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Introduction

Artificial intelligence (AI) is a type of machine learning 
that applies complex algorithms to analyze large amounts 
of data.1,2 AI has demonstrated good performance in the 
management of diabetic retinopathy, glaucoma, age-related 
macular degeneration, and myopia.3-6 Fundus photography 
and optical coherence tomography are commonly used in 
the field of AI ophthalmology. Facial images have been 
used in AI for facial recognition, emotion recognition, 
and medical diagnoses (eg, Down syndrome, fetal alcohol 
syndrome, and other genetic disorders).7-10 In recent years, 

Abstract

We systematically reviewed the literature regarding 
the use of artificial intelligence trained with external 
photographs, defined as unprocessed clinical images 
taken from cameras and slit-lamps, for measurement 
of eyelid/periorbital parameters and detection and 
classification of multiple ophthalmic diseases including 
blepharoptosis, thyroid eye disease, eyelid tumors, 
keratitis, trachoma, pterygium, diabetic retinopathy, 
cataract, strabismus, and other oculofacial disorders.

AI has been used to analyze external photographs, defined 
as unprocessed clinical images taken from cameras and slit-
lamps, for multiple ophthalmic diseases.

Reliable screening tools can facilitate timely diagnoses and 
prompt treatment, thereby reducing morbidity and health 
burden. Technological advances enable the use external 
photographs in AI.11,12 Facial images can readily be acquired 
using cameras, making them cost-effective and convenient 
screening tools for multiple ophthalmic diseases such as 
thyroid eye disease (TED) and eyelid tumors, especially 
among patients with poor access to healthcare services. 
Ophthalmology is one of the highest-demand healthcare 
fields; the use of AI and external photographs has great 
potential to revolutionize ophthalmology services by 
shortening waiting time, enhancing disease management, 
and improving patient outcomes.13 We systematically 
reviewed the literature regarding clinical applications of AI 
and external photographs in the field of ophthalmology.

Methods

The PubMed, Scopus, Web of Science, and IEEE databases 
was systematically searched on 27 April 2023 using key 
words: ‘artificial intelligence’ OR ‘machine learning’ OR 
‘neural network’ OR ‘deep learning’ and a combination 
of ‘facial landmarking’ OR ‘external photo’ OR ‘face 
photo’ OR ‘eyelid’ OR ‘anterior segment photograph’ OR 
‘anterior segment image’ OR ‘anterior segment photo’ 
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OR ‘pterygium’. The PRISMA guidelines were followed 
without language restrictions. The quality of included 
studies was assessed using the Quality Assessment of 
Diagnostic Accuracy Studies 2. 

Inclusion criteria were (1) clinical trials, prospective 
and retrospective cohort studies, comparative studies, 
validation, or evaluation studies, and epidemiologic studies; 
(2) studies involving facial images or external photographs 
in AI for detecting ophthalmic conditions; and (3) original 
articles. Exclusion criteria were (1) studies for which the 
full text was unavailable; (2) studies reporting the use of 
AI for non-ophthalmic conditions; (3) studies involving 
images taken from optical coherence tomography (OCT), 
fundus photography, or oculus keratography; and (4) review 
articles without original data.

Two reviewers independently searched the literature and 
screened the abstracts of identified studies. Disagreements 
were resolved by discussion with four senior reviewers. 
The two reviewers then independently assessed the full 
text of eligible studies, and data were extracted and cross-
validated. In cases of unresolved disagreement, a thorough 
discussion involving all reviewers was conducted until a 
consensus was reached. The study selection process based 
on the PRISMA flowchart14 is shown in the Figure. A 
customized form was used to record year of publication, 
study population, types of ophthalmic conditions, number 
and focal region of external photographs, number of test 
sets, types of deep neural network, and key findings. The 
risk of bias was assessed by two reviewers using the Quality 
Assessment of Diagnostic Accuracy Studies 2.

Results

In total, 48 studies were included in the systematic review 
(Table 1). Among the 48 studies, 14 exhibited low risk for 
all four risk of bias parameters and eight displayed low risk 
for all three applicability concerns parameters (Table 2).

Measurement of eyelid/periorbital parameters 
The eyelid is usually assessed during evaluation of other 
ophthalmic disorders. The eyelid position is measured 
by placing an opaque ruler in front of the patient’s eye.15 
Moriyama et al16 used an AI system trained with two-
dimensional facial images to parameterize the fine structures 
of the eyes including the position of the iris, degree of eyelid 
opening, and the shape, complexity, and texture of the 
eyelid. The system also estimated the movement parameters 
of the eyelids and iris. This model failed to match well only 
five out of 577 images. Thomas et al17 compared manual 
and AI-automated measurements of the vertical palpebral 
aperture and reported good agreement between the two 
methods (Pearson correlation coefficient=0.87); 94% of 
measurements were within two standard deviations of the 
mean. Van Brummen et al18 used AI to assess eight periorbital 
measurements including marginal reflex distance (MRD) 1 
and 2, medial and lateral canthal heights, medial and lateral 
brow heights, and medial and lateral intercanthal distances. 

The performance of AI closely agreed with that of human 
graders; the mean absolute differences were 0.5 mm for 
MRD 1 and 2 and lateral and medial canthal heights, 1.5 to 
2 mm for lateral and medial brow heights, and 2 to 4 mm  
for medial and lateral intercanthal distances. Chen et al19 
described the first smartphone-based AI-assisted image-
processing algorithm for measurements of MRD 1 and 
2 and levator function; the respective Pearson correlation 
coefficients between the smartphone-based AI and gold 
standard AI-assisted software were 0.91, 0.84, and 0.73. 
Cao et al20 compared AI and manual segmentations of eyelid 
features on two-dimensional digital photographs; the Dice 
coefficients for eyelid and corneal segmentation between the 
two methods were 0.922 and 0.973, respectively. Zhu et al21  
used an automated algorithm to measure eyelid position 
based on nine parameters and reported 91% accuracy. 
Manual measurement of eyelid parameters can be time-
consuming, subjective, and unrepeatable. AI-assisted eyelid 
assessments may enhance efficiency and repeatability in 
busy clinical settings.

Blepharoptosis
Blepharoptosis refers to the drooping of inferior 
displacement of the upper eyelid obstructing the visual axis. 
Hung et al22 used an AI system to identify blepharoptosis 
in clinical photographs and achieved 92% sensitivity and  
88% specificity. Tabuchi et al23 developed a smartphone 
application that used AI to automatically detect 
blepharoptosis in facial images; the accuracy was 83% and 
the area under the curve (AUC) was 0.9. Hung et al24 used 
an AI model to identify referable blepharoptosis using facial 
images; the model performed better than a non-ophthalmic 
physician. Lou et al25 used AI to automatically measure  
eyelid morphological properties before and after 
blepharoptosis surgery and then compared the results with 

Figure. Flowchart showing the literature search process.

Total records identified (n=2,692):
PubMed (n=126)
Scopus (n=1,321)
Web of Science (n=1,055)
IEEE (n=190)

Abstracts screened (n=2,692)

Records excluded (n=2,603)

Duplicate records removed (n=33)

Full-text articles assessed for eligibility (n=56)

Eligible articles (n=48)

Articles excluded after full-text analysis (n=7)
Review article (n=7)
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those of manual measurements. The interclass correlation 
coefficient between the two methods for measurement of 
MRD 1 and 2 ranged from 0.93 to 0.97. Bahçeci Şimşek 
et al26 analyzed surgical outcomes after upper eyelid 
surgery (blepharoplasty and Müller’s muscle-conjunctival 
resection) using AI facial landmark detection based on 
palpebral distance, eye-opening area, and average brow 
height. Qu et al27 used AI-based facial images to assess 
blepharoplasty outcomes in terms of lower eyelid skin 
wrinkles, eyelid lacrimal sulci, skin gloss, and aesthetic 
scores. Sun et al28 used fully automatic postoperative 
appearance prediction based on facial images and reported 
an overall performance of 86% in predicting postoperative 
appearance after blepharoptosis surgery. AI based on facial 
images can detect blepharoptosis and predict postoperative 
appearance after upper eyelid surgery. 

Thyroid eye disease
TED is an autoimmune inflammatory disease that occurs in 
up to 40% of patients with Graves’ disease; it is the most 
common orbital disorder in adults.29 Prompt diagnosis and 
treatment are essential because mild disease can progress to 
sight-threatening conditions such as exposure keratopathy 
and dysthyroid optic neuropathy.30 Yoo et al31 used a deep 
learning model to predict postoperative appearance (after 
orbital decompression) in patients with TED using external 
ocular images. Subjective quality assessment by three 
ophthalmologists showed promising results; AI can be a 
supportive tool for prediction of postoperative images and 
decision making. Moon et al32 used a machine learning 
system to detect TED and predict the clinical activity score 
(CAS) using external photographs. The system achieved 
88% sensitivity and 87% specificity for TED detection and 
predicted the CAS within one point of the reference in up 
to 85% of patients. Karlin et al33 used AI to detect TED 
and differentiate severity using external photographs and 
reported 85% accuracy, with higher recall for active cases. 
Huang et al34 used an AI network to detect TED based on 
nine eye positions; the network displayed an average AUC 
exceeding 0.85. Shao et al35 used a deep learning system to 
automatically measure eyelid morphology in TED patients 
and reported strong agreement between automatic and 
manual measurements. The use of AI systems to detect and 
evaluate TED may enable timely diagnosis and management.

Eyelid tumors
Eyelid tumors constitute 5% to 10% of all skin tumors, and 
timely diagnosis is important to minimize both morbidity 
and mortality.36 Typically, an eyelid tumor is detected during 
eyelid examination, and histopathological examination is 
required to confirm the diagnosis. Adamopoulos et al37 used 
an AI system to identify eyelid basal cell carcinoma using 
external photographs and reported a maximum accuracy of 
100%. Li et al38 used AI to distinguish malignant and benign 
eyelid tumors based on external photographs and reported a 
maximum accuracy of 81.8%. Hui et al39 used an AI system 
to differentiate malignant from benign eyelid tumors using 
facial images and exhibited a maximum accuracy of 81%; 
malignant tumor images comprised basal cell carcinoma 

(49%), sebaceous adenocarcinoma (26%), squamous cell 
carcinoma (10%), and melanoma (7%). Lee et al40 used an 
AI network to differentiate malignant from benign/no eyelid 
lesions; the mean AUCs of the two convolutional neural 
network (CNN) models were 0.91 and 0.95. Patients with 
eyelid tumors may benefit from AI that uses facial images to 
identify high-risk lesions for early referral.

Keratitis
Keratitis is a major cause of visual impairment and can 
rapidly progress to corneal perforation and vision loss if 
left undiagnosed; early detection and management can 
halt disease progression and improve visual outcomes.41 
Infectious keratitis can be classified as bacterial, fungal, 
parasitic, and viral; identification of the causative agent 
is important for clinical management.41 Xu et al42 first 
described an AI system for keratitis diagnosis based on 
slit-lamp images solely and reported 80% accuracy, which 
was significantly higher than the  49.27%±11.5% by human 
ophthalmologists. Ji et al43 developed a multi-attribute AI 
network based on anterior segment images and reported an 
average diagnostic accuracy of 84.89% and a maximum 
accuracy of 89.51%. Kuo et al44 compared the performance 
of various deep learning algorithms in diagnosing bacterial 
keratitis using external eye photographs; the diagnostic 
accuracies of all models (69%-72%) were comparable to 
those of ophthalmologists (66%-74%), with the EfficientNet 
B3 exhibiting the best average AUC (74% sensitivity, 64% 
specificity, and 77% positive and 61% negative predictive 
values). Natarajan et al45 used an AI system to detect viral 
keratitis based on slit-lamp images and reported a maximum 
accuracy of 72%. Hung et al46 used an AI system based 
on slit-lamp images to differentiate bacterial from fungal 
keratitis and reported a maximum accuracy of 80.0% 
(79.6% to 95.9% for bacterial keratitis and 26.3% to 65.8% 
for fungal keratitis). Redd et al47 developed a corneal 
photograph-based AI model to differentiate bacterial from 
fungal corneal ulcers; the best-performing model achieved 
a maximum AUC of 0.83, compared with 0.42 to 0.79 by 
human experts. Zhang et al48 used a deep learning system 
and reported a maximum diagnostic accuracy of 77.08% 
for infectious keratitis (70.27% for bacterial keratitis, 
77.71% for fungal keratitis, 83.81% for Acanthamoeba 
keratitis, and 79.31% for herpes simplex keratitis). Hu et al49  
evaluated six deep learning algorithms based on slit-lamp 
images and reported a maximum accuracy of 0.735 and a 
maximum AUC of 0.85 (0.87 for viral keratitis, 0.87 for 
fungal keratitis, and 0.64 for bacterial keratitis). Kogachi 
et al50 used CNNs to differentiate culture-positive from 
culture-negative infectious keratitis based on corneal 
photographs; the CNNs failed to detect morphological 
differences between culture-positive and culture-negative 
statuses on external photographs. Loo et al51 used AI to 
identify biomarkers of infectious keratitis using external 
photographs and reported good accuracy (Dice coefficient 
0.62-0.95); these biomarkers were strongly correlated (0.84) 
with best-corrected visual acuity (BCVA).52 AI can facilitate 
diagnosing infectious keratitis and identifying the causative 
pathogen based on external photographs. 
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Table 1. Summary of studies included in the systematic review

Study Study aims Outcome measures Sample size Origin of 
images

Algorithm/ 
architecture

Measurement of eyelid/periorbital parameters 

Moriyama et 
al,16 2006

To propose a system for detailed 
analysis of the eye region

Accuracy by comparing positions 
of model points for upper and 
lower eyelids, as well as iris 
center

577 images - Generative eye 
region model

Thomas et 
al,17 2020

To determine whether OpenFace 
(AI) can extract clinically useful 
measurements from images before and 
after ptosis correction

Agreement in interpupillary 
distance to vertical palpebral 
aperture ratio between AI and 
clinicians: Bland-Altman plots

32 patients - -

Van 
Brummen et 
al,18 2021

To develop an AI tool for standardized 
objective assessment of eyelid and 
periorbital soft tissue position 

Accuracy of segmentation: Dice 
coefficient; agreement between 
graders: Bland-Altman plots, 
mean absolute difference, ICC

418 images (retrospective), 42 
images (prospective); training/ 
validation size: 397 (80%/20%); 
test size: 21

United 
States

-

Chen et al,19 
2021

To propose the first smartphone-based 
AI-assisted image processing algorithm 
for measurements of MRD 1 and 2 and 
levator function

Pearson correlation coefficients: 
agreement between model and 
gold standard in terms of ICC, 
mean absolute error, and limits of 
agreement

822 eyes in 411 participants; 
training size: 72%; validation size: 
18%; test size: 10% 

Taiwan -

Cao et al,20 
2021

To propose a deep learning approach 
for automatic and objective evaluation 
of morphologic eyelid features using 
two-dimensional digital photographs, 
and to assess agreement between 
automatic and manual measurements 

Accuracy of model: Dice 
coefficient; agreement between 
manual and automatic MRDs: 
Spearman correlation coefficient, 
intraclass correlation coefficient, 
Bland-Altman plots

406 eyes in 203 normal 
participants; automatic 
morphologic measurement of 
eyelids: 203; automatic eyelid 
and cornea identification network: 
training size: 872; validation size: 
220; test size: 276

China -

Zhu et al,21 
2022

To develop an automated algorithm 
for measuring ophthalmic parameters 
to facilitate diagnosis of ptosis, eyelid 
retraction, and other eye pathologies

Object detection: recall, precision, 
accuracy, IoU; parameter 
measurement results: recall, 
precision, accuracy, IoU

8,200 images; training size: 75%; 
validation size: 10%; test size: 
15%

China -

Blepharoptosis

Hung et al,22 
2021 

To develop an algorithm for accurate 
identification of blepharoptosis from 
clinical photographs

Accuracy, sensitivity, specificity, 
PPV, NPV, F1 score, AUC

500 images; training size: 136 
normal, 177 blepharoptosis; 
validation size: 34 normal, 45 
blepharoptosis; test size: 18 
normal, 24 blepharoptosis 

Taiwan -

Tabuchi et 
al,23 2022

To assess AI performance in automated 
classification of images taken 
using a tablet for individuals with 
blepharoptosis and with normal eyelid

Accuracy, sensitivity, specificity, 
AUC

1276 images of 606 participants 
(624 from 347 blepharoptosis 
cases, 652 from 367 normal 
participants)

Japan -

Hung et al,24 
2022

To develop an AI model that accurately 
and automatically identifies referable 
blepharoptosis, then compare its 
performance with that of non-
ophthalmic physicians

Accuracy, sensitivity, specificity, 
AUC

782 images; training size: 587; 
validation size: 145; test size: 25 
ptotic eyes, 25 healthy eyes

- -

Lou et al,25 
2021

To propose a novel deep learning image 
analysis method that automatically 
measures eyelid morphological 
properties before and after 
blepharoptosis surgery

Agreement between manual and 
automated measurements of MRD 
1 and 2: ICCs; automated model 
reliability: ICCs

135 ptotic eyes in 103 patients; 
training size: 4.138 eyes in 2069 
volunteers; test size: 135 eyes in 
103 patients

China -

Bahçeci 
Şimşek et 
al,26 2021

To evaluate postoperative changes 
using a computer vision algorithm 
for anterior full-face photographs of 
patients who underwent upper eyelid 
blepharoplasty surgery with or without 
Müller’s muscle-conjunctival resection 

Postoperative change in right eye 
palpebral distance and left eye 
palpebral distance; postoperative 
change in right eye-opening area, 
left eye-opening area ratio 

55 patients Turkey -
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Table 1. (cont’d)

Study Study aims Outcome measures Sample size Origin of 
images

Algorithm/ 
architecture

Qu et al,27 
2022

To explore the impact of a multichannel 
CNN-based eye model on eye plastic 
surgical repair and aesthetic effects

Reconstruction effects: similarity 
(overlapping volume), efficiency 
(required time); surgical results: 
ocular score, aesthetic score; 
complication rates

64 patients China -

Sun et al,28 
2022

To automatically predict postoperative 
appearance after blepharoptosis surgery

Overall prediction performance: 
eye overlap ratio; local prediction 
performance: lid contour analysis 
by midpupil lid distances, absolute 
error between predicted and actual 
MRD1; agreement with clinicians: 
5-point satisfaction scale, 10-point 
similarity survey 

970 pairs of images of 450 eyes in 
362 patients; training/validation 
size: 895; test size: 75

China -

Thyroid eye disease

Yoo et al,31 
2020

To present a deep learning model for 
realistic prediction of postoperative 
appearance after orbital decompression 
surgery 

Performance comparison between 
adversarial network models: 
similarity to postoperative 
images, image quality; TED 
O classification performance: 
accuracy, sensitivity, specificity, 
AUC; subjective quality 
assessment by ophthalmologists

109 pairs of pre- and post-
operative images; training size: 76 
pairs; validation size: 76 pairs and 
500 synthesized pairs; test size: 33 
pairs

- -

Moon et al,32 
2022

To develop a machine learning 
system that mimics an expert’s CAS 
assessment using digital facial images, 
then evaluate its accuracy for predicting 
the CAS and diagnosing active TED 

Diagnostic performance 
in identifying active TED: 
sensitivity, specificity, AUC; 
diagnostic performance in CAS 
prediction

1020 patients; training size: 920; 
test size: 100

Korea -

Karlin et al,33 
2022

To describe a deep learning classifier 
that identifies TED based on facial 
images

Accuracy, sensitivity, specificity Training size: 1994 images; test 
size: 344 images

United 
States

-

Huang et al,34 
2022

To establish an intelligent system for 
TED diagnosis based on facial images

Model ability to conduct binary 
classification (yes/no): AUC, 
sensitivity, specificity; accuracy of 
eye location, corneal and scleral 
segmentation: IoU

21 840 images of 3120 eyes in 
1560 patients; training size: 70%; 
validation size: 10%; test size: 
20%

China -

Shao et al,35 
2023

To propose a deep learning approach 
that automatically measures eyelid 
morphology in patients with TED

Accuracy of model: Dice 
coefficients, IoU; measurement 
agreement between automatic and 
manual measurements of MRDs: 
Bland-Altman plots, intraclass 
correlation coefficients

74 TED, 74 healthy eyes; training 
size: 18 000 facial images for 
eye detection, 3452 eye images 
for eye segmentation; validation 
size: 3000 facial images for eye 
detection, 272 eye images for 
eye segmentation; test size: 9000 
and 148 facial images for eye 
detection, 148 eye images for eye 
segmentation

China -

Eyelid tumors

Adamopoulos 
et al,37 2021

To develop an intelligent system for 
pattern recognition, identification, 
and classification of eyelid basal cell 
carcinoma

Performance: accuracy score on 
classification

65 images of basal cell carcinoma, 
78 images of healthy individuals; 
training size: 70%; validation size: 
30%

Greece -

Li et al,38 
2022

To develop an AI system that 
automatically locates eyelid tumors and 
distinguishes between malignant and 
benign eyelid tumors

Diagnostic performance: 
accuracy, sensitivity, specificity, 
AUC; agreement with clinicians: 
unweighted Cohen’s kappa 
coefficients 

1533 images; training size: 883; 
validation size: 168; internal test 
size: 197; external test size: 285

China -
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Table 1. (cont’d)

Study Study aims Outcome measures Sample size Origin of 
images

Algorithm/ 
architecture

Hui et al,39 
2022

To develop a deep learning image 
analysis system for the automatic 
identification of benign and malignant 
eyelid tumors

Accuracy, sensitivity, specificity, 
AUC

309 images of 229 patients; 
development size: 309; validation 
size: 36

China -

Lee et al,40 
2023

To evaluate deep learning model 
performance, compared with that 
of human ophthalmologists, in 
differentiating eyelid lesions using 
clinical eyelid photographs 

Diagnostic performance: accuracy, 
sensitivity, specificity, PPV, NPV, 
AUC

4954 images of 928 patients; 
training size: 4475; test size: 134

Korea -

Keratitis

Xu et al,42 
2021

To propose a sequential-level deep 
model that effectively discriminates 
infectious corneal disease via 
classification of clinical images

Diagnostic performance: accuracy 2284 images of 867 patients; 
training size: 1922; test size: 362

China -

Ji et al,43 
2022

To propose a multi-task recognition 
method for automatic diagnosis of 
keratitis

Diagnostic performance: accuracy, 
precision, recall, specificity, F1 
score 

954 images; training size: 668; 
test size: 286

China -

Kuo et al,44 
2021

To compare the performances of 
various deep learning algorithms for 
diagnosing bacterial keratitis using 
external eye photographs

Diagnostic performance: 
sensitivity, specificity, PPV, NPV, 
AUC

1512 images of 1512 patients; 
5 datasets of 185-186 images of 
bacteria keratitis and 116-117 
images of non-bacterial keratitis; 
training size: 4 datasets; validation 
size: 1 dataset

Taiwan -

Natarajan et 
al,45 2022

To use and study the application of 
AI-based deep learning algorithms for 
diagnosing viral keratitis

Diagnostic performance: 
sensitivity, specificity, AUC

307 images of 285 eyes; training 
size: 267; test size: 40

India -

Hung et al,46 
2021

To develop a deep learning model for 
identifying bacterial keratitis and fungal 
keratitis using slit-lamp images

Diagnostic performance: accuracy, 
AUC

1330 images of 580 patients; 
training size: 904; validation size: 
212; test size: 214

Taiwan -

Redd et al,47 
2022

To develop computer vision models for 
image-based differentiation of bacterial 
and fungal corneal ulcers, then compare 
their performances with those of human 
experts

AUC 980 images of 980 patients; 
training size: 396; validation size: 
50; test size: 100, 80

India -

Zhang et al,48 
2022

To construct a deep learning auxiliary 
diagnostic model for early diagnosis of 
infectious keratitis

Diagnostic performance: accuracy, 
AUC

4830 images; training size: 4347; 
test size: 483; external validation 
size: 200 images

China -

Hu et al,49 
2023

To propose a deep learning system 
based on slit-lamp images for automatic 
screening and diagnosis of infectious 
keratitis

Accuracy, recall, specificity, AUC 2757 images of 744 patients; 
training size: 1925; validation 
size: 301; test size: 531

China VGG-16, 
ResNet34, 
Inception-v4, 
DenseNet121, 
ViT-Base, 
EfficientNetV2-M

Kogachi et 
al,50 2023

To determine whether CNNs can detect 
morphological differences between 
images of microbiologically positive 
and negative corneal ulcers

AUC 1970 images of 886 patients; 
training size: 1590; validation 
size: 200; test size: 211

India -

Loo et al,51 
2021

To propose a fully automatic deep 
learning algorithm for segmentation of 
ocular structures and microbial keratitis 
biomarkers on slit-lamp photography 
images

Performance: Dice similarity 
coefficient, Hausdorff distance

133 eyes; training size: 95; 
validation size: 19; test size: 19

United 
States, 
India 

-

Loo et al,52 
2021

To assess the clinical applicability of 
automatic image analysis in microbial 
keratitis by evaluating the relationship 
between BCVA and biomarker 
measurements on slit-lamp photographs

Performance of automatic 
segmentation measurement; 
correlation between measurements 
and BCVA

76 patients United 
States, 
India

-
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Table 1. (cont’d)

Study Study aims Outcome measures Sample size Origin of 
images

Algorithm/ 
architecture

Trachoma

Kim et al,55 
2019

To test an automated algorithm in 
evaluating eyelid photographs for 
clinical signs of trachoma

Performance: accuracy, 
sensitivity, specificity; agreement 
between automated algorithm and 
expert graders: Cohen’s kappa 
coefficients

1656 images; validation size: 100 Niger, 
Ethiopia 

CNN with 3 stage 
convolutional 
layers, fully 
connected layers, 
and 2 hidden 
layers

Socia et al,56 
2022

To evaluate the plausibility of an AI 
model for augmenting and replacing 
human image graders in the evaluation 
and diagnosis of TF

Diagnostic performance: 
sensitivity, specificity, PPV; 
agreement with clinicians: 
Cohen’s kappa coefficient

2299 images; training/validation 
size: 44 TF; test size: 12 TF; 
external cohort: 1546; training/
validation size: 421 TF; test size: 
106 TF

Tanzania ResNet101, 
VGG-16

Pterygium

Lopez et al,60 
2019

To present a deep learning method for 
automatic classification of pterygium 
and non-pterygium images 

Performance: AUC, sensitivity, 
specificity   

3017 images (325 pterygium, 
2692 non-pterygium) 

Brazil CNN

Zulkifley et 
al,61 2019

To propose a deep learning approach 
for automatic detection and localization 
of pterygium-infected tissues based on 
color images

Performance: accuracy, sensitivity, 
specificity 

120 images (60 pterygium, 60 
normal); training size: 80%; test 
size: 20%

Australia Pterygium-Net 
based on CNN

Zhu et al,62 
2022

To propose a two-category model and 
a segmentation model that assist with 
pterygium diagnosis based on anterior 
segment images

Performance: sensitivity, 
specificity, AUC, kappa 
value; comparison of model 
performance: mean IoU, IoU, 
mean average precision, and pixel 
accuracy

1034 images (517 pterygium, 517 
normal); training size: 734 (367 
pterygium); test size: 300 (150 
pterygium)

China AlexNet, VGG-
16, ResNet18, 
ResNet50, 
PSPNet

Wan et al,63 
2022

To propose a deep learning system 
for diagnosing and measuring the 
pathological progress of pterygium with 
anterior segment images

Performance: Dice coefficient, 
kappa consistency coefficient

489 images (245 pterygium, 244 
normal); training size: 250; test 
size: 239 

China U-Net++ 

Fang et al,64 
2022

To evaluate the performance of deep 
learning algorithms based on color 
anterior segment photographs from 
slit-lamp and hand-held cameras for 
detecting the presence and extent of 
pterygium

Detection: AUC, sensitivity, 
specificity 

3132 images of 2932 eyes (1566 
pterygium, 1566 non-pterygium); 
training size: 2503; internal test 
set size: 629; external test set size: 
6311

Singapore CNN with VGG-
16, multilayer 
perceptron

Hung et al,65 
2022

To evaluate the efficacy of a deep 
learning system based on slit-lamp 
photographs in pterygium grading and 
recurrence prediction

Grading: sensitivity, specificity, 
F1 score, accuracy; prediction: 
sensitivity, specificity, PPV, NPV

237 images of 237 eyes (176 
pterygium, 61 non-pterygium); 
training size: 189 images; testing 
size: 48 images

Taiwan DL network with 
U-Net, multilayer 
perceptron

Jais et al,66 
2021

To propose a machine learning model 
for changes in BCVA after pterygium 
surgery according to morphological 
characteristics 

Performance: accuracy, sensitivity, 
specificity

93 images; training size: 90%; test 
size: 10%

Malaysia Support Vector 
Machine, Naive 
Bayes Classifier, 
decision tree, 
logistic regression 

Liu et al,67 
2023

To determine accuracy of a fusion 
training AI model in pterygium 
screening and detection using a 
smartphone

Detection: accuracy; 
segmentation: F1 score, 
sensitivity, specificity, AUC

20 987 slit-lamp images; 1094 
smartphone images; training size: 
15 456; validation size: 3080; test 
size: 6625

China RFRC (Faster 
RCNN based 
on ResNet101), 
SRU-Net (U-Net 
based on SE-
ResNet50)

Diabetic retinopathy

Babenko et 
al,68 2022

To propose a deep learning model 
trained on external photographs of eyes 
for the detection of diabetic retinopathy, 
diabetic macular edema, and poor blood 
glucose control

Superiority of deep learning 
model predictions compared with 
baseline model predictions: AUC, 
DeLong method; sensitivity, 
specificity, PPV, NPV

Development size: training set 
126 066 patients, tuning set 19 
766 patients; validation size (4 
sets): 27 415, 5058, 10 402, 6266 
patients

United 
States

Inception-v3 
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Table 1. (cont’d)

Study Study aims Outcome measures Sample size Origin of 
images

Algorithm/ 
architecture

Cataract

Kiuchi et al,70 
2022

To develop an AI system for 
preoperative safety management 
in cataract surgery based on facial 
recognition, laterality confirmation, and 
intraocular lens parameter verification

Accuracy and authentication rate 
of facial recognition on the first 
attempt; cumulative authentication 
rate after repeated attempts; false 
rejection rate, false acceptance 
rate 

171 patients (162 patients in facial 
recognition test)

Japan ISG-539

Strabismus

Huang et al,71 
2021

To provide an automatic strabismus 
screening method for people in remote 
areas with limited access to healthcare

Positional similarity estimates of 
normal and strabismus images 
(ratio)

60 images (30 strabismus, 30 
normal) 

Korea -

Other oculofacial disorders

Schulz et al,72 
2023

To determine the feasibility, validity, 
reliability of clinically meaningful 
eyelid measurements automatically 
extracted from videos of individuals 
with oculofacial disorders

Feasibility, validity, reliability 77 facial nerve palsy, 33 ptosis, 33 
TED, 65 controls; 7101 training 
images

- Custom program 
VALID (video 
analysis of 
eyelids) based on 
U-Net

Greene et 
al,73 2019

To compare the sensitivity of a 
clinician-based tool (eFACE) to a well-
established facial palsy intervention 
(eyelid weight placement) with the 
sensitivity of an automated facial 
measurement algorithm (Emotrics) 

Palpebral fissure distance 
reduction

53 patients United 
States

Emotrics 

Abbreviations: AI=artificial intelligence, AUC=area under the curve, BCVA=best-corrected visual acuity, CAS=clinical activity score, CNN=convolutional 
neural networks, ICC=intraclass correlation coefficient, IoU=intersection over union, MRD=margin reflex distance, NPV=negative predictive value, 
PPV=positive predictive value, TED=thyroid eye disease, TF=trachomatous inflammation – follicular

Trachoma
Trachoma is an infection by ocular strains of Chlamydia 
trachomatis, which is readily treatable with azithromycin.53,54 
Clinical signs of trachoma often guide treatment decisions.54 
Kim et al55 developed a CNN-based automated algorithm 
based on external eye images to assess clinical signs of 
trachoma: trachomatous inflammation–follicular (TF) 
and trachomatous inflammation–intense (TI). Maximum 
accuracy was 0.70 for TF and 0.85 for TI; agreements 
between AI and expert graders were κ=0.44 and κ=0.69 for 
TF and TI, respectively.55 Socia et al56 used an AI model 
to detect TF using external eye images and reported a 
maximum sensitivity of 95% and positive predictive value 
of 50% to 70%; the model reduced the burden of skilled 
image graders by 66% to 75%. AI can assist with clinical 
assessment of trachoma, reducing the burden on skilled 
image graders.

Pterygium
Pterygium, a common fibrovascular degeneration disease, 
is characterized by a wing-shaped conjunctival tissue 
growth that extends over the adjacent cornea.57 It is 
readily treatable with surgery, and its recurrence risk is 
closely related to the size of the pterygium; thus, early 
identification and grading of pterygium are essential.58,59 

Lopez et al60 developed a deep learning model for 
pterygium identification using external eye photographs 
in two color formats: RGB (ie, red, green, and blue) and 
grayscale. The model classified images as pterygium or 
non-pterygium with an AUC of 99.4%. Similarly, Zulkifley 
et al61 constructed a deep learning model based on color 
photographs of the eye to detect pterygium, with 95% 
sensitivity and 98% sensitivity; the model simultaneously 
localized pterygium tissues with 81% accuracy. Zhu et al62 
developed a two-category and segmentation-based model 
of pterygium using anterior segment photographs; the 
model had 99.0% diagnostic accuracy, 98.7% sensitivity, 
and 99.3% specificity. In addition, the model can be used 
to stratify pterygium severity and risk. Wan et al63 used 
deep learning techniques to measure pterygium severity in 
terms of the width of corneal invasion by pterygium and 
reported Dice coefficients of 0.902 to 0.962 and a kappa 
coefficient of 0.918. Fang et al64 developed a deep learning 
algorithm based on color anterior segment photographs 
taken from slit-lamp and hand-held cameras to detect 
referable pterygium and reported AUCs of 98.5% to 99.5%. 
Hung et al65 applied deep learning on slit-lamp photographs 
for pterygium grading and recurrence risk prediction and 
reported 86.7% to 91.7% accuracy for grading and 81.8% 
specificity and 66.7% sensitivity for prediction. Jais et al66  



27

REVIEW ARTICLE

HKJOphthalmol  Vol.28 No.1

Table 2. Risk of bias assessment of included studies 

Study Risk of bias Applicability concerns

Patient 
selection

Index test Reference 
standard

Flow and 
timing

Patient 
selection

Index test Reference 
standard

Measurement of eyelid/periorbital parameters

Moriyama et al,16 2006 Low Low Unclear Unclear Low Low Unclear

Thomas et al,17 2020 Unclear Low Unclear Low Unclear Unclear Unclear

Van Brummen et al,18 2021 Low Low High Low Unclear Low High

Chen et al,19 2021 Low Low Low Low Unclear Low Low

Cao et al,20 2021 Low Low Low Low High Low Low

Zhu et al,21 2022 Unclear Low Low Low Unclear Low Low

Blepharoptosis

Hung et al,22 2021 Low Low Low Low High Low Low

Tabuchi et al,23 2022 Unclear Low Low Low High Low Low

Hung et al,24 2022 Low Low Low Low Unclear Low Low

Lou et al,25 2021 Low Low Low Low Unclear Unclear Low

Bahçeci Şimşek et al,26 2021 Low Low Low Low Low Low Low

Qu et al,27 2022 Low Low Unclear Unclear Unclear Low High

Sun et al,28 2022 Unclear Unclear High Low High High High

Thyroid eye disease

Yoo et al,31 2020 Unclear Low Unclear Low Unclear Low Unclear

Moon et al,32 2022 Low Low Low Unclear Low Low Low

Karlin et al,33 2022 Low Low Low High Unclear Low Low

Huang et al,34 2022 Low Low Low Low Low Unclear Low

Shao et al,35 2023 Low Low Low Low Low Low Low

Eyelid tumors

Adamopoulos et al,37 2021 Unclear Low High High Unclear Low Unclear

Li et al,38 2022 Low Low Low High High Unclear Low

Hui et al,39 2022 Low Low Low High High Low Low

Lee et al,40 2023 Low Low Low Low Unclear Low Low

Keratitis

Xu et al,42 2021 Low Low Low High Unclear Low Low

Ji et al,43 2022 Low Low Low Low Unclear Low Low

Kuo et al,44 2021 Low Low High High Unclear Low Unclear

Natarajan et al,45 2022 Low Low Low Low Unclear Low Low

Hung et al,46 2021 Unclear Low Low Low Unclear Unclear Low

Redd et al,47 2022 Unclear Low Low Unclear Unclear Low Unclear

Zhang et al,48 2022 Unclear Low Low Unclear Unclear Low Low

Hu et al,49 2023 Low Low Low Low Unclear Unclear Low

Kogachi et al,50 2023 Low Low Unclear Low Unclear Low Unclear

Loo et al,51 2021 Low Low Unclear Unclear Low Low Low

Loo et al,52 2021 Low Low Low Unclear Low Low Low
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evaluated the performance of four machine learning 
models in postoperative classification of changes in 
BCVA according to pterygium characteristics on external 
photographs; the best-performing model (ie, Support Vector 
Machine) achieved 94.4% accuracy, 100% specificity, and 
92.1% sensitivity. Liu et al67 trained an AI fusion model 
using slit-lamp and smartphone images to detect and grade 
pterygium and reported 92.38% accuracy (AUC=0.94) 
with smartphone-based images and 94.29% accuracy 
(AUC=0.96) with slit-lamp images. These findings support 
the use of AI systems based on camera and slit-lamp- 
based images for pterygium screening and severity  
grading.

Diabetic retinopathy
Diabetic retinopathy screening usually requires a fundus 
examination or fundus photographs. Babenko et al68 used 
an AI system that assessed pupil size, conjunctival vessel 
caliber, and tortuosity based on external photographs of the 
eyes to detect diabetic retinopathy, diabetic macular edema, 
and poor blood glucose control; its predictive performance 

was better than that of logistic regression models based on 
demographic and medical history data. Predictions could 
be generalized to patients in various diabetic retinopathy 
screening programs. Their AI model achieved superior 
prediction, compared with the baseline model.

Cataract
In ophthalmic surgery, common types of surgical confusion 
include implantation of the wrong intraocular lens, 
operation on the wrong eye, treatment of the wrong patient, 
and performance of the wrong procedure.69 Kiuchi et al70 
developed an AI system for preoperative safety management 
in cataract surgery, utilizing external photographs to confirm 
patient identity. Authentication rates during initial and 
subsequent attempts were 92.0% and 96.3%, respectively. 
When combined with laterality confirmation and intraocular 
lens parameter verification by AI, the false rejection rate 
and false acceptance rate were both 0%. Implementation of 
AI in ophthalmic surgery can improve preoperative safety 
management and reduce preventable instances of surgical 
confusion.

Table 2. (cont’d)

Study Risk of bias Applicability concerns

Patient 
selection

Index test Reference 
standard

Flow and 
timing

Patient 
selection

Index test Reference 
standard

Trachoma

Kim et al,55 2019 Low Low Low Low Low Low Low

Socia et al,56 2022 Unclear Low Low Unclear Unclear Low Low

Pterygium

Lopez et al,60 2019 Unclear Unclear Low Low High High Low

Zulkifley et al,61 2019 Unclear Low Low Unclear High Low Low

Zhu et al,62 2022 Unclear Low Low Unclear Unclear Low Low

Wan et al,63 2022 Unclear Low Low Unclear Unclear Low Low

Fang et al,64 2022 Low Low Low Low Low Low Low

Hung et al,65 2022 Unclear Low Low Low Low Unclear Low

Jais et al,66 2021 Unclear Low High Unclear Unclear Low High

Liu et al,67 2023 Unclear Low Low Low Low Low Low

Diabetic retinopathy

Babenko et al,68 2022 Unclear High Low Low Unclear High Low

Cataract

Kiuchi et al,70 2022 High Low Unclear Unclear High Unclear Unclear

Strabismus

Huang et al,71 2021 Unclear Low High High Unclear Low High

Other oculofacial disorders

Schulz et al,72 2023 Low Low High High High Low High

Greene et al,73 2019 Low Low High Low Unclear Low Unclear
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Strabismus
Strabismus is a condition in which the eyes are not properly 
aligned with each other; this misalignment can cause double 
vision, loss of stereopsis, and suppression. Huang et al71 
trained an AI system with frontal facial images to calculate 
the distances from the pupil center to the medial and lateral 
canthi and measure deviation in the positional similarity 
of the two eyes for strabismus screening. The results were 
promising that the system could serve as a strabismus 
screening tool for patients living in remote areas.

Other oculofacial disorders
Schulz et al72 measured eyelid parameters (MRD 1 and 2, 
blink lagophthalmos, and ocular surface area exposure) on 
facial videos in patients with facial nerve palsy or TED and 
reported good reliability and validity. Greene et al73 used 
an automated facial measurement algorithm (Emotrics) for 
eyelid parameters in patients with unilateral facial palsy 
who received an eyelid weight; the agreement between 
measurements using the clinician-graded facial function 
scale (eFACE) and Emotrics measurements was good.

Discussion

This systematic review showed that AI using external 
photographs exhibits high accuracy in measuring periorbital 
parameters and in detecting a wide range of ophthalmic 
diseases such as TED, blepharoptosis, eyelid tumors, 
keratitis, trachoma, pterygium, strabismus, and diabetic 
retinopathy. AI can grade the severity of diseases such 
as TED, trachoma, and pterygium and can differentiate 
various eyelid tumor and keratitis types based on external 
photographs. Overall, external photographs provide a rich 
source of information for AI algorithms, which can be 
applied to a wide range of ophthalmic conditions.

AI has an increasing role in ophthalmology, mainly due to 
advances in multimodal imaging. Deep learning systems 
can identify vision-threatening diabetic retinopathy and 
age-related macular degeneration using fundus photographs 
and OCT images, thereby preventing treatment delays.74,75 
Diagnosing retinopathy of prematurity is challenging for 
ophthalmology trainees; AI can distinguish the disease 
using fundus photographs, thereby improving diagnostic 
accuracy and avoiding treatment delays.76 AI can predict 
disease severity and determine disease progression in 
glaucoma through analyses of the visual field and the optic 
nerve structure’s retinal nerve fiber on OCT or fundus 
photographs.77,78 In recent years, external photographs 
have been increasingly used in ophthalmology; external 
photographs have great potential to serve as reliable 
screening tools, thereby reducing waiting time, enhancing 
management, and improving outcomes. 

Deep-learning models mimic the diagnostic approaches 
of ophthalmologists, and classifiers can associate features 
of ophthalmic diseases at periorbital landmarks within 
image datasets for disease diagnosis. For example, eyelid 
signs are the most common presenting sign in TED. AI 

can detect these signs using external photographs based 
on eyelid parameters that correspond to areas emphasized 
by ophthalmologists. Although TED diagnosis is usually 
confirmed through clinical examination, a survey study in 
the United Kingdom revealed that the initial diagnosis of 
TED was incorrect in 58% of patients, and 25% of patients 
had a 1-year delay in diagnosis.79 Deep learning systems 
reported thus far have demonstrated promising performance 
in identifying new cases of TED, enabling the prioritization 
of early-onset and urgent-care cases.

AI screening tools can reduce social inequality by 
facilitating access to healthcare services. Patients with low 
socioeconomic status and low health literacy may have 
difficulties accessing healthcare services. The use of AI in 
disease detection and severity grading may help prioritize 
patients who need early eye care to attend specialty clinics, 
especially those living in rural regions. A reliable screening 
tool enables timely detection and reduces morbidity, 
especially in cases of TED and eyelid tumors as well as 
other sight-threatening but readily treatable conditions such 
as keratitis, trachoma, and pterygium. Initial screening of 
photographs taken by smartphone can be conducted without 
sophisticated equipment, thereby enhancing convenience 
and accessibility of healthcare services. Additionally, AI 
can enhance the personalization of treatment plans. For 
example, patients undergoing blepharoptosis correction 
may receive AI prediction of their postoperative appearance; 
this can be an adjunctive tool for preoperative assessment in 
clinical settings. Taken together, deep learning systems offer 
a positive outlook regarding widespread clinical application 
of AI.

Despite encouraging results in the use of AI to detect 
ophthalmic conditions based on external photographs, 
several challenges must be addressed before its 
implementation in real-world settings. Major foreseeable 
issues include standardization, validation, applicability, 
and ethical concerns.80 Standardization remains the greatest 
challenge because external photographs are highly operator-
dependent and easily affected by lighting conditions35; this 
is compounded by the subjectivity of image quality and the 
technical demands of AI programs. Standardized protocols 
for photograph capture and analysis, as well as objective 
thresholds for quality control, should be established to 
reduce inter-operator variability and ensure consistency.81-83 
Further training of models with images of variable quality 
such as those captured at different angles and under different 
lighting conditions is recommended.28,33 Furthermore, most 
studies have targeted Asian populations, and there is a lack 
of studies targeting Black or Hispanic populations. This 
may decrease generalizability in terms of applicability 
and feasibility within these populations. Large-scale 
multi-country collaborations are needed to ensure that 
AI algorithms are reliable across diverse settings in real-
world environments.23,24,38,40,47,64 Furthermore, ethical issues  
related to the use of facial photographs are expected. 
Compared with OCT and fundus photographs, external 
photographs are more recognizable and identifiable, leading 
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to privacy concerns. Strict compliance with regulations  
on data collection, storage, and use transparency is  
essential.

To enhance clinical relevance of AI models as screening 
tools, training AI models with larger numbers of early-
stage lesions can improve their sensitivity to more subtle 
disease processes.32,40 Incorporation of clinical information 
(such as chief complaints and medical histories) into AI 
models may better mimic the clinical-reasoning process 
during identification and classification of ophthalmic 
diseases.34,39,67 To expand the use of AI beyond clinical 
settings, incorporation of smartphones and cameras as less-
specialized initial screening tools is suggested.39,65,67 The 
fusion training model that combines high-quality slit-lamp 
images with external photographs enables high-accuracy 
detection and grading for initial screening by smartphone.67 
Future research may focus on the use of AI in community 
settings and beyond.

Overall, AI has demonstrated promising performance in 
the detection and classification of various ophthalmic 
conditions based on external photographs; it can serve as 
an inexpensive and convenient tool for patients to access 
healthcare services. Further studies are needed to confirm 
the role of deep learning methods in improving diagnostic 
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