
1Br J Ophthalmol Month 2018 Vol 0 No 0

Editorial

Deep learning for retinopathy of 
prematurity screening
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IntroDuctIon
Retinopathy of prematurity (ROP) is a 
neurovascular disorder of retina, charac-
terised by abnormal fibrovascular prolifer-
ation at the boundary of the vascularised 
and avascular peripheral retina. Globally, 
it is estimated that 19 million children 
are suffering from visual impairment.1 
Of those, ROP accounts for 6%–18% 
childhood blindness,2 causing significant 
psychosocial impact on the child and the 
family.3 According to the Early Treatment 
for Retinopathy of Prematurity (ETROP) 
trial,4 early treatment has shown to be 
beneficial to improve the visual acuity of 
the high-risk patients with ROP, although 
9% still eventually became blind. Thus, 
early screening with regular monitoring is 
extremely crucial.

Who anD When to screen?
The at-risk groups are babies who are born 
preterm or those with neonatal morbidity, 
for example, respiratory distress 
syndrome, infection and hyperglycaemia.5 
These groups of neonates usually require 
high oxygen demand due to the systemic 
issues. Oxygen regulation is important for 
normal retinal vascular development.

In the UK, the current guidelines recom-
mend that babies born at <32 weeks 
or with birth weight <1.5 kg should be 
screened for ROP.6 For the medically 
unstable infants who require high supple-
mental oxygen, the screening is recom-
mended to be done earlier, although 
the screening criteria may vary slightly 
between different countries around the 
world.

What to screen?
Based on the International Classification 
of ROP, ROP is divided into five stages 

(table 1) with or without plus diseases.7 
Early recognition of plus diseases is 
extremely crucial for initiation of treat-
ment. The disease involvement is usually 
documented in terms of location and 
the extent of clock hours. For location, 
it is divided into zones 1–3 (figure 1). It 
is important to detect the patients with 
prethreshold (type 1 ROP and type 2 ROP) 
and aggressive posterior ROP (also known 
as ‘rush disease’ previously). Serial diag-
nostic examinations should be performed 
until each eye is considered no longer at 
risk for developing serious ROP (eg, full 
retinal vascularisation, postmenstrual age 
of 45 weeks, and no prethreshold disease, 
zone III retinal vascularisation without 
previous zone I or II ROP, or regression 
of ROP).8 9

hoW to screen?
Traditionally, ROP has been screened by 
either paediatric ophthalmologists or 
retinal specialists using 28 or 30 dioptre 
lens with indirect biomicroscopy exam-
ination followed by a detailed documen-
tation. This screening method, however, 
requires the expertise of experienced 
paediatric ophthalmologists or retinal 
specialists. Many countries, unfortu-
nately, do not have such expertise to 
screen for ROP, leading to inadequate 
ROP care delivery. With the advent of 
wide-field retinal imaging (eg, Retcam),8 
this provides the opportunity to perform 
tele-ROP screening in collaboration with a 
reading centre.10 In the USA, the Imaging 
and Informatics in ROP (i-ROP) and Stan-
ford University Network for Diagnosis of 
ROP are two major tele-ROP screening 
networks in the USA,10 whereas in India, 

Karnataka Internet-assisted Diagnosis of 
ROP is a large telemedicine initiative to 
serve rural patients who otherwise have 
limited access to tertiary eye care services 
in big cities.11

What Is machIne learnIng anD 
Deep learnIng?
The term ‘machine learning’ has subse-
quently been coined by Arthur Samuel 
in 1959, stating, ‘the computer should 
have the ability to learn without being 
explicitly programmed.’12 Using machine 
learning, the algorithm can now learn 
and make predictions based on the data 
that have been fed into the training phase 
using either supervised or unsupervised 
manner. The machine learning technique 
has been widely adopted in applications 
such as computer vision and predictive 
analytics using complex mathematical 
models. For supervised learning, the 
computer was trained with labelled exam-
ples, also known as ground truth, whereas 
for unsupervised learning, no labelling is 
required for the algorithm to find its own 
structure in its input. With the advent 
of graphic processing unit with much 
improved processing power, deep learning 
(DL) is the most recent machine learning 
technique that uses multiple processing 
layers to learn representation of data with 
multiple levels of abstraction.13 Using the 
backpropagation algorithm, DL is capable 
of discovering intricate structure in large 
data sets, then changing its internal param-
eters that are used to compute the repre-
sentation in each layer from the previous 
one. It has been widely adopted in the 
image recognition, speech recognition and 
natural language processing.

Dl In meDIcal ImagIng analysIs
DL has sparked tremendous interest in 
the medical field over the past 2 years, 
achieving a robust diagnostic perfor-
mance in various medical conditions, 
including tuberculosis,14 15 malignant 
melanoma16 and breast cancer lymph 
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table 1 International Classification of Retinopathy of Prematurity (ICROP)7

stages retinal changes

1 Demarcation line

2 Ridge

3 Extraretinal fibrovascular proliferation

4 Partial retinal detachment

  A. Extrafoveal

  B. Foveal

5 Total retinal detachment

Plus disease: dilated iris vessels, poor pupil dilation, venous dilation, arteriolar tortuosity and vitreous haze.
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node metastases.17 In ophthalmology, 
it has shown to have clinically accept-
able diagnostic performance in detecting 
diabetic retinopathy (DR),18–22 glau-
coma,18 23 age-related macular degenera-
tion18 24 25 from the fundus photographs26 
and OCT.27 28 Furthermore, DL has also 
been applied to estimate refractive error 
and cardiovascular risk factors (eg, age, 
blood pressure, smoking status and body 
mass index) from retinal fundus photog-
raphy.29 30

Dl to Detect plus DIsease In rop 
screenIng
Brown et al described the use of DL system 
to detect plus diseases in ROP31 using 
5511 Retcam retinal photographs, U-net 
for vessel segmentation and pretrained 
Inception-V1 as the technical network. 
These retinal images were collected over 
a 5-year period from eight academic insti-
tutions for training. For the training set, 
the gold standards were: image-level diag-
nosis—three experts; patient-level diag-
nosis—one expert; prevalence of normal 
versus preplus versus plus disease: 82% 
vs 17% vs 3%, respectively. The trained 
algorithm was compared against the gold 
standards, as well as eight independent 
well-regarded experts in the field who had 
vast experience in managing ROP clini-
cally. Using fivefold cross-validation, the 
DL system had an area under the curve of 
0.94 and 0.98 for the diagnosis of normal 
(vs preplus disease or plus disease) and plus 
disease (vs normal or preplus disease). On 
a further evaluation using an independent 
sample of 100 retinal images, the algo-
rithm continued to demonstrate robust 
sensitivity and specificity for detection 
of plus and preplus diseases (plus: 93% 

sensitivity/94% specificity; preplus or 
worse: 100% sensitivity/94% specificity).

Dl to DetermIne rop severIty 
level
Redd et al further expanded on the same 
DL system to quantify the different ROP 
severity levels on a 1–9 scale, using a 
consensus reference standard diagnosis of 
clinical and image-based diagnosis, with 
the experts ranking the second data set 
of 100 posterior images.32 According to 
overall ROP severity, the authors divide 
ROP into four levels based on ETROP 
classifications: (1) no ROP; (2) mild 
ROP; (3) type 2 ROP; and (4) type 1 or 
treatment-requiring ROP. The authors 
excluded stage 4 and 5 ROP to focus on 
the onset of clinically significant disease. 
The DL system was evaluated for detec-
tion of type 1 ROP, and ‘clinically signif-
icant ROP’, defined as type 1 ROP, type 
2 ROP and preplus disease, cases that 
warrant an urgent referral to a specialty 
centre. Using the formula {[1×P(nor-
mal)]+[5×P(preplus)]+[9×P (plus)]},33 
they also develop a disease severity score, 
termed ‘i-ROP DL score’ to quantify the 
disease severity on a 1–9 scale. In their 
study, the artificial (AI) system achieved 
an area under the receiver operating char-
acteristic curve (AUC) of 0.96 and 0.91 
for detection of type 1 ROP and clini-
cally significantly ROP, respectively, with 
an AUC of 0.99 for disease severity score 
to differentiate plus from no plus disease. 
Using a hypothetical cut-off i-ROP DL 
referral score of 3, the AI system had 94% 
sensitivity and 79% specificity to detect 
type 1 ROP, with a negative predictive 
value of 99.7% and positive predictive 
value of 13%.

hoW to clInIcally translate the 
technology?
Given the above-mentioned performance, 
it is important to consider a few screening 
models for clinical translation in ROP 
screening. Combining the results of the 
two papers,26 32 the group showed robust 
performance in detecting plus diseases, 
type 1 ROP, clinically significant ROP and 
generating an effective disease severity 
score. What would be the appropriate 
screening models for ROP within and 
outside i-ROP network? First, the DL 
system can be integrated as a semiauto-
mated fashion with DL system as the first 
stage grading, followed by manual grading 
by the human graders. With an appropriate 
setting of an operating threshold aiming at 
an extremely high sensitivity (eg, between 
95% and 99%), the DL system can help 
filter off the normal and mild ROP cases. 
For those retinal images ‘deemed’ to be 
referable (either with plus diseases, type 1 
ROP, clinically significant ROP or ungrad-
able), these retinal images can be manually 
graded by the human at the second stage 
to avoid over-referrals of the unneces-
sary cases to the tertiary settings. Outside 
i-ROP setting, this algorithm could be 
used as a stand-alone software to help 
screen for ROP, though the preset sensi-
tivity may need to be different from the 
semiautomated model. Without the pres-
ence of human graders, the DL system 
presensitivity and specificity will need to 
be realistic to ensure all appropriate cases 
are referred urgently (high sensitivity), but 
at the same time avoid causing over-refer-
rals (decreased specificity). The screening 
model can be either cloud based or 
hospital based by uploading these retinal 
images onto an online server or grading 
website, or onto a desktop or laptop using 
an application programming interface.

potentIal challenges of aI 
applIcatIon In meDIcIne
Although DL has generated an explosion 
of interest in many healthcare domains 
recently, many clinical, technical and regu-
latory challenges still remain unanswered. 
First, the generalisability of the DL 
system for other ethnic groups or retinal 
cameras is critical to increase the uptake 
of the technologies. Hence, it is always 
important to validate a DL system using 
many external data sets. For this partic-
ular AI system described by Redd et al,26 32 
the AI system has been built and validated 
within the i-ROP setting, with many good-
quality retinal images. Further studies are 
important to determine the diagnostic 
performance of this AI system in other 

figure 1 The location (clock hours) and zones according to the International Classification 
of Retinopathy of Prematurity (ICROP).7,34 Zone 1: radius from optic disc centre to twice the 
distance from the centre of optic disc to the macula. Zone 2: border of zone 1 to ora serrata 
(nasally) and equator (temporally). Zone 3: residual temporal crescent anterior to zone 2. The 
extent of disease is recorded as hours of the clock or as 30 sectors. RE, right eye; LE, left eye.
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ethnicities and countries with varying 
retinal photography skills. Second, lack of 
explainability of the algorithm due to the 
‘black-box’ nature, though many studies 
have tried using heat map, statistical and 
mathematical models to address this issue. 
Third, given that this technology is still 
relatively new, the health authority and 
legislative bodies have yet to set the rules 
for medicolegal, regulatory and financial 
rebate policies. ROP is a complex disease 
that requires multidisciplinary clinical 
care teams and whether the use of DL 
system would generate an unnecessary 
anxiety among the parents is still yet to be 
surveyed.

conclusIon
In conclusion, DL system is a novel break-
through machine learning technology 
that has revolutionised the automation 
of medical imaging analysis. There is a 
huge potential for this technology to help 
with millions of premature babies who 
may suffer from this potentially blinding 
disease. In order to increase the success 
of clinical translation of this technology, a 
multidisciplinary collaborative effort from 
different stakeholders, including the clin-
ical and technical teams, patients, family 
members, hospital and health authorities, 
is paramount. Future research will be of 
great value to clinically validate this algo-
rithm prospective manner in a real-world 
setting.
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