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Introduction

Optic neuritis (ON) in Caucasians is typically non-
infectious, caused by demyelination, and associated with 
multiple sclerosis (MS). In the Optic Neuritis Treatment 
Trial (ONTT), intravenous methylprednisolone followed 
by oral prednisolone was found to accelerate the recovery 
of visual loss without altering the final visual acuity (VA). 
Oral steroid treatment alone (at the ONTT dose) was 
ineffective and increased the risk of recurrence.1 However, 
neuromyelitis optica spectrum disorder (NMOSD) and 
myelin oligodendrocyte glycoprotein antibody–associated 

Abstract

Objectives: Non-infectious optic neuritis (ON) in 
Caucasians is typically associated with multiple sclerosis 
(MS), and steroid treatment is optional. In Chinese 
patients, however, ON is often atypical and more likely to 
be associated with neuromyelitis optica spectrum disorder 
(NMOSD), for which early initiation of pulse intravenous 
steroid treatment is recommended. We aimed to identify 
factors associated with visual acuity (VA) improvement 
after intravenous and oral steroid treatment.
Methods: We reviewed the medical records of 64 
Chinese patients (64 eyes) who presented to Hong 
Kong Eye Hospital between 2000 and 2019 with their 
first episode of acute ON and received intravenous 
methylprednisolone and oral prednisolone.
Results: Among all cases, 45.3% were idiopathic and 
isolated, 25.0% were NMOSD-related, and 17.2% were 
MS-related. Patients with MS-related ON were younger 
than patients with idiopathic or NMOSD-related ON 
(p<0.01). Greater improvement in VA was associated 
with worse nadir VA, greater VA improvement on day 14 
of steroid treatment, and NMOSD-related ON, whereas 

smaller improvement in VA was associated with older 
age and presentation before anti-aquaporin-4 testing 
became available.
Conclusion: Because non-infectious ON in Chinese 
patients is often atypical, intravenous steroid treatment is 
recommended (rather than optional). Treatment outcomes 
have improved over the past 20 years, owing to more 
widespread testing for anti-aquaporin-4 antibodies and 
more aggressive treatment of NMOSD.
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disorder (MOGAD) have been increasingly recognized in 
patients with ON. A subsequent analysis of patients from 
the ONTT cohort showed that none of the serum samples 
was positive for anti-aquaporin-4 (AQP4) antibody and 
only 1.7% were positive for myelin oligodendrocyte 
glycoprotein immunoglobulin G (MOG-IgG) antibody. In 
Chinese patients, ON is more likely to be associated with 
NMOSD, which requires intravenous steroid treatment. 
Therefore, the applicability of the ONTT protocol to the 
Chinese population is questionable.2-4

Anti-AQP4 and MOG-IgG serology tests commonly require 
a few days before results are available. Most cases of ON 
occur in seronegative patients and remain idiopathic. At the 
time of initial presentation, clinicians must decide whether 
to prescribe intravenous steroid treatment without clear 
information regarding the disease etiology. In our hospital, 
we routinely offer intravenous steroid treatment to patients 
with acute non-infectious ON. In this retrospective study, 
we aimed to identify factors associated with good visual 
recovery after intravenous steroid treatment.

Methods

We retrospectively reviewed the medical records of patients 
who presented to Hong Kong Eye Hospital between January 
2000 and December 2019 with a diagnosis of ON. Inclusion 
criteria were age ≥12 years at presentation, Chinese 
ethnicity, first episode of non-infectious ON, symptom 
onset within 30 days of initial presentation, and completion 
of treatment with intravenous methylprednisolone 1 g/day 
for 3 days followed by oral prednisolone 1 mg/kg/day for 11 
days (in accordance with the ONTT protocol). Patients with 
incomplete medical records, uncertain diagnosis, diagnosis 
other than non-infectious ON, or treatment other than the 
ONTT protocol were excluded.

Only one eye per patient was included in the analysis. For 
patients with bilateral ON, the first presenting eye was 
chosen. For cases with bilateral simultaneous presentation, 
the eye with worse nadir VA was included. In cases of 
simultaneous presentation where both eyes exhibited 
identical nadir VA, the right eye was included. VA was 
measured using the Snellen chart and converted to logMAR 
units. VA of counting fingers, hand motion, light perception, 
and no light perception were regarded as logMAR values 
of 1.8, 2.3, 2.8, and 3.0, respectively.5 VA at different time 
points was retrieved from patients’ records; these included 
nadir VA, VA at the end of the 14-day ONTT protocol, and VA 
at the final follow-up. Associations between VA outcomes 
and various factors (age at onset, etiology, presentation date, 
and time from symptom onset to initiation of intravenous 
steroid treatment) were examined.

Statistical analyses were performed using SPSS (Windows 
version 24.0; IBM Corp, Armonk [NY], United States). 
For parametric data, differences among multiple groups 
were evaluated using one-way analysis of variance with 
Bonferroni correction. Multiple linear regression was used 

to identify factors associated with final VA improvement.

Results

Of the 133 patients with ON, 42 did not receive intravenous 
steroid treatment, 13 had a questionable diagnosis, eight had 
non-Chinese ethnicity, three had symptom onset >30 days 
prior to presentation, two received steroid treatment for other 
reasons before presentation, and one had incomplete data. 
The remaining 64 patients were included in the analysis. 

The mean age of the 64 patients was 41.4±15.0 years; 
71.9% were women. Most patients had unilateral ON 
(n=46, 71.9%), experienced ocular pain (n=28, 43.8%), and 
had disc swelling at presentation (n=22, 34.4%). The most 
common etiology was idiopathic (n=29, 45.3%), followed 
by NMOSD-related (n=16, 25.0%), MS-related (n=11, 
17.2%), post-vaccination/post-viral (n=5, 7.8%), acute 
demyelinating encephalomyelitis–related (n=2, 3.1%), 
and MOGAD-related (n=1, 1.6%) [Table 1]. Among the 
16 patients with NMOSD-related ON, five (31.3%) were 
seronegative. The mean logMAR nadir VA was 1.60±0.92 
(approximate Snellen VA 20/800). The mean VA on day 14 
(upon completion of the ONTT protocol) was 0.74±0.74 
(approximate Snellen 20/100) and at the final visit was 
0.47±0.79 (approximate Snellen 20/60). The median 
duration from symptom onset to presentation was 6 days 
(interquartile range [IQR]=2.25-10 days). The median time 
from presentation to initiation of steroid treatment (ONTT 
protocol) was 1 day (IQR=0-6 days). The median duration 
of follow-up was 3.26 years (IQR=1.73-6.73 years).

Comparison of the three largest subgroups (idiopathic, 
NMOSD-related, and MS-related ON) revealed that 
patients with MS-related ON were younger than patients 
with idiopathic ON (p=0.002) or NMOSD-related ON 
(p<0.001). 

Patients were stratified according to presentation before or 
after March 2011, when our hospital began providing routine 
testing for anti-AQP4 antibodies. Multiple linear regression 
analysis showed that greater improvement in final VA was 
associated with worse nadir VA (β=0.532, p<0.001), greater 
VA improvement on day 14 of the ONTT protocol (β=0.335, 
p=0.007), and NMOSD-related ON (β=0.383, p=0.030), 
whereas smaller improvement in final VA was associated 
with older age (β= -0.015, p=0.003) and presentation before 
anti-AQP4 antibody testing became available (β= -0.738, 
p<0.001; adjusted R2=0.721, p<0.001) [Table 2].

There were no major adverse effects or mortality after 
intravenous steroid treatment. One patient had steroid-
induced central serous chorioretinopathy, another had 
transient ocular hypertension, and two patients had 
steroid-induced temporary hyperglycemia necessitating 
hypoglycemic agents. 

Eight patients underwent plasmapheresis because of 
a poor response to initial steroid treatment; they were 
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eventually diagnosed with NMOSD-related ON (n=7) or 
acute demyelinating encephalomyelitis–related ON (n=1). 
All seven patients with NMOSD-related ON had nadir VA 
≤20/200 at presentation (one had no light perception). After 
plasmapheresis, all except one patient achieved VA ≥20/30 
at the final follow-up. Twelve patients were prescribed long-
term maintenance immunosuppressants; they had either 
NMOSD-related ON (n=11) or highly steroid-responsive 
and steroid-dependent idiopathic ON (n=1).

Discussion

According to findings of the ONTT in 1992,1 high-dose  
(1 g/day) intravenous methylprednisolone for 3 days 

followed by 11 days of oral prednisone resulted in better 
contrast sensitivity, visual field, color vision, and faster 
recovery; however, VA at 6 months was similar in patients 
with or without treatment. Oral prednisone alone did not 
provide additional benefit in terms of visual recovery 
and may even result in a higher rate of recurrent attacks. 
Therefore, pulse intravenous steroid treatment was 
considered optional, and oral prednisolone (at the ONTT 
dose) alone was contraindicated for patients with ON. A 
later study demonstrated that oral steroid treatment alone 
at a higher dose (ie, prednisone 1250 mg) could achieve 
beneficial visual outcomes, similar to the outcomes after 
intravenous methylprednisolone.6 In the ONTT, 457 patients 
(aged 18 to 46 years) of mostly (85%) Caucasian ethnicity 

Table 1. Clinical characteristics of 64 Chinese patients with optic neuritis by etiologies

Etiology No. (%) 
of patients 

(n=64)

No. (%) 
of women 

(n=46)

Age at 
presentation, 

y*

Visual acuity* Follow-up 
duration, y*

Nadir Day 14 Final

Idiopathic 29 (45.3) 18 (62.1) 43.5±15.0 1.68±0.97 0.89±0.78 0.58±0.85 2.49 

Neuromyelitis optica spectrum 
disorder–related

16 (25.0) 15 (93.8) 48.4±11.0 1.78±0.91 0.93±0.81 0.68±1.02 3.34

Multiple sclerosis–related 11 (17.2) 7 (63.6) 29.7±8.0 0.99±0.63 0.35±0.47 0.08±0.09 3.21

Post-vaccination/post-viral 5 (7.8) 3 (60.0) 39.1±23.1 1.64±1.15 0.46±0.58 0.25±0.25 2.86

Acute demyelinating 
encephalomyelitis–related

2 (3.1) 2 (100) 29.8 2.04 0.15 0.15 -

Myelin oligodendrocyte glycoprotein 
antibody–associated disease–related

1 (1.6) 1 (100) 30.2 1.78 0.30 0.00 -

Total 64 (100) 46 (71.9) 41.4±15.0 1.60±0.92 0.74±0.74 0.47±0.79 3.26 (1.73-6.73)

*	Data are presented as mean±standard deviation or median (interquartile range)

Table 2. Factors associated with final visual acuity improvement in multiple linear regression

Variables β coefficient p Value

Sex -0.084 0.547

Age at presentation -0.015 0.003

Presentation before March 2011 -0.738 <0.001

Time from onset to presentation -0.029 0.087

Time from onset to treatment 0.004 0.661

Nadir visual acuity 0.532 <0.001

Visual acuity improvement on day 14 0.335 0.007

Etiology

Idiopathic Reference

Post-vaccine/post-viral, acute demyelinating encephalomyelitis–related, or myelin oligodendrocyte 
glycoprotein antibody–associated disease–related

0.011 0.959

Multiple sclerosis–related -0.213 0.294

Neuromyelitis optica spectrum disorder–related 0.383 0.030
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were included; 92% had ocular pain and 65% exhibited 
retrobulbar ON without optic disc swelling. Patients with 
bilateral ON or evidence of systemic disease that might 
cause ON (other than MS) were excluded. None of the 
patients had anti-AQP4 antibodies, and only 1.7% had 
MOG-IgG antibodies.1,3

In Chinese patients, however, ON tends to have an atypical 
presentation distinct from findings in the ONTT cohort.7,8 
Ocular pain is less prevalent, as demonstrated in the present 
study. Although anti-AQP4 antibody seropositivity among 
ON cases is uncommon in Western countries, it reportedly 
ranges from 20% to 43.5% among Chinese patients.4 In the 
present study, 25% of patients had NMOSD-related ON; they 
were significantly older than patients with MS-related ON. 
Only one patient had MOGAD-related ON. The numbers of 
patients with NMOSD- or MOGAD-related ON were likely 
underestimated because NMO and MOG serology testing 
only became routinely available in our center after March 
2011 and April 2019, respectively.

NMOSD was considered a variant of MS but is now 
recognized as a distinct disease. NMOSD-related ON 
significantly differs from typical MS-related ON; it is 
characterized by a stronger predilection to women, a 
high incidence of bilaterality, severe visual loss, frequent 
involvement of the optic chiasm and a long segment of 
the optic nerve, and a high risk of recurrence. In the past, 
many cases of NMOSD-related ON were misdiagnosed as 
idiopathic ON. The expanding arrays of serological markers 
and increasing availability of anti-AQP4 antibody testing 
have led to improved diagnostic accuracy. Typical ON is 
often spontaneously resolved without treatment; however, 
delayed initiation of steroid treatment can be detrimental to 
the final visual outcome for NMOSD-related ON, which has 
a poor prognosis and risk of blindness.7-11

Similarly, MOGAD is now recognized as a distinct disorder 
commonly affecting children and young adults; it typically 
does not exhibit sex bias, unlike MS or NMOSD. Up to 
50% of MOGAD-related ON is bilateral, and disc swelling 
is common. Patients with MOGAD-related ON are more 
likely to display longitudinally extensive involvement 
of the optic nerve and perineural enhancement on 
magnetic resonance imaging (MRI); they are very steroid-
responsive and sometimes steroid-dependent, requiring 
slow tapering of oral steroid treatment and even long-term 
immunosuppressant therapy, especially in recurrent cases. 
MOGAD can be monophasic or relapsing, but there is no 
progressive phase. Although initial visual loss can be severe, 
similar to NMOSD-related ON, final visual outcomes 
generally are better.9-14

Non-infectious differential diagnoses of acute ON include 
demyelinating disease (with or without concurrent MS), 
NMOSD, and MOGAD. Historically, typical ON was 
diagnosed via clinical examination; MRI of the brain 
was performed to predict future risk of MS development. 
Considering the improved understanding of the radiological 

features of NMOSD- and MOGAD-related ON, MRI can 
now be used to differentiate etiologies of ON. Since the 
discovery of anti-AQP4 and MOG-IgG antibodies, tests of 
these antibodies have been recommended to guide treatment 
for all patients with acute ON. Cell-based assays are the 
preferred serological tests for anti-AQP4 and MOG-IgG 
antibodies. However, the turnaround time for these tests 
can take 1 to 2 weeks.9,15-17 In the acute setting, where the 
diagnosis of ON is certain but the underlying etiology is 
unknown, clinicians must decide whether to initiate steroid 
treatment. Steroid was considered optional in ONTT, but it 
is important to note that almost all cases in the ONTT were 
idiopathic or MS-related and thus application of the ONTT 
findings to Chinese population is limited.

In our hospital, we routinely offer pulse intravenous steroid 
treatment followed by an oral taper regimen for patients with 
ON. We advocate early steroid treatment for Chinese patients, 
considering the different disease spectrum compared with 
Caucasians. In the present study, NMOSD-related ON was 
significantly associated with greater final VA improvement. 
This highlights its unique features: high responsiveness 
to and dependence on steroid treatment and presentation 
with more severe visual loss. VA improvement on day 
14 was an important predictor of final VA improvement. 
In clinical settings, VA improvement on day 14 can help 
clinicians determine the speed of oral steroid tapering and 
communicate with patients to adjust expectations for visual 
recovery. Additionally, we identified age as an independent 
predictor of smaller final VA improvement, consistent with 
previous findings.18 We speculate that older people have less 
neuroplasticity and are more likely to have vasculopathy 
that can predispose them to additional ischemic injury 
during episodes of optic nerve inflammation.

Serologic testing for anti-AQP4 antibodies was introduced 
to our laboratory in March 2011; it was initially performed in 
patients with high clinical suspicion of NMOSD but quickly 
became free of charge for any patient with suspected ON and 
is now the standard practice. Although the turnaround time 
is 1 to 2 weeks, anti-AQP4 antibody testing enables earlier 
and more accurate diagnosis of NMOSD, as well as earlier 
initiation of steroid and immunosuppressant treatments for 
NMOSD. In patients with refractory ON, plasmapheresis is 
effective for NMOSD- or MOGAD-related ON and can be 
offered more promptly when the diagnosis is made.9,19 

All patients with NMOSD-related ON or severe or recurrent 
attacks of MOGAD-related ON require maintenance 
immunosuppressants such as azathioprine, mycophenolate 
mofetil, and rituximab. For the management of NMOSD, 
newer biologics such as eculizumab (complement activation 
inhibitor), tocilizumab, and satralizumab (anti-interleukin-6 
antibody) have demonstrated superior efficacy. Thus, 
patients with NMOSD and MOGAD should be co-managed 
by ophthalmologists, neurologists, and rheumatologists.20-24

Limitations of the present study include its retrospective 
nature and evaluation of visual function with VA alone; 
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data regarding color vision, visual field, contrast sensitivity, 
or anatomical evaluations (eg, retinal nerve fiber layer 
thickness on optical coherence tomography) were either 
incomplete or unavailable. The proportions of patients with 
NMOSD-related ON and MOGAD-related ON were likely 
underestimated because patients who presented before the 
introduction of anti-AQP4 or MOG-Ig serology tests were 
likely to have been misdiagnosed as having idiopathic ON.

Conclusion

Because treatment outcomes differ among MS-, NMOSD-, 
and MOGAD-related ON, ophthalmologists should be aware 
of new biomarkers for ON; NMO and MOG serology testing 
should be conducted for all patients with ON, in addition to 
MRI of the brain and orbit. In the Chinese population, a 
considerable proportion of patients with acute ON exhibit 
atypical disease characteristics; therefore, pulse intravenous 
steroid treatment should be considered necessary (rather 
than optional), even before serology results are available. 
Over the years, VA improvement is likely the result of 
enhanced investigations and more aggressive treatment of 
NMOSD-related ON.
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Introduction

Glaucoma is a neurodegenerative eye disease characterized 
by progressive retinal ganglion cell loss and distinctive 
visual field changes. Approximately 80 million people 
were affected worldwide in 2020; the number is anticipated 
to increase to 112 million by 2040.1 Glaucoma remains a 
leading cause of irreversible blindness. Although various 
risk factors contribute to its development, lowering 
intraocular pressure (IOP) is the most effective way to delay 
the disease’s progression.

Traditionally, the treatment algorithm for glaucoma follows 

Abstract

Objective: To evaluate the safety and efficacy of 
micropulse transscleral laser therapy (MPTLT) in patients 
with glaucoma at a tertiary eye center in Hong Kong.
Methods: Medical records of patients who underwent 
MPTLT at Hong Kong Eye Hospital between 1 August 
2020 and 31 July 2021 were retrospectively reviewed. 
Successful treatment was defined as a postoperative 
intraocular pressure (IOP) between 6 and 21 mmHg or a 
20% reduction in IOP from baseline, without an increase 
in glaucoma medications (topical or oral) or additional 
glaucoma interventions.
Results: In total, 205 eyes underwent MPTLT either 
for the first time (n=100) or retreatment (n=105). The 
mean preoperative visual acuity was 1.6 LogMAR, and 
42 (20.5%) eyes had a baseline visual acuity of light 
perception or worse. The mean preoperative IOP was 
27.7 mmHg. All the patients were on the maximum 
tolerated medical therapy prior to undergoing MPTLT; 
the mean number of preoperative topical anti-glaucoma 
medications was 4.1. The mean energy administered 
was 116.4 J. The overall success rates were 64.9% at 1 
month, 51.7% at 3 months, 42.4% at 6 months, 31.2% 
at 1 year, and 29.3% at 18 months. Success rates were 
comparable across all time points for both groups. At 18 
months or the last visit before additional intervention, the 
mean IOP reduced 11.3% to 23.3 mmHg (p<0.001), and 
approximately 23% of patients had an IOP reduction of 
at least 20%. The mean number of topical anti-glaucoma 
medications required decreased 5.3% from 4.1 to 
3.9 (p=0.003). The decrease was significant in eyes 

undergoing first-time MPTLT (p=0.004). The percentage 
of eyes requiring an oral carbonic anhydrase inhibitor 
also decreased from 72.2% to 44.9% (p<0.001). Patients 
who received intermediate-energy MPTLT experienced 
a greater reduction in the number of topical glaucoma 
medications and in eyes requiring oral carbonic anhydrase 
inhibitor (acetazolamide) than patients who received 
low-energy MPTLT. Of 205 eyes, 124 (60.5%) required 
a mean of 1.9 additional interventions per eye; the median 
time to the first additional intervention was 3.0 months. 
Overall, eight (3.9%) eyes developed complications after 
MPTLT.
Conclusions: MPTLT is a safe and effective treatment 
modality for various glaucoma subtypes, reducing 
IOP and the need for topical and oral anti-glaucoma 
medication. The optimal treatment parameters remain 
to be determined.
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a stepwise approach that comprises topical medication, laser 
therapy, and surgery, each with differing levels of efficacy 
and risks. Since the 1930s, cyclodestructive procedures 
have been used to coagulate or destroy the ciliary body, 
aiming to reduce aqueous humor production.2 Various 
methods can be used for cyclodestruction, including 
diathermy, surgical excision, cryotherapy, ultrasound, 
and laser therapy (cyclophotocoagulation). To date, both 
transscleral and endoscopic approaches have been used 
for cyclophotocoagulation.3 Transscleral diode laser 
cyclophotocoagulation (G-probe) used to be the primary 
modality for laser cyclophotocoagulation. However, 
it is associated with complications such as prolonged 
intraocular inflammation, hyphema, conjunctival burns, and 
cystoid macular edema, as well as higher rates of severe 
complications including hypotony, phthisis bulbi, malignant 
glaucoma, scleral perforation, and sympathetic ophthalmia.4 
Consequently, G-probe is typically a last resort for refractory 
glaucoma and eyes with poor visual potential.

Micropulse transscleral laser therapy (MPTLT) is a safer 
technique than G-probe for cyclophotocoagulation. Instead 
of a continuous laser transmission, MPTLT utilizes repetitive 
micropulses of diode laser (‘on’ cycles) interspersed with 
rest intervals (‘off’ cycles).5 It is postulated that the ‘off’ 
periods promote thermal dissipation, reducing heat build-
up and subsequent collateral tissue damage and adverse 
effects.6 MPTLT operates through three mechanisms of 
action: (1) subthreshold cell damage at the pigmented ciliary 
epithelium level and, to a lesser extent, the non-pigmented 
epithelium level; (2) increased uveoscleral outflow,7,8 
and (3) a pilocarpine-like effect (ie, the contraction of 
ciliary muscle longitudinal fibers, increasing aqueous 
humor outflow via the conventional pathway).9,10 MPTLT 
has demonstrated a lower incidence of complications 
than G-probe.6,11 Histological examinations of autopsied 
eyes treated with MPTLT reveal minimal changes in the 
normal tissue architecture surrounding the ciliary body.12 
MPTLT’s improved safety profile enables its earlier use to 
treat glaucoma. Its other advantages include repeatability, 
feasibility as an office procedure, reduced postoperative 
inflammation, and less need for intensive follow-up.

Methods

Medical records of patients who underwent MPTLT at 
Hong Kong Eye Hospital between 1 August 2020 and 31 
July 2021 were retrospectively reviewed. The start date 
was the implementation of the revised Iridex P3 delivery 
device (Iridex, Mountain View [CA], USA). Data collected 
included patient age, sex, ethnicity, glaucoma type and 
severity, history of glaucoma surgery, number of MPTLT 
received, MPTLT parameters, visual acuity, IOP, number of 
topical anti-glaucoma medications taken prior to treatment/
retreatment (calculated by adding the number of different 
medication classes), need for oral acetazolamide, incidence 
of complications, and need for retreatment or additional 
interventions. Where retreatment or additional interventions 
were required, the interval (in months) from the MPTLT 

to the first intervention and the form of intervention were 
noted. 

All MPTLT procedures were performed at Hong Kong 
Eye Hospital by or under the supervision of a glaucoma 
specialist. Preoperatively, patients received a retrobulbar 
block with 2% lidocaine and 0.75% bupivacaine in a 1:1 
ratio. The 810 nm laser (G6) was used with the Generation 
2 MicroPulse P3 handpiece. A speculum was used to ensure 
adequate exposure, and topical xylocaine gel was applied 
to facilitate probe movement. The handpiece was moved 
in a continuous sliding arc motion for 15 to 20 seconds 
each cycle, with consistent firm pressure perpendicular 
to the globe. The superior and inferior hemispheres of 
the eye were treated while avoiding the 3 and 9 o’clock 
positions, any areas of scleral thinning, pigmented or 
hemorrhagic conjunctiva, and sites of previous glaucoma 
surgery. Following MPTLT, patients were prescribed topical 
dexamethasone plus chloramphenicol eye drops 6 times per 
day for 2 weeks with initial continuation of all pre-laser 
hypotensive therapy. 

Successful treatment was defined as a postoperative IOP 
between 6 and 21 mmHg or a 20% reduction in IOP from 
baseline, without an increase in glaucoma medications 
(topical or oral) or additional glaucoma interventions. 
Patients’ data were recorded until the point of treatment 
failure or when additional oral glaucoma medications or 
interventions were needed. The decision to continue or 
taper the use of anti-glaucoma medications subsequently 
was based on the postoperative IOP measured at follow-ups 
and the physician’s discretion.

Statistical analysis was performed using SPSS (version 
29.0.2.0, IBM, New York, USA). A p value of <0.05 was 
considered statistically significant.

Results

In total, 205 eyes underwent MPTLT either for the first 
time (n=100) or retreatment (n=105) [Table 1]. The mean 
patient age was 67.4 years, and the male-to-female ratio 
was approximately 2:1. The most common diagnosis 
was primary open-angle glaucoma (35.1%), followed by 
neovascular glaucoma (18.5%), uveitic glaucoma (10.2%), 
and angle-closure glaucoma (9.3%). 

The mean preoperative visual acuity was 1.6 LogMAR, 
and 42 (20.5%) eyes had a baseline visual acuity of light 
perception or worse. The mean preoperative visual field 
index using the Humphrey visual field analyzer was 45.7%, 
with a baseline mean deviation of -20.0 dB and pattern 
standard deviation of 6.7 dB. 62 (30.2%) eyes had undergone 
at least one previous incisional glaucoma surgery. The mean 
preoperative IOP was 27.7 mmHg. All the patients were on 
the maximum tolerated medical therapy prior to undergoing 
MPTLT; the mean number of preoperative topical anti-
glaucoma medications was 4.1 (range, 2-5). 148 (72.2%) 
eyes required an oral carbonic anhydrase inhibitor.
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Compared with patients undergoing MPTLT for the first 
time, a higher proportion of patients undergoing MPTLT 
retreatment were male (p<0.001) and had uveitic glaucoma 
(p=0.016) and worse visual field index (p=0.026), mean 
deviation (p=0.010), and pattern standard deviation 
(p=0.011) at baseline. The two groups were comparable in 
terms of other clinical characteristics.

Regarding MPTLT parameters, the mean power was  
2151.6 mW for a mean duration of 173.5 s for a 31.3% duty 

cycle (Table 2). The total energy in joules (J) was calculated 
as power in watts (W) × total treatment duration in seconds 
(s) × duty cycle.8 The mean energy administered was  
116.4 J. Similar laser parameters were used for both the 
first-time treatment and retreatment groups. Patients were 
stratified by energy levels: low (<100 J, n=15), intermediate 
(100-<200 J, n=190), and high (≥200 J, n=0).

The overall success rates were 64.9% at 1 month, 51.7% at 
3 months, 42.4% at 6 months, 31.2% at 1 year, and 29.3% at 

Table 1. Clinical characteristics of patients undergoing micropulse transscleral laser therapy (MPTLT)

All eyes (n=205)* Eyes undergoing 
first-time MPTLT 

(n=100)*

Eyes undergoing 
MPTLT retreatment 

(n=105)*

p Value

Age, y 67.4±15.0 67.4±15.6 67.4±14.4 0.755

Sex <0.001

Male 136 (66.3) 55 (55) 81 (77.1)

Female 69 (33.7) 45 (45) 24 (22.9)

Ethnicity 0.972

Chinese 203 99 104

Others 2 1 1

Glaucoma

Primary open-angle 72 (35.1) 40 (40.0) 32 (30.5) 0.153

Neovascular 38 (18.5) 16 (16.0) 22 (21.0) 0.362

Uveitis 21 (10.2) 5 (5.0) 16 (15.2) 0.016

Angle-closure 19 (9.3) 12 (12.0) 7 (6.7) 0.188

Silicone oil-related 10 (4.9) 5 (5.0) 5 (4.8) 0.937

Aphakia 8 (3.9) 4 (4.0) 4 (3.8) 0.944

Iridocorneal endothelial syndrome 7 (3.4) 3 (3.0) 4 (3.8) 0.750

Post-keratoplasty 6 (2.9) 3 (3.0) 3 (2.9) 0.952

Uveitis-glaucoma-hyphema syndrome 5 (2.4) 3 (3.0) 2 (1.9) 0.611

Red cell 4 (2.0) 2 (2.0) 2 (1.9) 0.961

Others (juvenile open-angle glaucoma, normal tension 
glaucoma, epithelial downgrowth, trauma, aniridia, congenital 
glaucoma, painful blind eye)

15 (7.3) 7 (7.0) 8 (7.6) 0.865

No. of topical intraocular pressure–lowering medications used 4.1±0.7 4.2±0.7 4.0±0.7 0.217

Use of oral carbonic anhydrase inhibitor 148 (72.2) 74 (74.0) 74 (70.5) 0.574

Preoperative intraocular pressure, mmHg 27.7±8.7 28.5±9.5 27.0±7.9 0.349

Visual acuity, LogMAR 1.6±1.0 (0.18-3.0) 1.5±1.0 (0.1-3.0) 1.7±0.9 (0.18-3.0) 0.263

Visual field index, % 45.7±34.3 53.7±30.3 38.5±36.4 0.026

Mean deviation, dB -20.0±9.5 -17.7±8.8 -22.4±9.7 0.010

Pattern standard deviation, dB 6.7±3.7 7.7±3.7 5.9±3.5 0.011

Prior glaucoma surgery 62 (30.2) 31 (31.0) 31 (29.5) 0.818

*	Data are presented as mean±standard deviation, No. (%) of patients, No. of patients, or mean ± standard deviation (range)
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18 months (Table 3). Success rates were comparable across 
all time points for both groups. 

At 18 months or the last visit before additional intervention, 
the mean IOP reduced 11.3% to 23.3 mmHg (p<0.001, 
Table 4), and approximately 23% of patients had an IOP 
reduction of at least 20% (Table 5).

Overall, the mean number of topical anti-glaucoma 
medications required decreased 5.3% from 4.1 to 3.9 
(p=0.003, Table 6). The decrease was significant in eyes 
undergoing first-time MPTLT (p=0.004) but not in eyes 
undergoing MPTLT retreatment (p=0.278). The percentage 
of eyes requiring an oral carbonic anhydrase inhibitor 

also decreased from 72.2% to 44.9% (p<0.001). The two 
groups were comparable in terms of tapering the use of oral 
acetazolamide.

Patients who received intermediate-energy MPTLT 
experienced a greater reduction in the number of topical 
glaucoma medications and in eyes requiring oral carbonic 
anhydrase inhibitor (acetazolamide) than patients who 
received low-energy MPTLT (Table 7). Nevertheless, the 
overall success rates were comparable between groups.

Of 205 eyes, 124 (60.5%) required a mean of 1.9 
additional interventions per eye; the median time to the 
first additional intervention was 3.0 months (Table 8). The 

Table 2. Micropulse transscleral laser therapy (MPTLT) parameters

All eyes (n=205)* Eyes undergoing first-time 
MPTLT (n=100)*

Eyes undergoing MPTLT 
retreatment (n=105)*

p Value

Power, mW 2151.6±202.5 (1500-2500) 2150.5±192.8 (1900-2500) 2154.0±212.6 (1500-2500) 0.921

Duration, s 173.5±20.0 (100-240) 172.2±15.3 (120-200) 174.7±23.6 (100-240) 0.575

Duty cycle, % 31.3 31.3 31.3

Energy, J 116.4±14.4 (70.4-156.5) 115.7±13.1 (75.1-148.7) 117.2±15.5 (70.4-156.5) 0.223

Energy level, J -

Low (<100) 15 (7.3) 8 (8.0) 7 (6.7)

Intermediate (100-<200) 190 (92.7) 92 (92.0) 98 (93.3)

High (≥200) 0 0 0

*	Data are presented as mean, mean ± standard deviation (range), or No. (%) of patients

Table 3. Success rates at different time points after micropulse transscleral laser therapy (MPTLT)

Postoperative time point All eyes (n=205)* Eyes undergoing first-time 
MPTLT (n=100)*

Eyes undergoing MPTLT 
retreatment (n=105)*

p Value

1 month 133 (64.9) 64 (64.0) 69 (65.7) 0.884

3 months 106 (51.7) 51 (51.0) 55 (52.4) 0.889

6 months 87 (42.4) 42 (42.0) 45 (42.9) 0.999

12 months 64 (31.2) 33 (33.0) 31 (29.5) 0.652

18s months 60 (29.3) 28 (28.0) 32 (30.5) 0.760

*	Data are presented as No. (%) of patients.

Table 4. Intraocular pressure before and after micropulse transscleral laser therapy (MPTLT)

Intraocular pressure, mmHg All eyes (n=205)* Eyes undergoing first-time 
MPTLT (n=100)*

Eyes undergoing MPTLT 
retreatment (n=105)*

p Value

Preoperative 27.7±8.7 (7-64) 28.5±9.5 (11-64) 27.0±7.9 (7-52) 0.349

Postoperative 18 months 23.3±9.2 (5-58) 23.0±9.3 (9-56) 23.6±9.1 (5-58) 0.559

p Value <0.001 <0.001 <0.001

*	Data are presented as mean ± standard deviation (range) unless otherwise indicated
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most common additional intervention was repeat MPTLT 
(33.1%), followed by G-probe (16.1%), MPTLT plus 
G-probe (16.1%), MPTLT/G-probe plus surgery (12.1%), 
trabeculectomy (11.3%), MPTLT plus G-probe plus selective 
laser trabeculoplasty (4.0%), selective laser trabeculoplasty 
(3.2%), insertion of a glaucoma drainage device (1.6%), and 
others (2.4%). Both groups were comparable in terms of the 
number of eyes requiring additional interventions and the 
number of additional interventions.

Overall, eight (3.9%) eyes developed complications after 
MPTLT. No eyes developed macular edema, hypotony, or 
phthisis bulbi. Among eyes with 20/400 vision or better, 

none experienced permanent vision loss of >2 Snellen lines. 
However, six eyes with light perception to count finger 
vision progressed to no light perception vision. Additionally, 
one eye developed corneal decompensation at 1 month, 
necessitating endothelial keratoplasty. Another eye had a 
flare-up of underlying anterior uveitis and decreased visual 
acuity secondary to a persistent corneal epithelial defect and 
corneal scar formation.

Discussion

MPTLT is a safe and effective treatment for various types of 
glaucoma, significantly reducing IOP and the use of topical 
and systemic anti-glaucoma medications for up to 18 months. 
Although eyes undergoing MPTLT retreatment had worse 
visual field parameters at baseline, they were comparable 
with eyes undergoing first-time MPTLT in terms of success 
rate, IOP control, need for oral acetazolamide, and need for 
additional interventions. Intermediate-energy MPTLT was 
more effective than low-energy MPTLT in reducing the 
need for topical and systemic anti-glaucoma medications, 
with a comparable safety profile.

In our patients, the mean preoperative IOP was 27.7 (range, 
7-64) mmHg. It is uncommon to perform MPTLT on an eye 
with an IOP of 7 mmHg. Before MPTLT, the patient’s IOP 
was uncontrollable despite receiving the maximum tolerated 
medical therapy until he was given the highest dose of 
oral acetazolamide, which he was unable to wean off. The 
postoperative period was uneventful with no complications, 
and the patient was able to wean off oral acetazolamide with 
no need for retreatment at 18 months.

Table 5. Percentage of eyes with ≥20% reduction in intraocular 
pressure after micropulse transscleral laser therapy (MPTLT)

Postoperative 
time point

% of eyes with ≥20% reduction in 
intraocular pressure

p Value

Eyes undergoing 
first-time 

MPTLT (n=100)

Eyes undergoing 
MPTLT 

retreatment 
(n=105)

1 month 50.0 44.8 0.486

3 months 36.0 31.4 0.555

6 months 29.0 31.4 0.762

12 months 19.0 23.8 0.496

18 months 23.0 23.8 0.999

Table 6. Change in topical and systemic medication need before and after micropulse transscleral laser therapy (MPTLT)

Medication All eyes (n=205)* Eyes undergoing first-
time MPTLT (n=100)*

Eyes undergoing 
MPTLT retreatment 

(n=105)*

p Value

No. of topical medications

Preoperative 4.1±0.7 4.2±0.7 4.0±0.7 0.217

Postoperative 18 months 3.9±1.1 3.8±1.3 3.9±0.1 0.832

p Value 0.0030 0.0040 0.278

% of eyes on oral acetazolamide

Preoperative 72.2 74.0 70.5 0.574

Postoperative 18 months 44.9 46.0 43.8 0.752

p Value <0.001 <0.001 <0.001

Acetazolamide need -

Reduced 91 (44.4) 43 (43.0) 48 (45.7)

Increased 28 (13.7) 15 (15.0) 13 (12.4)

Unchanged 41 (20.0) 21 (21.0) 20 (19.0)

Not required throughout 45 (22.0) 21 (21.0) 24 (22.9)

*	Data are presented as mean ± standard deviation or No. (%) of patients unless otherwise indicated
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Table 7. Postoperative outcomes by energy level

Low energy (<100 J) [n=15]* Intermediate energy (100-<200 J) 
[n=190]*

p Value

Success rate

1 month 11 (73.3) 122 (64.2) 0.476

3 months 11 (73.3) 95 (50.0) 0.082

6 months 8 (53.3) 79 (41.6) 0.375

12 months 6 (40.0) 58 (30.5) 0.446

18 months 5 (33.3) 55 (28.9) 0.719

% of intraocular pressure reduction 13.3 11.2

No. of topical medications used

Preoperative 4.3±0.5 4.1±0.7 0.370

Postoperative 18 months 3.5±1.7 3.9±1.1 0.803

p Value 0.078 0.014

% of eyes on oral acetazolamide

Preoperative 73.3 72.1 0.919

Postoperative 18 months 60.0 42.6 0.192

p Value 0.699 <0.001

*	Data are presented as mean, mean ± standard deviation, or No. (%) of patients unless otherwise indicated

Table 8. Need for additional interventions after micropulse transscleral laser therapy (MPTLT)

Additional intervention All eyes (n=205)* Eyes undergoing first-
time MPTLT (n=100)*

Eyes undergoing MPTLT 
retreatment (n=105)*

p Value

Eyes requiring additional interventions 124 (60.5) 59 (59.0) 65 (61.9) 0.775

No. of additional interventions 1.9±1.2 (1-8) 2.0±1.4 (1-8) 1.9±1.1 (1-5) 0.709

Time to first additional intervention, mo 3.0±4.2 (0.25-18) 3.0±4.2 (1-18) 3.0±4.1 (0.25-18) 0.714

Type of additional intervention -

Surgical 34 (27.4) 20 (33.9) 14 (21.5)

Non-surgical 90 (72.6) 39 (66.1) 51 (74.5)

*	Data are presented as mean ± standard deviation (range) or No. (%) of patients

The MPTLT success rates vary from 26% to 100%, as do 
retreatment rates from 0% to 46%.13 These differences 
can be explained by the diverse combinations of treatment 
parameters and heterogenous patient populations, which 
make direct comparisons difficult. In our patients, the 
overall retreatment rate was 60.5%, and the median time 
to retreatment was 3.0 months. This higher retreatment 
rate was in part due to the lower laser power used (range,  
1500-2500 mW), compared with the 2000-2500 mW 
recommended by the manufacturer. Our cohort comprised 
eyes with various glaucoma subtypes such as neovascular 
glaucoma (18.5%) and uveitic glaucoma (10.2%), which are 
associated with worse prognoses14 and higher retreatment 
rates than primary open-angle glaucoma.5,13,15 Furthermore, 
20.5% of eyes had a baseline visual acuity of light perception 

or worse and were unable to perform a Humphrey visual 
field analysis. The preoperative visual field mean deviation 
of -20.0 dB would therefore have been underestimated. 
There was no standardized set of indications for retreatment 
or additional interventions, and the decision was based on 
the physician’s discretion at each follow-up visit, which 
may have contributed to the higher retreatment rate. 

MPTLT is a safe procedure for both keratoplasty-naïve 
and post-keratoplasty eyes.16-18 In 61 eyes with mild to 
advanced glaucoma treated with MPTLT, three (4.9%) eyes 
had corneal decompensation, and all three had previous 
corneal pathologies (herpetic keratitis, Fuchs’ endothelial 
dystrophy, and bullous keratopathy).19 In 14 eyes with 
refractory glaucoma treated with MPTLT, one (5%) eye 
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developed corneal decompensation at 3 years; the eye had 
a history of multiple intraocular surgeries.20 Among our 
patients, one eye developed corneal decompensation 1 
month after MPTLT, necessitating endothelial keratoplasty. 
The patient had uveitic glaucoma with a history of 
trabeculectomy for more than two decades. Preoperatively, 
there was no clinical evidence of corneal pathologies or 
early signs of decompensation. The MPTLT parameters 
were within intermediate ranges (2000 mW power, 160 
seconds duration, total energy 100.2 J). Therefore, specular 
microscopy examination prior to treatment is advocated for 
patients at risk of postoperative corneal decompensation 
including inherited or acquired endothelial deficiencies, 
post-keratoplasty eyes, uveitic glaucoma, history of herpetic 
eye disease, and eyes with multiple previous intraocular 
procedures.

A laser energy level of <112 J is associated with a lower 
complication rate, but the treatment efficacy tends to be 
short-lived. In contrast, medium-energy levels (100 to 
<200 J) result in higher success rates and longer-lasting 
effects while maintaining a favorable safety profile.21 In 
our patients, 93.2% of eyes received treatment within the 
intermediate energy range; the mean energy used was 116.4 J  
and the maximum energy used was 156.5 J. How higher 
energy levels affect treatment outcomes could be explored.

Fluence is proposed to be a more representative metric than 
total energy in predicting clinical outcome.22 Fluence at the 
scleral surface (J/cm2) is calculated as power in watts (W) ×  
duty cycle (31.3%) × dwell time/area of the laser spot (for the 
Generation 2 (Rev 2) probe with a spot diameter of 600 μm,  
equivalent to an area of 0.0028 cm2). The dwell time is 
the stationary pulse duration during which equal energy 
is deposited per unit area per unit time, which depends on 
the laser probe’s sweep velocity. Fluence can be increased 
either by increasing the treatment power or decreasing the 
sweep velocity. When stratifying patients based on the 
median fluence level of 52.4 J/cm2, total energy used is 
not associated with reduced IOP, but fluence is positively 
associated with reduced IOP.22 Patients with fluence   
>52.4 J/cm2 consistently achieve higher IOP reduction of 
≥50% from baseline, despite similar total energy used. 
Among cohorts with the same fluence level, IOP reduction 
ranges from 28.5% to 49.0%, which indicates that other 
variables affect treatment efficacy. Nonetheless, the review 
study is limited by the small number of studies considered 
and the variation in patient inclusion criteria.

Limitations of the present study include its retrospective 

nature and lack of a standardized set of indications for 
anti-glaucoma medications, retreatment, or additional 
interventions. However, the sample size was large, various 
glaucoma subtypes were included, and the follow-up 
duration was up to 18 months.

Conclusion

MPTLT is a safe and effective treatment modality for 
various glaucoma subtypes, reducing IOP and the need for 
topical and oral anti-glaucoma medication. The optimal 
treatment parameters remain to be determined. The use of 
standardized laser parameters and techniques including 
sweep velocity and number of sweeps per hemisphere is 
advocated to enable systematic evaluation of dose-response 
relationships and comparison of results across studies.
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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  
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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



28

REVIEW ARTICLE

HKJOphthalmol  Vol.28 No.1

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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Introduction

Dry eye disease (DED) is characterized by tear film 
instability and ocular surface inflammation, resulting in 
ocular distress and visual impairment.1 Despite its increasing 
incidence worldwide, DED is commonly underdiagnosed.2-4 
Moderate-to-severe DED can result in substantial decreases 
in productivity and daily activities.5 Currently, treatments 
for DED are not standardized.6,7 In this systematic review, 
we aimed to analyze the effectiveness and safety of five 
therapeutic options for moderate-to-severe DED: hyaluronic 
acid (HA), topical steroids, cyclosporine A (CsA), serum 
eyedrops, and lifitegrast. Additionally, we sought to provide 
guidance concerning selection of appropriate treatment 
options for moderate-to-severe DED. Other treatment 
options (eg, topical and oral secretagogues, tacrolimus, 
macrolides, and vitamins A and E) were not included in 
the analysis owing to the unavailability of secretagogues in 

Abstract

Dry eye disease is characterized by impaired tear film 
homeostasis and ocular surface inflammation. Topical 
ocular medications for moderate-to-severe dry eye 
disease include hyaluronic acid (HA), cyclosporine 
A (CsA), serum eyedrops, and lifitegrast. Effective 
HA-based formulations and regimens include topical 
aqueous HA 0.15% and 0.18%, HA gel 0.30%, sequential 
administration of HA 0.30% and 0.15%, a combination 
of HA 0.15% and polyethylene glycol, and multi-agent 
eyedrops containing 0.15% HA. Preservative-free 
hydrocortisone and loteprednol, known as soft steroids, 
are effective and have a reduced risk of steroid-related 
adverse effects. Effective CsA formulations include 
0.05% CsA gel, CsA nanoemulsions, water-free CsA, and 
CsA combinations with lubricants (eg, HA). Autologous, 
allogeneic, and umbilical cord serum eyedrops, as well 
as the novel lymphocyte function-associated antigen-1 
antagonist lifitegrast, are also effective. Various treatment 
options may improve treatment adherence. Long-term 

and large-scale studies are required to confirm the 
therapeutic efficacies of these treatments.
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Hong Kong, the specific use of tacrolimus for lid eczema, 
the targeted nature of macrolides for meibomian gland 
dysfunction, and the roles of vitamin A and E as additives in 
lubricants and ointments, respectively. 

Methods

On 30 December 2023, we searched PubMed using the 
keywords ‘moderate to severe dry eye disease’ AND 
‘treatment’. We identified 450 randomized controlled 
studies written in English and published between 2015 and 
2023. After excluding duplicates, reviews, editorials, and 
case reports/series, as well as studies of other treatment 
options, we included 20 studies related to the five treatment 
options (HA, topical steroids, CsA, serum eyedrops, and 
lifitegrast) for moderate-to-severe DED, which was defined 
as a severity level of ≥2 according to the Dry Eye Workshop 
I grading scheme.8

Hyaluronic acid

HA is a viscoelastic anionic glycosaminoglycan that binds 
water and resists dehydration, thereby increasing ocular 
surface lubrication, tear stability, epithelium healing, 
and relief of DED symptoms.9,10 Although topical HA 
at concentrations of 0.1% to 0.2% is effective for milder 
DEDs,11-13 its therapeutic efficacy for moderate-to-severe 
DED remains unclear.

Topical HA at concentrations of 0.15% to 0.30% was 
effective for moderate-to-severe DED (Table 1). Topical 
0.15% HA was comparable to 0.05% CsA in terms of 
improving tear breakup time (TBUT), corneal staining 
score (CSS1), strip meniscometry score, and ocular 
surface disease index (OSDI) after 12 weeks (all p<0.05).14 
In addition, topical 0.18% HA drops were effective in 
improving the CSS1, conjunctival staining score, TBUT, 

Table 1. Studies of hyaluronic acid for moderate-to-severe dry eye disease

Study No. of 
patients

Intervention Evaluation 
timepoint

Findings Limitations

Lee et al,14 
2022 

438 0.15% HA drop 6 times daily vs 
0.05% CsA drop twice + 0.5% 
carboxymethylcellulose medication 
6 times daily vs 0.15% HA 6 times + 
0.05% CsA twice daily

Baseline, 
weeks 4 
and 12

0.05% CsA and 0.15% HA were comparable 
in terms of improvements in CSS1, TBUT, 
SMS, and OSDI. 0.15% HA was well-
tolerated and had lower prevalence of 
TRAEs.

Different instillation frequencies 
among groups, short follow-
up period, concomitant 
effect from co-existing 
carboxymethylcellulose 
medication

Calonge et 
al,15 2023 

70 0.30% HA gel vs 0.18% HA drop 4 to 6 
times daily

Baseline, 
days 35 
and 84

0.18% HA improved CSS1, CSS2, TBUT, 
DEQ-5, and ODSS at 84 days (all p<0.001). 
Both 0.18% HA drop and 0.30% HA gel 
were comparable in terms of CSS1, CSS2, 
TBUT, DEQ-5, and ODSS. Both HA 
formulations were well-tolerated, and no 
serious TRAEs were reported.

Short follow-up, small sample 
size, lack of placebo group, 
different etiologies causing 
biased results

Jun et al,16 
2022 

76 0.30% HA drop (1 drop) followed by 
0.15% HA drop (1 drop) vs 0.30% HA 
drop (2 drops) vs 0.15% HA drop (2 
drops) 4 times daily

Baseline, 
weeks 4 
and 8

Compared with 0.15% and 0.30% HA 
monotherapies, HA combination therapy is 
superior in terms of CSS1 (p<0.001) and 
OSDI (p=0.037). All formulations were 
well-tolerated, and no serious TRAEs were 
reported.

Short follow-up, lack of placebo 
group, open-label design 
(participants not blinded)

Labetoulle 
et al,17 2022 

78 Polyethylene glycol solution (0.15% 
HA and 0.5% PEG 8000) vs sodium 
hyaluronate (0.18% HA) 3 to 6 times 
daily as needed

Baseline, 
days 28 
and 90

Compared with 0.18% HA monotherapy, 
polyethylene glycol solution showed greater 
improvements in OSD-QoL, CSS1, and 
TBUT at 90 days (all p<0.05). Both drops 
were well-tolerated; no serious TRAEs were 
reported.

Short follow-up

Roszkowska 
et al,18 2022 

4 CXHAL drops vs trehalose drops 4 
times daily

Baseline, 
day 60

At 2 months, CXHAL drops showed 
significant improvements in SANDE 
(p=0.001), TBUT (p<0.001), and staining 
(p=0.004). Both CXHAL and trehalose were 
generally safe and well-tolerated; no serious 
TRAEs were reported.

Small sample size, short follow-
up

Abbreviations: CsA=cyclosporine A, CSS1=corneal staining score, CSS2=conjunctival staining score, CXHAL=cross-linked hyaluronic acid, trehalose, 
liposomes, and stearylamine, DEQ-5=5-item Dry Eye Questionnaire, HA=hyaluronic acid, ODSS=ocular dryness symptoms score, OSDI=ocular surface 
disease index, OSD-QoL=Ocular Surface Disease-Quality of Life, PEG=poly(ethylene glycol), SANDE=Symptom Assessment iN Dry Eye, SMS=strip 
meniscometry score, TBUT=tear breakup time, TRAE=treatment-related adverse event.
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ocular dryness symptoms score, and 5-Item-Dry-Eye-
Questionnaire score after 12 weeks (all p<0.001).15 Both 
0.30% HA gel and 0.18% HA aqueous drops improved the 
CSS1, TBUT, ocular dryness symptoms score, and 5-Item-
Dry-Eye-Questionnaire score after 12 weeks (all p<0.001); 
no dose-response relationship was observed.15

A single 0.30% HA drop followed by a single 0.15% HA 
drop significantly improved signs and symptoms (all 
p<0.05) and outperformed monotherapy with either HA 
drop in terms of the CSS1 (p<0.001) and OSDI (p=0.037) 
at 8 weeks.16 The effectiveness of HA was not dose-
dependent; the combination of 0.30% and 0.15% HA drops 
outperformed monotherapy with 0.30% HA drop. Compared 
with 0.18% HA monotherapy, a combination of 0.15% HA 
and polyethylene glycol resulted in greater improvements in 
CSS1, TBUT, and Ocular Surface Disease-Quality of Life 
questionnaire scores at 12 weeks (all p<0.05).17 CXHAL 
drops (containing 0.15% cross-linked HA, 3% trehalose, 1% 
liposomes, and 0.25% stearylamine) significantly improved 
TBUT (p<0.001), corneoconjunctival staining (p=0.004), 
and Symptom Assessment in Dry Eye score (p=0.001) at 
8 weeks.18

Concerning safety and tolerability, 0.15% aqueous HA, 
0.18% aqueous HA, 0.30% HA gel, the 0.15% HA and 
0.30% HA combination, polyethylene glycol, and CXHAL 
are well-tolerated and generally safe to use. Most treatment-
related adverse events (TRAEs) have been mild to moderate; 
patients were satisfied with the various HA regimens, 
formulations, and combinations.

Topical aqueous HA at concentrations of 0.15% and 0.18% 
is likely to provide effective relief for moderate-to-severe 
DED. Aqueous HA drops at concentrations of >0.18% have 
better ocular surface healing effects11,19,20 but are associated 

with suboptimal treatment outcomes (eg, hazy vision and 
ocular discomfort).19,21,22 HA gels enable administration of 
higher HA concentrations in a form that patients can tolerate. 
However, considering the non-dose-dependent relationship, 
it is unclear whether a higher HA concentration will have 
a greater therapeutic benefit. HA gels enable longer HA 
retention when administered before bedtime. Alternatively, 
combinations of HA with different lubricants can enhance 
the effects of HA; all-in-one HA drops can increase HA 
effectiveness while improving patient convenience and 
satisfaction.

Topical steroids

Topical steroids exert anti-inflammatory effects by reducing 
cytokine expression, preserving corneal epithelium 
integrity, enhancing tear production, and decreasing 
pro-inflammatory cytokine levels in tears.23-25 However, 
conventional steroid drops (eg, methylprednisolone and 
fluorometholone) often have adverse effects such as elevated 
intraocular pressure (IOP) and cataract development.26 
Newer steroid formulations, known as soft steroids, such 
as preservative-free hydrocortisone (PFH) and loteprednol 
can minimize adverse effects while maintaining anti-
inflammatory efficacy by limiting penetration through the 
anterior chamber.27-29 These newer drugs have reduced risks 
of elevated IOP and cataract development.

Regarding efficacy, in patients with Sjogren syndrome, 
a short-term pulsed regimen of topical 0.335% (low-
dose) PFH over 3 consecutive months, followed by 
alternating discontinuation and resumption of treatment 
in a 1-month interval for 3 months, effectively improved 
corneoconjunctival staining, tear film osmolarity, and OSDI 
(all p<0.05) [Table 2].30 Pulsed PFH demonstrated rapid 
symptom improvement and sustained anti-inflammatory 

Table 2. Studies of hyaluronic acid for moderate-to-severe dry eye disease

Studies No. of patients Intervention Evaluation 
timepoint

Findings Limitations

Menchini 
et al,30 
2023 

40 with Sjogren 
syndrome 

Topical PFH for 6 days with a pulsed 
posology: 3 times daily for 2 days, 
twice daily for 2 days, and once daily 
for 2 days for 3 consecutive months, 
followed by alternating discontinuation 
and resumption of treatment in a 
1-month interval for 3 months

Baseline, 
months 3 
and 6 

Topical PFH regimen improved OSDI, 
CSS1, CSS2, and tear film osmolarity 
throughout the study period (all p<0.05). 
There was no significant change in IOP at 
any timepoint.

Retrospective study design, 
short follow-up, non-
uniform concomitant topical 
lubricant treatments, lack of 
control group

Yin et al,31 
2018

42, including 
21 with chronic 
graft-vs-host-
disease

Loteprednol etabonate 0.5% vs 
artificial tears twice daily

Baseline, 
week 4

In patients without graft-vs-host disease, 
loteprednol treatment decreased the mean 
OSDI score by 34% (p=0.001) and the 
mean corneal fluorescein staining score 
by 41% (p=0.02). In patients with graft-
vs-host disease, loteprednol treatment led 
to minimal changes in OSDI (p=0.85) and 
corneal fluorescein staining (p=0.1).

Small sample size, lack of 
exclusion criteria concerning 
pre-existing ophthalmic 
regimens

Abbreviations: CSS1=corneal staining score, CSS2=conjunctival staining score, IOP=intraocular pressure, OSDI=ocular surface disease index, 
PFH=preservative-free hydrocortisone.
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effects beyond the treatment period; there were no 
significant differences in OSDI and TBUT values at 3 and 
6 months. In patients without graft-vs-host disease, twice-
daily application of loteprednol etabonate 0.5% (low-dose) 
ophthalmic suspension for 4 weeks significantly reduced 
OSDI (p=0.01) and corneal fluorescein staining (p=0.02).31 
However, patients with graft-vs-host disease experienced 
minimal changes in OSDI (p=0.1) and corneal fluorescein 
staining (p=0.85).31

Concerning safety, both PFH with pulsed posology and 
loteprednol etabonate 0.5% drops are generally safe. The 
topical PFH regimen showed a high level of safety, with 
no significant changes in IOP.30 Loteprednol etabonate 
0.5% drops had low rates of TRAEs and minimal impact on 
IOP.32,33 There were no specific safety concerns associated 
with the use of loteprednol etabonate 0.5% drops.31

PFH drops exhibit efficacy and safety comparable to 
conventional topical steroid drops (methylprednisolone 
and fluorometholone) for moderate-to-severe DED, 
particularly among patients with Sjogren syndrome.30 
Additionally, short-term (4 weeks) use of topical 0.5% 
(low-dose) loteprednol etabonate was effective in patients 
without graft-vs-host disease.31 PFH drops used in a pulsed 
regimen demonstrated prolonged efficacy despite treatment 
cessation.30 Soft steroids with a pulsed and tapered dosing 
schedule (6 days/month) can be used in patients with 
moderate-to-severe DED, especially those with Sjogren 
syndrome for whom lubricants alone are insufficient.30 
Further research is needed to confirm the role of soft 
steroids as a transitional therapy before CsA eye drops take 
full effect. However, in patients with graft-vs-host disease, 
topical steroids may have reduced efficacy and necessitate 
more frequent or prolonged treatment.31 Stronger anti-
inflammatory medications, such as CsA and lifitegrast, may 
be used to manage ocular surface inflammation in these 
patients.31

Cyclosporine A

Topical CsA suppresses inflammatory activities such as 
interleukin-2-mediated T-cell activation and lymphocyte 
migration.34 Although topical 0.05% CsA is effective for 
moderate-to-severe DED,35 its aqueous formulation is 
associated with ocular burning and stinging,36-38 which 
reduces patient adherence39,40 and leads to lower therapeutic 
effectiveness.38,41,42

Novel gel and nanoemulsion formulations of CsA can 
significantly improve the signs and symptoms of moderate-
to-severe DED (Table 3).43-46 Compared with 0.05% aqueous 
CsA, all 0.05% CsA gel (CyclAGel) regimens (0.05% once 
daily, 0.05% twice daily, and 0.1% once daily) improved 
the CSS1, TBUT, and Schirmer test score (ST1) at 12 weeks 
(all p<0.05).43 Furthermore, CyclAGels have greater overall 
effects than aqueous CsA; the once-daily regimen of 0.05% 
CyclAGel provided the greatest efficacy. In a phase III 
trial, the once-daily regimen of 0.05% CyclAGel elicited 

positive clinical response; a higher proportion of patients 
experienced at least a 1-point improvement in the inferior 
CSS1 (p<0.0001) and a greater improvement in the ST1 
(p<0.05) by day 84, compared with the vehicle.44 Similarly, 
a 0.08% CsA nanoemulsion preparation (TJO-087) 
significantly improved the OSDI, TBUT, CSS1, and ST1 at 
32 weeks.45 A 0.05% CsA micellar nanoparticle preparation 
yielded superior improvements in the CSS1, ST1, OSDI, 
and individual dry eye symptom scores, compared with an 
equivalent dose of aqueous CsA (p<0.05).46

In the ESSENCE-2 trial, water-free CsA (0.1%) 
demonstrated early therapeutic effects on the ocular surface, 
along with greater improvements in the total corneal 
fluorescein score at 15 days (p<0.05) and 29 days (p=0.03) 
and the central corneal fluorescein score at 15 days (p<0.05), 
compared with the aqueous vehicle.47 Combinations of 
lower-concentration CsA with trehalose (0.01% CsA and 
3% trehalose; 0.02% CsA and 3% trehalose) resulted in 
significant improvements in the CSS1, conjunctival staining 
score, TBUT, and Standard Patient Evaluation of Eye 
Dryness Questionnaire score (all p<0.05) at 12 weeks.48 
A combination of CsA with HA significantly reduced tear 
interleukin-6 levels at 1 month, compared with 0.1% CsA 
monotherapy (p<0.05).49 The percentages of improvement 
in the OSDI, TBUT, and ocular staining were consistently 
greater in the combination treatment group.

All CsA gel regimens and nanoparticle formulations are 
safe and well-tolerated, as are water-free CsA. No serious 
TRAEs have been recorded. Two major adverse events were 
reported in the water-free CsA trial, but they were not linked 
to the study drug. Patients receiving CsA combination 
therapies reported high levels of treatment satisfaction and 
no TRAEs.

Novel CsA formulations and combinations may enhance the 
effectiveness of topical CsA. Gels and nanoemulsions may 
improve treatment satisfaction and drug adherence, whereas 
the water-free formulation enables more rapid onset of 
therapeutic effects, thereby increasing treatment adherence 
despite modest TRAEs. The reduced tear interleukin-6 
levels suggest that combination therapies can enhance the 
anti-inflammatory effects of CsA.

Serum eyedrops

Blood derivatives supply tear components (eg, growth 
factors, vitamins, and proteins) to the ocular surface.50 
Blood sources are from the patient’s own peripheral blood 
(autologous) and donor tissues, particularly allogeneic 
peripheral blood and umbilical cord blood.51 These serum 
eyedrops are intended for patients with severe DEDs who 
have not responded to HA or CsA.52

Autologous serum eyedrops (ASEs), allogeneic serum 
eyedrops (HSEs), and umbilical cord serum eyedrops 
(USEs) are effective treatments for moderate-to-severe 
DED. Both 20% and 50% ASE preparations improved 
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the subjective and objective parameters of moderate 
DED (all p<0.05) [Table 4].53 However, only the 50% 
ASE preparation was effective in improving subjective 
and objective parameters of severe DED at 12 weeks (all 
p<0.05). HSEs and ASEs demonstrated similar efficacy 
in terms of improving the OSDI, TBUT, punctate lesions, 
and visual acuity by 1 month.54 USEs and ASEs produced 
persistent improvements in TBUT and tear protein levels 

(eg, lysozyme) at 12 weeks.55 All three types of serum 
eyedrops were similarly effective in terms of improving 
TBUT, ST1, visual acuity, and the fluorescein staining 
score among patients with severe DED.56

All three serum eyedrops are generally well-tolerated and 
safe to use. Only one study reported mild transient TRAEs 
after the use of ASEs and HSEs.

Table 3. Studies of cyclosporine A for moderate-to-severe dry eye disease

Studies No. of 
patients

Intervention Evaluation 
timepoint

Significant findings Limitations

Peng et 
al,43 2021 

240 0.05% CyclAGel once daily vs 
0.05% CyclAGel twice daily vs 
0.1% CyclAGel once daily vs 0.05% 
Restasis twice daily

Baseline, 
weeks 2, 6, 
and 12

Compared with 0.05% aqueous CsA, all 0.05% 
CyclAGel regimens improved the eye dryness 
score, dryness symptoms, CSS1, TBUT, and 
ST1 at 12 weeks (all p<0.05). 0.05% CyclAGel 
once daily showed the greatest overall efficacy. 
No serious TRAEs were noted; all CyclAGel 
regimens were safe and well-tolerated.

Open-label design, biased 
perception of symptom reporting 
due to formulation differences

Peng et 
al,44 2022 

627 0.05% CyclAGel vs vehicle drops 
once nightly

Baseline, 
days 14, 
42, and 84

Compared with patients receiving vehicle 
drops, more patients receiving 0.05% CyclAGel 
once nightly experienced at least a 1-point 
improvement in inferior CSS1 (p<0.0001) and 
a greater improvement in ST1 (p<0.05) by day 
84. 0.05% CyclAGel once nightly was well-
tolerated, and no serious TRAEs were reported.

Short follow-up, limited inclusion 
of patients with different DED 
etiologies

Eom et 
al,45 2023 

155 0.08% nanoemulsion CsA (TJO-087) 
once daily vs 0.05% emulsion CsA 
twice daily

Baseline, 
weeks 8, 
16, 24, and 
32

TJO-087 and CsA 0.05% showed similar 
improvements in OSDI, TBUT, CSS1, and ST1 
at 32 weeks. TJO-087 was well-tolerated, and 
no serious TRAEs were reported.

Possible unblinding of 
blinded design, confounding 
effect from concomitant 
carboxymethylcellulose 
medication

Rao et al,46 
2023 

90 0.05% CsA MNP twice daily for the 
entire period vs 0.05% CsA MNP 
twice daily for the first 4 weeks and 
once daily for the remaining period 
vs 0.05% Restasis twice daily for the 
entire period

Baseline, 
weeks 4, 8, 
12, and 24

Compared with Restasis, both CsA MNP 
formulations yielded superior improvements 
in CSS1, ST1, OSDI, and individual dry eye 
symptom scores (all p<0.05). No serious 
TRAEs were reported, and both MNP 
formulations were well-tolerated.

Endpoints susceptible to bias (eg, 
symptom score), short follow-up

Akpek et 
al,47 2023

817 Water-free 0.1% CsA drops vs 
vehicle twice daily

Baseline, 
days 15 
and 29

Water-free CsA yielded superior improvements 
in total corneal fluorescein score at 15 days 
(p<0.05) and 29 days (p=0.03) and in central 
corneal fluorescein score at 15 days (p<0.05). 
Two serious TRAEs were documented; neither 
was associated with the study drug.

Inclusion of mainly aqueous-
deficient DED patients, short 
follow-up

Shin et 
al,48 2021

114 HU00701 (0.01% CsA + 3% 
trehalose) vs HU007 (0.02% CsA + 
3% trehalose) vs placebo vs 0.05% 
Restasis (0.05% CsA)

Baseline, 
weeks 4, 8, 
and 12

Both HU00701 and HU007 significantly 
improved CSS1, CSS2, TBUT, and SPEED 
score by week 12 (all p<0.05). Both resulted in 
no major TRAEs and were well-tolerated.

Unclear minimum therapeutic 
dose of CsA, unclear synergistic 
effects between CsA and 
trehalose, phase II study without 
active competitor, Restasis only 
served as reference treatment

Priani et 
al,49 2023

20 0.1% CsA vs 0.1% CsA + 0.1% HA 
1 drop once daily

Baseline, 
month 1

Compared with patients receiving CsA 
0.1% monotherapy, more patients receiving 
combination therapy experienced improvements 
in OSDI, TBUT, ocular staining, and 
interleukin-6 levels. The CsA/HA combination 
was generally safe and well-tolerated.

Small sample size, short follow-
up period

Abbreviations: CsA=cyclosporine A, CyclAGel=cyclosporine A gel, CSS1=corneal staining score, CSS2=conjunctival staining score, DED=dry eye disease, 
HA=hyaluronic acid, MNP=micellar nanoparticle, OSDI=ocular surface disease index, SPEED=Standard Patient Evaluation of Eye Dryness, ST1=Schirmer 
test score, TBUT=tear breakup time, TRAE=treatment-related adverse event.
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The 20% ASE preparation is effective for moderate DED, 
whereas the 50% ASE preparation is effective for severe 
DED. HSEs and USEs are effective for moderate-to-severe 
DED in patients who are unable to provide blood owing to 
logistical or clinical restrictions.

Lifitegrast

Lifitegrast is a lymphocyte function-associated antigen-1 
antagonist specifically designed to treat DED.57 By 
suppressing T-cell adherence to intercellular adhesion 
molecule 1, lifitegrast prevents the interaction of integrin 
lymphocyte function-associated antigen-1 and intercellular 
adhesion molecule 1, thereby inhibiting the inflammatory 
cascade associated with DED.58,59 Lifitegrast is used in the 
treatment of patients with severe DED who exhibit resistance 
to standard DED medications such as HA and CsA.60

Two phase III trials evaluated the efficacy of lifitegrast 
in patients with moderate-to-severe DED (ie, a corneal 
fluorescein staining score of >1.5 and an eye dryness 
score of ≥60) [Table 5].61,62 In the OPUS-2 trial, compared 
with placebo, lifitegrast treatment did not lead to greater 
improvements in the inferior corneal fluorescein staining 
score (p=0.6186), total CSS1 (p=0.3711), or nasal 
lissamine staining score (p=0.6982) at 84 days; however, 
it significantly improved the eye dryness score (p<0.0001), 
ocular discomfort score (p=0.001), and eye discomfort score 
(p<0.0001) at 84 days.61 In the OPUS-3 study, lifitegrast 
was superior to placebo in improving the eye dryness score, 
symptoms of itching (p=0.032), foreign body sensations 
(p=0.042), and eye discomfort (p=0.005) at 42 days, 

Table 4. Studies of serum eyedrops for moderate-to-severe dry eye disease

Studies No. of 
patients

Intervention Evaluation 
timepoint

Findings Limitations

Kumari et al,53 
2023 

44 20% ASE vs 
50% ASE 

Baseline, 
weeks 2, 4, 
8, and 12

In moderate DED, both 20% and 50% ASE 
improved subjective and objective parameters 
(p<0.05), but in severe DED, only 50% ASE 
improved both objective and subjective parameters 
(p<0.05). Both ASE preparations were generally 
safe and well-tolerated. No serious TRAEs were 
documented.

Need for refrigeration during storage, 
short follow-up, lack of lissamine 
green and rose bengal staining, lack of 
impression cytology for ocular surface

van der Meer 
et al,54 2021

19 ASEs vs HSEs Baseline, 
month 1

ASEs and HSEs were comparable in terms of OSDI, 
TBUT, tear production, punctate lesions, and visual 
acuity. Both were well-tolerated and safe for use. 
TRAEs were mild and resolved completely.

Lack of inclusion criteria regarding graft-
vs-host disease or Stevens-Johnson 
syndrome, small sample size

Mukhopadhyay 
et al,55 2015

144 with 
Hansen’s 
disease

ASEs vs USEs Baseline, 
weeks 6 
and 12

Both USEs and ASEs significantly improved TBUT 
and tear protein levels at 12 weeks. Both were well-
tolerated, and no serious TRAEs were reported.

Short follow-up, possible confounding 
effects from systemic antileprosy therapy

Rodríguez 
Calvo-de-
Mora et al,56 
2022

63 (21 per 
arm)

ASEs vs HSEs 
vs USEs

Baseline, 
months 1 
and 3

All 3 therapies had similar effects in terms of 
improving visual acuity, ST1, TBUT, fluorescein and 
lissamine green staining scores, and questionnaire 
scores. All 3 therapies had good tolerability and 
safety. No TRAEs were documented.

Limited number of molecules determined 
and analyzed, lack of conjunctival 
impression cytology, lack of control group 
receiving conventional treatment

Abbreviations: ASE=autologous serum eyedrop, DED=dry eye disease, HSE=allogeneic serum eyedrop, OSDI=ocular surface disease index, ST1=Schirmer 
test score, TBUT=tear breakup time, TRAE=treatment-related adverse event, USE=umbilical cord serum eyedrop.

although lifitegrast did not exhibit greater effectiveness 
by day 84.62 Post hoc analysis further demonstrated the 
efficacy of lifitegrast against moderate-to-severe DED at 
all endpoints (p≤0.001).63 The greatest improvement was 
observed in patients with an inferior corneal fluorescein 
staining score of >1.5 and an eye dryness score of ≥60 at 
baseline.

Lifitegrast appears to be well-tolerated and safe. There have 
been no reports of serious ocular TRAEs; all TRAEs have 
been mild to moderate.

Lifitegrast is superior to topical CsA among patients with 
moderate-to-severe DED. Lifitegrast is effective as early 
as day 14. In contrast, topical CsA tends to have a delayed 
onset, and 16% to 29% of patients who use topical CsA may 
experience pain/irritation/burning in the eye.64,65

Discussion

The optimal approach for management of moderate-to-
severe DED is a stepwise and sequential approach. In 
patients with moderate-to-severe DED, HA drops can be 
used as the primary daytime treatment. Instillations of topical 
0.15% HA drops six times daily for 12 weeks provides relief 
comparable to CsA. For nighttime therapy requiring longer 
retention, a 0.30% HA gel formulation is recommended. 
It is important to note that the effectiveness of HA is not 
dose-dependent. Therefore, increased concentrations may 
not provide greater benefits. Combination HA therapies 
involving different lubricants can enhance the efficacy of 
HA, but further research is needed to confirm this finding.
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Table 5. Studies of lifitegrast for moderate-to-severe dry eye disease

Studies No. of patients Intervention Evaluation 
timepoint

Findings Limitations

Tauber et 
al,61 2015

718, including 413 with 
moderate-to-severe 
DED

Lifitegrast vs placebo 
twice daily

Baseline, 
days 14, 
42, and 84

Compared with placebo, lifitegrast yielded 
superior improvements in eye dryness 
(p<0.0001), ocular discomfort (p=0.0005), 
and eye discomfort (p<0.0001). Lifitegrast 
was generally well-tolerated and safe. Most 
TRAEs were mild to moderate.

Short follow-up, selection bias 
(inclusion of patients actively 
using artificial tears), exclusion 
of patients with active lid margin 
disease

Holland 
et al,62 
2017

711, including 390 with 
moderate-to-severe 
DED

Lifitegrast vs placebo 
twice daily

Baseline, 
days 14, 
42, and 84

Lifitegrast yielded superior improvements in 
symptoms of itching (p=0.032), foreign body 
sensations (p=0.042), and eye discomfort 
(p=0.005) at 42 days. Lifitegrast was generally 
safe and well-tolerated. Most TRAEs were 
mild to moderate.

Short follow-up, exclusion of 
patients with a history of LASIK 
in preceding 12 months and 
patients wearing contact lenses

Abbreviations: DED=dry eye disease, LASIK=laser in situ keratomileusis, TRAE=treatment-related adverse event.

For patients who do not respond to the HA regimen, short-
term use of topical soft steroids (eg, a pulsed regimen of 
PFH and loteprednol) is recommended. Topical soft steroids 
display efficacy comparable to conventional steroid drops 
while providing superior safety benefits with minimal 
effects on IOP. Short-term pulsed topical PFH is particularly 
beneficial for patients with Sjogren syndrome. However, 
topical soft steroids may be less effective in patients with 
graft-vs-host disease; these patients may require more 
frequent or longer duration of treatment.31 Alternatively, 
immunomodulatory agents such as CsA and lifitegrast can 
be used for ocular surface inflammation in patients with 
graft-vs-host disease.31 These medications have stronger 
anti-inflammatory effects and may be useful for patients 
who do not adequately respond to soft steroids.31 The use 
of 5.0% lifitegrast or 0.05% CsA twice daily for at least 
12 weeks can alleviate symptoms of moderate-to-severe 
DED.38,62,66 Patients with intolerable adverse effects from 
topical aqueous CsA can switch to gel or nanoemulsion 
formulations of CsA. Effective regimens include 0.05% 
CyclAGel once daily for 12 weeks and 0.08% nanoemulsion 
CsA (TJO-087) once daily for 32 weeks. Lifitegrast is 
recommended for patients who are sensitive to the adverse 
effects of aqueous CsA.

Patients who do not respond to anti-inflammatory 
medications, such as steroids and immunomodulatory 
agents, may consider ASEs. For moderate DED, we 
recommend using a 20% ASE preparation four times daily 
for 2 to 4 weeks. The 20% concentration is intended to 
prevent excessive antiproliferative effects.67 However, a 
50% ASE preparation may be needed for patients with 
severe DED. ASEs are considered the last resort for 
the management of moderate-to-severe DED; ASEs are 
associated with difficulties in preparation and refrigeration 
and risks of contamination.68 Human HSEs and USEs can 
be considered for patients who require serum eyedrops but 
are unable to provide their own blood because of logistical 
or clinical constraints.

Careful monitoring is essential to ensure patient compliance 
and to assess improvement in symptoms and signs. The 
timing of assessments for therapeutic success varies among 
different individuals and therapies.69 Assessment after 1 
to 3 months is recommended for most treatments, except 
CsA, which may require a longer duration to demonstrate 
therapeutic effects.38,70,71 Patients with moderate DED may 
be examined every 6 weeks, whereas patients with severe 
DED may require more frequent monitoring (eg, every 2 to 3 
weeks). Diagnostic tests, such as corneal fluorescein staining 
and TBUT, should be performed during follow-up visits to 
assess treatment response.72-75 Patients with autoimmune 
disease–related DED, such as Sjogren syndrome and graft-
vs-host disease, should be referred to specialists for further 
evaluation and treatment.

This systematic review focused on randomized controlled 
studies of five therapeutic options (HA, topical steroids, 
CsA, serum eyedrops, and lifitegrast) for moderate-to-
severe DED, which is defined as a severity level of ≥2 
according to the Dry Eye Workshop I grading scheme.8 
However, the scheme is not evidence-based and lacks 
objectivity and universality. A standardized classification 
system that can objectively categorize different severities 
of DED is necessary to facilitate personalized treatment 
strategies.

This systematic review had some limitations. Most 
included studies had short follow-up periods and 
relatively small sample sizes. According to the Grading 
of Recommendations, Assessment, Development, and 
Evaluations framework,76 the quality of evidence for most 
included studies was moderate, owing to publication bias 
and corporate sponsorship. As a result, the findings should 
be interpreted with caution.
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Abstract

Artificial intelligence can help resolve the lack of 
specialists in retinopathy of prematurity (ROP) and its 
associated diagnostic subjectivity. Obstacles to the use of 
deep learning (DL) for ROP tasks include the condition’s 
low prevalence, data paucity, and difficulty in multi-
institutional data sharing to optimize training. Transfer 
learning (TL) and federated learning (FL) are advanced 
strategies to address DL issues. This review highlights 
the advantages of TL and FL applications in various 
ROP-related tasks. TL and FL achieve outstanding 
results for ROP screening, triaging, and monitoring, with 
certain algorithms exceeding the baseline DL models. 
TL assists the construction of generalizable ROP models 
despite little data. FL lays the groundwork for safe data 
exchange between institutions in TL. However, both TL 
and FL entail shortcomings associated with inadequate 
generalizability and data privacy attacks. Further research 
is needed to address the unsolved interpretability and 
liability issues in TL and FL models. Although both TL 
and FL have great potential to overcome DL constraints 
and improve the diagnosis of ROP, more work is 
needed to address application concerns such as model 
interpretability and liability.

Introduction

Retinopathy of prematurity (ROP) is a vasoproliferative 
condition involving the aberrant formation of retinal blood 
vessels in premature, lightweight newborns.1 ROP can be 
classified by its anteroposterior position (area), severity 
(stage), and vascular features,1 as well as the extent of 
vascularization (ie, zone 1, 2, or 3).2 ROP classification 
guides treatment in clinical practice.2,3 ROP is a leading 
cause of childhood blindness; an estimated 20 000 newborns 
with ROP become blind annually worldwide.4,5 ROP-
related blindness is mostly avoidable with early screening, 
proper diagnosis, and swift intervention.6 Unfortunately, 
the global burden of ROP remains high because of a 
lack of experts to screen for the condition, particularly in 
middle-to-low-income countries.7,8 Additionally, inter-
clinician differences in the qualitative evaluation of ROP 
characteristics in images for diagnosis and severity triaging 
result in fluctuating standards and questionable reliability of 
ROP diagnoses and classifications.9-11 Therefore, the use of 
artificial intelligence (AI) for data analysis and automated 
diagnosis is advocated.12

Deep learning (DL) is widely used to diagnose and classify 
various retinal diseases (including ROP).13,14 Nonetheless, 
ROP presents greater challenges than other retinal disorders 
in DL-based AI. Transfer learning (TL) and federated 
learning (FL) can address the challenges associated with 
constructing AI models for ROP and better incorporate AI 
into ROP diagnostic pathways.
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Relationships between artificial intelligence, 
machine learning, deep learning, transfer 
learning, and federated learning

The Figure shows the relationships between AI, machine 
learning (ML), DL, TL, and FL. Telescreening of fundus 
photographs for ROP facilitates the integration of computer-
based image analysis.15,16 Early systems for ROP diagnosis 
use manual and semi-automated ML methods to analyze data 
and make decisions based on learned patterns, whereas DL 
learns autonomously without explicit human guidance.15,16 
ML requires defining disease-specific features and training 
the machine for interpretation, whereas DL uses artificial 
neural networks to analyze images, recognize patterns, and 
continuously improve.15-17 These networks, particularly 
convolutional neural networks (CNNs), are adept at image 
processing and classifying data beyond human perception.17

CNN is a DL architecture that learns from data, excelling 
in image pattern recognition for object and category 
identification.18 It comprises an input layer, an output 
layer, and several hidden layers that transform data to 
uncover features.18 Images are made of pixels arranged in 
a matrix, with values from 0 to 255 representing brightness 
and color.19 CNNs mimic human brain function by first 
identifying simple patterns before progressing to complex 
ones, ultimately classifying images and diagnosing 
conditions.19 Various architectures such as AlexNet (for 
large datasets) and ResNet (for deep networks) are designed 
for specific tasks, with differing layer configurations and 
parameters.20,21 Training an ML model involves a dataset 

and validation processes to assess performance.22 Metrics 
such as sensitivity and area under the receiver operating 
characteristic curve (AUROC) evaluate the algorithm.22 The 
training feeds labeled data through the CNN layers, refining 
the model to reduce errors and requiring substantial image 
input for accuracy.22

TL utilizes knowledge from a previous task to improve 
performance on related tasks.22,23 Common CNNs for TL 
include ResNet, ImageNet, U-Net, and VGG-16.22,23 Fine-
tuning a pretrained network requires less data than training 
from scratch, enabling the use of pretrained features for 
new tasks.18 For example, a network trained on millions of 
images can be adapted for new classification tasks with just 
a few hundred images.18

In FL, multiple clients train a model collectively while 
keeping their data decentralized.24 FL trains algorithms on 
local datasets without sharing data samples.25 Local models 
are trained on local data, and parameters such as weights 
and biases are exchanged periodically among nodes to 
create a shared global model.25

Transfer learning for diagnosing retinopathy 
of prematurity

ROP is uncommon, and collecting adequate data to generate 
potent DL diagnostic classifiers is challenging.26 Many ROP 
data for DL training are affected by class imbalances, low 
label quality owing to disparities in annotators’ clinical 
experience and interpretations, and intrinsic biases towards 

Figure. Relationships between artificial intelligence, machine learning, deep learning, transfer learning, and federated learning
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the traits reflected in most single-ethnic datasets.26,27 ROP 
models trained on a single population may not generalize 
well to different populations, whereas ROP models trained 
on populations in various institutions are limited because 
of privacy concerns.26 Even if more ROP data can be 
accumulated over time to increase the database size, a 
new DL system will have to be built from scratch with 
different parameter settings owing to differences in image 
distribution in the new ROP training data.28 Traditional DL 
requires model rebuilding, which increases expenditures 
on system maintenance and modifications to adapt to the 
population’s ever-changing ROP scenario.28 Furthermore, 
the process of searching for appropriate network parameters 
via an extensive trial-and-error procedure is time-consuming 
and costly while adjusting the dynamic ROP scene.28 This 
decreases the incentive to create and incorporate DL systems 
for ROP classification.

To overcome these issues, TL enables a new model to 
reuse knowledge already acquired in another domain, 
task, or distribution in another model supplied with a more 
robust and diversified training dataset.28 For example, the 
ImageNet dataset consists of millions of diverse images for 
CNNs; AlexNet trains on them to produce robustly learned 
model parameters and weights for training a new model 
using this knowledge via TL.29 Fine-tuning the last fully 
connected layers using TL enables the retrained network to 
better adapt to the new task domain.29 It is faster to set up a 
ROP system with TL, which transfers part of the established 
model settings, than to train a CNN from scratch, which 
requires developers to decide on each model setting.29 

Table 1 summarizes studies of TL models for ROP. Rao et al30  
used TL to develop an ROP screening model using the 
limited number of ROP images available. The ImageNet-
pretrained model was leveraged to construct the ROP 
diagnostic DL system using TL. The TL method yielded 
an AUROC of 0.970, with 91.46% sensitivity and 91.22% 
specificity in ROP.30 When used correctly with appropriate 
networks, TL enables quicker convergence and highly 
accurate achievements.30 The TL algorithm can decentralize 
care and increase ROP screening coverage, freeing up 
human experts for treatment planning.30

Wang et al31 built an ROP screening and severity triaging 
system by using another ImageNet-pretrained model with 
TL. The TL-based screening and triaging systems achieved 
96.62% sensitivity and 99.32% specificity for ROP 
screening, and 88.46% sensitivity and 92.31% specificity 
for ROP grading.31

Chen et al32 used TL to devise AI models to classify ROP 
stages using the robust ImageNet-pretrained model. The 
TL-based models retrained on a North American dataset 
and a Nepali dataset demonstrated excellent staging 
performance when tested on data from the same population, 
with AUROCs of 0.99 and 0.98 and sensitivities of 94% and 
73%, respectively. 

Subramaniam et al33 developed another ROP staging system 
(no-plus and plus categories) using the ImageNet-pretrained 
model via TL. The resulting TL-based ROP diagnostic 
algorithm achieved an AUROC of 0.9754, 96% accuracy, 
100% specificity, and 71.43% sensitivity. The algorithm can 
be used in telemedicine for ROP using smartphone fundus 
photographs.

Brown et al34 used TL to establish an ROP staging classifier 
based on the ImageNet-pretrained model. The TL-based 
algorithm attained AUROCs of 0.94 and 0.98 for normal and 
plus class recognition, respectively. In an independent test 
set, the sensitivity was 100% and specificity was 94% for 
pre-plus or worse diagnosis. TL helped create a continuous 
ROP scoring system, providing greater granularity in 
determining disease progression and improvement. 

Mao et al35 used the ImageNet-pretrained network to train an 
ROP staging system using TL. The TL-based system could 
diagnose plus-stage disease with 95.1% sensitivity and 
97.8% specificity, and pre-plus-stage disease or worse with 
92.4% and 97.4% sensitivity, respectively. The quadratic 
weighted kappa of the system, a metric that measures 
the agreement between the predicted and actual outcome 
(varying from 0 [random agreement] to 1 [complete 
agreement]), was 0.9244.36 The TL method may provide 
useful second opinions after ophthalmologists’ diagnoses.

Yildiz et al37 used TL to generate an ROP staging system 
based on the robust ImageNet-pretrained network. The 
resulting TL system achieved an AUROC of 99% and 94% 
for plus and not-plus stages on the internal and external 
datasets, respectively. The internally and externally verified 
AUROC for predicting pre-plus or worse stages versus 
normal stages were 99% and 88%, respectively.

Tong et al38 used TL to create an ROP triage system that 
classifies patients based on disease severity (normal, mild, 
semi-urgent, or urgent) and stage (1 to 4). The TL method 
obtained an accuracy of 0.903 for severity and 0.957 for 
ROP staging. TL effectively improved the competency, 
efficiency, and consistency of ROP screening.

TL enables accurate ROP identification and triaging for 
personalized treatment and follow-up plans. It reduces the 
need to gather vast quantities of ROP data and conduct high-
quality image capturing and expert-led data labeling as in 
traditional DL model development.28 TL models can screen 
and classify patients with ROP across various subgroups, 
despite the limited volume of training data.29

However, TL has limitations to ROP AI tasks. Despite 
ImageNet’s ability to shape robust model settings for the 
initial phase of ROP model training, the image properties 
differ between ROP medical images and natural images. 
This could result in unrealistic and inaccurate knowledge 
transferring from the pretrained network.39 ImageNet may 
fail to depict complex pathological structures in two or three 
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Table 1. Transfer learning (TF) retinopathy of prematurity (ROP) models

Study Task Algorithm Dataset Operations Results Remarks Added value to the ROP clinical pathway Limitation

Rao et al,30 
2023

Differentiate between ROP 
(stage 1-3) and non-ROP 
eyes

EfficientNet-B0 227 326 wide-field retinal images Involved pretraining on ImageNet; the EfficientNet-
BO initialized was retrained as a binary.

91.46% sensitivity, 91.22% specificity, 0.970 
AUROC, 81.72% positive predictive value, and 
96.14% negative predictive value

TL enabled faster convergence, potential 
higher diagnostic accuracy acquisitions, 
and lower operational demand for training 
networks.

The highly accurate TL model can be used as 
an objective ROP screening tool, facilitating 
broader screening coverage and care 
decentralization (ie, moving triaging away 
from an ophthalmologist-led system).

Limited generalizability owing to single 
ethnicity (South Asian) population; 
uncertain generalizability for stage 4 
& 5 ROP disease detection owing to 
remaining class imbalance (ie, inadequate 
representation of the very advanced 
stages)

Wang et al,31 
2018

Classifying ROP and non-
ROP, followed by grading 
on identified ROP-positives 
into minor or severe ROP

Inception BN as the ROP identification 
network (ROP vs non-ROP); Gr-Net 
as the ROP severity grading network 
(minor vs severe ROP)

Id-Net trained on an identification dataset 
and Gr-Net trained on a grading dataset

Training processes of Id-Net and Gr-Net were 
identical except for the training datasets. An 
Inception–BN network was first pretrained on 
ImageNet. The learned parameters were used as the 
initial parameters of Id-Net and Gr-Net, which were 
later fine-tuned.

In test dataset, the Id-Net achieved 96.62% 
sensitivity and 99.32% specificity for ROP 
identification, whereas Gr-Net achieved 
88.46% sensitivity and 92.31% specificity for 
ROP grading. In 552 cases, the deep neural 
networks outperformed some human experts 
and achieved 84.91% sensitivity and 96.90% 
specificity for ROP identification, whereas the 
corresponding values for ROP grading were 
93.33% and 73.63%, respectively.

TL demonstrated its capability to derive 
high-performing deep neural networks. 
Although TL is less sensitive to the size of 
training dataset, the quality and quantity of 
pretraining and retraining datasets are still 
relevant. The dataset plays a crucial role in 
avoiding overfitting the algorithm.

TL helped the ROP screening system to 
reach ROP-expert comparable performance, 
facilitating ROP diagnostic consistency. The 
system could be used to detect and triage 
ROP into different grades for individualized 
management plans.

Limited generalizability owing to 
insufficient severe ROP cases (ie, 
remaining class imbalance) and 
persistently limited data availability

Chen et al,32 
2021

Classifying non-staged and 
staged ROP (1 to 3) images 

Three CNNs trained on three different 
image datasets

5943 images from 711 patients in the 
North American dataset and 5009 images 
from 541 patients from the Nepali dataset

Three types of CNN models were trained using three 
datasets: North American alone, Nepali alone, and 
both. A ResNet-152 architecture pretrained on the 
ImageNet dataset was incorporated into the training 
of the three CNNs through TL.

Both the North American- and Nepali-trained 
models demonstrated high performance on 
the test set from the same population, with 
0.99 AUROC, 0.98 area under precision-
recall curve, and 94% and 73% sensitivity, 
respectively. Compared to the models trained 
on individual datasets, the model trained on a 
combined dataset had better performance on 
each test set, with 98% sensitivity in the North 
American test set and 82% sensitivity in the 
Nepali test set.

Internal and external performance of the 
algorithm was most improved by increasing 
the heterogeneity of the training dataset 
features (eg, by combining images from 
different populations and cameras).

CNNs could be trained to detect stages 1 to 3 
ROP with high accuracy, facilitating triaging 
patients with ROP for differential interventions 
and management.

Limited generalizability due to the 
filtered images not being adequately 
representative of the real-world 
population; absence of expandability 
provided for the CNN imaging features 
associated with stages 1 to 3

Subramaniam 
et al,33 2023

Classifying plus and no plus Algorithm developed from pretrained 
GoogLeNet

5000 images from EyePACS The ImageNet- pretrained GoogLeNet was 
leveraged. In the training, the first 20 layers were 
frozen, and the last learnable layer and the final 
classification layer were replaced with layers 
relevant to our dataset.

In the held-out test set of 50 images, 0.9754 
AUC, 96% accuracy, 100% specificity, and 
71.43% sensitivity were obtained. Precision 
was 1, recall was 0.7143, and the F1 score was 
0.833.

Despite TL, the limited number of cases 
of plus disease necessitated further 
collaboration with other countries in the SP-
ROP project and improved access to more 
smartphone images.

The successful performance of the TL-trained 
solution suggested the potential for more 
accurate diagnosis using smartphone fundus 
images and the future utilization of these 
images for telemedicine-based diagnoses.

Limited generalizability remained caused 
by the limited access to diverse and vast 
amounts of images.

Brown et al,34 
2018

Classifying normal, pre-plus, 
and plus disease in ROP

U-Net architecture as the vessel 
segmentation network; Inception 
version 1 architecture as the network 
to classify preprocessed images into 
normal, pre-plus, and plus

Pretraining of Inception version 1 involves 
ImageNet. Training of the TL algorithm 
involves 5511 retinal photographs, with 
4535 (82.3%) being normal, 805 (14.6%) 
being pre-plus disease, and 172 (3.1%) 
being plus disease.

The second CNN (Inception version 1) architecture 
was previously pretrained on the ImageNet database 
of 1.2 million images from 1000 classes. In the 
training of the algorithm, the two networks were 
presented with corresponding reference standard 
diagnoses, which were used to adjust the network’s 
numerous internal parameters to output the correct 
diagnoses.

The mean AUROC was 0.94 for the normal 
diagnosis and 0.98 for the plus-stage diagnosis. 
In an independent test set of 100 retinal images, 
the algorithm achieved 93% sensitivity and 
94% specificity for plus-stage diagnosis. For 
the detection of pre-plus disease or worse, 
sensitivity was 100% and specificity was 94%. 
On the same test set, the algorithm reached 
a quadratic weighted κ coefficient of 0.92, 
outperforming 6 of 8 ROP experts.

By enabling the network to learn highly 
generalizable image features from an 
unrelated yet large and highly diverse 
dataset of images, TL was conducive to the 
acceleration of classification performance in 
the algorithm.

The TL-based system allowed continuous 
scoring, providing more granularity in 
determining relative disease progression or 
regression and facilitating the formulation 
of management plans for patients with 
progression monitoring. Incorporating the 
TL model into fundus camera systems 
and telemedicine platforms for ROP and 
other image-based diseases may improve 
the objectivity, accuracy, and efficiency of 
healthcare delivery.

The robustness of the TL algorithm 
remained constrained by persistent data 
limitations (eg, image quality, resolution, 
camera systems, and field of view). 
Biased training might have remained 
owing to the limited data variations. It is 
a poorly interpretable ‘black box’ model.

Mao et al,35 
2020

Classifying normal, pre-plus, 
and plus disease

Three deep CNNs, including a U-Net 
for vessel segmentation, another 
U-Net for optic disc segmentation 
and a DenseNet for the three-class 
classification

5711 images for training, 450 images for 
testing, and 63 images for treatment

The input of the DenseNet was the output of the 
modified U-net that segmented the blood vessels. 
For the DenseNet, the weights were initialized using 
TL based on the ImageNet.

The trained network achieved 95.1% sensitivity 
with 97.8% specificity for the diagnosis of plus 
disease. For the detection of pre-plus or worse, 
the sensitivity was 92.4% and specificity was 
97.4%. The quadratic weighted κ was 0.9244.

The TL training in DenseNet contributed to 
better generalizability and robustness in the 
classifier. The selection of the appropriate 
network was equally important for allowing 
easier training and alleviating overfitting 
issues.

The proposed system provides an accurate 
diagnosis of plus disease and can act as 
an assistive diagnostic tool to validate 
ophthalmologists’ judgements.

Limited generalizability remained owing 
to the persistent lack of labelled images.

Yildiz et al,37 
2020

Classifying plus vs not-plus; 
classifying pre-plus or worse 
vs normal

Three classifiers: logistic regression, 
support vector machine, and neural 
networks

5512 images (163 plus, 802 pre-plus, and 
4547 normal) for training and validation; 
100 images (15 plus, 34 pre-plus, and 51 
normal) for external validation

The pipeline of the system begins with segmenting 
the vessels in a color retina image. The system 
incorporated a pretrained U-Net CNN architecture 
for segmentation. Using the segmented images and 
optic disc centers, vessels were traced and vessel tree 
information was extracted. Using the outputs from 
previous steps, features of the retina were extracted, 
and these features were used for classification in the 
system.

The AUCs on the first and second datasets 
were 99% and 94%, respectively, for predicting 
plus vs not-plus categories, and 99% and 88%, 
respectively, for predicting pre-plus or worse vs 
normal categories.

The CNN can identify more discriminative 
features given the exposure to a large dataset 
for training in pretraining during the TL 
training process.

This fully automated system, which combines 
retinal vessel segmentation, tracing, feature 
extraction and classification stages, diagnosed 
plus disease in ROP with performance on par 
with recent publications reporting on the use 
of CNNs. It is likely to benefit holistic ROP 
diagnostic practices.

Uninterpretable black-box nature; quality 
of input images distorted by image 
resizing

Tong et al,38 
2020

Classifying ROP severity 
(normal, mild, semi-urgent 
and urgent); classifying ROP 
into stages (stages 1 to 5) 
and detecting plus disease

Two CNNs: the 101-layer ResNet as 
classification network) and the Faster 
R-CNN as an identification network

36 231 fundus images A ResNet-101 CNN architecture was pretrained on 
the ImageNet. It was then retrained on the study’s 
dataset using TL, while the fine-tuning technique 
was applied to transfer the connection weights from 
the pretrained model to the study’s model, and the 
model was retrained to the present task. 

The system achieved 90.3% accuracy for 
classification of ROP severity. Specifically, 
the accuracies in discriminating normal, mild, 
semi-urgent, and urgent were 88.3%, 90.0%, 
95.7%, and 87.0%, respectively, whereas the 
corresponding accuracies of the two experts 
were 90.2% and 89.8%. The model also 
achieved 95.7% accuracy for detecting the ROP 
stage and 89.6% accuracy for detecting plus 
disease. The accuracies in discriminating stages 
I to stage V were 0.876, 0.942, 0.968, 0.998, 
and 0.999, respectively.

After TL, the proposed ROP classifier 
system performed well without requiring 
a novel database of millions of images. It 
allowed the two CNN models to be applied 
as the study’s classification and identification 
algorithms, which perform screening 
functions with proficiency comparable to or 
better than that of ROP experts.

The most prominent advantage is that the 
TL attempt promoted the identification of 
ROP stage and plus disease presence, along 
with disease severity. This functionality 
enables clinical review and verification of 
the automated diagnosis, rather than simply 
identifying the presence of ROP. TL benefits 
also include consistent prediction and 
instantaneous reporting of results.

Limited generalizability owing to the 
persistently limited number of ROP 
stage V fundus images (ie, bias) and an 
inadequately large patient cohort.
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Table 1. Transfer learning (TF) retinopathy of prematurity (ROP) models

Study Task Algorithm Dataset Operations Results Remarks Added value to the ROP clinical pathway Limitation

Rao et al,30 
2023

Differentiate between ROP 
(stage 1-3) and non-ROP 
eyes

EfficientNet-B0 227 326 wide-field retinal images Involved pretraining on ImageNet; the EfficientNet-
BO initialized was retrained as a binary.

91.46% sensitivity, 91.22% specificity, 0.970 
AUROC, 81.72% positive predictive value, and 
96.14% negative predictive value

TL enabled faster convergence, potential 
higher diagnostic accuracy acquisitions, 
and lower operational demand for training 
networks.

The highly accurate TL model can be used as 
an objective ROP screening tool, facilitating 
broader screening coverage and care 
decentralization (ie, moving triaging away 
from an ophthalmologist-led system).

Limited generalizability owing to single 
ethnicity (South Asian) population; 
uncertain generalizability for stage 4 
& 5 ROP disease detection owing to 
remaining class imbalance (ie, inadequate 
representation of the very advanced 
stages)

Wang et al,31 
2018

Classifying ROP and non-
ROP, followed by grading 
on identified ROP-positives 
into minor or severe ROP

Inception BN as the ROP identification 
network (ROP vs non-ROP); Gr-Net 
as the ROP severity grading network 
(minor vs severe ROP)

Id-Net trained on an identification dataset 
and Gr-Net trained on a grading dataset

Training processes of Id-Net and Gr-Net were 
identical except for the training datasets. An 
Inception–BN network was first pretrained on 
ImageNet. The learned parameters were used as the 
initial parameters of Id-Net and Gr-Net, which were 
later fine-tuned.

In test dataset, the Id-Net achieved 96.62% 
sensitivity and 99.32% specificity for ROP 
identification, whereas Gr-Net achieved 
88.46% sensitivity and 92.31% specificity for 
ROP grading. In 552 cases, the deep neural 
networks outperformed some human experts 
and achieved 84.91% sensitivity and 96.90% 
specificity for ROP identification, whereas the 
corresponding values for ROP grading were 
93.33% and 73.63%, respectively.

TL demonstrated its capability to derive 
high-performing deep neural networks. 
Although TL is less sensitive to the size of 
training dataset, the quality and quantity of 
pretraining and retraining datasets are still 
relevant. The dataset plays a crucial role in 
avoiding overfitting the algorithm.

TL helped the ROP screening system to 
reach ROP-expert comparable performance, 
facilitating ROP diagnostic consistency. The 
system could be used to detect and triage 
ROP into different grades for individualized 
management plans.

Limited generalizability owing to 
insufficient severe ROP cases (ie, 
remaining class imbalance) and 
persistently limited data availability

Chen et al,32 
2021

Classifying non-staged and 
staged ROP (1 to 3) images 

Three CNNs trained on three different 
image datasets

5943 images from 711 patients in the 
North American dataset and 5009 images 
from 541 patients from the Nepali dataset

Three types of CNN models were trained using three 
datasets: North American alone, Nepali alone, and 
both. A ResNet-152 architecture pretrained on the 
ImageNet dataset was incorporated into the training 
of the three CNNs through TL.

Both the North American- and Nepali-trained 
models demonstrated high performance on 
the test set from the same population, with 
0.99 AUROC, 0.98 area under precision-
recall curve, and 94% and 73% sensitivity, 
respectively. Compared to the models trained 
on individual datasets, the model trained on a 
combined dataset had better performance on 
each test set, with 98% sensitivity in the North 
American test set and 82% sensitivity in the 
Nepali test set.

Internal and external performance of the 
algorithm was most improved by increasing 
the heterogeneity of the training dataset 
features (eg, by combining images from 
different populations and cameras).

CNNs could be trained to detect stages 1 to 3 
ROP with high accuracy, facilitating triaging 
patients with ROP for differential interventions 
and management.

Limited generalizability due to the 
filtered images not being adequately 
representative of the real-world 
population; absence of expandability 
provided for the CNN imaging features 
associated with stages 1 to 3

Subramaniam 
et al,33 2023

Classifying plus and no plus Algorithm developed from pretrained 
GoogLeNet

5000 images from EyePACS The ImageNet- pretrained GoogLeNet was 
leveraged. In the training, the first 20 layers were 
frozen, and the last learnable layer and the final 
classification layer were replaced with layers 
relevant to our dataset.

In the held-out test set of 50 images, 0.9754 
AUC, 96% accuracy, 100% specificity, and 
71.43% sensitivity were obtained. Precision 
was 1, recall was 0.7143, and the F1 score was 
0.833.

Despite TL, the limited number of cases 
of plus disease necessitated further 
collaboration with other countries in the SP-
ROP project and improved access to more 
smartphone images.

The successful performance of the TL-trained 
solution suggested the potential for more 
accurate diagnosis using smartphone fundus 
images and the future utilization of these 
images for telemedicine-based diagnoses.

Limited generalizability remained caused 
by the limited access to diverse and vast 
amounts of images.

Brown et al,34 
2018

Classifying normal, pre-plus, 
and plus disease in ROP

U-Net architecture as the vessel 
segmentation network; Inception 
version 1 architecture as the network 
to classify preprocessed images into 
normal, pre-plus, and plus

Pretraining of Inception version 1 involves 
ImageNet. Training of the TL algorithm 
involves 5511 retinal photographs, with 
4535 (82.3%) being normal, 805 (14.6%) 
being pre-plus disease, and 172 (3.1%) 
being plus disease.

The second CNN (Inception version 1) architecture 
was previously pretrained on the ImageNet database 
of 1.2 million images from 1000 classes. In the 
training of the algorithm, the two networks were 
presented with corresponding reference standard 
diagnoses, which were used to adjust the network’s 
numerous internal parameters to output the correct 
diagnoses.

The mean AUROC was 0.94 for the normal 
diagnosis and 0.98 for the plus-stage diagnosis. 
In an independent test set of 100 retinal images, 
the algorithm achieved 93% sensitivity and 
94% specificity for plus-stage diagnosis. For 
the detection of pre-plus disease or worse, 
sensitivity was 100% and specificity was 94%. 
On the same test set, the algorithm reached 
a quadratic weighted κ coefficient of 0.92, 
outperforming 6 of 8 ROP experts.

By enabling the network to learn highly 
generalizable image features from an 
unrelated yet large and highly diverse 
dataset of images, TL was conducive to the 
acceleration of classification performance in 
the algorithm.

The TL-based system allowed continuous 
scoring, providing more granularity in 
determining relative disease progression or 
regression and facilitating the formulation 
of management plans for patients with 
progression monitoring. Incorporating the 
TL model into fundus camera systems 
and telemedicine platforms for ROP and 
other image-based diseases may improve 
the objectivity, accuracy, and efficiency of 
healthcare delivery.

The robustness of the TL algorithm 
remained constrained by persistent data 
limitations (eg, image quality, resolution, 
camera systems, and field of view). 
Biased training might have remained 
owing to the limited data variations. It is 
a poorly interpretable ‘black box’ model.

Mao et al,35 
2020

Classifying normal, pre-plus, 
and plus disease

Three deep CNNs, including a U-Net 
for vessel segmentation, another 
U-Net for optic disc segmentation 
and a DenseNet for the three-class 
classification

5711 images for training, 450 images for 
testing, and 63 images for treatment

The input of the DenseNet was the output of the 
modified U-net that segmented the blood vessels. 
For the DenseNet, the weights were initialized using 
TL based on the ImageNet.

The trained network achieved 95.1% sensitivity 
with 97.8% specificity for the diagnosis of plus 
disease. For the detection of pre-plus or worse, 
the sensitivity was 92.4% and specificity was 
97.4%. The quadratic weighted κ was 0.9244.

The TL training in DenseNet contributed to 
better generalizability and robustness in the 
classifier. The selection of the appropriate 
network was equally important for allowing 
easier training and alleviating overfitting 
issues.

The proposed system provides an accurate 
diagnosis of plus disease and can act as 
an assistive diagnostic tool to validate 
ophthalmologists’ judgements.

Limited generalizability remained owing 
to the persistent lack of labelled images.

Yildiz et al,37 
2020

Classifying plus vs not-plus; 
classifying pre-plus or worse 
vs normal

Three classifiers: logistic regression, 
support vector machine, and neural 
networks

5512 images (163 plus, 802 pre-plus, and 
4547 normal) for training and validation; 
100 images (15 plus, 34 pre-plus, and 51 
normal) for external validation

The pipeline of the system begins with segmenting 
the vessels in a color retina image. The system 
incorporated a pretrained U-Net CNN architecture 
for segmentation. Using the segmented images and 
optic disc centers, vessels were traced and vessel tree 
information was extracted. Using the outputs from 
previous steps, features of the retina were extracted, 
and these features were used for classification in the 
system.

The AUCs on the first and second datasets 
were 99% and 94%, respectively, for predicting 
plus vs not-plus categories, and 99% and 88%, 
respectively, for predicting pre-plus or worse vs 
normal categories.

The CNN can identify more discriminative 
features given the exposure to a large dataset 
for training in pretraining during the TL 
training process.

This fully automated system, which combines 
retinal vessel segmentation, tracing, feature 
extraction and classification stages, diagnosed 
plus disease in ROP with performance on par 
with recent publications reporting on the use 
of CNNs. It is likely to benefit holistic ROP 
diagnostic practices.

Uninterpretable black-box nature; quality 
of input images distorted by image 
resizing

Tong et al,38 
2020

Classifying ROP severity 
(normal, mild, semi-urgent 
and urgent); classifying ROP 
into stages (stages 1 to 5) 
and detecting plus disease

Two CNNs: the 101-layer ResNet as 
classification network) and the Faster 
R-CNN as an identification network

36 231 fundus images A ResNet-101 CNN architecture was pretrained on 
the ImageNet. It was then retrained on the study’s 
dataset using TL, while the fine-tuning technique 
was applied to transfer the connection weights from 
the pretrained model to the study’s model, and the 
model was retrained to the present task. 

The system achieved 90.3% accuracy for 
classification of ROP severity. Specifically, 
the accuracies in discriminating normal, mild, 
semi-urgent, and urgent were 88.3%, 90.0%, 
95.7%, and 87.0%, respectively, whereas the 
corresponding accuracies of the two experts 
were 90.2% and 89.8%. The model also 
achieved 95.7% accuracy for detecting the ROP 
stage and 89.6% accuracy for detecting plus 
disease. The accuracies in discriminating stages 
I to stage V were 0.876, 0.942, 0.968, 0.998, 
and 0.999, respectively.

After TL, the proposed ROP classifier 
system performed well without requiring 
a novel database of millions of images. It 
allowed the two CNN models to be applied 
as the study’s classification and identification 
algorithms, which perform screening 
functions with proficiency comparable to or 
better than that of ROP experts.

The most prominent advantage is that the 
TL attempt promoted the identification of 
ROP stage and plus disease presence, along 
with disease severity. This functionality 
enables clinical review and verification of 
the automated diagnosis, rather than simply 
identifying the presence of ROP. TL benefits 
also include consistent prediction and 
instantaneous reporting of results.

Limited generalizability owing to the 
persistently limited number of ROP 
stage V fundus images (ie, bias) and an 
inadequately large patient cohort.
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dimensions.39 Thus, leveraging the power of large amounts 
of non-realistic big data may shift the model’s focus to 
non-generalizable image attributes that are unrelated to the 
disease or clinical anatomy in a given collection of medical 
images.39 Consequently, biased training may undermine the 
algorithm’s capacity to recognize disease patterns in new 
data.39 Therefore, gathering massive volumes of raw ROP 
medical images is paramount in generalizable training. 
Furthermore, the selection of the TL technique, the backbone 
architecture, and the fine-tunable layers are critical in 
guiding the success of a smooth and accurate conveyance 
of generalizable characteristics.40,41 However, most key 
decisions in TL were based primarily on ophthalmologists’ 
intuition or personal experience.42 There is presently no 
agreement or defined procedure for making such training 
decisions in TL. This puts TL-trained models at risk of 
incurring uncalculated decision making, which may limit 
the performance boost that TL provides.42

Federated learning for diagnosing 
retinopathy of prematurity

Data sharing among institutions fosters generalizable 
training. Multicenter research is increasingly important in 
developing robust ROP DL algorithms that can be used in 
real-world applications.43,44 The most common approach is 
centralized learning, in which data from multiple institutions 
are pooled in a centralized model. However, exchanging 
data among institutions increases the risk of data breaches 
and privacy violations.45

To protect data privacy and reduce the risk of raw ROP data 
leakage, the distributed learning method allows ROP data 
to be disseminated among institutions rather than combined 
into a single pool.46 FL enables multiple medical institutions 
to cooperatively train AI systems without sharing data.47-49  
Thus, FL promotes ROP AI research and development, 
necessitating multicenter collaboration and access to large-
scale data for performance excellence. 

Table 2 summarizes studies of FL models for ROP. Lu et al50  
used FL to create a no plus, pre-plus, and plus ROP 
classification model. After training with 1145 color fundus 
photographs, both the FL and centralized learning models 
performed well, with AUROCs ranging from 0.93 to 0.96. 
In four of seven sites, FL outperformed locally trained 
models that used a single-institution dataset. FL can generate 
higher-quality models by leveraging larger and more diverse 
training datasets from multiple sources while maintaining a 
high standard of data privacy.

Hanif et al51 applied FL to develop a vascular severity 
scoring system for three ROP subclasses (no plus, pre-
plus, and plus). They compared the average DL-generated 
vascular severity score for each ROP class across institutions 
to determine inter-institutional variability. There were no 
significant inter-institutional disparities between the pre-plus 
and plus groups; however, there were significant disparities 
in the mean vascular severity score for the no-plus group. 

The vascular severity scoring system for ROP can be an 
objective measure for inter-clinician diagnostic variability. 
FL has the potential to improve ROP screening uniformity, 
objectivity, and consistency, as well as intervention triage.

However, FL for ROP has limitations. Despite the FL 
models’ superior overall performance, locally trained 
DL models are not inferior to the FL models. 43% of the 
participating sites likely gained no advantage from the FL 
approach, especially when FL models are more vulnerable 
to data breaches (inference attacks and model inversion 
attacks). Furthermore, despite the inclusion of real-life 
clinical data, FL models remain stimulated models that fail 
to address practical FL challenges such as different privacy 
restrictions among participating institutions, varying 
accessibility, extensive communication and overhead 
expenses, and unpredictable reliability among participating 
sites in terms of supplying high-quality input data.

Real-world use of models

The i-ROP DL is the first DL model to receive breakthrough 
designation from the United States Food and Drug 
Administration for real-world ROP screening. The i-ROP 
DL system was trained on over 5000 deidentified posterior 
retinal images captured using a RetCam camera as part of 
the multicenter Imaging and Informatics in Retinopathy of 
Prematurity (i-ROP) cohort study.34 All eight study centers 
used a standard imaging protocol, capturing images in five 
standard fields of view (posterior, nasal, temporal, superior, 
and inferior).34 However, the analysis focused solely 
on wide-angle images of the posterior retina, excluding 
images without an optic nerve present.34 Subsequent studies 
developing ROP DL systems also adopted this approach of 
analyzing only posterior retinal images.52,53

To ensure quality control in the images used for model 
training, it is recommended that a reference standard 
diagnosis is assigned to each image.54 This involves 
independent image-based diagnoses by three trained 
graders (two ophthalmologists and one study coordinator) 
and a clinical diagnosis by an expert ophthalmologist.54 
The images are classified as normal, pre-plus disease, or 
plus disease according to the international classification of 
ROP, which includes zone, stage, and plus disease.34,52 The 
reference standard diagnosis serves as the foundation for 
training the DL system.34 Images are excluded if at least two 
of the three graders deem them unacceptable for diagnosis or 
if they exhibit stage 4 or 5 ROP.52 In these advanced stages, 
the relevance of diagnosing plus disease for ROP screening 
diminishes, as visualizing retinal blood vessels becomes 
challenging.34 The effectiveness of incorporating a reference 
standard diagnosis consensus procedure for training highly 
accurate ROP DL systems has been demonstrated.52,53

Brown et al34 reported that the i-ROP-DL system 
demonstrated expert-level automated performance, with 
91% accuracy in diagnosing plus disease in premature 
infants from a North American population.34 The i-ROP DL 
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can also provide a quantitative severity score (1 to 9) based 
on a single photograph, correlating with full zone, stage, 
and plus disease classification.52,55-57 It is highly sensitive 
in detecting treatment-requiring ROP in a North American 
population.52,58

Campbell et al59 assessed the diagnostic performance of 
the i-ROP-DL system-based ROP severity score using 
data from an Indian ROP telescreening program.59 The 
system demonstrated sustained high diagnostic accuracy at 
the individual eye examination level, with an AUROC of 
0.98, 100% sensitivity, and 78% specificity for identifying 
treatment-requiring ROP in diverse patient groups. At 
the population level, the system identified higher ROP 
severity in neonatal care units lacking resources for oxygen 
monitoring and titration.59 These findings suggest that the 
system can enhance ROP screening efficiency and serve as 
an epidemiological tool for monitoring ROP severity across 
different regions and time periods.59 As an autonomous 
screening device, the system can effectively expand ROP 

screening coverage across large geographic areas, provide 
automated real-time referral decisions, and reduce the 
screening workload by 60% to 80%.59 Additionally, the 
i-ROP-DL system could aid in resource allocation to 
neonatal care units caring for high-risk infants susceptible 
to treatment-requiring ROP and aggressive posterior ROP.59

Table 3 summarizes the advantages and disadvantages of 
TL and FL, as well as the overall effect of AI, ML, and DL 
on ROP screening.

Future directions

Poor transparency is seen in advanced AI techniques’ 
decision-making. Most ROP models are black boxes, 
making it difficult for ophthalmologists to understand 
how they arrive at their decisions.60 To completely trust 
AI’s clinical rationality, future ROP AI research should 
follow the explainable AI strategy, in which the AI system 
is divided into numerous components (eg, pre-diagnostic 

Table 2. Federated learning (FL) retinopathy of prematurity (ROP) models

Study Task Algorithm Dataset Operations Results Remarks Added value to 
the ROP clinical 
pathway

Limitation

Lu et 
al,50 
2022

Classifying 
three level 
plus in ROP

ResNet-18 5255 wide-angle 
retinal images 
in the neonatal 
intensive care 
units of 7 
institutions

Model averaging was used. 
At the start of each round of 
training, a copy of the global 
model was shared with 
each of the 7 institutions to 
initialize that institution’s 
local model. Each local 
model was then trained for 
10 epochs, and the model 
checkpoint with the best 
validation performance, as 
measured by AUROC, was 
chosen to be aggregated 
into the global model at 
the end of the round. Upon 
the completion of all the 
federation rounds, a copy of 
the global model was finally 
transferred to each individual 
site for the prediction of 
new, unseen data.

Four (57%) of the 
seven models trained 
on local institutional 
data performed 
inferiorly to the FL 
models. 

FL has been promising 
for allowing multiple 
institutions to leverage 
their individual 
data resources to 
collaboratively develop 
DL models without 
directly sharing data 
while reducing time 
and costs and protecting 
patient privacy. Each 
contributing entity 
eventually benefits from 
an aggregated model 
trained on a larger and 
more heterogeneous 
distribution of cases, 
which often gives far 
more generalizable 
models with greater 
performance than that 
of standalone models 
trained using only a 
single institution’s data.

FL trained on point-
of-care labels 
performed comparably 
to models trained on 
centralized datasets 
with consensus-expert 
labels, supporting 
the feasibility of the 
approach in clinical 
settings.
FL approach is 
more secure and 
convenient than the 
more commonly used 
collaborative approach 
and is a beneficial 
alternative.

Datasets contributed 
by each institution 
were not entirely based 
on the population, 
causing insufficient 
generalizability; 
absence of 
assessment in the 
practical obstacles 
to implementing 
this method, 
such as limited 
communication 
bandwidth; sole focus 
on the performance 
aspect of FL without 
taking into account 
practical attacks on FL 
in a real-world setting 
that may require 
additional privacy-
preserving measures

Hanif 
et al,51 
2022 

Classifying 
plus, pre-
plus and no 
plus 

-U-Net Wide-angle 
retinal images 
in 5245 
patients from 
the neonatal 
intensive care 
units of 7 
institutions

Model averaging was used. 
At the beginning of each 
round of training, a copy 
of the global model was 
shared with each institution 
to initialize that institution’s 
local model. The local 
model is then trained for a 
set number of epochs, and 
the model checkpoint from 
the epoch with the best 
validation performance, (as 
measured by AUROC), is 
chosen to be aggregated into 
the global model at the end 
of the round.

The proportion of 
patients diagnosed 
with pre-plus disease 
varied significantly 
between institutions 
(p<0.00l). A 
significant inverse 
relationship between 
the institutional 
vascular severity 
score and the mean 
gestational age was 
found (p=0.049, 
adjusted R2=0.49).

This is likely 
to represent a 
generalizable approach 
to assess clinician 
diagnostic paradigms as 
well as disease severity 
for epidemiological 
evaluation across 
institutions without 
the need for sharing 
sensitive patient data.

In comparison to 
a centrally hosted 
trained model, FL 
model training 
eliminates the need 
for a central process 
or consensus of ROP 
experts, making it 
more feasible to 
implement.

Each institution’s 
datasets were not 
completely population 
based. There were 
also variations in the 
participating sites’ 
enrolment protocols, 
potentially introducing 
population bias 
into the cohorts. 
These factors led to 
persistent inadequate 
generalizability.
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Table 3. Pros and cons of artificial intelligence (AI), machine learning (ML), deep learning (DL), transfer learning (TL), and federated learning (FL) 
for retinopathy of prematurity (ROP) screening

Pros Cons

AI Improved decision support: AI can aid healthcare providers by offering 
diagnostic assistance, thereby enhancing the precision of ROP screening.

Interpretability concerns: AI systems can be intricate and may lack clarity, 
making it challenging for clinicians to comprehend the reasoning behind 
decisions.

Process automation: AI can streamline routine tasks including image 
analysis, saving time and lessening the burden on clinicians.

Reliance on data quality: The success of AI systems depends significantly 
on the quality and quantity of the training data.

Multimodal data integration: AI can evaluate different types of data (such 
as clinical, imaging, and demographic information) to deliver a thorough 
assessment of ROP risk.

Challenges in implementation: Incorporating AI into current clinical 
workflows can be difficult and may necessitate substantial adjustments to 
existing practices.

ML Predictive analytics: ML algorithms can detect patterns in data that may 
elude human observers, potentially facilitating earlier identification of 
ROP.

Data constraints: ML models need substantial, well-annotated datasets for 
training, which can pose challenges in specialized areas like ROP.

Flexibility: ML models can be updated with new data, enabling them to 
enhance their performance over time as additional information becomes 
available.

Overfitting concerns: Without proper management, ML models may 
become overly tailored to the training data, resulting in poor performance 
on new, unseen data.

Resource efficiency: ML can swiftly analyze extensive datasets, allowing 
for the efficient screening of a large number of patients.

Data bias: If the training dataset contains biases, the ML model may 
generate biased results, negatively impacting patient care.

DL High accuracy in image analysis: DL, especially convolutional neural 
networks, is highly effective in evaluating medical images and often 
achieves impressive accuracy in identifying ROP.

High computational demand: DL requires considerable computational 
resources for both training and inference, which may not be accessible in 
every clinical environment.

Automated feature learning: DL models can automatically extract relevant 
features from raw data, minimizing the need for manual feature selection.

Data intensive: DL models generally need substantial labelled datasets to 
perform effectively, which can be a drawback in ROP screening contexts.

Scalability: DL models are capable of processing large datasets and 
recognizing complex patterns, making them ideal for extensive ROP 
screening initiatives.

Limited interpretability: DL models often function as ‘black boxes’, 
making it challenging to understand their decision-making processes, a 
critical aspect in clinical settings.

TL Shorter training time: Utilizing pretrained weights from existing models 
significantly reduces the time needed to train a new model on ROP data.

Domain shift challenges: If the source domain (where the model was 
pretrained) differs considerably from the target domain (ROP images), the 
model’s performance might suffer.

Enhanced performance: Leveraging knowledge from related tasks can 
improve the model’s effectiveness, particularly when the dataset for ROP is 
limited.

Risk of overfitting: Overfitting is a possibility if the model is not 
adequately fine-tuned for the specific ROP dataset.

Reduced data dependency: The TL model can yield satisfactory results 
with smaller datasets, which is advantageous in medical imaging where 
annotated data may be hard to obtain.

Limited explainability: Employing pretrained models can complicate the 
understanding of how decisions are made in relation to ROP.

FL Data privacy: FL facilitates the training of ROP models on decentralized 
data while keeping sensitive patient information secure, which is essential.

Complex setup: Implementing federated learning systems can be 
technically demanding and necessitates strong infrastructure.

Varied data sources: It allows the local ROP model to learn from diverse 
datasets across multiple institutions, enhancing the model’s generalization 
and robustness.

Increased communication needs: Regular interactions between the central 
server and local devices may result in higher latency and greater resource 
usage.

Ongoing learning: The ROP model can be continuously updated as new 
data from various sources becomes available, improving its performance 
over time.

Challenges of heterogeneous data: Differences in the quality and 
distribution of ROP data across institutions can complicate the training 
process and impact model performance.

module, picture segmentation module, and final diagnosis 
module) for ophthalmologists to visualize.

It is unclear if healthcare providers, developers, suppliers, or 
regulators should be held responsible for AI system errors in 
real-world clinical practice despite being properly clinically 
verified. The distribution of liability clarifies not just whether 
and from whom patients should seek restitution but also if AI 
systems may find their way into clinical practice.60 Before 

AI may be used in clinical settings, ethical frameworks must 
be developed that outline the legal responsibility of various 
parties in ensuring that AI functions in a specified manner 
and implementing proper compensating actions if and when 
harm happens.

Conclusion

TL and FL are useful in improving generalizability, 
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repeatability, and data safety when creating ROP models. 
However, the benefits of TL and FL for ROP AI training 
may not always result in improved ROP diagnosis and 
triaging. Future attempts to narrow the interpretability and 
liability gaps are needed.
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