

77.

78.

79.

80.

81.

82.

Artificial intelligence applications in anterior segment ocular diseases

Remeseiro B, Penas M, Barreira N, Mosquera A, Novo J, Garcia-Restia C. Automatic classification of the interferential tear film lipid
layer using colour texture analysis. Comput Methods Programs Biomed. 2013;111(1):93-103. doi: 10.1016/j.cmpb.2013.04.007
pmid: 23669177

Remeseiro B, Penas M, Mosquera A, Novo J, Penedo MG, Yebra-Pimentel E. Statistical comparison of classifiers applied to the inter-
ferential tear film lipid layer automatic classification. Comput Math Methods Med. 2012;2012:20731S. doi: 10.1155/2012/207315
pmid: 22567040

Koh YW, Celik T, Lee HK, Petznick A, Tong L. Detection of meibomian glands and classification of meibography images. ] Biomed
Opt. 2012;17(8):086008. doi: 10.1117/1,JBO.17.8.086008 pmid: 23224195

Sénchez Brea ML, Barreira Rodriguez N, Mosquera Gonzalez A, Evans K, Pena-Verdeal H. Defining the Optimal Region of Interest
for Hyperemia Grading in the Bulbar Conjunctiva. Comput Math Methods Med. 2016;2016:3695014. doi: 10.1155/2016/3695014
pmid: 28096890

Grus FH, Augustin AJ. Analysis of tear protein patterns by a neural network as a diagnostical tool for the detection of dry eyes.
Electrophoresis. 1999;20(4-5):875-80. doi: 10.1002/(SICI)1522-2683(19990101)20:4/5<875:: AID-ELPS875>3.0.CO;2-V pmid:
10344262

Grus FH, Podust VN, Bruns K, Lackner K, Fu S, Dalmasso EA, et al. SELDI-TOF-MS ProteinChip array profiling of tears from
patients with dry eye. Invest Ophthalmol Vis Sci. 2005;46(3):863-76. doi: 10.1167/iovs.04-0448 pmid: 15728542

Whitcher JP, Srinivasan M, Upadhyay MP. Corneal blindness: a global perspective. Bull World Health Organ. 2001;79(3):214-21
pmid: 11285665

Porporato N, Baskaran M, Aung T. Role of anterior segment optical coherence tomography in angle-closure disease: a review. Clin Exp
Ophthalmol. 2018;46(2):147-157. doi: 10.1111/ce0.13120 pmid: 29193702

Benci¢ G, Zori¢-Geber M, Sari¢ D, Corak M, Mandi¢ Z. Clinical importance of the lens opacities classification system I1I (LOCS III)
in phacoemulsification. Coll Antropol. 2005;29 Suppl 1:91-4. pmid: 16193685

Gali HE, Sella R, Afshari NA. Cataract grading systems: a review of past and present. Curr Opin Ophthalmol. 2019;30(1):13-18. doi:
10.1097/1CU.0000000000000542 pmid: 30489359

Ng WY, Zhang S, Wang Z, Ong CJ T, Gunasekeran DV, Lim GYS, et al. Updates in deep learning research in ophthalmology. Clin Sci
(Lond). 2021;135(20):2357-2376. doi: 10.1042/CS20210207 pmid: 34661658

SV MK, R G. Computer-Aided Diagnosis of Anterior Segment Eye Abnormalities using Visible Wavelength Image Analysis Based
Machine Learning. ] Med Syst. 2018;42(7):128. doi: 10.1007/510916-018-0980-z pmid: 29860586

Challen R, Denny J, Pitt M, Gompels L, Edwards T, Tsaneva-Atanasova K. Artificial intelligence, bias and clinical safety. BMJ Qual Saf.
2019;28(3):231-237. doi: 10.1136/bmjqs-2018-008370 pmid: 30636200

Med Hypothesis Discov Innov Optom. 2022; 3(1)

33


https://doi.org/10.1016/j.cmpb.2013.04.007
https://pubmed.ncbi.nlm.nih.gov/23669177/
https://doi.org/10.1155/2012/207315
https://pubmed.ncbi.nlm.nih.gov/22567040/
https://doi.org/10.1117/1.jbo.17.8.086008
https://pubmed.ncbi.nlm.nih.gov/23224195/
https://doi.org/10.1155/2016/3695014
https://pubmed.ncbi.nlm.nih.gov/28096890/
https://doi.org/10.1002/(sici)1522-2683(19990101)20:4/5%3C875::aid-elps875%3E3.0.co;2-v
https://pubmed.ncbi.nlm.nih.gov/10344262/
https://pubmed.ncbi.nlm.nih.gov/10344262/
https://doi.org/10.1167/iovs.04-0448
https://pubmed.ncbi.nlm.nih.gov/15728542/
https://pubmed.ncbi.nlm.nih.gov/11285665/
https://doi.org/10.1111/ceo.13120
https://pubmed.ncbi.nlm.nih.gov/29193702/
https://pubmed.ncbi.nlm.nih.gov/16193685/
https://journals.lww.com/co-ophthalmology/Abstract/2019/01000/Cataract_grading_systems__a_review_of_past_and.5.aspx
https://journals.lww.com/co-ophthalmology/Abstract/2019/01000/Cataract_grading_systems__a_review_of_past_and.5.aspx
https://pubmed.ncbi.nlm.nih.gov/30489359/
https://doi.org/10.1042/cs20210207
https://pubmed.ncbi.nlm.nih.gov/34661658/
https://doi.org/10.1007/s10916-018-0980-z
https://pubmed.ncbi.nlm.nih.gov/29860586/
https://doi.org/10.1136/bmjqs-2018-008370
https://pubmed.ncbi.nlm.nih.gov/30636200/

	A review of artificial intelligence applications in anterior segment ocular diseases 
	ABSTRACT
	KEYWORDS
	INTRODUCTION
	METHODS
	RESULTS
	DISCUSSION
	Keratoconus
	Corneal Dystrophy
	Corneal Nerves
	Corneal Grafts
	Corneal Transplantation
	Refractive Surgery
	Conjunctiva and Tear Film
	Pterygium
	Infectious Keratitis
	Anterior Chamber Angle and Iris
	Cataracts
	Limitations of Artificial Intelligence

	CONCLUSIONS
	ETHICAL DECLARATIONS
	Ethical approval
	Conflict of interests

	FUNDING
	ACKNOWLEDGMENTS
	REFERENCES


