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AbsTrACT
background Prior work has demonstrated the near-
perfect accuracy of a deep learning retinal image analysis 
system for diagnosing plus disease in retinopathy 
of prematurity (ROP). Here we assess the screening 
potential of this scoring system by determining its ability 
to detect all components of ROP diagnosis.
Methods Clinical examination and fundus photography 
were performed at seven participating centres. A deep 
learning system was trained to detect plus disease, 
generating a quantitative assessment of retinal vascular 
abnormality (the i-ROP plus score) on a 1–9 scale. 
Overall ROP disease category was established using 
a consensus reference standard diagnosis combining 
clinical and image-based diagnosis. Experts then ranked 
ordered a second data set of 100 posterior images 
according to overall ROP severity.
results 4861 examinations from 870 infants were 
analysed. 155 examinations (3%) had a reference 
standard diagnosis of type 1 ROP. The i-ROP deep 
learning (DL) vascular severity score had an area under 
the receiver operating curve of 0.960 for detecting type 
1 ROP. Establishing a threshold i-ROP DL score of 3 
conferred 94% sensitivity, 79% specificity, 13% positive 
predictive value and 99.7% negative predictive value 
for type 1 ROP. There was strong correlation between 
expert rank ordering of overall ROP severity and the 
i-ROP DL vascular severity score (Spearman correlation 
coefficient=0.93; p<0.0001).
Conclusion The i-ROP DL system accurately identifies 
diagnostic categories and overall disease severity in an 
automated fashion, after being trained only on posterior 
pole vascular morphology. These data provide proof of 
concept that a deep learning screening platform could 
improve objectivity of ROP diagnosis and accessibility of 
screening.

InTroduCTIon
Retinopathy of prematurity (ROP) is a leading cause 
of vision loss in children worldwide. Unfortunately, 
the global burden of this disease remains inade-
quately addressed, partly due to lack of access to 
screening. Barriers to screening include the exten-
sive time and training required to perform these 
specialised ophthalmic examinations, relatively low 
financial compensation and significant malpractice 
liability.1 2 Compounding these issues, the demand for 

ROP screening examinations continues to increase as 
the incidence of disease rises worldwide, particularly 
in middle-income countries.3

Even for those infants who do undergo screening, 
accurate diagnosis of ROP is difficult and requires 
identification of three distinct examination param-
eters (zone, stage and plus disease) which are 
combined into a composite diagnostic category.4 It 
has been shown that inter-examiner diagnostic vari-
ability is high, even among expert ROP clinicians.1 
This variability results in clinically significant differ-
ences in outcomes for premature infants.5 Appro-
priate diagnosis and treatment of ROP reduces the 
risk of progression, emphasising the importance of 
accurate and timely diagnosis.4 These factors have 
fostered interest in artificial intelligence technologies 
for ROP, which have the potential to improve access 
to screening and facilitate standardisation of ROP 
diagnosis.

Artificial intelligence offers the opportunity to 
improve management of many medical conditions, 
particularly using a subset of techniques known as 
deep learning (DL).6 DL is one method of training 
computer-based image analysis systems to automati-
cally recognise and evaluate images and has been used 
successfully to diagnose a variety of ocular condi-
tions, most notably diabetic retinopathy.7–11 Several 
artificial intelligence systems have been developed to 
detect plus disease in ROP.12–14

The deep learning algorithm (DeepROP) devel-
oped by the Imaging & Informatics in ROP (i-ROP) 
research consortium has been incorporated into a 
system termed ‘i-ROP DL’. This system has previously 
been shown to have very high accuracy for detecting 
plus disease from wide-angle posterior pole retinal 
images without the need for manual vessel segmenta-
tion and performs comparably or better than expert 
human examiners.15 However, the system has been 
trained only to recognise plus disease. In this study, 
we investigate the overall clinical and public health 
applicability of this system by assessing its ability to 
identify broader diagnostic categories of ROP, as well 
as overall disease severity, from posterior pole images 
alone.

MATerIAls And MeThods
study population
This project was conducted as part of the multi-
centre i-ROP study. All data were collected 
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prospectively from seven participating institutions: Oregon 
Health and Science University, Weill Cornell Medical College, 
University of Miami, Columbia University, Children’s Hospital 
Los Angeles, Cedars-Sinai Medical Centre and Asociación para 
Evitar la Ceguera en México. Subjects were infants who: (1) were 
examined in a participating neonatal intensive care unit between 
July 2011 and December 2016, (2) met published criteria for 
ROP screening examination and (3) had parents who provided 
informed consent. We excluded all examinations performed on 
eyes that had undergone prior treatment for ROP. This study 
was conducted in accordance with Health Insurance Portability 
and Accountability Act guidelines, prospectively obtained Insti-
tutional Review Board (IRB) approval from each institution and 
adhered to the tenets of the Declaration of Helsinki.

disease classification and development of reference standard
Training a DL system requires a robust ground truth, or refer-
ence standard.6 For this purpose, we utilised an overall reference 
standard diagnosis (RSD), an integration of ophthalmoscopic 
and image-based diagnoses from each ROP examination, using 
methods we have previously published.16 Briefly, all infants 
underwent serial dilated ophthalmoscopic examinations by 
expert ROP clinicians according to current screening guidelines 
at each institution. Standard five-field retinal image sets were then 
obtained using a wide-angle camera (RetCam; Natus Medical 
Incorporated, Pleasanton, California, USA), and de-identified 
image sets were diagnosed by three independent experts. All 
ophthalmoscopic and image-based examination findings were 
documented according to the international classification of ROP 
(ICROP),17 consisting of zone, stage and plus disease. Ophthal-
moscopic and image-based diagnoses were integrated into a RSD 
for each image set, and diagnostic discrepancies were resolved by 
panel review.

The three key diagnostic parameters (zone, stage, plus disease) 
were then incorporated into one of the following overall disease 
categories based on Early Treatment for Retinopathy Of Prema-
turity specifications: (1) no ROP; (2) mild ROP, defined as ROP 
less than type 2 disease; (3) type 2 ROP (defined as zone I, stage 
1 or 2, without plus disease or zone II, stage 3, without plus 
disease) and (4) type 1 or treatment-requiring ROP, defined as 
zone I, any stage, with plus disease; zone I, stage 3, without 
plus disease; or zone II, stage 2 or 3, with plus disease. Stages 
4 and 5 ROP were excluded from this study in order to focus 
on identification of the onset of clinically significant disease. A 
category designated ‘clinically significant ROP’ was established 
to identify cases of ROP that would have warranted referral to a 
specialty centre. This category included type 1 ROP, type 2 ROP 
and pre-plus disease.

dl system development
The i-ROP DL system was developed based on the concept 
of convolutional neural networks using methods previously 
published.15 Briefly, a reference standard diagnosis of plus 
disease was established by analysing 5511 wide-angle image sets 
from ROP screening in at-risk neonates. These images and their 
respective RSD for plus disease were then presented to the system 
in an iterative fashion. The system consisted of two consecu-
tive neural networks, one trained for retinal vessel segmenta-
tion and the second trained to detect plus disease.15 In the first 
network, images were reduced to 640×480 pixels and U-Net 
architecture was used to develop a ‘vessel-ness’ map by training 
on 200 manually labelled retinal images. The vessel-ness map 
was then used to create a circular mask of the original image. 

Images were then resized and cropped to 224×224 pixels. In the 
second network, training sets were augmented with geometric 
translations of the original images and then randomly sampled 
to achieve equal images from each class of plus disease severity 
in the training sets. Then, the Inception V1 (GoogLeNet) neural 
network architecture was used classify individual retinal images 
as normal, pre-plus, or plus, after pretraining on the ILSVRC 
ImageNet dataset. The softmax output layer was modified to 
perform three class prediction, and all network layers were 
subsequently fine tuned. The cross-entropy loss function was 
minimised by stochastic gradient descent (SGD) for 100 epochs, 
with a constant learning rate of 0.0001. A dropout rate of 0.4 was 
also used to mitigate overfitting. From this process, the system 
learnt to identify retinal image features deemed important to 
the diagnosis of plus disease, with near-perfect receiver oper-
ating curve characteristics.15 Of note, information from the RSD 
regarding zone and stage was not provided to the system during 
this training. Five individual models were trained on different 
subsets of the overall data, and each applied to the remaining 
unseen data. This fivefold cross-validation method minimised 
bias in the output of the i-ROP DL system.

Quantitative severity score
For each posterior pole image, the DL system produced a set 
of probabilities (P) that the exam represented normal vessels, 
pre-plus disease and plus disease. To reflect the continuous spec-
trum of disease, we generated a scaled score from this output 
to represent disease severity in a given examination according 
to the following formula: {[1×P(normal)]+[5×P(pre-plus)]+[
9×P(plus)]}.15 18 The result was termed the ‘i-ROP DL score’, 
reflecting a quantitative measurement of the degree of vascular 
severity on a 1–9 scale.

data analysis
The area under the receiver operating curve (AUROC) of the 
i-ROP DL score was determined for all diagnostic parameters 
and disease classifications of ROP. The AUROC quantifies the 
capability of a test to classify a binary outcome, with 0.5 repre-
senting random chance and 1.0 representing a perfect test.19 
Based on these curves, a hypothetical referral cut-off score was 
selected for detection of type 1 ROP.

An independent data set of 100 posterior pole photos (54 
normal, 31 pre-plus and 15 plus) were excluded from the 
training data set and used for additional validation of the 
system.15 20 These examinations underwent a series of pairwise 
comparisons by five independent experts asked to ‘select the 
image that represents more severe disease’. These comparisons 
were combined into a consensus rank ordering of the entire data 
set according to overall severity of ROP, from 1 (least severe) to 
100 (most severe), using the Elo algorithm.18 20 The Spearman 
correlation coefficient was calculated for the association between 
the i-ROP DL score and the expert rank order of overall ROP 
severity for each image. Excel 2011 (Microsoft, Redmond, 
Washington, USA) was used for data management, and all statis-
tical analysis was performed using Stata MP V.13.

resulTs
A total of 4861 individual eye examinations from 870 infants 
were analysed. The mean±SD birth weight and gestational age 
were 901±304 g and 27±2 weeks, respectively. According to the 
RSD, 15 examinations (3%) demonstrated type 1 ROP and 912 
examinations (19%) demonstrated clinically significant ROP. 
Specifically, 282 (6%) eye examinations demonstrated zone I, 
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Table 1 Performance of the retinopathy of prematurity deep 
learning (i-ROP DL) system for detecting various parameters and 
levels of ROP

Frequency n (%)† AuroC (95% CI)

diagnostic parameter*

Plus disease 128 (3) 0.989 (0.984 to 0.994)

Stage 3 299 (6) 0.880 (0.860 to 0.899)

  Stage 3 without pre-plus or plus 68 (1) 0.672 (0.628 to 0.716)

Zone I 222 (5) 0.817 (0.786 to 0.849)

  Zone I without pre-plus or plus 90 (2) 0.616 (0.565 to 0.667)

disease category* 

Clinically significant ROP 912 (19) 0.914 (0.903 to 0.925)

  Type 1 ROP 155 (3) 0.960 (0.941 to 0.978)

  Type 2 ROP 300 (6) 0.867 (0.854 to 0.880)

  Pre-plus disease 636 (13) 0.910 (0.900 to 0.920)

Results are displayed as area under the receiver operating curve (AUROC) 
compared with a reference standard diagnosis.
*According to reference standard diagnosis.
†Out of total of 4861 eye examinations from 870 infants.

Figure 1 Distributions of Imaging & Informatics retinopathy of prematurity deep learning (i-ROP DL) vascular severity score in eye examinations 
with different reference standard diagnoses. Data are shown for 4861 eye examinations. In this data set, a hypothetical referral cut-off score of ‘3’ 
would effectively exclude 89% of examinations with no or mild ROP, while capturing 94% of examinations with type 1 ROP.

4469 (92%) had zone II and 110 (2%) had zone III disease. A 
total of 2141 (44%) demonstrated stage 0, 1168 (24%) had stage 
1, 1253 (26%) had stage 2 and 299 (6%) had stage 3 disease. 
With respect to plus disease, 4097 (84%) had no plus, 636 
(13%) had pre-plus and 128 (3%) had plus disease.

The i-ROP DL vascular severity score had AUROC 0.96 for 
detection of type 1 ROP and 0.91 for clinically significant ROP. 
For plus disease, the severity score had near-perfect AUROC 
(0.99 for two-level analysis, plus vs no plus) (table 1). For disease 
features that it was not trained to detect (zone 1 and stage 3), it 
was less effective: AUROC 0.82 and 0.88, respectively, but this 
lowered to 0.62 and 0.67 in cases when the vessels were normal 
(less than pre-plus disease).

Establishing a hypothetical i-ROP DL referral cut-off score of 
3 for proof of concept, the i-ROP DL vascular severity would 
confer 94% sensitivity and 79% specificity for detection of type 
1 ROP. For screening purposes, the negative predictive value 
(NPV) would be 99.7%, but positive predictive value (PPV) 
would only be 13% (figure 1). Using this cut-off in this study 
population, 10 cases (7%) of type 1 ROP would be missed. Nine 
(90%) of these cases had zone I, stage 3 disease without plus 
and 1 (10%) had zone I, stage 2 disease with plus according to 
the RSD (the i-ROP DL vascular severity score in this latter case 
was 2.93).

With respect to the independent data set of 100 rank ordered 
examinations, there was a very strong, statistically significant 
correlation between the expert rank ordering of overall disease 
severity and the i-ROP DL vascular severity score (Spearman 
correlation coefficient=0.93; p<0.0001). In this independent 
data set, the referral score of 3 would capture all cases of type 
1 ROP and exclude 47 (94%) of cases with no or mild ROP 
(figure 2). This cut-off score would miss only one case of clini-
cally significant ROP, which had an i-ROP DL score of 1.15 and 
was classified as no plus, zone I, stage 1 disease (type 2 ROP) by 
the RSD.

dIsCussIon
This study evaluates the performance of the i-ROP DL system 
for diagnosing ROP based on posterior pole fundus photo-
graphs. Key findings include: (1) despite only being trained to 
recognise plus disease, the i-ROP DL system accurately detects 
clinically significant ROP, with 94% sensitivity for type 1 ROP; 
(2) the i-ROP DL vascular severity score is strongly correlated 
with expert ranking of overall disease severity and (3) this 
system detects severe ROP based only on posterior pole vascular 
morphology, emphasising the collinearity of diagnostic parame-
ters in ROP. These data provide proof of concept that a DL-based 
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Figure 2 Association between Imaging & Informatics retinopathy of prematurity deep learning (i-ROP DL) vascular severity score and ordered 
ranking of overall ROP disease severity of 100 images by five experts. In this data set, a hypothetical referral cut-off score of ‘3’ would effectively 
exclude 94% of cases of no or mild ROP, while capturing 100% of cases of type 1 ROP.

screening platform could be deployed to improve the objectivity 
of ROP diagnosis and improve access to screening.

The first key finding is that the i-ROP DL system has high 
accuracy for detecting clinically significant ROP (table 1). We 
have previously shown that this system has very high accuracy 
for plus disease in ROP.15 These results extend those findings 
beyond plus disease and demonstrate that despite only being 
trained to recognise plus disease, the system has high accuracy 
for broader diagnostic categories of ROP, particularly severe 
disease. A hypothetical referral score of ‘3’ has a sensitivity of 
94% for type 1 ROP (figure 1). More importantly, the negative 
predictive value is 99.7%, meaning that a posterior pole image 
scoring less than this threshold value would have only a 3 in 
1000 chance of being type 1 ROP. The sensitivity and NPV are 
the most important parameters in a screening test for a disease 
such as ROP, where underdiagnosis has critical implications.21

The second key finding is that the i-ROP DL vascular severity 
score correlates with the continuum of disease severity as 
determined by expert graders (figure 2).18 We have previously 
demonstrated that ROP phenotypes appear to run a continuum 
from mild to severe and that experts agree on relative disease 
severity better than they agree on zone, stage, plus or overall 
category.18 20 This study reaffirms the concept of a continuous 
spectrum of disease and provides an automated and accurate 
method of measuring this continuum. This has implications for 
disease screening as suggested in figure 1, as well as for following 
disease progression over time.

The third key finding is that the severity score generated by 
the i-ROP DL system detects severe ROP based only on posterior 
pole vascular morphology. The fact that it achieves this without 
being trained to detect zone or stage suggests that severe ROP 
rarely occurs in the absence of detectable changes in the poste-
rior vasculature, which is supported by the literature.4 In this 
population, a cut-off score of 3 missed 10 cases (7%) of type 1 

ROP, all of which would have been detected if the system were 
additionally trained to detect zone I and stage 3 disease.

It is conceivable that future iterations of this system could 
provide an automated point-of-care screening test to identify 
patients with clinically significant ROP who require full ophthal-
moscopic evaluation. To be successful, the sensitivity will need 
to be higher (so that no cases of type 1 disease are missed) and 
we will need to reconceptualise current ROP screening models 
relying on full ICROP classification. If all patients with ROP 
in need of urgent intervention could be identified, the rest 
could be rescreened in a defined time period (eg, 1–2 weeks) 
for objective automated signs of disease progression. There is 
preliminary evidence that the i-ROP DL system can accurately 
identify this progression.22 The Food and Drug Administra-
tion recently approved the first DL-based system for health 
screening to detect referable diabetic retinopathy.23 Utilising the 
i-ROP DL system in a similar fashion might greatly reduce the 
number of ophthalmoscopic exams needed to adequately screen 
for ROP, addressing the high and growing demand for screening 
worldwide.3

This study has several limitations. First, the definition of clin-
ically significant ROP is a composite of type 2 ROP, type 1 ROP 
and pre-plus disease. The justification for including pre-plus in 
this category was that the concept of pre-plus was not introduced 
until 2005,17 after the definition of type 2 ROP was established.4 
Pre-plus disease has since been shown to be a strong independent 
risk factor for progression of disease24 and thus should neces-
sitate referral for specialist examination. Second, an inherent 
problem in the evaluation of any ROP screening system is the 
interexpert variability in the diagnosis of ROP. For this study, 
we utilised a consensus RSD both for system training and evalu-
ation. Third, the accuracy of any artificial intelligence system is 
dependent on the quality of data it presents. In this study, images 
of inadequate quality for clinical diagnosis were excluded. We 
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are developing software to automatically determine if images are 
of sufficient quality.25

This study provides proof of concept for the use of artificial 
intelligence in autonomous or assistive ROP screening in the 
future. The i-ROP DL system demonstrates high sensitivity for 
detection of clinically significant ROP based only on posterior 
pole photography, strengthens the case for the development and 
validation of a continuous ROP severity score and may have 
important applications for ROP care in resource-limited settings.
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