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 A B S T R A C T  

Background: Screening for retinopathy of prematurity (ROP) in low- and middle-
income countries (LMICs) is limited by the shortage of trained examiners. 

Objective: We assessed the diagnostic accuracy of telemedicine and artificial 
intelligence (AI) for ROP screening in LMICs and summarised economic evaluations of 
screening. 

Methods: PubMed, Europe PMC, OpenAlex and Scopus were searched for accuracy 
studies from LMICs comparing remote grading of retinal images (telemedicine) or AI 
with ophthalmoscopy or expert grading, and for economic evaluations. Sensitivity and 
specificity were pooled with bivariate random-effects models; risk of bias was assessed 
with QUADAS-2 and certainty with GRADE. 

Results: Twenty-four accuracy studies from nine countries and 13 economic 
evaluations were included. For clinically significant ROP, telemedicine (6 datasets; 927 
units) had a sensitivity of 92.8% (95% CI 82.6–97.3) and a specificity of 95.8 (87.6–
98.7)%; AI (6 datasets; 7,346 units) had a sensitivity of 93.0 (81.5–97.6)% and a 
specificity of 77.3 (55.6–90.3)%. Specificity was higher in upper-middle-income 
settings. For any-stage ROP and plus disease, pooled sensitivities were 92.2% and 
81.4%, and specificities 97.6% and 99.1%. Fifteen studies were at high risk of bias, and 
certainty was low to very low. Telemedicine was cost-effective in all five cost-utility 
analyses; no economic evaluation of AI from LMICs was found. 

Conclusion: Telemedicine detected clinically significant ROP with high sensitivity and 
specificity and was cost-effective in LMICs, although the certainty of evidence was low. 
AI achieved similar sensitivity with more false-positive referrals; its use as a triage step 
within telemedicine programmes requires prospective evaluation. 

 

Copyright: © 2026 The Author(s). Published by HM Publisher in collaboration with CMHC Research Center. The authors retain copyright and grant the journal the 
right of first publication.  Access license: This is an open-access article under the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International 
License (CC BY-NC-SA 4.0), https://creativecommons.org/licenses/by-nc-sa/4.0/, which permits non-commercial use, distribution, and reproduction in any 
medium, provided the original work is properly cited and derivative works are shared under the same license. 

1. Introduction 

Retinopathy of prematurity (ROP) is a 
vasoproliferative disorder of the developing retina and 
one of the leading causes of avoidable childhood 
blindness. Analyses of the Global Burden of Disease 
data showed that ROP-related visual impairment has 
risen with the survival of preterm infants and that the 
burden is concentrated in low- and middle-income 
countries, where neonatal care has expanded faster 
than eye care for preterm infants.1–3 In a fifteen-year 
comparison from Mexico, ROP remained the leading 

cause of blindness among children attending schools 
for the blind, illustrating how incomplete screening 
translates into lifelong disability.4 

The same pattern has been documented across Asia 
and Africa. In Indonesia, a national multicentre survey 
found that the incidence of ROP had declined after the 
introduction of a national protocol and national health 
insurance. The incidence was probably underestimated 
because of the high mortality of very preterm infants, 
and not all at-risk infants were screened because the 
number of paediatric ophthalmologists trained to 
examine and treat them was limited.5,6 Screening 
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criteria and practices differed widely between eight 
Asian neonatal networks, and infants presenting with 
stage 4B or 5 disease in South India had frequently 
never been screened.7,8 Cohorts from Tanzania, 
Ethiopia and Vietnam reported a substantial incidence 
of ROP under screening criteria that included larger 
and more mature infants than those used in high-
income countries, and the incidence in China varied 
with regional economic development.9–12 In Africa, half 
of the surveyed professionals reported no formal 
referral pathway, and a South African register showed 
that a considerable proportion of eligible infants were 
not screened and examined whether screening began 
before the onset of severe disease.13–15 When disease is 
detected late, infants require urgent treatment such as 
intravitreal anti-vascular endothelial growth factor 
therapy for aggressive ROP, which is available in only a 
few referral centres.16 

Screening by binocular indirect ophthalmoscopy, 
performed by an ophthalmologist experienced in ROP 
and graded according to the International Classification 
of Retinopathy of Prematurity, remains the reference 
approach.17 Surveys showed variable exposure of 
ophthalmology fellows to ROP training and uncertain 
intentions to provide ROP care, and identified gaps in 
knowledge and practical challenges among neonatal 
nurses in both on-site and telemedicine-based 
screening.18,19 Telemedicine separates image 
acquisition from interpretation: trained nurses, 
technicians or non-ophthalmologist physicians capture 
retinal images with wide-field contact cameras, 
portable non-contact cameras or smartphones, and 
experts grade them remotely. Telemedicine and 
technician-assisted programmes were implemented in 
India, Guatemala and China, including during the 
COVID-19 pandemic, when travel to neonatal units was 
restricted.20–23 Newly established programmes in 
Pakistan, rural Egypt and the Philippines reported a 
considerable burden of ROP and the need for locally 
tailored screening criteria and systems that ensure 
timely examination.24–26 

Artificial intelligence (AI) does not replace this 
workflow but adds to it: a deep learning algorithm 
classifies the images captured in a telemedicine 
programme, and only suspicious examinations are sent 
to a human grader. An AI-derived vascular severity 
score was used to describe the epidemiology of ROP in 
large Indian telemedicine programmes and improved 
the consistency of plus disease diagnosis among 
experts.27–29 However, image-based algorithms can 
learn features associated with retinal pigmentation and 
self-reported race, and the field of view and image 
enhancement alter the grading of plus disease even 
among experts, so that algorithms developed in high-
income countries may perform differently with other 

populations and cameras.30–32 Edge-cloud architectures 
and target product profiles for low-cost imaging 
devices have been proposed to make such systems 
usable in resource-limited settings.33,34 

The choice between these strategies is also an 
economic decision. A United States model suggested 
that autonomous AI could be as effective as and less 
costly than other ROP screening strategies, and 
screening for diabetic retinopathy with 
teleophthalmology or AI was cost-effective in India, 
Hong Kong, mainland China and Australia, with results 
that depended strongly on the sensitivity and 
specificity of the algorithm.35–39 Combined screening 
for blinding eye diseases and prevention of ROP with 
oxygen blenders were likewise cost-effective in China 
and Uganda.40,41 Whether the accuracy and cost-
effectiveness of ROP telemedicine and AI hold in low- 
and middle-income countries, where infants are larger, 
imaging is often performed by non-physicians and 
portable cameras are common, has not been 
synthesised; the searches for this review identified no 
previous synthesis restricted to data from these 
settings. 

The novelty of this study lies in restricting the synthesis 
of diagnostic accuracy to data collected in low- and 
middle-income countries, in comparing telemedicine 
grading and AI within the same bivariate framework 
for three target conditions, and in placing these 
estimates alongside the economic evaluations 
conducted in the same settings. The aim of this study 
was to estimate the sensitivity and specificity of 
telemedicine and AI for detecting clinically significant 
ROP, any-stage ROP and plus disease in low- and 
middle-income countries, to explore sources of 
heterogeneity, and to summarise the cost-effectiveness 
of ROP screening strategies in these settings. 

2. Methods 

2.1. Study design and reporting 

This systematic review and meta-analysis of diagnostic 
test accuracy followed the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses (PRISMA 
2020) statement and the methods of the Cochrane 
Handbook for Systematic Reviews of Diagnostic Test 
Accuracy.42,43 Economic evaluations were appraised 
with the items of the Consolidated Health Economic 
Evaluation Reporting Standards (CHEERS 2022).44 The 
review used published data only, and ethical approval 
was not required. 

2.2. Eligibility criteria 

Diagnostic accuracy studies were eligible when they 
enrolled preterm infants who met local ROP screening 
criteria in a low- or middle-income country, defined by 
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the World Bank classification at the time of data 
collection; low-resource settings were operationalised 
in this way. Two index tests were considered: 
telemedicine, defined as retinal imaging with any wide-
field contact, portable non-contact or smartphone-
based camera followed by remote or deferred grading 
by a human reader; and AI, defined as an automated 
algorithm that classified ROP images and was evaluated 
on data that had not been used for training (temporal, 
external or hold-out test sets). The reference standard 
was binocular indirect ophthalmoscopy by an 
ophthalmologist, a clinical diagnosis recorded in the 
screening programme, or consensus grading of images 
by ROP experts. 

The World Bank grouping of low-, lower-middle- and 
upper-middle-income countries was used as the 
operational definition of low-resource settings for 
three reasons: it is reproducible across studies and 
years, most of the current burden of ROP-related 
blindness lies in middle-income countries, and access 
to screening within upper-middle-income countries 
remains uneven between regions.1,12,25 Because 
resource levels differ within this group, all analyses 
were also reported by income group. 

Three target conditions were analysed. Clinically 
significant ROP comprised treatment-requiring ROP 
(type 1 ROP or ROP requiring treatment) and referral-
warranted ROP (type 2 ROP or worse, stage 3 ROP, plus 
disease or more-than-mild ROP); the threshold used by 
each study was recorded. Any-stage ROP was defined 
as stage 1 or worse, and plus disease as plus versus no 
plus, with pre-plus counted as negative.17 Studies were 
excluded when they reported data from a high-income 
country, when a two-by-two table of true positives 
(TP), false positives (FP), false negatives (FN) and true 
negatives (TN) could not be obtained or reconstructed 
consistently with the reported estimates, when AI was 
evaluated by cross-validation only, or when the same 
unmasked examiner performed the index test and the 
reference standard. 

Economic evaluations were eligible when they 
reported costs, or costs together with health outcomes, 
of an ROP screening strategy in a low- or middle-
income country, including cost-utility, cost-
effectiveness, cost-benefit and cost analyses of 
telemedicine, AI or ophthalmoscopy-based 
programmes. 

2.3. Information sources and search strategy 

PubMed, Europe PMC, OpenAlex and Scopus were 
searched from inception without language restrictions. 
The diagnostic accuracy search combined terms for 
ROP with terms for telemedicine, digital retinal 
imaging, smartphone imaging, deep learning and AI; 

the economic search combined ROP terms with terms 
for costs, cost-effectiveness, cost-utility and economic 
evaluation. Medical Subject Headings were combined 
with free-text synonyms, and the reference lists of 
included studies were screened.  

Records in languages other than English were retained 
when they were indexed in the searched databases; 
three included studies were published in Chinese with 
English abstracts, and their full texts were read in the 
original with the assistance of translation, with the two-
by-two tables checked against the published tables. 
Embase, Web of Science and Chinese databases such as 
the China National Knowledge Infrastructure were not 
searched. 

2.4. Study selection and data extraction 

Records were deduplicated by digital object identifier, 
PubMed identifier and normalised title. Titles and 
abstracts were screened by one reviewer, and every 
full-text eligibility decision and every extracted two-by-
two table was verified by a second reviewer against the 
source document; disagreements were resolved by 
discussion. Data were extracted into a piloted form 
with 23 items covering bibliographic details, country 
and income group, design, setting, participants 
(gestational age and birth weight), imaging device, 
person acquiring the images, reader or algorithm, 
reference standard, target condition, threshold, unit of 
analysis and the two-by-two counts. 

Two-by-two tables were taken directly from the 
reports or reconstructed from reported counts, 
sensitivities, specificities and denominators; every 
reconstructed table was checked by recomputing the 
published estimates. When a study reported several 
readers, the first or consensus reader was used in the 
primary analysis and the second reader in a sensitivity 
analysis. When both referral-warranted and treatment-
requiring thresholds were reported, the referral-
warranted threshold was used in the primary analysis 
because it reflects the screening decision. Data were 
analysed at the unit reported, with infant-level tables 
preferred over eye-, examination- or image-level tables 
when several were available. Economic data comprised 
the type of evaluation, perspective, time horizon, 
discount rate, strategies compared, costs, effects, 
incremental cost-effectiveness ratios and willingness-
to-pay thresholds. All two-by-two tables, including 
those of second readers and alternative thresholds, are 
listed in Supplementary Table S2. 

Units with ungradable images were analysed as 
handled by each study. Some programmes counted 
them as screen positive and referred the infant, which 
lowers specificity, whereas others excluded them, 
which can raise both sensitivity and specificity; this 
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was recorded in the flow and timing domain of the risk-
of-bias assessment. Datasets from independent 
populations reported in one article, such as the 
Nepalese and Mongolian cohorts of one AI study, were 
analysed as separate datasets. One study reported 
telemedicine and AI results for overlapping infants; 
both datasets entered the analyses by index test, and 
the pooled analysis of all datasets was treated as 
secondary to the index-specific estimates. 

2.5. Risk of bias and applicability 

Risk of bias and applicability concerns were assessed 
with QUADAS-2 in four domains: patient selection, 
index test, reference standard, and flow and timing.43 
Because no validated AI-specific version was available, 
the signalling questions were tailored for AI studies. 
For patient selection, consecutive or complete 
programme samples were rated at low risk, whereas 
curated, case-control or class-balanced image sets were 
rated at high risk. For the index test, the test set had to 
be independent of the training data at the infant level 
and the operating threshold had to be fixed before 
testing; image-level splits in which images of the same 
infant could appear in both sets were rated at high risk. 
For the reference standard, ophthalmoscopy or a 
programme diagnosis masked to the index test was 
preferred over image labels assigned by the developers. 
For flow and timing, the handling of ungradable images 
and the interval between the index test and the 
reference standard were assessed. A study was rated at 
high overall risk when any domain was at high risk, at 
low risk when all domains were at low risk, and unclear 
otherwise.  The reporting of economic evaluations was 
appraised against the CHEERS 2022 items for the 
perspective, time horizon, discounting and sensitivity 
analysis, and it was recorded whether the full text or 
only the abstract was available.44 

2.6. Statistical analysis 

For each dataset, sensitivity and specificity were 
calculated from the two-by-two table as shown in 
Equation 1, with exact Clopper-Pearson 95% 
confidence intervals (CI). 

 Se =
TP

TP+FN
,  Sp =

TN

TN+FP
 (1) 

Sensitivity and specificity were pooled with the 
bivariate binomial-normal random-effects model. The 
model describes the number of true positives among 
units with the target condition and the number of true 
negatives among units without it with binomial 
distributions (Equation 2). The logit-transformed 
sensitivity and specificity of each study are assumed to 
follow a bivariate normal distribution N with mean 
vector (μA, μB) and between-study covariance matrix Σ 
(Equation 3), where A denotes sensitivity, B specificity, 
σ2 the between-study variances and σAB their 

covariance. The model was fitted by maximum 
likelihood with the Laplace approximation. When the 
correlated model was singular or did not converge, the 
covariance term was set to zero. 

 𝑦𝐴𝑖~Bin(𝑛𝐴𝑖 , 𝑝𝐴𝑖), 𝑦𝐵𝑖~Bin(𝑛𝐵𝑖 , 𝑝𝐵𝑖) (2) 

 (
logit(𝑝𝐴𝑖)

logit(𝑝𝐵𝑖)
) ~𝑁 ((

𝜇A

𝜇B
) , 𝛴) , 𝛴 = (

𝜎A
2 𝜎AB

𝜎AB 𝜎B
2 ) (3) 

Positive and negative likelihood ratios and the 
diagnostic odds ratio were derived from the pooled 
estimates (Equation 4), and their 95% CIs were 
obtained from 20,000 draws from the bivariate normal 
distribution of the estimated logit means. Hierarchical 
summary receiver operating characteristic (HSROC) 
parameters were derived from the bivariate estimates 
(Equation 5), and the HSROC curve (Equation 6) was 
plotted with the 95% confidence region of the 
summary point and the 95% prediction region. 

 LR+ =
Se

1−Sp
, LR− =

1−Se

Sp
,  DOR =

LR+

LR− (4) 

 𝛽 = ln (
𝜎B

𝜎A
) , 𝛬 = (

𝜎B

𝜎A
)

1/2

𝜇A + (
𝜎A

𝜎B
)

1/2

𝜇B (5) 

 logit(Se) = 𝛬𝑒−𝛽/2 + 𝑒−𝛽logit(1 − Sp) (6) 

Heterogeneity was assessed mainly from the between-
study variances of the bivariate model and the 95% 
prediction region. The I2 statistic of univariate random-
effects logistic models (Equation 7) was reported as a 
descriptive measure, recognising that it tends to be 
high in accuracy reviews with large samples. 

 𝐼2 = max {0,
𝑄−df

𝑄
} × 100% (7) 

Sources of heterogeneity were explored by bivariate 
meta-regression, adding each covariate to the model as 
a fixed effect on logit sensitivity and logit specificity and 
comparing it with the model without the covariate by a 
likelihood-ratio test with two degrees of freedom 
(Equation 8). The prespecified covariates were the 
index test, income group, reference standard 
(ophthalmoscopy or clinical diagnosis versus expert 
image grading), imaging device, person acquiring the 
images, unit of analysis, overall risk of bias and, for 
clinically significant ROP, the threshold. These analyses 
were exploratory; to account for multiple testing, 
covariates were regarded as robustly associated with 
accuracy only when their p value was below the 
Bonferroni threshold (0.05 divided by the number of 
covariates tested, 0.0063 for clinically significant ROP). 

 𝐺2 = −2(ℓ0 − ℓ1)~𝜒2
2 (8) 

Sensitivity analyses excluded studies at high risk of 
bias, studies with an image-based reference standard, 
non-infant-level data and image-level data. Further 
analyses replaced the primary reader with the second 
reader, applied the treatment threshold to all studies, 
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excluded the prognostic AI model, and excluded case-
control or class-balanced designs and studies without 
reported masking of readers. Finally, each dataset was 
omitted in turn. 

Small-study effects were assessed with Deeks' funnel 
plot asymmetry test when at least ten datasets were 
available, by regressing the log diagnostic odds ratio on 
the inverse square root of the effective sample size 
(Equation 9), where n1 and n0 are the numbers of units 
with and without the target condition; a p value below 
0.10 indicated asymmetry. 

 lnDOR𝑖 = 𝛼 + 𝛽1
1

√ESS𝑖
, ESS𝑖 =

4𝑛1𝑖𝑛0𝑖

𝑛1𝑖+𝑛0𝑖
 (9) 

Analyses were performed in R version 4.5.3 with the 
lme4 (version 2.0.1), meta (version 8.2.1) and MASS 
(version 7.3.65) packages, and figures were drawn in 
Python with matplotlib (version 3.10.8). Economic 
evaluations were not pooled because they differed in 
perspective, comparators, currencies and price years. 
They were synthesised narratively in their original 
currencies, and each incremental cost-effectiveness 
ratio was interpreted against the willingness-to-pay 
threshold used in its own study, because several 
studies did not report a price year and conversion to a 
common currency would have required additional 
assumptions. 

2.7. Certainty of the evidence 

The certainty of the evidence for clinically significant 
ROP was rated with the Grading of Recommendations 
Assessment, Development and Evaluation (GRADE) 
approach for diagnostic tests, starting at high certainty 
for cross-sectional accuracy studies and downgrading 
for risk of bias, indirectness, inconsistency, imprecision 
and publication bias. Publication bias was judged from 
Deeks' test, taking its limited power into account. The 

consequences of screening were expressed as true and 
false results per 1000 infants at pre-test probabilities 
of 5%, 10% and 20%. These values spanned most of the 
observed range of prevalence of clinically significant 
ROP in the included datasets (2.0% to 24.0%; median 
9.1%). False negatives and false positives were 
calculated as shown in Equation 10, where π is the pre-
test probability. 

 FN1000 = 1000𝜋(1 − Se), FP1000 = 1000(1 − 𝜋)(1 −
Sp) (10) 

3. Results 

3.1. Study selection 

The diagnostic accuracy searches identified 2,376 
records, of which 986 remained after removal of 
duplicates. After screening of titles and abstracts, 77 
reports were sought, 28 could not be retrieved and 49 
were assessed in full; 25 were excluded, most often 
because two-by-two data were not reported or the 
reported accuracy measures were internally 
inconsistent. The economic searches identified 512 
records (212 after deduplication), and 19 reports were 
assessed in full. In total, 24 diagnostic accuracy studies 
and 13 economic evaluations were included, as detailed 
in Figure 1. 

Most of the 28 reports that could not be retrieved 
described AI algorithms published in engineering or 
computing journals; the others evaluated smartphone 
or digital imaging devices. The eight reports excluded 
because of internal inconsistency included both 
telemedicine and AI studies; in these, the reported 
sensitivity and specificity could not be reproduced 
from any integer two-by-two table with the stated 
denominators, or the counts in the text and the tables 
contradicted each other. 



Community Medicine and Education Journal  Sutyawan et al. 
 

Community Med Educ J  ·  e-ISSN 2774-2962  ·  hmpublisher.com/index.php/cmej 158 

 

Figure 1. PRISMA 2020 flow diagram of the identification, screening and inclusion of diagnostic accuracy studies (left) and economic 
evaluations (right). AI, artificial intelligence; ROP, retinopathy of prematurity. 

3.2. Characteristics of the included studies 

The twenty-four diagnostic accuracy studies were 
conducted in nine countries, as summarised in Table 1. 
China contributed 9 studies, India 8, Thailand 2 and 
Nepal 2; Turkey and Brazil contributed one study each. 
One AI study contributed separate cohorts from Nepal 
and Mongolia, and another combined images from 

Argentina and Colombia. Eleven studies evaluated 
telemedicine grading and fourteen evaluated AI; one 
study assessed both on paired images. Eleven studies 
were from low- or lower-middle-income settings and 
thirteen from upper-middle-income settings; only the 
Nepalese data came from a low-income country. The 
eighteen studies that reported the number of infants 
contributed 9,519 infants. 

Table 1. Characteristics of the included diagnostic accuracy studies. 

Study 

Country 
(income 
group) 

Design and 
setting 

Infants (n); GA; 
BW 

Units 
analysed 

Index test: device; 
image acquisition; 
reading 

Reference 
standard Targets RoB 

Telemedicine (image-based human grading) 
Shah 200645 India 

(lower-
middle) 

Prospective 
comparative, 
single centre 

27; GA 32.3 (28–
36); BW 1469 
(900–2050) 

87 
examinations 

RetCam 120; acquisition: 
ophthalmologist; 
reading: masked 
deferred reading by 
vitreoretinal surgeon 

BIO with scleral 
depression 
(vitreoretinal 
surgeon) 

Any-stage High 

Wu 201046 China 
(lower-
middle) 

Prospective 
paired 
comparison, 
single centre 

112; GA 31.7 ± 2.7; 
BW 1645 ± 420 

224 eyes RetCam II; acquisition: 
ophthalmologist; 
reading: 
ophthalmologist; 
masking not reported 

BIO with scleral 
depression 
(experienced 
ophthalmologist) 

Any-stage Unclear 
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Study 

Country 
(income 
group) 

Design and 
setting 

Infants (n); GA; 
BW 

Units 
analysed 

Index test: device; 
image acquisition; 
reading 

Reference 
standard Targets RoB 

Sekeroglu 
201347 

Turkey 
(upper-
middle) 

Prospective, 
consecutive, 
masked, single 
centre 

58; GA 30 (24–
32); BW 1335 
(760–2000) 

248 eye-
examinations 

RetCam Shuttle; 
acquisition: 
ophthalmologist; 
reading: imaging 
ophthalmologist masked 
to BIO (different 
examiner) 

BIO with scleral 
depression 
(paediatric 
ophthalmologist) 

CS, any-
stage, plus 

Low 

Vinekar 
201420 

India 
(lower-
middle) 

Prospective 
programme data 
(KIDROP), 
multicentre 

NR; GA NR; BW 
NR 

454 imaging 
sessions (level 
III 
technicians) 

RetCam Shuttle; 
acquisition: non-
physician; reading: 
accredited non-physician 
technicians (real-time 
triage); remote expert 
reporting 

BIO with scleral 
depression by ROP 
expert, masked 

CS, any-
stage 

Unclear 

Lin 201848 China 
(upper-
middle) 

Retrospective, all 
screened infants, 
single centre 

600; GA 32.3 ± 1.9; 
BW 1810 ± 460 

1200 eyes RetCam III; acquisition: 
ophthalmologist; 
reading: fundus 
specialist; masking not 
reported 

BIO by 
experienced 
ophthalmologist 

Any-stage Unclear 

Prakalapakor
n 201849 

Thailand 
(upper-
middle) 

Prospective pilot, 
single centre 

56; GA 28.1 (23–
33); BW 1156 
(585–2000) 

50 infants 
(accuracy) 

Pictor (45°, non-contact); 
acquisition: non-
physician; reading: two 
remote paediatric 
ophthalmologists (grader 
1 primary) 

BIO by retina 
specialist 

CS, plus High 

Wongwai 
201850 

Thailand 
(upper-
middle) 

Prospective, 
consecutive, 
multicentre 

100; GA 31.1 ± 3.0; 
BW 1511 ± 421 

100 infants RetCam Shuttle; 
acquisition: non-
physician; reading: two 
remote masked 
ophthalmologists (reader 
A primary) 

BIO with scleral 
indentation 
(expert), masked 

CS, any-
stage, plus 

Unclear 

Tian 201951 China 
(upper-
middle) 

Retrospective, 
remote-reading 
network, 
multicentre 

1402; GA NR; BW 
NR 

1402 infants RetCam III / Nautilus; 
acquisition: non-
ophthalmologist 
physician; reading: 
remote readers 
(Shenzhen reading 
centre) 

BIO by trained 
physicians at 
partner units 

Any-stage High 

Adhikari 
202152 

Nepal (low) Cross-sectional 
validation, all 
new eligible 
infants 

100; GA 32.6 ± 2.5; 
BW 1300 ± 200 

200 eyes Smartphone + Paxos 
Scope, 20 D lens; 
acquisition: non-
physician; reading: two 
remote vitreoretinal 
specialists (grader 1 
primary), masked 

BIO (paediatric 
ophthalmologist) 

CS Low 

Lanzelotte 
202253 

Brazil 
(upper-
middle) 

Cross-sectional 
convenience 
sample, 6 centres 

200; GA 30 ± 2; 
BW 1265 ± 315 

712 eye-
examinations 

Pictor Plus (40°, non-
contact); acquisition: 
ophthalmologist; 
reading: two remote 
ophthalmologists 
(observer 3 primary) 

BIO 
(ophthalmologist 
who acquired the 
images) 

Plus High 

Young 2023a54 India 
(lower-
middle) 

Prospective 
paired 
comparison, 
telemedicine 
programme 

156; GA 33.0 ± 3.0; 
BW 1685 ± 419 

156 infants 
(AI test set 
29) 

Smartphone (MII RetCam 
or Keeler MIO, 28 D 
lens); acquisition: non-
physician; reading: 
consensus of two masked 
telemedicine graders; 
ResNet-18 (AI) 

Telemedicine 
grading of paired 
RetCam images 

CS, any-
stage 

High 

Artificial intelligence 
Wang 201855 China 

(upper-
middle) 

Retrospective 
development; 
temporally 
separate test set 

264; GA NR; BW 
NR 

552 eye-
examinations 

RetCam-type wide-field 
images; acquisition: NR; 
reading: deepROP (Id-
Net/Gr-Net) 

Consensus image 
labels of three 
experts 

CS, any-
stage 

Unclear 

Zhang 201956 China 
(upper-
middle) 

Retrospective, 
telemedicine 
platform; image-
level hold-out 

NR; GA 32.0 (25–
36); BW 1500 
(780–2000) 

1742 images RetCam 2/3; acquisition: 
non-physician; reading: 
VGG-16 deep neural 
network 

Paediatric 
ophthalmologists' 
consensus labels 

Any-stage High 

Wang 202157 China 
(upper-
middle) 

Retrospective, 4 
centres; patient-
level hold-out 

1448; GA 32.9 ± 
3.1; BW 1925 ± 
774 

1448 infants 
(test) 

RetCam II/III; 
acquisition: NR; reading: 
J-PROP multidimensional 
platform 

Consensus image 
labels 
(junior/senior/ex
pert) 

Any-stage, 
plus 

High 
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Study 

Country 
(income 
group) 

Design and 
setting 

Infants (n); GA; 
BW 

Units 
analysed 

Index test: device; 
image acquisition; 
reading 

Reference 
standard Targets RoB 

Cole 202258 Nepal; 
Mongolia 
(low; lower-
middle) 

Retrospective 
external 
validation, 
screening 
programmes 

637; GA 33.3 ± 2.5; 
30.4 ± 2.1; BW 
1960 ± 557; 1515 
± 384 

391 + 467 
examinations 

3nethra neo (Nepal); 
RetCam Portable 
(Mongolia); acquisition: 
NR; reading: i-ROP deep 
learning (US-trained, not 
retrained) 

Clinical diagnosis 
(medical record); 
expert reference 
for plus 

CS, plus Unclear 

Coyner 202259 India 
(lower-
middle) 

External 
validation of 
prognostic AI 
model, 
telemedicine 
programme 

762; GA 33.5 ± 2.9 
(untreated); BW 
1734 ± 467 
(untreated) 

762 infants 
(test) 

RetCam Shuttle; 
acquisition: non-
physician; reading: 
vascular severity score + 
gestational age risk 
model 

Subsequent 
treatment-
requiring ROP 
(telemedicine 
clinical diagnosis) 

CS High 

Li 202260 China 
(upper-
middle) 

Retrospective, 
single centre; 
separate test set 

567; GA 30.4 ± 5.8; 
BW 1442 ± 517 

3680 images RetCam 3; acquisition: 
NR; reading: denseNet 
deep convolutional 
network 

Consensus of 
three ROP experts 
on images 

Any-stage High 

Peng 202261 China 
(upper-
middle) 

Retrospective; 
examination-level 
hold-out 

NR; GA NR; BW 
NR 

311 
examinations 

RetCam 3; acquisition: 
NR; reading: ADS-Net 
attention network 

Three paediatric 
ophthalmologists 
(concordant labels 
only) 

Any-stage High 

Liu 202362 China 
(upper-
middle) 

Retrospective, 
single centre; 
patient-level 
hold-out 

131; GA 30.9 ± 3.8; 
BW 1546 ± 710 

131 infants 
(test) 

RetCam II/III; 
acquisition: NR; reading: 
denseNet-121 / ResNet-
18 system 

Two senior 
ophthalmologists 
with expert 
arbitration 
(images) 

Any-stage High 

Raja Sankari 
202363 

India 
(lower-
middle) 

Retrospective 
case-control 
image set; hold-
out 

200; GA 29.8–
31.8; BW 1380–
1700 

50 images 3nethra neo; acquisition: 
non-physician; reading: 
quantum support vector 
machine 

Certified 
ophthalmologists' 
image labels 

Any-stage High 

Rao 202364 India 
(lower-
middle) 

Retrospective, 
KIDROP tele-ROP 
programme; 
image-level hold-
out 

NR; GA NR; BW 
NR 

7489 images RetCam III/Shuttle and 
3nethra neo; acquisition: 
non-physician; reading: 
medios AI-ROP 
(EfficientNet-B0) 

Trained non-
physician tele-ROP 
graders' registers 

Any-stage High 

Subramaniam 
202365 

Argentina; 
Colombia 
(upper-
middle) 

Retrospective 
convenience 
image set; hold-
out 

NR; GA NR; BW 
NR 

50 images Smartphone + 20/28 D 
lens; acquisition: 
physician; reading: 
googLeNet after image 
harmonisation 

In-person BIO by 
expert physician 

Plus High 

Coyner 202466 India 
(lower-
middle) 

Retrospective 
external 
validation, all 
programme 
examinations 

2699; GA 33.5 ± 
2.9; BW 1735 ± 
450 

5145 
examinations 

RetCam Shuttle or 
3nethra; acquisition: 
non-physician; reading: 
autonomous i-ROP DL 
(vascular severity score 
≥3.1) 

Telemedicine 
clinical diagnosis 
(ROPE-SOS 
programme) 

CS Unclear 

Agrawal 
202567 

India 
(lower-
middle) 

Curated class-
balanced public 
dataset 
(HVDROPDB); 
hold-out 

NR; GA NR; BW 
NR 

39 images RetCam and 3nethra neo; 
acquisition: NR; reading: 
multiCNN_LSTM 
classifier 

Hospital 
ophthalmologists' 
image annotation 

Plus High 

aYoung 2023 evaluated both telemedicine grading and an artificial intelligence algorithm on paired images. Income group is the World Bank classification at the time 
of data collection. BIO, binocular indirect ophthalmoscopy; BW, birth weight in grams (mean ± SD or median/range as reported); CS, clinically significant ROP 
(treatment-requiring or referral-warranted); any-stage, ROP of any stage; plus, plus disease; GA, gestational age in weeks; NR, not reported; RoB, overall QUADAS-2 
risk of bias; ROP, retinopathy of prematurity. 

Telemedicine studies were mostly prospective paired 
comparisons with ophthalmoscopy, whereas AI studies 
were retrospective evaluations on temporally separate, 
external or hold-out image sets. Images were acquired 
with wide-field contact cameras in most studies and 
with portable non-contact cameras or smartphones in 
the others, frequently by nurses or technicians. 
Clinically significant ROP was reported in 12 datasets 
from 10 studies (8,273 units; 589 with the target 
condition), any-stage ROP in 16 datasets from 16 
studies (19,272 units) and plus disease in 9 datasets 
from 8 studies (4,898 units). The unit of analysis was 

the infant in 5 of the 12 datasets for clinically significant 
ROP and the eye or examination in the remainder. 

3.3. Risk of bias and applicability 

Fifteen studies were at high overall risk of bias, seven 
at unclear risk and two at low risk, as illustrated in 
Figure 2. High risk arose mainly from patient selection 
in AI studies that used curated, case-control or class-
balanced image sets and from flow and timing when not 
all units received the same reference standard. The 
reference standard domain was frequently unclear 
because image-based expert labels were used or 
masking was not reported. Applicability concerns for 
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the index test were high in four studies, in which 
images were acquired by ophthalmologists rather than 
within a typical remote programme, technicians graded 

their own images in real time, or the AI model predicted 
future rather than current disease. 

 

 

Figure 2. Risk of bias and applicability concerns of the included diagnostic accuracy studies (QUADAS-2). Left, judgements for each 
study and domain, shown by colour and symbol (+, low; ?, unclear; −, high); right, proportion of studies with low, unclear and high risk 
or concern in each domain; numbers in the bars are counts of studies. 

 

3.4. Accuracy for clinically significant ROP 

Study-level sensitivity for clinically significant ROP 
ranged from 80.8–100.0% and specificity from 54.3–
100.0%, as shown in Figure 3. Telemedicine had a 
pooled sensitivity of 92.8% (95% CI 82.6–97.3) and 
specificity of 95.8% (95% CI 87.6–98.7), whereas AI 

had a sensitivity of 93.0% (95% CI 81.5–97.6) and a 
specificity of 77.3% (95% CI 55.6–90.3), as detailed in 
Table 2. The corresponding positive likelihood ratios 
were 22.3 (95% CI 7.4–70.8) and 4.1 (95% CI 2.1–9.1), 
and the negative likelihood ratios 0.07 (95% CI 0.03–
0.19) and 0.09 (95% CI 0.04–0.22). 
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Figure 3. Forest plot of sensitivity and specificity for clinically significant retinopathy of prematurity, grouped by index test. Points show 
study estimates with exact binomial (Clopper-Pearson) 95% confidence intervals (marker size proportional to the number of units); 
diamonds show summary estimates from the bivariate random-effects model, and I2 values come from univariate models. CI, confidence 
interval; FN, false negatives; FP, false positives; k, number of datasets; TN, true negatives; TP, true positives. 

Table 2. Pooled diagnostic accuracy of telemedicine and artificial intelligence by target condition. 

Target condition and 
index test k 

Units 
(positive) 

Sensitivity, % 
(95% CI) 

Specificity, % 
(95% CI) 

LR+ (95% 
CI) 

LR− (95% 
CI) DOR (95% CI) 

I2 
sensitivity/sp
ecificity (%) 

Clinically significant ROP 

All datasets 12 8,273 (589) 93.1 (86.0–96.8) 89.6 (77.1–95.7) 9.0 (4.0–
21.4) 

0.08 (0.04–
0.16) 

117 (34–394) 11.4/98.2 

Telemedicine 6 927 (132) 92.8 (82.6–97.3) 95.8 (87.6–98.7) 22.3 (7.4–
70.8) 

0.07 (0.03–
0.19) 

298 (62–1410) 0.0/71.0 

Artificial intelligence 6 7,346 (457) 93.0 (81.5–97.6) 77.3 (55.6–90.3) 4.1 (2.1–9.1) 0.09 (0.04–
0.22) 

45 (16–126) 31.6/99.1 

Any-stage ROP 

All datasets 16 19,272 
(4,424) 

92.2 (85.0–96.1) 97.6 (95.5–98.8) 39.0 (20.4–
73.8) 

0.08 (0.04–
0.15) 

490 (195–
1234) 

93.2/92.2 

Telemedicine 8 3,869 (768) 88.3 (68.6–96.3) 99.0 (95.7–99.8) 86.7 (20.4–
360.1) 

0.12 (0.04–
0.32) 

734 (119–
4458) 

93.3/78.8 

Artificial intelligence 8 15,403 
(3,656) 

94.9 (90.9–97.2) 95.6 (93.7–97.0) 21.8 (14.9–
31.8) 

0.05 (0.03–
0.10) 

411 (175–963) 83.6/95.2 

Plus disease 

All datasets 9 4,898 (306) 81.4 (68.8–89.6) 99.1 (96.8–99.7) 88.7 (25.5–
307.6) 

0.19 (0.10–
0.31) 

471 (124–
1782) 

72.2/88.9 

Telemedicine 4 1,233 (98) 75.4 (45.2–91.9) 99.5 (96.9–99.9) 162.0 (22.0–
1079.6) 

0.25 (0.08–
0.55) 

655 (62–6839) 0.0/0.0 

Artificial intelligence 5 3,665 (208) 89.4 (84.5–92.9) 98.1 (92.9–99.5) 47.0 (12.5–
181.4) 

0.11 (0.07–
0.16) 

436 (103–
1845) 

11.1/93.1 

Bivariate binomial-normal random-effects estimates; confidence intervals for likelihood ratios and the diagnostic odds ratio were obtained from 20,000 random 
draws based on the model covariance matrix. I2 values come from univariate random-effects logistic models for sensitivity and specificity. CI, confidence interval; 
DOR, diagnostic odds ratio; k, number of datasets; LR+ and LR−, positive and negative likelihood ratios; ROP, retinopathy of prematurity. 

The difference in accuracy between index tests did not 
reach statistical significance (p=0.08). Across all 12 
datasets, the pooled sensitivity was 93.1% (95% CI 
86.0–96.8) and the pooled specificity 89.6% (95% CI 
77.1–95.7), with a diagnostic odds ratio of 117 (95% CI 

34–394) (Table 2). The between-study variance on the 
logit scale was 0.67 for sensitivity and 2.55 for 
specificity, and the univariate I2 was 11.4% and 98.2%, 
respectively. In the receiver operating characteristic 
space, the summary points of both index tests lay in the 
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upper left corner, but the confidence region of AI 
extended further to the right and the prediction region 

of the pooled estimate was wide, as illustrated in Figure 
4. 

 

Figure 4. Summary receiver operating characteristic plots for (A) clinically significant retinopathy of prematurity, (B) any-stage 
retinopathy of prematurity and (C) plus disease. Open symbols are individual datasets (size proportional to the number of units); filled 
symbols are summary points for telemedicine (circles), artificial intelligence (triangles) and all datasets (diamond), with their 95% 
confidence regions. The dashed line is the 95% prediction region and the grey line the hierarchical summary receiver operating 
characteristic curve for all datasets. The horizontal axis of panels B and C is truncated at 40%. 

3.5. Accuracy for any-stage ROP and plus disease 

For any-stage ROP, telemedicine had a sensitivity of 
88.3% (95% CI 68.6–96.3) and a specificity of 99.0% 
(95% CI 95.7–99.8); AI had a sensitivity of 94.9% (95% 
CI 90.9–97.2) and a specificity of 95.6% (95% CI 93.7–
97.0) (p=0.08). Across all datasets, the pooled 
sensitivity was 92.2% (95% CI 85.0–96.1) and the 
pooled specificity 97.6% (95% CI 95.5–98.8) (Table 2). 
Heterogeneity was high for both sensitivity (I2=93.2%; 
between-study variance 2.06) and specificity 
(I2=92.2%; 1.51). 

For plus disease, the sensitivity of telemedicine was 
75.4% (95% CI 45.2–91.9) and that of AI 89.4% (95% 
CI 84.5–92.9), with specificities of 99.5% and 98.1% 
(p=0.11). Across all datasets, the pooled sensitivity was 
81.4% (95% CI 68.8–89.6) and the pooled specificity 
99.1% (95% CI 96.8–99.7) (Table 2). The summary 
points for both target conditions lay close to the vertical 
axis of the receiver operating characteristic space, 
reflecting high specificity (Figure 4). 

3.6. Sources of heterogeneity 

In meta-regression for clinically significant ROP, 
specificity was lower in low- or lower-middle-income 
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settings (77.9% (95% CI 66.0–86.5)) than in upper-
middle-income settings (98.3% (95% CI 95.2–99.4); 
p<0.001), as detailed in Table 3. The threshold was also 
associated with accuracy (p<0.001): studies using a 
referral-warranted threshold had a sensitivity of 81.4% 
(95% CI 77.3–84.9) and a specificity of 82.7% (95% CI 

50.4–95.8), compared with 96.3% (95% CI 92.5–98.2) 
and 92.2% (95% CI 79.2–97.3) for the treatment-
requiring threshold. The reference standard, imaging 
device, person acquiring the images, unit of analysis 
and risk of bias were not associated with accuracy for 
this target condition. 

Table 3. Meta-regression and sensitivity analyses by target condition. 

Analysis k CS sensitivity CS specificity k 
Any-stage 
sensitivity 

Any-stage 
specificity k Plus sensitivity Plus specificity 

Primary analysis 
All datasets 12 93.1 (86.0–

96.8) 
89.6 (77.1–

95.7) 
16 92.2 (85.0–

96.1) 
97.6 (95.5–

98.8) 
9 81.4 (68.8–89.6) 99.1 (96.8–99.7) 

Meta-regression (subgroup estimates) 
Index test  p=0.08   p=0.08   p=0.11  

Telemedicine 6 93.5 (82.8–
97.7) 

95.8 (87.9–
98.6) 

8 87.8 (73.0–
95.1) 

98.7 (96.9–
99.5) 

4 71.9 (54.4–84.5) 99.6 (97.7–99.9) 

Artificial intelligence 6 92.7 (82.4–
97.2) 

77.3 (54.9–
90.5) 

8 95.1 (87.8–
98.1) 

95.8 (91.3–
98.0) 

5 88.1 (78.4–93.8) 98.0 (92.6–99.5) 

Income group  p<0.001   p=0.17   p=0.43  

Low or lower-middle income 8 92.7 (84.8–
96.6) 

77.9 (66.0–
86.5) 

6 93.1 (79.9–
97.9) 

94.8 (87.7–
97.9) 

3 86.0 (66.0–95.1) 97.7 (87.5–99.6) 

Upper-middle income 4 95.6 (81.8–
99.0) 

98.3 (95.2–
99.4) 

10 91.6 (81.4–
96.5) 

98.4 (96.7–
99.2) 

6 79.0 (62.6–89.4) 99.4 (97.3–99.9) 

Threshold for clinically 
significant ROP 

 p<0.001   –   –  

Treatment-requiring 8 96.3 (92.5–
98.2) 

92.2 (79.2–
97.3) 

– – – – – – 

Referral-warranted 4 81.4 (77.3–
84.9) 

82.7 (50.4–
95.8) 

– – – – – – 

Reference standard  p=0.22   p=0.03   p=0.21  

Ophthalmoscopy or clinical 
diagnosis 

9 95.1 (87.8–
98.1) 

89.6 (74.1–
96.3) 

7 90.4 (75.5–
96.6) 

99.1 (97.7–
99.6) 

7 76.9 (62.5–87.0) 99.4 (97.2–99.9) 

Expert image grading 3 83.8 (60.7–
94.5) 

89.9 (58.1–
98.3) 

9 93.4 (84.3–
97.4) 

95.6 (91.9–
97.7) 

2 90.9 (76.7–96.8) 97.0 (78.6–99.7) 

Imaging device  p=0.28   –   p=0.03  

Wide-field contact camera 8 94.7 (87.3–
97.9) 

91.3 (77.2–
97.0) 

– – – 6 89.3 (84.6–92.7) 98.7 (95.1–99.6) 

Portable non-contact or 
smartphone 

4 86.8 (67.9–
95.4) 

85.0 (53.3–
96.5) 

– – – 3 64.2 (53.2–73.9) 99.6 (96.5–
100.0) 

Image acquisition  p=0.43   p=0.98   p=0.16  

Non-physician staff 8 90.7 (81.3–
95.6) 

87.8 (69.8–
95.7) 

7 91.7 (78.2–
97.1) 

97.7 (93.9–
99.1) 

2 58.1 (24.9–85.3) 99.8 (95.6–
100.0) 

Physician or not reported 4 95.7 (86.8–
98.7) 

92.6 (70.8–
98.5) 

9 92.6 (82.5–
97.1) 

97.6 (94.4–
99.0) 

7 85.3 (74.2–92.1) 98.7 (95.6–99.6) 

Unit of analysis  p=0.90   p=0.97   –  

Infant 5 93.9 (80.0–
98.4) 

87.3 (61.5–
96.7) 

4 90.9 (70.0–
97.7) 

97.7 (92.2–
99.4) 

– – – 

Eye, examination or image 7 92.8 (84.0–
96.9) 

91.0 (75.0–
97.2) 

12 92.6 (84.2–
96.7) 

97.6 (95.0–
98.9) 

– – – 

Overall risk of bias  p=0.57   p=0.34   p=0.88  

Low or unclear 8 93.3 (85.0–
97.2) 

92.3 (79.9–
97.3) 

6 89.1 (71.4–
96.4) 

98.6 (96.1–
99.5) 

4 84.0 (64.7–93.7) 99.1 (95.1–99.9) 

High 4 92.5 (75.7–
98.0) 

81.2 (47.8–
95.3) 

10 93.6 (85.5–
97.4) 

96.7 (93.1–
98.5) 

5 79.4 (62.0–90.1) 99.0 (95.1–99.8) 

Sensitivity analyses 
Excluding studies at high risk of 
bias 

8 93.4 (84.9–
97.2) 

92.8 (77.5–
98.0) 

6 89.6 (64.7–
97.6) 

98.7 (96.5–
99.5) 

4 86.1 (59.5–96.3) 99.4 (92.7–99.9) 

Ophthalmoscopy or clinical 
reference standard only 

9 96.2 (87.0–
99.0) 

89.8 (73.2–
96.6) 

7 90.7 (71.7–
97.4) 

99.3 (96.6–
99.9) 

7 78.0 (61.3–88.8) 99.5 (96.8–99.9) 
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Analysis k CS sensitivity CS specificity k 
Any-stage 
sensitivity 

Any-stage 
specificity k Plus sensitivity Plus specificity 

Infant-level data only 5 95.4 (67.9–
99.5) 

86.9 (66.8–
95.6) 

4 91.0 (71.4–
97.6) 

98.3 (83.0–
99.9) 

– – – 

Excluding image-level data – – – 12 90.6 (79.4–
96.1) 

98.1 (95.4–
99.2) 

6 79.0 (59.8–90.5) 99.4 (96.3–99.9) 

Second reader where available 12 93.2 (86.2–
96.8) 

87.6 (74.4–
94.5) 

16 92.3 (85.2–
96.1) 

97.5 (95.4–
98.7) 

9 83.6 (73.0–90.6) 98.5 (95.6–99.5) 

Treatment threshold for all 
studies 

12 96.7 (91.9–
98.7) 

88.6 (75.3–
95.2) 

– – – – – – 

Excluding the prognostic model 
(Coyner 2022) 

11 91.8 (84.4–
95.8) 

91.1 (79.0–
96.6) 

– – – – – – 

Excluding case-control or class-
balanced designs 

– – – 15 92.2 (84.4–
96.3) 

97.7 (95.4–
98.8) 

– – – 

Excluding studies with 
unreported masking of readers 

– – – 14 91.5 (82.7–
96.1) 

97.3 (94.6–
98.7) 

– – – 

Leave-one-out analysis (range) 11 91.8–94.3 85.9–91.3 15 90.9–93.5 96.9–97.9 8 77.3–84.2 98.7–99.3 

Values are sensitivity and specificity in % (95% CI) from bivariate random-effects models. Each covariate row gives the p value for that covariate under the sensitivity 
column of each target condition, and the indented rows below it give the estimates for each level. Subgroup estimates come from bivariate meta-regression with the 
covariate as a fixed effect on logit sensitivity and logit specificity; p values are likelihood-ratio tests of the covariate (2 degrees of freedom). A dash indicates that the 
covariate or scenario did not apply or that all datasets fell into one level (the imaging-device covariate for any-stage ROP; the treatment threshold applies only to 
clinically significant ROP). In the scenarios that left the dataset unchanged for a target condition, no estimate is shown. CS, clinically significant ROP; k, number of 
datasets; ROP, retinopathy of prematurity. 

 
Both associations remained below the Bonferroni 
threshold of 0.0063. For any-stage ROP, specificity was 
higher against ophthalmoscopy or a clinical reference 
standard (99.1% (95% CI 97.7–99.6)) than against 
expert image grading (95.6% (95% CI 91.9–97.7); 
p=0.03). For plus disease, sensitivity was lower with 
portable non-contact or smartphone cameras (64.2% 
(95% CI 53.2–73.9)) than with wide-field contact 
cameras (89.3% (95% CI 84.6–92.7); p=0.03) (Table 3). 
These two associations did not remain significant after 
correction for multiple testing and were based on small 
subgroups. The model for the threshold covariate 
required the uncorrelated form of the bivariate model. 

3.7. Sensitivity analyses and small-study effects 

The pooled estimates for clinically significant ROP were 
stable in sensitivity analyses (Table 3). After exclusion 

of studies at high risk of bias, sensitivity was 93.4% 
(95% CI 84.9–97.2) and specificity 92.8% (95% CI 
77.5–98.0); after exclusion of the prognostic model, 
91.8% (95% CI 84.4–95.8) and 91.1% (95% CI 79.0–
96.6); and when the treatment threshold was applied 
to all studies, 96.7% (95% CI 91.9–98.7) and 88.6% 
(95% CI 75.3–95.2). Omitting one dataset at a time gave 
sensitivities of 91.8–94.3% and specificities of 85.9–
91.3%. When the analysis was restricted to infant-level 
data, sensitivity was 95.4% (95% CI 67.9–99.5) and 
specificity 86.9% (95% CI 66.8–95.6). 

Deeks' funnel plots showed no significant asymmetry 
for clinically significant ROP (p=0.11) or any-stage ROP 
(p=0.15), as shown in Figure 5. The test was not 
performed for plus disease because fewer than ten 
datasets were available. 
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Figure 5. Deeks' funnel plots for (A) clinically significant and (B) any-stage retinopathy of prematurity. The log diagnostic odds ratio of 
each dataset is plotted against the inverse square root of its effective sample size; the line is the regression line of Deeks' test. k, number 
of datasets. 

3.8. Economic evaluations 

The 13 economic evaluations came from Iran, Brazil, 
Thailand, Ghana, Mexico, the Philippines, Rwanda, 
India and Guatemala, as detailed in Table 4. They fell 
into three groups: five cost-utility analyses that 

compared telemedicine with ophthalmoscopy-based or 
no screening, three programme-level models that 
evaluated screening and treatment regardless of the 
screening modality, and five costing studies, three of 
which had no comparator. 

Table 4. Economic evaluations of retinopathy of prematurity screening in low- and middle-income countries. 

Study 

Country 
(income 
group) Design Strategies compared Main result Source 

Alizadeh 
202668 

Iran 
(upper-
middle) 

CUA; Markov model; 
societal; lifetime; 
5.8% 

Nurse-led RetCam telemedicine 
vs direct examination by a local 
ophthalmologist vs universal 
referral to a tertiary centre 

Telemedicine vs direct examination 
US$288.81/QALY; universal referral 
dominated; threshold US$7,047/QALY; 
telemedicine cost-effective in 95.2% of 
iterations of the probabilistic sensitivity 
analysis 

Full text 

Mohammadi 
202169 

Iran 
(upper-
middle) 

CUA; decision tree; 
societal; lifetime; 
5.8% (QALYs) 

National tele-ROP network 
(nurse imaging, central reading 
centre) vs no organised 
screening 

US$161.4/QALY; threshold US$4,616/QALY; 
one-way range US$98.59–245.6/QALY 

Full text 

Neves 202170 Brazil 
(upper-
middle) 

CUA; decision tree; 
public payer; lifetime; 
5% 

Wide-field imaging by nurse 
technicians with remote expert 
reading plus BIO vs BIO alone 

US$1,746.99/QALY; cost-effective in all 
iterations of the probabilistic sensitivity 
analysis at about US$1,800/QALY 

Full text 

Wongwai 
201571 

Thailand 
(upper-
middle) 

CUA; decision tree; 
provider and societal; 
lifetime; 3% 

Store-and-forward RetCam 
telemedicine vs indirect 
ophthalmoscopy by general 
ophthalmologists 

THB 17,396/QALY; THB 259 per case of 
blindness prevented; ICER fell to zero at 
≥650 infants screened per year 

Full text 

Shah 202672 Ghana 
(lower-
middle) 

CUA; decision-analytic 
Markov model; health 
care sector; 85 years; 
3% 

No screening vs BIO vs 
telemedicine with non-physician 
graders vs hybrid telemedicine 
(10% physician grading) 

Non-physician telemedicine vs no screening 
US$27–73/QALY; hybrid vs non-physician 
telemedicine US$1,331–3,566/QALY; BIO 
dominated; threshold US$2,238/QALY 

Full text 

Rothschild 
201673 

Mexico 
(upper-
middle) 

CEA, CUA and CBA 
(EcROP); societal; 
lifetime; 3% 

Ideal national screening and 
treatment programme vs current 
coverage (52%) 

Cost-saving: incremental cost −US$2,203 and 
+0.067 QALY per child; net monetary benefit 
US$5,556 per child 

Full text 

Naguib 
201974 

Philippines 
(lower-
middle) 

CEA, CUA and CBA 
(EcROP); societal; NR; 
NR 

Ideal national screening and 
treatment programme vs current 
practice 

Net monetary benefit US$2,627 per child and 
US$64.3 million per year nationally 

Abstract 
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Study 

Country 
(income 
group) Design Strategies compared Main result Source 

Alder 202575 Rwanda 
(low) 

Decision-analytic 
model; societal; NR; 
NR 

National screening with anti-
VEGF treatment vs status quo 

US$738 per infant; 257 cases of blindness 
averted per birth cohort; cost-saving (about 
US$270,000) 

Abstract 

Zin 201476 Brazil 
(upper-
middle) 

Cost and budget-
impact analysis; 
public payer; 1 year; 
NA 

BIO screening with shared laser 
treatment at 52%, 80% and 
100% coverage 

US$18 per infant examined; US$80 per at-
risk infant; national budget US$0.56–1.07 
million per year 

Full text 

Kelkar 
201777 

India 
(lower-
middle) 

Programme cost 
analysis; provider; 3 
years; none 

Mobile BIO screening and laser 
team serving five neonatal units 
(no comparator) 

US$198.9 per infant screened; US$4,137.4 
per case of visual disability addressed 

Full text 

Kelkar 
2017b78 

India 
(lower-
middle) 

Programme cost 
analysis; provider; 3 
years; none 

Mobile BIO screening van serving 
five neonatal units (no 
comparator) 

US$310 per infant screened; US$6,500 per 
case of visual disability addressed 

Full text 

Padhi 202479 India 
(lower-
middle) 

Cost-benefit 
description; 
programme; 9 
months; none 

Real-time videoconference 
telescreening by allied 
ophthalmic personnel (no costed 
comparator) 

Programme cost US$30,125; net benefit 
about US$1.34 million; 477 specialist hours 
saved 

Full text 

Del Busto 
Wilhelm 
202380 

Guatemala 
(upper-
middle) 

Comparative cost 
analysis; NR; lifetime; 
NR 

Screening and timely treatment 
vs lifetime management of 
severe visual impairment 

US$1,223 vs US$214,666 per child (0.57%) Abstract 

Design column: type of evaluation; model; perspective; time horizon; annual discount rate. Results are shown in the currency reported by each study (price years: 
Alizadeh 2026 and Shah 2026, 2025 US dollars; Neves 2021, 2019 prices; Wongwai 2015, 2013 prices; Zin 2014, 2012 US dollars; not reported in the others). BIO, 
binocular indirect ophthalmoscopy; CBA, cost-benefit analysis; CEA, cost-effectiveness analysis; CUA, cost-utility analysis; EcROP, Economic Model of Retinopathy of 
Prematurity; ICER, incremental cost-effectiveness ratio; NA, not applicable; NR, not reported; QALY, quality-adjusted life year; THB, Thai baht; VEGF, vascular 
endothelial growth factor. 

In the cost-utility analyses, nurse-led RetCam 
telemedicine cost US$288.81 per quality-adjusted life 
year (QALY) gained compared with direct examination 
in Iran (2025 US dollars), and a national tele-ROP 
network cost US$161.4 per QALY compared with no 
organised screening.68,69 Wide-field imaging with 
remote reading combined with ophthalmoscopy cost 
US$1,746.99 per QALY in Brazil (2019 prices converted 
to US dollars), store-and-forward telemedicine cost 
17,396 Thai baht (THB) per QALY in Thailand (2013 
prices), and telemedicine with non-physician graders 
cost US$27–73 per QALY compared with no screening 
in Ghana (2025 US dollars), where ophthalmoscopy 
was dominated.70–72 Each ratio was below the 
willingness-to-pay threshold used in its own study. 

Programme-level models from Mexico, the Philippines 
and Rwanda found that expanding screening and 
treatment was cost-saving or produced a large net 
monetary benefit, ranging from US$2,627 to US$5,556 
per child.73–75 Costing studies from Brazil, India and 
Guatemala reported costs from US$18 per infant 
examined to US$310 per infant screened, far below the 
lifetime cost of managing severe visual impairment.76–

80 No economic evaluation of AI-based ROP screening 
from a low- or middle-income country was identified. 

Against the CHEERS 2022 items, the perspective was 
stated or clearly implied in nine evaluations and not 
stated in four costing studies. Costs and outcomes were 
discounted in five of the nine evaluations with a lifetime 
horizon and outcomes only in one, and discounting was 
not reported in three. Deterministic or probabilistic 

sensitivity analyses were reported in eight evaluations, 
including probabilistic analyses in at least five. Three 
evaluations were available only as abstracts. 

The models used accuracy inputs that were at least as 
favourable as the pooled estimates of this review. The 
Iranian and Thai analyses assumed a sensitivity of 
100% and a specificity of 97.8% for RetCam 
telemedicine, and the Ghanaian analysis assumed a 
sensitivity of 99% and a specificity of 95% for non-
physician graders; in that model, ophthalmoscopy 
became the preferred strategy when grader sensitivity 
fell below 94%.68,71,72 The Iranian national model used 
accuracy data from a study conducted in the United 
States, and the Brazilian result was driven mainly by 
the higher coverage of the telemedicine strategy (90% 
versus 52%) rather than by accuracy.69,70 

3.9. Certainty of the evidence 

At a pre-test probability of 10%, telemedicine would 
detect 93 of 100 infants with clinically significant ROP 
per 1000 screened, miss 7 (3–17) and refer 37 (12–
112) without the condition, as detailed in Table 5. AI 
would miss 7 (2–19) but refer 204 (87–400) infants 
unnecessarily. The certainty of the evidence was low 
for the sensitivity of both index tests and for the 
specificity of telemedicine, and very low for the 
specificity of AI. Put differently, about 72% of infants 
with a positive telemedicine grade and about 31% of 
those with a positive AI result would have clinically 
significant ROP at this pre-test probability. 
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Table 5. Summary of findings for clinically significant retinopathy of prematurity per 1000 infants screened. 

Outcome Prevalence 5% 
Prevalence 

10% 
Prevalence 

20% 
Certainty 
(GRADE) Reasons for downgrading 

Telemedicine: sensitivity 92.8%, specificity 95.8% (6 datasets; 927 units) 

True positives 46 (41–49) 93 (83–97) 186 (165–195) Low Risk of bias (2 of 6 datasets at high risk); 
indirectness (mixed units and thresholds, small 
samples) 

False negatives 4 (1–9) 7 (3–17) 14 (5–35)   

True negatives 910 (832–938) 863 (788–888) 767 (701–789) Low Risk of bias; inconsistency (I2=71.0%) 

False positives 40 (12–118) 37 (12–112) 33 (11–99)   

Artificial intelligence: sensitivity 93.0%, specificity 77.3% (6 datasets; 7,346 units) 

True positives 46 (41–49) 93 (81–98) 186 (163–195) Low Risk of bias (2 of 6 datasets at high risk); 
indirectness (retrospective external validation, 
one prognostic model) 

False negatives 4 (1–9) 7 (2–19) 14 (5–37)   

True negatives 735 (528–858) 696 (500–813) 619 (445–722) Very low Risk of bias; very serious inconsistency 
(I2=99.1%); imprecision 

False positives 215 (92–422) 204 (87–400) 181 (78–355)   

Numbers per 1000 infants screened (95% CI) at pre-test probabilities of clinically significant ROP of 5%, 10% and 20%; the median prevalence in the included 
datasets was 9.1% (range 2.0–24.0%). False negatives are infants with clinically significant ROP who would be missed; false positives are infants referred 
unnecessarily. Certainty started at high for cross-sectional accuracy studies and was downgraded by one level for each serious concern. CI, confidence interval; ROP, 
retinopathy of prematurity. 

4. Discussion 

4.1. Principal findings 

This meta-analysis of twenty-four studies from nine 
low- and middle-income countries found that 
telemedicine grading detected clinically significant 
ROP with a sensitivity of 92.8% and a specificity of 
95.8%, and that AI reached a similar sensitivity 
(93.0%) with a lower and more variable specificity 
(77.3%). Accuracy for any-stage ROP was high, 
whereas the sensitivity for plus disease was lower 
(81.4%). Telemedicine was cost-effective in every cost-
utility analysis conducted in these settings, but the 
certainty of the accuracy evidence was low to very low, 
mainly because of risk of bias and inconsistency. 

4.2. Telemedicine 

The sensitivity of telemedicine for clinically significant 
ROP was similar to that reported by large programmes 
in which technicians or nurses captured images and 
experts graded them remotely.20,21 In the KIDROP 
programme, the few false negatives were infants whom 
technicians had scheduled for early review rather than 
immediate referral, and in Nepal ungradable 
smartphone images were counted as screen positive, 
which protected sensitivity at the cost of specificity.20,52 
The specificity of telemedicine was higher than that of 
AI. With a positive likelihood ratio of 22.3, a positive 
grade raised a pre-test probability of 10% to a post-test 
probability of about 72%. This is relevant for neonatal 
units in countries such as Indonesia, where the number 
of paediatric ophthalmologists trained in ROP is limited 

and every unnecessary transfer of a preterm infant 
carries risk and cost.5,6 

The type of camera did not explain heterogeneity for 
clinically significant ROP (p=0.28), although the 
sensitivity with portable non-contact or smartphone 
cameras (86.8% (95% CI 67.9–95.4)) was lower than 
with wide-field contact cameras (94.7% (95% CI 87.3–
97.9)). Portable devices are cheaper and easier to move 
between small neonatal units, and a target product 
profile has defined minimum requirements for low-
cost imaging devices in resource-limited settings.34 The 
present estimates suggest that such devices should be 
validated against ophthalmoscopy at the treatment 
threshold before they replace wide-field cameras. 

A telemedicine sensitivity close to 93% means that 
some infants with clinically significant disease would 
not be identified at a single session. In practice, ROP 
screening is repeated until the retina is mature, so an 
infant who is missed at one session may be detected at 
the next, provided that follow-up is completed. 
Programmes should therefore combine telemedicine 
with reliable recall systems and with ophthalmoscopy 
for infants whose images are ungradable or whose 
disease is close to the treatment threshold. 

4.3. Artificial intelligence 

The lower specificity of AI appears to reflect, at least in 
part, the operating points chosen by the developers; the 
review did not synthesise areas under the curve, so this 
interpretation could not be tested directly. The i-ROP 
deep learning system was applied without retraining to 
images from Nepal and Mongolia and, at the threshold 
set in the United States, had a specificity of 64.5% and 
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54.3%, respectively.58 The updated system, which was 
retrained, given an autonomous threshold and a 
preprocessing pipeline for different fields of view and 
image qualities, reached a specificity of 87.8% in an 
Indian telemedicine programme.66 The prognostic 
model tested in India also had a low specificity by 
design, because it aimed to identify all infants who 
would later need treatment.59 Differences in 
pigmentation, camera type and field of view between 
training and deployment populations are known to 
affect image-based algorithms, and a vascular severity 
score derived from vessel maps was proposed to 
reduce this dependence.28,30,31 

AI may also have a role beyond classification. Vascular 
severity scores derived by AI were used to monitor the 
epidemiology of ROP across a large Indian telemedicine 
programme and to compare disease phenotypes 
between India and the United States, which suggests 
uses in the surveillance and quality assurance of 
screening programmes that do not depend on a single 
referral threshold.27,28 

These findings suggest that AI could serve as a first 
reader in a telemedicine workflow, removing 
examinations with a very low probability of disease 
from the grading queue while human graders review 
the rest. However, none of the included studies 
evaluated this workflow prospectively, and the AI data 
came from retrospective and sometimes image-level 
datasets. Local calibration, that is, choosing the 
algorithm's threshold on images from the programme 
in which it will be used so that sensitivity is preserved 
at an acceptable referral rate, and prospective 
evaluation of the complete workflow are therefore 
required before AI is adopted. 

4.4. Heterogeneity, setting and plus disease 

Income group was the covariate most strongly 
associated with specificity. This finding should be 
interpreted cautiously because the index test and 
income group were partly confounded: most AI 
datasets for clinically significant ROP came from low- 
or lower-middle-income countries, whereas the 
telemedicine studies with the highest specificity came 
from Turkey and Thailand. The threshold also 
explained heterogeneity, as expected, because referral-
warranted disease includes milder stages that are 
harder to distinguish from normal findings. After 
correction for multiple testing, only the income group 
and the threshold remained associated with accuracy. 

The income-group finding also bears on the definition 
of the setting. Specificity was 98.3% (95% CI 95.2–
99.4) in upper-middle-income settings but 77.9% (95% 
CI 66.0–86.5) in low- or lower-middle-income settings, 
and only the Nepalese data came from a low-income 

country. The pooled estimates therefore describe 
mainly middle-income settings with established 
neonatal units, and they should be applied to low-
income settings with caution. 

The sensitivity of 81.4% for plus disease has clinical 
consequences, because plus disease is a key criterion 
for treatment-requiring ROP and its detection 
determines the timing of treatment.17 About one in five 
units with plus disease would not be identified by a 
single grading, and the sensitivity was only 64.2% 
(95% CI 53.2–73.9) with portable or smartphone 
cameras. The smaller field of view of these devices 
captures fewer vessels for the assessment of dilatation 
and tortuosity, and agreement between graders on plus 
features depends on image characteristics.31,32 
Programmes that rely on portable cameras should 
therefore refer infants with pre-plus or borderline 
findings for ophthalmoscopy and use wide-field images 
where plus disease is suspected. 

No Indonesian accuracy or economic study was 
identified. Several features of the Indonesian system 
affect the transfer of these results: screening includes 
infants born before 34 weeks, the recorded incidence of 
ROP is probably underestimated because of the high 
mortality of very preterm infants, trained paediatric 
ophthalmologists are few, and national health 
insurance has made screening and treatment accessible 
to more infants since 2014.5–7 Aggressive ROP has been 
treated with intravitreal bevacizumab at a national 
referral hospital, which underlines the importance of 
early detection in district neonatal units.16 These 
conditions resemble those of the Thai and Indian 
programmes included in this review more than those of 
high-income countries, but local validation of any 
imaging and grading pathway would still be needed. 

4.5. Economic evidence 

The economic evidence favoured telemedicine where it 
was evaluated. The five cost-utility analyses reported 
ratios well below their national thresholds, and in 
Ghana ophthalmoscopy was dominated by 
telemedicine strategies.72 The programme-level 
models evaluated screening and treatment regardless 
of modality; they showed that the benefit of screening 
came largely from averted lifelong blindness and lost 
productivity, so that national programmes were cost-
saving from a societal perspective.73,75 These models 
support investment in screening coverage but do not by 
themselves favour telemedicine over ophthalmoscopy. 

The accuracy inputs of the telemedicine models were 
more favourable than the pooled estimates. The pooled 
telemedicine sensitivity found here (92.8% (95% CI 
82.6–97.3)), which mostly reflected grading by 
ophthalmologists, lies close to the 94% threshold 
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below which ophthalmoscopy became preferable in the 
Ghanaian model.72 The economic conclusions are 
therefore sensitive to grader performance and should 
be re-examined with the pooled accuracy estimates and 
with the costs of training and quality assurance. No 
evaluation of AI from these settings was found; the 
United States model and the diabetic retinopathy 
literature indicate that the cost-effectiveness of AI 
depends on its specificity, because false positives 
generate referrals and examinations.35,38 The 
specificity of AI estimated here should be used as an 
input when AI is modelled for low- and middle-income 
countries. 

4.6. Implications for programmes, training and 
communities 

The findings have practical implications for the 
organisation of screening. For community and neonatal 
health services, a tiered model, in which trained nurses 
or technicians acquire images in each neonatal unit, an 
algorithm or a trained grader triages them, and remote 
experts review positive and ungradable examinations, 
would concentrate the scarce ophthalmologist time on 
the infants who need examination or treatment. Such a 
model requires quality assurance of image acquisition, 
regular audit of false negatives and a guaranteed 
pathway to treatment, and the target product profile 
for low-cost imaging devices provides a framework for 
selecting cameras.20,34 In countries with national health 
insurance, such as Indonesia, the cost per QALY 
reported in neighbouring upper-middle-income 
settings suggests that financing telemedicine screening 
is likely to represent good value.5,71 

Training and certification of the non-physician 
workforce are central to this model. In the KIDROP 
programme, technicians who were accredited after 
structured training triaged infants in real time, and 
programmes in Guatemala and rural Tamil Nadu and 
Andhra Pradesh relied on trained technicians to reach 
district and rural neonatal units.20–22 Surveys of 
neonatal nurses identified gaps in knowledge of ROP 
and practical challenges in telemedicine-based 
screening, and surveys of ophthalmology fellows 
showed variable exposure to ROP care.18,19 Curricula 
for nurses, technicians and general physicians should 
therefore cover image acquisition, recognition of 
ungradable images, the screening schedule and 
communication with parents about the importance of 
follow-up, because missed follow-up visits undermine 
the sensitivity of any screening strategy. 

4.7. Strengths and limitations 

The review had several strengths. It was restricted to 
data collected in low- and middle-income countries, it 
analysed three clinically distinct target conditions with 
bivariate models that account for the correlation 

between sensitivity and specificity, and every two-by-
two table was checked against the published estimates, 
with inconsistent reports excluded rather than 
corrected. The accuracy estimates were also presented 
alongside the economic evidence from the same 
settings, which allows programme planners to weigh 
accuracy and cost together. 

Several limitations should be considered. Most studies 
were at high or unclear risk of bias, and AI studies often 
used retrospective, curated image sets with image-level 
splits. The unit of analysis differed between studies; the 
largest datasets were at the examination or image level, 
and treating correlated eyes, examinations and images 
as independent overstates precision and gives these 
datasets more weight. The infant-level sensitivity 
analysis gave similar estimates, but with wider 
confidence intervals. The reference standard and 
threshold varied between studies, several subgroups 
contained three or four datasets, and meta-regression 
could not separate the effects of income group and 
index test. Deeks' test had limited power with 12 and 
16 datasets. More than a third of the reports sought 
could not be retrieved, most of them AI development 
studies in engineering journals, and eight reports were 
excluded because their data were internally 
inconsistent; if these studies differed systematically, 
the pooled estimates could be biased in either 
direction. Embase, Web of Science and Chinese 
databases were not searched. Some economic 
evaluations were available only as abstracts, and 
currencies and price years differed, which precluded 
quantitative pooling. Finally, studies from high-income 
countries were not included, so direct comparisons 
with those settings were not possible. 

5. Conclusion 

In low- and middle-income countries, telemedicine 
grading of retinal images detected clinically significant 
ROP with high sensitivity and specificity, and it was 
cost-effective in all available cost-utility analyses, 
although the certainty of the accuracy evidence was 
low. AI achieved comparable sensitivity but more false-
positive results, and it has not yet been evaluated 
economically in these settings. The sensitivity for plus 
disease was lower, particularly with portable cameras. 
Telemedicine programmes with trained and certified 
non-physician imagers should be expanded with 
reliable follow-up systems, and the use of AI as a triage 
step within graded programmes should be evaluated 
prospectively after local calibration. 
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