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Purpose: To evaluate the performance of a deep learning (DL) algorithm for retinopathy of prematurity (ROP)
screening in Nepal and Mongolia.

Design: Retrospective analysis of prospectively collected clinical data.
Participants: Clinical information and fundus images were obtained from infants in 2 ROP screening pro-

grams in Nepal and Mongolia.
Methods: Fundus images were obtained using the Forus 3nethra neo (Forus Health) in Nepal and the

RetCam Portable (Natus Medical, Inc.) in Mongolia. The overall severity of ROP was determined from the medical
record using the International Classification of ROP (ICROP). The presence of plus disease was determined
independently in each image using a reference standard diagnosis. The Imaging and Informatics for ROP (i-ROP)
DL algorithm was trained on images from the RetCam to classify plus disease and to assign a vascular severity
score (VSS) from 1 through 9.

Main Outcome Measures: Area under the receiver operating characteristic curve and area under the
precision-recall curve for the presence of plus disease or type 1 ROP and association between VSS and ICROP
disease category.

Results: The prevalence of type 1 ROP was found to be higher in Mongolia (14.0%) than in Nepal (2.2%;
P < 0.001) in these data sets. In Mongolia (RetCam images), the area under the receiver operating characteristic
curve for examination-level plus disease detection was 0.968, and the area under the precision-recall curve was
0.823. In Nepal (Forus images), these values were 0.999 and 0.993, respectively. The ROP VSS was associated
with ICROP classification in both datasets (P < 0.001). At the population level, the median VSS was found to be
higher in Mongolia (2.7; interquartile range [IQR], 1.3e5.4]) as compared with Nepal (1.9; IQR, 1.2e3.4; P < 0.001).

Conclusions: These data provide preliminary evidence of the effectiveness of the i-ROP DL algorithm for
ROP screening in neonatal populations in Nepal and Mongolia using multiple camera systems and are useful for
consideration in future clinical implementation of artificial intelligenceebased ROP screening in low- and middle-
income countries. Ophthalmology Science 2022;2:100165 ª 2022 by the American Academy of Ophthalmology.
This is an open access article under theCCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Retinopathy of prematurity (ROP) is a leading cause of
preventable blindness in low- and middle-income countries
(LMICs). Retinopathy of prematurity is characterized by
abnormal vascular development resulting from premature
birth, exposing the developing retina to relatively higher
levels of oxygen as compared with the hypoxic environ-
ment in utero, which can lead to abnormal vessel formation
that can cause devastating sequelae such as retinal
detachment. Screening for ROP typically occurs via serial
fundus examination by ophthalmologists during the
neonatal period, often while infants are still in the neonatal
intensive care unit. Retinopathy of prematurity is described
using the International Classification of ROP (ICROP),
ª 2022 by the American Academy of Ophthalmology
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which describes zone (the extent of vessel growth), stage
(the severity of findings), and plus disease (dilation and
tortuosity of vessels portending a worse prognosis and
requiring treatment). Worldwide, we are seeing rising ROP
incidence, especially in LMICs, because of the growing
number of neonatal intensive care units and the increased
survival of preterm infants.1 Infants with ROP in
developing countries have been shown to have higher
birth weights (BWs) and older gestational ages (GAs)
compared with developed countries, which has led to
more liberal screening guidelines and a higher population
at risk in LMICs.2e4 This increase in screening burden is
especially challenging because fewer trained
1https://doi.org/10.1016/j.xops.2022.100165
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ophthalmologists are available per capita than in higher-
income countries.4

A number of telemedicine programs have been imple-
mented in LMICs to address these challenges and to expand
ROP screening.5e7 These programs use remote grading of
digital fundus images to diagnose and manage ROP. How-
ever, the high volume of ROP and shortage of trained
ophthalmologists remain a challenge for telemedicine and
ROP screening networks. Moreover, ROP diagnosis can be
variable even among experts.8e10 Theoretically, artificial
intelligence (AI)-assisted screening programs reduce the
human workload by providing automated diagnoses or
preliminary readings of ROP images. Several proof-of-
principle studies for the use of AI to detect clinically sig-
nificant ROP have been published, including detection of
both stage and plus disease.11e17 Most of these studies used
the RetCam (Natus Medical, Inc.), which limits widespread
use, and were performed in high-income countries, where
the clinical need may be less pressing.11e16 To our knowl-
edge, only 1 study evaluated AI for the detection of ROP
stage in an LMIC using a different camera system, the Forus
3nethra neo (Forus Health).17

The Imaging and Informatics in ROP (i-ROP) deep
learning (DL) system was developed by the i-ROP Con-
sortium and has demonstrated expert-level classification of
plus disease.18 In addition to classifying plus disease, the
system has introduced the concept of a quantitative scale
for ROP severity with a vascular severity score (VSS) that
has been shown to correlate with the full ICROP
classification and has potential use for monitoring disease
progression and for screening in LMICs.18e23 However,
potential challenges to the performance of any AI system on
images that differ from the training dataset exist, in this case
because of more diverse disease phenotypes, higher disease
prevalence, differences in demographics and fundus
pigmentation, image quality, and different camera systems.
Implementation of AI-based ROP screening is feasible only
if effectiveness is demonstrated in the intended use popu-
lation. The purpose of this study was to assess the diagnostic
performance of the i-ROP DL system for detection of type
1, treatment-requiring ROP from screening programs in
Mongolia (using the RetCam Portable) and Nepal (using the
Forus 3nethra neo).

Methods

This was a retrospective analysis of prospectively collected data in
2 separate ROP screening programs. The study complied with the
Health Insurance Portability and Accountability Act, adhered to the
tenets of the Declaration of Helsinki, and was approved by the
institutional review board at the University of Illinois at Chicago.
Written and verbal consent were obtained from patients’ parents or
guardians in Nepal, and a waiver of consent was obtained in
Mongolia from the local institutional review board.

Study Population in Nepal

The study population in Nepal included patients from an ROP
screening program from 4 urban hospitals in Kathmandu, Nepal
(Patan Hospital, Kanti Children’s Hospital, Paropakar Maternity
and Women’s Hospital, and Tilganga Institute of Ophthalmology).
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Data were collected from October 2016 through August 2018.
Infants were screened if BW was less than 1700 g or GA was less
than 36 weeks.

Study Population in Mongolia

The study population in Mongolia included patients from an ROP
screening program in a single national referral center (National
Center for Maternal and Child Health) in Ulaanbaatar, Mongolia.
Data were collected from December 2015 through January 2017.
Screening guidelines, based on the previously published guidelines
from India, included infants with GA of 36 weeks or less, BW of
2000 g or less, or both.24,25

Clinical Data

Prospectively collected data included demographics such as BW,
GA, and postmenstrual age, as well as zone, stage, and plus disease
classification. Clinical data regarding zone (I, II, or III), stage
(1e5), and plus disease classification (none, preplus, or plus) were
determined by the local ophthalmologists at the time of the ex-
amination, and data was recorded in Research Electronic Data
Capture software (Vanderbilt University) in the Mongolian dataset
and iTeleGEN in the Nepali dataset. Each patient was assigned a
unique identification. Using the ICROP and Early Treatment for
Retinopathy of Prematurity guidelines, the results from each eye
examination were assigned a category, including no, mild, type 2,
or type 1 ROP (herein referred to as treatment-requiring [TR]
ROP).26,27 Treatment-requiring ROP includes infants with plus
disease as well as zone I, stage 3 without plus disease.

Exclusion Criteria

Patients without recorded BW or GA were excluded from this
study. At the clinical examination level, visits were excluded if
classification of ROP could not be determined after review of the
medical record. Eyes with prior treatment were excluded from the
study because the goal was to evaluate AI for secondary prevention
(detection of incident type 1 ROP). Of the 373 and 321 babies in
the Nepal and Mongolia datasets, respectively, 50 and 7 were
excluded.

Image Reference Standard Diagnosis

For evaluation of algorithm performance on plus disease classifi-
cation, we used a reference standard diagnosis (RSD). The initial
diagnosis was determined by the local screening physicians. All
images were reviewed by a trained study coordinator (S.O.) who
was masked to the initial diagnosis and assigned a diagnosis of
normal, preplus, or plus disease. An ROP expert (J.P.C.) adjudi-
cated any differences between the trained study coordinator and
local physicians’ diagnoses. An additional ROP expert (R.V.P.C.)
adjudicated any differences in the event of a 3-way disagreement.

Image Analysis

Images were obtained using the Forus 3nethra neo camera in Nepal
and the RetCam Portable camera in Mongolia. Multiple image
views of an eye (posterior pole-centered, superior, inferior, nasal,
and temporal) were obtained during each clinical examination. To
be used in this study, images were required to contain the optic disc
because the i-ROP DL system has been validated only on said
images. These images were identified using a previously trained
DL algorithm. Briefly, a U-Net (implemented with Keras and
TensorFlow) was trained on manual retinal vessel segmentations to
segment and detect the optic disc from an entirely separate dataset



Table 1. Demographics and Clinical Severity of Retinopathy of
Prematurity in Nepal and Mongolia

Variable Nepal Mongolia P Value

Patient-level summarization
No. 323 314
Birthweight 1959.5 � 557.1 1515.2 � 384.2 < 0.001
Gestational age (wks) 33.3 � 2.5 30.4 � 2.1 < 0.001
ROP diagnosis

None 301 (93.2) 202 (64.3) < 0.001
Mild 12 (3.7) 47 (15.0) < 0.001
Type 2 3 (0.9) 21 (6.7) < 0.001
Treatment requiring 7 (2.2) 44 (14.0) < 0.001

Plus disease diagnosis
Normal 295 (91.3) 188 (59.9) < 0.001
Preplus 21 (6.5) 76 (24.2) < 0.001
Plus 7 (2.2) 50 (15.9) < 0.001

Examination-level summarization
No. 391 467
ROP diagnosis

None 360 (92.1) 250 (53.5) < 0.001
Mild 18 (4.6) 96 (20.6) < 0.001
Type 2 5 (1.3) 59 (12.6) < 0.001
Treatment requiring 8 (2.0) 62 (13.3) < 0.001

Plus disease diagnosis
Normal 355 (90.8) 225 (48.2) < 0.001
Preplus 28 (7.2) 186 (39.8) < 0.001
Plus 8 (2.0) 56 (12.0) < 0.001

ROP ¼ retinopathy of prematurity.
Data are presented as mean � standard deviation or no. (%), unless
otherwise indicated.
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of retinal fundus images. It then was applied to images from these
datasets.

Because eye examinations often included multiple images per
eye, a patient-level examination VSS was assigned as follows. The
i-ROP DL system was used to analyze each optic discecontaining
image in the datasets to generate a VSS on a scale from 1 through 9
using methods published previously, based on the probability of
the output of plus (score of 9), preplus (score of 5), or no plus
(score of 1) disease.12,18,20 The mean VSS of all images captured
from an eye during an examination were calculated. To remove
intereye correlations, a patient-level VSS was formed using the
mean VSS of both eyes. Similarly, a patient-level plus disease
diagnosis was formed using the median image-level prediction of
an eye, then setting the patient-level diagnosis equal to the worse
prediction between the two.

Statistical Analysis

Plus disease classification performance of i-ROP DL was evaluated
directly via confusion matrices and summary statistics (e.g.,
sensitivity, specificity, etc.). Treatment-requiring ROP classifica-
tion performance was evaluated via confusion matrices by binar-
izing any patient-level diagnosis of preplus or plus disease into
normal or not normal and comparing with infants with a binarized
ROP diagnosis of TR ROP or not TR ROP. Finally, the continuous
VSS was compared with binarized RSDs of plus disease and TR
ROP using area under the receiver operating characteristic curve
and area under the precision-recall curve. Although both are useful
performance metrics, area under the precision-recall curve is better
suited for highly imbalanced data (i.e., low plus disease and TR
ROP prevalence).28
A P value of less than 0.05 was considered statistically sig-
nificant. In each population, we compared the VSS with the ICROP
disease category using analysis of variance. Stata MP software
version 13 (StataCorp),29 SAS software (SAS Institute, Inc.), and R
software (R Foundation for Statistical Computing) were used for
statistical analyses.

Results

Table 1 displays the demographics of the two populations.
The population of infants screened in Mongolia showed
lower BW and GA compared with the population in
Nepal (P < 0.001). Patient-level TR ROP was more prev-
alent in Mongolia than in Nepal, with an overall prevalence
of 14.0% as compared with 2.2%, respectively (P < 0.001).
This finding held true for plus disease as well, with preva-
lences of 15.9% and 2.2%, respectively.

Diagnostic Performance for Plus Disease
Classification

The area under the receiver operating characteristic curve
for both plus disease and TR ROP by the VSS suggests high
levels of detection (> 90%; Fig 1). However, the areas
under the precision-recall curve suggested it may not be
quite that high. This was confirmed by the confusion
matrices for patient-level predictions as compared with
patient-level RSDs (Table 2). Plus disease sensitivity was
75.0% and 89.3% for the Nepal and Mongolia datasets,
respectively. However, when nonnormal plus disease
findings were used to identify TR ROP, sensitivity was
100.0% and 96.8% in the Nepal and Mongolia datasets,
respectively. Even with these high levels of sensitivity,
specificity was moderately high at 64.5% and 54.3%.

Retinopathy of Prematurity Vascular Severity
Score and International Classification of
Retinopathy of Prematurity Disease Category

Figure 2 displays the distribution of ROP vascular severity
scores for all eye examinations in Nepal and Mongolia
overall by ICROP category. At the population level, the
median VSS was higher in Mongolia (2.7; interquartile
range [IQR], 1.3e5.4) compared with Nepal (1.9; IQR,
1.2e3.4; P < 0.001). In both countries, the VSS was
associated with overall disease category for no ROP, mild
ROP, type 2 ROP, and TR ROP. In Mongolia, the median
VSS for each category was 1.5 (IQR, 1.1e3.0), 3.6 (IQR,
1.6e5.5), 6.0 (IQR, 4.4e7.5), and 7.7 (IQR, 5.2e8.7),
respectively (P < 0.001). In Nepal, the median VSS for
each category was 1.5 (IQR, 1.1e3.0), 3.6 (IQR,
1.6e5.5), 6.0 (IQR, 4.4e7.5), and 7.7 (IQR, 5.2e8.7),
respectively (P < 0.001).

Discussion

In this retrospective external validation study, we evaluated
the performance of the i-ROP DL system on images from
Nepal and Mongolia obtained using different camera sys-
tems. The key findings of this study are (1) the system
3



Figure 1. Diagnostic accuracy of the Imaging and Informatics for Retinopathy of Prematurity DL algorithm in Nepal and Mongolia. Receiver operating
characteristic (ROC) and precision-recall curves in Nepal (n ¼ 391 examinations) and Mongolia (n ¼ 467 examinations) for plus disease and treatment-
requiring (TR) retinopathy of prematurity (ROP) diagnosis. AUC-PR ¼ area under the precision-recall curve; AUC-ROC ¼ area under the receiver
operating characteristic curve; VSS ¼ vascular severity score.
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performed well on plus disease diagnosis in Nepal and
Mongolia, despite being trained on data from North
America; (2) the performance was as acceptable on an
initial dataset of images from the Forus camera system
compared with the RetCam, despite being trained on the
RetCam; and (3) the VSS correlated well with overall
ICROP severity and may be a useful epidemiologic and
educational tool to compare assessment of disease severity
across populations and to standardize assessment of disease
severity.
4

Several previous studies have demonstrated the efficacy
and effectiveness of the i-ROP DL system for ROP screening
using the RetCam.18,20,23,30 These data add further to the
growing evidence of the effectiveness of this approach to
ROP screening not only in North America but also in the
LMIC setting, where disease epidemiologic features and
phenotypes are very different. Performance can vary when
AI algorithms are tested in populations (or cameras)
different from the original training population.17,31

Performance also can vary depending on the reference



Table 2. Confusion Matrix for Plus Disease Classification in Nepal and Mongolia

Examination-Level Prediction

Examination-Level Reference Standard Diagnosis

Nepal Mongolia

Normal Preplus Plus Normal Preplus Plus

Normal 245 2 0 193 28 1
Preplus 109 26 2 31 114 5
Plus 1 0 6 1 44 50

Comparison of the examination-level plus disease predictions output by Imaging and Informatics for Retinopathy of Prematurity deep learning algorithm
with the reference standard diagnoses of plus disease.
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standard diagnosis that is used. This is particularly true for
ROP, where it is well established that experts often disagree
on the diagnosis of plus disease.32e35 That variability may
be even more pronounced because ROP phenotypes often
appear distinct in LMICs, especially when bigger babies
demonstrate TRROP, a distinction that is beyond the scope of
this article but is critical to understanding for clinical imple-
mentation. The i-ROP DL algorithm initially was trained on a
consensus reference standard diagnosis consisting of 3 inde-
pendent gradings of the images and the ophthalmoscopic
diagnosis in a North American population.20 However, these
results suggest that despite differences in fundus
pigmentation, phenotypic appearance, and demographics,
the performance in Nepal and Mongolia may be good
enough for prospective clinical evaluation of AI-based ROP
screening, including and beyond the North American popu-
lation (Fig 1; Tables 2 and 3).

Our second key finding is that the i-ROP DL algorithm
demonstrated high diagnostic performance on a dataset of
images collected using a non-RetCam camera system. Pre-
vious work demonstrated that algorithms could be devel-
oped for detection of ROP stage in Forus images17;
however, this was one of the first evaluations of the i-
ROP DL algorithm in a screening population. One of the
key implementation barriers to regulatory approval of AI
is the necessity of validation on each intended camera
system. In some cases, this requires retraining of original
algorithms.17 In this case, it seems that the i-ROP DL
Figure 2. Box-and-whisker plots showing retinopathy of prematurity (ROP) vas
The ROP VSS score was associated with disease category (P < 0.001) in both co
with disease category (P < 0.001). TR ¼ treatment-requiring.
system performs well enough for prospective testing on
the Forus without retraining. From a global health
perspective, this is very important because the cost of the
Forus camera is much lower than that of the RetCam, and
it was developed for the LMIC setting.36,37 Other low-cost
approaches may be possible, such as smartphone-based
ROP screening, that further aid the democratization of AI-
based ROP screening to the regions where it is needed
most, but it will be critical to evaluate each of these rigor-
ously to ensure safe clinical implementation of AI.

The third key finding is that the vascular severity score
derived from the i-ROP DL system correlated well with the
ICROP classification in Nepal and Mongolia. This is
consistent with prior reports in North America and high-
lights that there may be several potential indications for use
of this technology besides AI-based screening.22,38 The first
is disease monitoring. Because ROP screening is an iterative
process and change in vascular severity is associated with a
change in either the stage or extent of disease,39 analyzing
the change in vascular severity may improve both the
sensitivity and specificity of detecting disease progression.
This quantitative framework could be used for objective
longitudinal disease monitoring, identifying babies who
are progressing toward TR ROP based on changes in
severity, rather than cross-sectional evaluation alone. The
second is risk prediction. Adding objective longitudinal data
to existing risk models may improve the specificity of
existing screening models, which are designed to be highly
cular severity score (VSS) score in Nepal and Mongolia by disease category.
untries and was higher in Mongolia compared with Nepal when associated

5



Table 3. Confusion Matrix for Type 1 Retinopathy of Prematurity Detection in Nepal and Mongolia

Examination-Level Prediction

Examination-Level Reference Standard Diagnosis

Nepal Mongolia

Not Treatment-Requiring
Retinopathy of Prematurity

Treatment-Requiring
Retinopathy of Prematurity

Not Treatment-Requiring
Retinopathy of Prematurity

Treatment-Requiring
Retinopathy of Prematurity

Normal 247 0 220 2
Not normal 136 8 185 60

Comparison of nonnormal retinal vasculature patient-level predictions output by Imaging and Informatics for Retinopathy of Prematurity deep learning
algorithm to binarized reference standard diagnoses of treatment-requiring retinopathy of prematurity versus not treatment-requiring retinopathy of
prematurity.
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sensitive. Other published algorithms and ROP prediction
models exist to identify TR ROP or to alleviate the
screening burden on local ophthalmologists.40e42 These
models factor in BW, GA, and weight gain; however, none
of these models have been validated in the LMIC setting,
where the implications of BW are different.43e45 The third
is epidemiologic evaluation. Previous work demonstrated
that the VSS was higher in neonatal care units that did not
have oxygen blenders or pulse oxygenation monitoring in
India.30 These results demonstrate differences in overall
severity between the populations in Nepal and Mongolia.
Future work may demonstrate the usefulness of this tool
for epidemiologic monitoring not only across geographic
borders but over time. The fourth is quantitative diagnosis
of ROP. Objective assessment of vascular severity in ROP
may provide a tool to standardize education, research, and
clinical care in ROP, which has been limited by the
subjectivity of diagnosis and interobserver differences.32

This study has several limitations that should be
considered. First, a number of challenges exist in data
collection in the LMIC setting. Inconsistencies may exist in
the recording of clinical data that can lead to some records
being unusable for this analysis and in data cleaning be-
tween the United Statesebased and internationally based
teams who prepared the datasets. Despite this, we do not
believe that this led to systematic bias or otherwise affected
the key findings in our study. However, a prospective, lon-
gitudinal evaluation of the VSS in ROP disease progression
is needed to characterize better the clinical usefulness of the
VSS and its potential role as an adjunct to clinical diagnosis.
In Mongolia, we used a secure, web-based ROP database
6

called Research Electronic Data Capture. In Nepal, data
management software called iTeleGEN was implemented.
iTeleGEN enabled the systematic input of data, and further
studies are needed to assess its performance. Second, the
precise operating point in actual clinical settings for ROP
screening remains to be determined. This study examined
the correlation between the i-ROP DL algorithm and RSD
for plus disease as well as the VSS and ICROP category but
did not use findings from simulated ROP screenings. Third,
we did not assess systematically the impact of image quality
on the results, although this will be a key component of
clinical implementation. Despite this, the algorithm
demonstrated acceptable performance and might mimic
clinical settings more accurately, where it would be difficult
to filter every image for quality.

In conclusion, this was one of the first studies to evaluate
the performance of the i-ROP DL system for ROP screening
in Nepal and Mongolia and with Forus images. Imple-
mentation of AI-based ROP screening seems feasible;
however, many questions remain about how to accomplish
this safely and effectively. A low-cost, AI-assisted ROP
screening program theoretically could reduce the human
workload, could feed into integrated risk models with serial
VSS evaluation, and could identify all cases of TR ROP
with significantly lower human resources compared with
current screening programs, which rely on ophthalmoscopic
screening or telemedicine. Although the road from suc-
cessful demonstration of AI diagnostic accuracy in an article
to clinical implementation at the bedside seems to be long,
these data suggest that we may be on our way to clinical use
of AI-based ROP screening.
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