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Synopsis 

 

Retinopathy of prematurity (ROP) is a sight threatening proliferative retinal vascular disease 

affecting premature infants. Vision loss in ROP is preventable through the early identification 

and treatment of severe disease. Timely screening and accurate diagnosis is therefore crucial 

for the diagnosis of ROP, however, multiple challenges exist in current screening processes 

including limited access to expert ophthalmologists required for ROP screening, subjectivity 

of diagnosis and cost and time burdens involved in transporting infants to tertiary hospitals.  

Artificial intelligence (AI) has the potential to overcome current challenges in ROP diagnosis 

and may transform the way ROP is screened for and managed. Through innovative deep 

learning technology, a well-designed, well-validated detection algorithm may provide 

accessible, objective analysis of retinal images to assist expert ophthalmologists in detecting 

referrable ROP. This thesis will introduce readers to the pathophysiology and grading of 

ROP, evidence for current treatment guidelines and AI applications in ophthalmology. The 

systematic review will provide the background evidence into requirements for an accurate, 

reliable AI algorithm in ROP diagnosis and the validation of our AI algorithm, ROP.AI, will 

provide insight into the revolutionary diagnostic potential of this deep learning program. 

Finally, we will discuss future plans for ROP.AI including a methodology proposal to 

implement the algorithm into a prospective clinical trial for the diagnosis of ROP.  

 

Statement of Originality 

This work has not previously been submitted for a degree or diploma in any university. To 

the best of my knowledge and belief, the thesis contains no material previously published or 

written by another person except where due reference is made in the thesis itself. There may 

be some content repetition throughout the thesis due to unmodified articles prepared for 

publication.  
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CHAPTER 1:   BACKGROUND 

RETINOPATHY OF PREMATURITY 

Introduction 

Retinopathy of prematurity (ROP) is a vasoproliferative retinal disease affecting premature 

infants. It is characterized by abnormal fibrovascular proliferation in the immature retina and 

is sight-threatening, affecting 50,000 children worldwide. [1] Those born less than 30 weeks 

gestation or less than 1250g birth weight are most at risk as preterm birth removes the visual 

system from the nurturing intrauterine environment. [2] Accurate and early diagnosis is 

integral to the successful treatment of the preventable blindness caused by this disease. 

Despite improvements in ophthalmic care, ROP continues to remain one of the leading 

causes of childhood blindness worldwide. [1] [3] Multiple challenges exist which contribute 

to this, including the subjective nature of diagnosis, limited access to ROP screening, as well 

as the increased need for highly specialised paediatric ophthalmologists for diagnosis and 

treatment.  

Pathophysiology 

The normal retinal vascular development occurs in two main phases; vasculogenesis and 

angiogenesis. [4] The first phase, vasculogenesis, occurs where mesenchymal spindle cells 

emerge from the optic nerve head around 14-15weeks of gestation and grow into the 

superficial layer of the retina. [5] These cells migrate along the distribution of the future 

retinal blood vessels out temporally from the optic disc. They do not migrate to the retinal 

periphery and are not seen after 21 weeks gestation. The second phase of normal retinal 

vascular development is mediated by angiogenesis, where new blood vessels develop from 

existing blood vessels. From 17-18 weeks of gestation, networks of capillaries form by 

angiogenesis and spread towards the leading peripheral edge of the retinal vasculature. From 

25 weeks gestation the leading edge of retinal capillaries has multiple arcades of arterial and 

venous vessels. Angiogenesis appears to be driven by tissue hypoxia, stimulating hypoxia 

inducible factor -1 (HIF-1) which acts as a transcription factor for Vascular Endothelial 

Growth Factor (VEGF). [4] The relative hypoxic condition in utero allows HIF-1 degradation 

to be prolonged. This then intern stimulates VEGF to promote endothelial cell angiogenesis, 

allowing normal retinal vascular development.  
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The pathology which occurs in retinopathy of prematurity also occurs in two phases, as it 

comprises of both reduced retinal vasculature formation and the abnormal proliferation of 

retinal vasculature. The first phase begins when retinal vascular growth ceases after birth. 

HIF-1 is rapidly degraded in extra-utero tissue conditions, which leads to reduced 

angiogenesis of retinal vasculature. [6] Additionally, hyperoxia produced by oxygen therapy 

exacerbates this effect. The second phase of ROP occurs as the retinal neural cells continue to 

develop, through proliferation and differentiation causing increased metabolic activity despite 

the vascular-deplete environment. Eventually, the immature retina becomes critically 

hypoxic. It is here that pathological VEGF overproduction occurs, causing abnormal 

angiogenesis and subsequent neovascularisation. [6] Insulin-like growth factor (IGF-1) has 

also been linked to ROP development, as IGF-1 is required for normal VEGF signalling. [7] 

Without the normal IGF-1 provided by the placenta and amniotic fluid in-utero, premature 

infants have lower levels of serum IGF-1 which may contribute further to ROP development. 

[8] The abnormal growth of blood vessels as a result may lead to extraretinal extension 

causing traction on the vitreous and possible retinal detachment and blindness.    

Classification 

The International Classification of Retinopathy of Prematurity [9] is the globally accepted 

guideline in classifying disease location and severity of ROP. Originally published in 1984, 

expanded in 1987, revised in 2005, and most recently updated in 2021, this classification 

system has been the mainstay in further understanding the progression of the disease. The 

classification system is made up of nine components including zone, extent, and stage of 

acute disease, as well as the presence of plus or preplus disease, aggressive ROP, regression, 

reactivation, and long-term sequelae.  

 

1. Zone of Vascularization: Defines three concentric zones of the retina centred around 

the optic disc (Error! Reference source not found.). The location of the most posterior 

retinal vascularization indicates the zone for that eye. The radius of the circle 

represented by Zone I extends from the centre of the optic disc to twice the distance 

from the centre of the optic disc to the centre of the macula. Zone II consists of a ring 

shaped region extending nasally from the outer limit of Zone I to the nasal ora serrata 

and with a similar distance temporally, superiorly, and inferiorly.  A new zone termed 

posterior zone II is new to the third edition classification and defines a region of two 
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disc diameters peripheral to the zone 1 border. Posterior zone II indicates potentially 

worse disease than ROP in peripheral zone II. Zone III is the residual crescent of the 

temporal retina anterior to zone II. The term notch has additionally been introduced to 

describe an intrusion of ROP lesion of 1 to 2 clock hours along the horizontal meridian 

into a more posterior zone than the rest of the disease. If this is present, the disease is 

recorded as the most posterior zone, followed by “secondary to notch”.  

 

Image Removed  

 
FIGURE 1: Right Eye (Re) And Left Eye (Le) Showing Zone Borders And Clock Hours For The Location 

And Extent Of Retinopathy Of Prematurity. The Dotted Circle Represents Borders Of Posterior Zone Ii, And 

An Example Of Stage I Disease In Zone Ii Is Depicted In The Le. (Adapted From The International 

Classification Of Retinopathy Of Prematurity, 3 rd Edition 2021[9]) 

 

 

2. Extent of Disease: This defines the circumferential location of disease based on clock 

hours or 30 sectors.  

3. Staging of Acute Disease: Describes the abnormal vascular response at the junction of 

the vascularized and avascular retina. As a whole, the staging for an eye is determined 

by the most severe presentation.  

a. Stage 1 – Demarcation Line: Thin line separating the avascular retina anteriorly 

from the vascular retina posteriorly  

b. Stage 2 – Ridge: A ridge in the region of the demarcation line with both height 

and width extending above the plane of the retina. Small isolated tufts of 

neovascular tissue may be found on the surface of the retina, known as ‘popcorn’  

c. Stage 3 – Extraretinal Neovascular Proliferation: Neovascularisation which 

extends from the ridge into the vitreous  

4. Retinal Detachment (Stages 4 & 5):  

a. Stage 4 – Partial Retinal Detachment: Begins at the point of fibrovascular 

attachment to the vascularized retina and are generally concave and 

circumferentially oriented. The extent of the retinal detachment depends on the 

number of clock hours and degree of fibrovascular traction. Stage 4 is divided 

into: 

i. Stage 4A: Partial retinal detachment spared fovea 

ii. Stage 4B: Partial retinal detachment involved fovea 

b. Stage 5 – Total Retinal Detachment: Usually funnel shaped and caused by 

traction but can occasionally be due to exudate. Subcategorized into: 
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i. Stage 5A: Optic disc is visible by ophthalmoscopy 

ii. Stage 5B: Optic disc is not visible secondary to retrolental fibrovascular 

tissue or closed-funnel detachment 

iii. Stage 5C: 5B plus anterior segment abnormalities 

 

5. Plus and Preplus Disease: The terms preplus and plus disease represent a continuous 

spectrum of abnormal retinal vascular changes. Plus disease is defined by the 

appearance of dilation and tortuosity of retinal vessels, as assessed by vessels within 

zone I.  

6. Figure 2 is used in the International classification as standard examples of the features 

of plus disease. Preplus disease defines abnormal vascular dilation and tortuosity of the 

posterior pole vessels that is not severe enough to be deemed plus disease ( 

7. Figure 3). As the amount of ROP activity is on a continuous spectrum of severity, the 

vessel abnormalities may progress to plus disease over time. 

 

Image Removed 
 

FIGURE 2: Wide-Angle Fundus Photographs Demonstrating Examples Of Plus Disease. Above: Plus Disease 

With Notable Venous Dilation And Arterial Tortuosity. Note That Plus Disease Is Out Of Proportion To 

Visible Peripheral Findings, Suggestive Of Flat Neovascularizatio n (Stage 3; White Arrows). Below: Severe 

Plus Disease, With Dilation And Tortuosity Of Both Arteries And Veins. ( Adapted From The International 

Classification Of Retinopathy Of Prematurity 2021[9]) 

 

 

Image Removed 
 

FIGURE 3: Preplus Disease, With Notable Arterial Tortuosity But Minimal Venous Dilation ( Adapted From 

The International Classification Of Retinopathy Of Prematurity 2021[9]) 

 

8. Aggressive ROP (A-ROP): This refers to an uncommon, rapidly progressive, severe 

form of ROP with characteristic features of prominent plus disease, circumferential 

extension and an ill-defined nature of retinopathy ( 

9. Figure 4). Early A-ROP may exhibit capillary abnormalities posterior to the original 

border of the vascularized retina such as arteriovenous shunting, resembling dilated 

vascular loops surrounding areas of vascular injury ( 

10. Figure 5). A-ROP does not progress through the classic stages 1 to 3 and left untreated 

usually progresses to stage 5 disease. This version of ROP can be diagnosed on a single 

visit as very early in the development the retinal vessels show increased dilatation and 

tortuosity in all 4 quadrants out of proportion to the peripheral retinopathy.  
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Image Removed 

 

FIGURE 4: Fundus Photograph Showing A-ROP With Border Between Vascular And Avascular Retinal In 

Zone I. White Arrow Shows Dilated Vascular Loops. Note Also Diffuse Flat Extraretinal Neovascularization 

And Severe Plus Disease (Adapted From  The International Classification Of Retinopathy Of Premat urity 

2021 [9]) 

 

Image Removed 
 

FIGURE 5: A-ROP With Severe Vasoconstriction, Capillary Nonperfusion, Nonphysio logic Dilated Vascular 

Loops, And Arteriovenous Shunts And Plus Disease In Zone I (Adapted From The International Classification 

Of Retinopathy Of Prematurity 2021 [9]) 

 

11. Regression: Defines disease involution and resolution, characterised by thinning and 

whitening of neovascular tissue. Typically starts with vascular changes such as 

decreased plus disease and vascularization into peripheral avascular retina.  

12. Reactivation: Occurs when there is recurrence of acute phase features and can occur 

after incomplete or complete regression. It is seen more frequently following anti-VEGF 

treatment.  

13. Long-Term Sequelae: Represents the spectrum of ocular abnormalities that may lead to 

permanent sequelae including retinal detachments, retinoschisis, persistent avascular 

retina, glaucoma, and macular anomalies such as blunting or absence of the foveal 

depression.  

Treatment 

Strict oxygen weaning and monitoring can prevent the development of ROP due to the role 

that hyperoxia plays in the pathogenesis of the disease [10]. The incidence of severe ROP 

requiring treatment has been shown to be lower in babies with a lower oxygen saturation 

target [11, 12] but is associated with increased infant mortality. [12] Following the 

publication of The BOOST II, SUPPORT, and COT trials, [12-14] higher (91-95%) 

saturation targets for extremely preterm neonates have been adopted by all neonatal intensive 

care units across Australia and New Zealand. [15] This approach has likely further increased 

the incidence of ROP, resulting in more premature infants requiring ongoing screening for 

ROP. While most ROP regresses, a small proportion can develop severe visual impairment if 

left untreated. Randomised control trials have clearly shown that early detection and 

treatment of severe ROP disease significantly decreases visual impairment and adverse 

outcomes. [16, 17] Early screening of at risk premature infants is therefore crucial to ROP 

management and will be discussed in further detail in Chapter 2.  
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Treatment modalities for ROP include cryotherapy, indirect laser photocoagulation, and more 

recently injection of intravitreal anti-VEGF. Cryotherapy involves the treatment of avascular 

retina with a cryoprobe subsequently reducing unfavourable outcomes such as retinal folds or 

retinal detachments [18]. Indirect laser photocoagulation uses an infra-red diode laser to 

ablate the areas of avascular retina, reducing the stimulus for new vessel formation resulting 

in reduced disease progression. The procedure is usually performed under general anaesthetic 

and can often be labour intensive. The use of intravitreal anti-VEGF agents, specifically 

Bevacizumab, have been increasingly used off label as an alternative therapy [19, 20]. The 

prospective randomised control trial Bevacizumab Eliminates the Angiogenic Threat for 

Retinopathy of Prematurity (BEAT-ROP) [20] compared intravitreal Bevacizumab to 

conventional laser therapy. They were able to show superior efficacy of intravitreal 

Bevacizumab for stage 3+ ROP in zone I compared to laser photocoagulation. Additionally, 

intravitreal Bevacizumab showed significantly lower rates of recurrence of zone I and 

posterior zone II ROP with continued vessel growth into the peripheral retina, unlike laser 

photocoagulation [20].  

 

Although the International Classification of Retinopathy of Prematurity [9] provides a 

detailed classification system for ROP, it does not recommend treatment thresholds for ROP. 

The cryotherapy of retinopathy of prematurity (CRYO-ROP) study [17] was a multicentre 

randomised control trial which defined treatment ‘threshold disease’ as stage 3 ROP in zone I 

or II in five contiguous or eight non-contiguous clock hours, with plus disease. CRYO-ROP 

showed that ablation of the avascular retina with transscleral cryotherapy was able to reduce 

the unfavourable structural and visual outcomes of those infants with threshold disease. This 

threshold was previously used as the ‘cut off’ for treatment, however cryotherapy often 

produces significant periocular inflammation, apnoea, bradycardia, and requires infants to 

undergo general anaesthesia for the procedure [21]. Since the development of indirect laser 

photocoagulation, studies have shown that laser coagulation is as effective and may be 

associated with reduced risk of unfavourable outcomes compared to cryotherapy [21, 22]. 

Laser photocoagulation has since replaced cryotherapy as the preferred treatment for ROP. 

 

The early treatment for retinopathy of prematurity (ETROP) study subsequently redefined 

these guidelines, showing efficacy for earlier treatment with laser photocoagulation [16]. The 

study defined treatment requiring ROP as ‘type 1’ and observational as ‘type 2’ ROP. Type 1 

ROP represents those in a high-risk, pre-threshold disease group, and should be treated within 
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48-72hours of identification [16]. Type 2 ROP, a mild pre-threshold disease group, requires 

close observation and follow-up for monitoring of progression. Type 1 and Type 2 ROP are 

defined as: 

• Type 1 ROP:  

a. Any stage of ROP in zone I with plus disease 

b. Stage 3 in zone I without plus disease 

c. Stages 2 or 3 in zone II with plus disease  

• Type 2 ROP: 

a. Stages 1 or 2 in zone I without plus disease 

b. Stage 3 in zone II without plus disease  

ETROP also recommended two weekly follow-up for cases with stage 1 or 2 in zone II, and 

three weekly follow-up for stages 1 or 2 in zone III [16]. It is evident from the ETROP 

classification that the presence of plus disease uniquely distinguishes the treatment group 

from the observation group. The importance of this must be reiterated, as severe ROP 

resulting in treatment rarely occurs in isolation of the vascular abnormalities seen in pre-plus 

and plus disease [16], making detection of these disease features vital for the treatment of 

ROP.  

 

DIAGNOSIS AND SCREENING 

Screening Guidelines 

Screening is a cornerstone of ROP management. ROP presents in an easily identifiable at-risk 

population, has a distinct and detectable early disease stage, known natural history, effective 

treatment if implemented early, and severe visual consequences if diagnosis is missed. There 

are two main purposes for ROP screening, to identify at risk infants so they may be closely 

monitored, and to detect infants with severe disease requiring treatment. ROP screening 

guidelines have high variability across international regions due to the differences in patient 

demographics and neonatal care standards. [18] The joint statement from the American 

Academy of Ophthalmology (AAO) and American Academy of Pediatrics (AAP) 

recommends screening for all infants <1500 grams (g) or birth weight <30 weeks gestational 

age (GA). [23]  
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New Zealand have implemented national guidelines where infants born <1250g or <31 weeks 

GA undergo ROP screening.[2] This is more restrictive compared to the United States and 

represents one of the least conservative guidelines used worldwide. Despite this, a 

retrospective review of ROP screening in the country over 22 years revealed sufficient 

efficacy to capture all at-risk infants of developing sight-threatening ROP with this criteria. 

[24] In contrast, larger and more mature newborns are developing ROP in middle and low 

income countries. [25] The mean birth weight of premature infants across eight middle-

income countries was >1000g compared to a mean of <800g across the UK, US, and Canada. 

There was a similar difference in GA, with a range from >26-35 weeks in middle-income 

countries compared to <26 weeks in first world countries. [26] This is likely due to the large 

variations in technology and capacity of health resources, resulting in limited care of 

premature newborns as the survival of smaller and less mature infants increase. [26] These 

regional variations in neonatal care need to be considered when assigning a screening 

criterion appropriate to the population. This can be seen in the national guidelines for India, 

where infants born <34 weeks GA and <1750g birth weight are recommended for screening. 

[27] 

 

No national guideline currently exists for Australia. Original guidelines proposed by the 

National Health and Medical Research Council in 1996 recommended screening at <32 

weeks or <1500g, which has since been rescinded. [28] Subsequently, the screening criteria 

varies across both states and individual neonatal units. Queensland has recently released a 

consensus statement changing their practice from screening <32weeks or <1500g to <31 

weeks or <1250g. [29] This criteria is also used by the department of health in Western 

Australia. [30] New South Wales have adopted a criteria of <30 weeks GA or <1250g, [31] 

whereas there is no consensus guideline for Victoria. While there are emerging regional 

guidelines in Australia, a national consensus remains lacking and may be required for 

streamlined early diagnosis and treatment.  

 

Challenges in diagnosis 

Subjectivity of Diagnosis 

The ICROP guidelines [9] outlined in chapter 1 provides an international standard for 

classifying ROP severity. These guidelines require that at least three components are 

described: the extent of retinal vascularization, extent of abnormality at junction between 
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vascularized and avascular retina, and presence of pre-plus or plus disease.[9] Despite this 

classification system there is still significant inter-clinician variability in ROP 

classification.[32] ROP diagnosis is subjective and qualitative based on retinal vessel 

appearance.[33] Gschließer et al.[32] produced variable levels of both inter- and intra-expert 

agreement on plus disease diagnosis. Inter-expert agreement, between different ROP experts, 

was demonstrated as fair (kappa 0.21 – 0.40) for the diagnostic staging of ROP as well as 

treatment necessity. Average intra-expert agreement between the same experts on two 

different days was moderate (kappa 0.41-0.6) for the diagnosis of ROP stage and treatment 

necessity. These results, however, demonstrate that fully reproducible results cannot be 

produced even from the same examiner, highlighting the subjectivity in interpreting 

morphological features rather than quantifiable measures. Campbell et al.[33] suggested that 

diagnostic variability may be due to individual ophthalmologists evaluating particular retinal 

features differently. In addition, ophthalmologists are classifying pre-plus and plus disease at 

earlier stages of severity than nine years prior.[34] Moreover, statistically significant 

geographic variation in plus disease diagnosis has also been reported,[35] further 

emphasizing the subjectivity of ROP grading.[36]  

 

Time Intensive 

Extensive time and training is required for ophthalmologists to perform ROP screening. The 

skill of binocular indirect ophthalmoscopy is labour intensive.[37] Even with the adoption of 

wide field digital retinal imaging (WFDRI), ophthalmologists are still required to accurately 

and expertly evaluate the images captured, in some cases via telemedicine. The results of 

these screening examinations are critical for determining further management of patients. 

ROP treatment is time dependent, with a higher risk of blindness if the potential treatment 

window is missed. [37] Additionally, neonates require repeated exams to avoid missing 

treatable disease, all of which take up extensive time both for the screening ophthalmologist 

and the neonatal team. 

 

Demand for Ophthalmologists 
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There is an increasing demand for ROP screening as the rates of premature births and 

survival rates of extremely premature and low birth weight infants rise. Most recent data from 

2017 demonstrates 8.7% of all newborns were born premature compared to 8.4% in 2010, 

accounting to a rise of approximately 920 extra premature babies born per year. 

Approximately 1% of all newborns were born less than 1500g, accounting to about 2996 

infants in 2017.[38] There remains limited access to skilled specialists capable of ROP 

screening and interpretation to keep up with this demand.[39] The most recent Australian 

government ophthalmology workforce report [40] demonstrates a total of 896 

Ophthalmologists working throughout Australia. 15% of those ophthalmologists work in the 

public sector equating to only 134 ophthalmologists available publicly. The number of 

paediatric ophthalmologists in Australia is less than 60 in total and those engaged in ROP 

screening is well below 20.[40] Additionally, regional and rural shortages have been reported 

to be a problem worldwide.[37] Within the ophthalmology workforce in Australia, only 16% 

of the 896 ophthalmologists work outside of a metropolitan city, highlighting a further need 

for access to those in rural and remote regions.[41]  

 

Economic Cost 

Yu et al. [42] evaluated the cost of ROP screening for infants born at rural and regional 

hospitals in Queensland. They were able to determine that the average cost per infant 

transported to the Royal Brisbane and Women’s Hospital was $5110, with transport costs 

making up a total of 71.6%. [42] The 131 infants studied cost the Queensland health care 

system a total of $669,413 over a two-year period. [42] This substantial cost is expected to 

rise with increased numbers of premature infants being discharged to, and cared at, neonatal 

intensive care units closer to home where ROP screening services are not readily available. 

Similar cost burdens have been reported elsewhere around the world with estimates of $5078 
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- $5430 per infant per exam in Ontario, Canada. [43] Additionally, cost-benefit analyses 

conducted in Mexico and the United States have calculated cost savings of $5556 and $3628 

US dollars per child respectively if an ideal ROP screening program is implemented. [44] 

Further to the potential for significant cost savings, there remains an ongoing need to search 

for alternative models of ROP screening in rural and regional areas.  

 

Medico-legal Risk 

Medico-legal risks of ROP screening present a real problem as a child losing their site due to 

missed or late screening could lead to the ophthalmologist suffering legal consequences.[45] 

The American Academy of Ophthalmology’s 2006 survey show a decrease in the number of 

ophthalmologists willing to manage ROP due to concerns regarding legal liabilities 

associated with missed examinations or misdiagnoses.[46] 

 

Benefits of timely screening 

ROP is more prevalent in infants born at extremely low birth weights or low gestational 

age.[2] More specifically, infants born <30weeks gestational age or with a birth weight 

<1250g has been adopted as the criteria for ROP screening in Queensland.[2] Repeated 

screening is often required to track disease progression as blindness may be prevented if 

features of treatment requiring ROP (Type 1 ROP) are detected early on. For this reason, 

early screening and detection of ROP is crucial to improve visual outcomes of neonates by 

allowing timely treatment. Several trials have identified the presence of plus disease to be the 

most crucial factor in diagnosing severe, treatment requiring disease. [16, 17] As a result, the 

presence of ROP plus disease, defined by retinal arterial tortuosity and venous dilatation in 

the posterior retina, remains a reliable indicator for ROP severity.  

 

Present screening tools 

Screening for ROP has traditionally been performed by specialist ROP ophthalmologists with 

binocular indirect ophthalmoscope bedside examination. However, with the introduction of 
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wide-field digital retinal imaging (WFDRI) systems, such as the commercially available 

RetCam, many centres have moved to image-based ROP screening [2, 37, 47]. With a 

reported sensitivity of 100% and specificity of 97.9%, [37] digital imaging proves to be a 

promising technique in facilitating a new ROP screening paradigm. The benefit of RetCam is 

that non-physician health professionals, who are not specialist ophthalmologists, can be 

trained to use WFDRI for retinal imaging without the need for an ROP specialist 

ophthalmologist being present at the bedside. However, it is important to note that a 

ROP specialist ophthalmologist is still required to view and interpret the images captured by 

WFDRI for ROP diagnosis. The photographic documentation of ROP using RetCam WFDRI  

enables a telemedicine approach to ROP screening possible. The use of WFDRI for 

telemedicine has been reported to be an accurate, reliable, and efficient alternative to indirect 

ophthalmoscopy in detecting treatment requiring ROP. [37] A review by Fierson and Capone 

highlighted studies comparing image findings coupled with telemedicine to bedside exams. 

[48] It was concluded that digital imaging systems and telemedicine are a beneficial adjunct 

but not an efficient replacement to on-site ophthalmologist examination. [49] A universal 

consensus for the standard of care for ROP screening is yet to be determined with the 

availability of the latest technology. There is, however, an increasing body of evidence to 

support telemedicine WFDRI for ROP screening as an alternate, improved, screening 

modality. [50, 51] 

 

ARTIFICIAL INTELLIGENCE 

Introduction to artificial intelligence  

The concept of artificial intelligence dates back to the 1950s, when Alan Turing first 

discussed how to build and test intelligent machines in the paper “Computing Machinery and 

Intelligence”. [52] However it wasn’t until 1956 at the seminal conference Dartmouth 

Summer Research Project on Artificial Intelligence did the host, John McCarthy, officially 

coin the term ‘artificial intelligence’. This conference introduced a computer program 

designed to mimic the problem solving skills of a human, catalysing the next twenty years of 

AI research. [53] Since then, computer fundamentals such as storage and processing are no 

longer limiting the abilities of AI. This is exemplified in its vast application in speech 

recognition, photo captioning, language translation, robotics, and even self-driving cars. [54-
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56] Its advancements have begun to influence the health care industry and is currently at the 

forefront of research in medical diagnostics. Most prominently, AI has made an impact in 

radiology where some of the largest medical AI datasets exist. [57, 58] Additionally, AI 

models such as ResNet have been found to produce a sensitivity and specificity of 98.1% and 

72.9% in detecting wrist fractures from X-rays. [59] It is evident that AI is easily applied to 

visually orientated specialties such as radiology, and ophthalmology is no exception.  

 

In order to understand the practical capabilities of AI in the medical world, it is important to 

first understand the basics of this transformative technology. AI in itself encompasses an 

enormous field and is the general term for any form of technology which has problem-

solving or decision-making capabilities. One of the many subtypes of AI is machine learning, 

where a computer algorithm is developed without the explicit encoding of decision-making 

rules so that learning occurs automatically. A subset of machine learning is deep learning, 

which can be further divided into supervised learning, where an algorithm is provided with 

annotated data (termed ‘ground truth’) to learn from; or unsupervised learning, where the 

system must classify unlabelled data on its own.  

 

Deep learning is an advanced form of AI which self-learns from large training sets to 

program itself to perform certain tasks. It relies on multiple processing layers termed ‘neural 

networks’ to apply numerous levels of abstraction to input data. [60] A 2D image, for 

example, comes in the form of an array of pixels where the first layer of representation learns 

to recognise the presence or absence of edges at certain orientations or locations on the 

image. The second layer typically detects particular arrangements of edges. The third layer 

may then assemble these edge patterns into larger combinations that correspond to parts of 

familiar objects. The subsequent layers would then go on to detect objects as a combination 

of all these parts. This essentially forms one ‘feature map’ corresponding to the output of one 

particular feature of an image. Convolutional neural networks (CNNs) represent the ability to 

process multiple feature maps, forming an architecture of outputs for each learned feature. 

Together, these CNNs are able to analyse multiple features of a single image and formulate a 

particular pattern of recognition.  

 

In practice, a pre-labelled image such as a normal retinal image is fed into a deep learning 

algorithm. The algorithm then uses CNNs to process the image to find features from that 

image representing a clinical diagnosis. As more normal labelled images are processed by the 
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algorithm, it is able to measure the error between the output score (the algorithm diagnosis) 

and the desired pattern of scores (the image diagnosis). The machine then modifies its 

internal adjustable parameters to reduce this error. [60] A typical deep learning system will 

have hundreds of millions of adjustable parameters. Therefore, the more images you have to 

train the machine, the smaller the error of its diagnostic output. After training, the 

performance of the system should be measured on a different set of examples called a test set. 

This test set measures the program’s ability to generalize its performance on new inputs it has 

never seen before during training. The scalability and ability of CNNs to extract its own 

relevant features from data is what makes deep learning so powerful, hence allowing the 

potential to classify and identify disease.  

 

Artificial intelligence in ophthalmology  

Deep learning technology has been used with success in other fields of ophthalmology, 

particularly in diabetic retinopathy. Ramachandran et al. [61] showed that a deep learning 

algorithm trained against 1685 retinal photos was able to detect referable diabetic retinopathy 

with sensitivities and specificities close to 80%. These results are comparable to many other 

groups who have used artificial intelligence to detect referrable diabetic retinopathy including 

Gulshan et al.,[62] whose deep learning algorithm produced 87-90% sensitivity and 98% 

specificity. Ting et al [63] achieved clinically acceptable diabetic retinopathy diagnostic 

ability in an AI system which was externally tested in 11 multi-ethnic cohorts. Training from 

a dataset of 494,661 retinal images, Ting et al. were also able to produce high accuracy in 

diagnosing age-related macular degeneration and glaucoma. [63] Further, Zhang et al. [64] 

conducted a prospective multicentre screening for diabetic retinopathy using an AI algorithm. 

The study involved 155 centres across China and enrolled 47,269 patients for the algorithm 

validation, which revealed a sensitivity of 83.3% and specificity of 92.5% in detecting 

referable diabetic retinopathy.  

Following the great promise AI showed in classifying two-dimensional photographs, De 

Fauw et al. [65] applied deep learning technology to optical coherence tomography (OCT). 

OCT is a three-dimensional volumetric imaging technique used commonly in ophthalmology 

assessments. De Fauw et al. were able to develop an AI model that automatically segmented 

tissue layers, producing referral recommendations that reached or exceeded human experts 

upon grading sight-threatening retinal diseases. [65] The performance of these deep learning 

algorithms are extremely promising, however ‘real-world’ validation is essential to test the 
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performance of these algorithms in clinical scenarios. Again, screening for diabetic 

retinopathy remains the forefront of AI in ophthalmology with multiple studies having 

completed prospective evaluations. One such study by He et al. [66] applied a deep learning 

algorithm to 889 patients screened in a Chinese community hospital clinic. The detection 

rates of diabetic retinopathy were similar between those of the ophthalmologists (16.1%) and 

the AI algorithm (16.3%), with 11.4% of patients diagnosed with referrable diabetic 

retinopathy by ophthalmologists and 11.6% by AI. They were able to produce a sensitivity of 

91.18%, specificity of 98.79%, and area under the curve of 0.95 for detecting referrable 

diabetic retinopathy. Similar results were also published by Ming et al., [67] who produced a 

sensitivity of 84.6%, specificity of 98%, and area under the curve of 0.913 for referrable 

diabetic retinopathy in a separate centre in China. These promising findings from the 

prospective validation of such deep learning algorithms paves the way for AI to be 

implemented into clinical practice.  

Similar can be said for ROP, whose well established screening guidelines makes it perfect for 

the incorporation of AI algorithms for detection and escalation to treatment. Recently, Brown 

et al. [68] trained a deep learning algorithm to detect plus disease using a dataset of 5511 

retinal images from America. They were able to produce a sensitivity of 93% and specificity 

of 94% in detecting severe ROP against an independent test of 100 retinal images. This was 

based on a single reference standard diagnosis based off 3 independent graders, two of which 

were ophthalmologists. Although the results from this study are promising, the automated 

nature of a deep learning algorithm means that results can only be as good as its training data. 

In a disease whose diagnosis is as subjective as ROP, a single reference standard based off 

only two ophthalmologists does not prove to negate the subjective nature of determining plus 

disease. Wang et al. [69] developed an automated deep learning system from over 20,795 

images collected from a single centre in Chengdu, China. They were able to develop two 

deep learning systems from this data set, the first being an algorithm for ROP identification 

(normal or ROP), the second a deep learning algorithm for ROP grading (minor or severe). 

ROP identification achieved a 96.62% sensitivity and 99.32% specificity, and ROP grading 

achieved high sensitivities and specificities retrospectively (88.46% and 92.31% 

respectively), however this was not correlated prospectively with sensitivities of 84.91% and 

specificities of 96.9%. This result may have occurred due to the potential overlapping 

features between their classifications of “minor ROP” and “severe ROP”, resulting in an 

algorithm with poorly defined cut-off points for either diagnosis. Other limitations from this 

study include the lack of defined inclusion or exclusion criteria for the images used to 
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develop their algorithms, as-well as the absence of any clear screening criteria for newborns 

undergoing retinal imaging. In addition, the ability to solely identify the presence of ROP is 

unlikely to be clinically applicable as this does not guide users to a treatment threshold. 

Given the critical importance of early diagnosis and treatment to prevent blindness in severe 

ROP, [16] a clear decision threshold such as the presence of plus disease provides a vital cut-

off point to determine when a referral for specialist treatment is required. Lastly, despite 

having a large number of retinal images for algorithm training, Wang et al. have only used 

images collected from a single centre. Given the known geographic variability in this disease, 

[18] the likelihood of Wang et al.’s algorithm to be applicable outside of this dataset would 

be unknown. These two studies mentioned above represent only a subset of many groups who 

have begun investigating the potential diagnostic power of AI in ROP. Despite the promising 

results, further evaluation and consideration is required before implementation into routine 

clinical practise can occur. For this reason, a systematic review analysing AI algorithms in 

ROP detection was completed.  

 

THESIS OUTLINE AND AIMS  

Statement of the Problem 

ROP remains the leading cause of preventable childhood blindness worldwide, with an 

estimated 50,000 children who are blind from ROP. [1, 3] The devastating consequences of 

untreated ROP has been proven preventable through early disease detection and treatment. 

[16] Multiple control trials have improved the standard of care of ROP diagnosis and 

treatment and established guidelines exist to guide expert ophthalmologists in the 

management of ROP. [9, 16, 20-22, 70] The problem, however, arises from challenges in 

ROP screening and diagnosis itself as there is a need for highly subspecialized expert 

ophthalmologists to undertake screening, diagnosis, and treatment. This proves to be 

extremely time consuming, with repeated exams required for each premature infant. Limited 

access to these expert ophthalmologists exacerbates the issue of ROP screening provision, 

especially in rural and regional areas. [24, 42] Additionally, ROP diagnosis remains highly 

subjective as grading is based on the appearance of certain retinal features. Despite an 

international standard for classifying ROP severity, [9] significant inter- and intra-clinician 

variability remains. [32] As the rates of preterm birth and preterm birth survival increases, the 

burden of ROP screening and diagnosis is subsequently expected to rise. Current screening 
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processes may be inadequate in meeting increasing demands and this calls for a novel 

strategy to overcome these challenges. 

Significance of the Problem 

The rising disease burden of ROP may be prevented with a paradigm shift in ROP screening 

and diagnosis. Lacking in current screening processes is an accessible, objective, accurate 

tool to assist clinicians with ROP diagnosis. The development of a fully automated screening 

system to diagnose ROP disease from captured retinal images could revolutionize ROP 

screening and may provide a solution to present and future challenges. An automated tool of 

this magnitude, however, must be well designed with robust results and requires vigorous 

real-world clinical testing before it can be implemented as a screening tool. To the best of our 

knowledge, a tool like this has not yet been implemented into clinical practice for the 

diagnosis of ROP. This thesis will provide the foundation for determining the requirements in 

the design, development, validation, and implementation of an AI deep learning tool, 

ROP.AI. The incorporation of ROP.AI into telemedicine structures may provide point-of-care 

testing at the bedside and could be implemented as an adjunct to current screening regimes, 

potentially improving the visual outcomes of premature infants undergoing ROP screening.  

Thesis Aims  

(i) To systematically review the evidence for the performance of AI algorithms in the 

diagnosis and grading of ROP compared to human expert ophthalmologists. To 

determine, from the systematic review, the important components of an AI screening 

program including the methodology of developing an algorithm, algorithm training 

requirements, performance grading of the AI algorithm and methods for validation. 

(Chapter 2) 

 

(ii) To retrospectively collect a database of RetCam (Natus Medical Incorporated) 

retinal images captured during routine ROP screening from five expert 

ophthalmologists across five different centres in Australia. In doing so, to develop 

an efficient, user friendly system for clinicians to upload retinal images into a 

secure, private database for the collection of the corresponding clinical diagnoses. 

(Chapter 3) 
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(iii) To validate the deep learning algorithm ROP.AI, trained previously on images 

collected from a single clinician in New Zealand, on new retinal images collected 

from across five centres in Australia. To determine the level of generalizability in 

the existing ROP.AI algorithm through statistical methods and comparing the level 

of agreement between ROP.AI diagnosis and that of expert ophthalmologists. 

(Chapter 4) 

 

(iv) To discuss prospective research goals for further training and refinement of the 

existing ROP.AI algorithm, and to explore future directions for AI in ROP screening 

and diagnosis. (Chapter 5) 
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Abstract 

Background: Artificial intelligence (AI) offers considerable promise for retinopathy of 

prematurity (ROP) screening and diagnosis. The development of deep learning algorithms to 

detect presence of disease may contribute to sufficient screening, early detection and timely 

treatment for this preventable blinding disease.  

Objective: This review aimed to systematically examine the literature in AI algorithms in 

detecting ROP. Specifically, we focused on the performance of deep learning algorithms 

through sensitivity, specificity, and area under the receiver operating curve (AUROC) for 

both the detection and grade of ROP.  

Methods: We searched Medline OVID, PubMed, Web of Science, and Embase for studies 

published from Jan 1, 2012, to Sep 20, 2021. Studies evaluating the diagnostic performance 

of deep learning models based on retinal fundus images with expert ophthalmologists' 

judgement as reference standard were included. Studies which did not investigate the 

presence or absence of disease were excluded. Risk of bias was assessed using the 

QUADAS-2 tool. 

Results: Twelve studies out of the 175 studies identified were included. Five studies 

measured the performance of detecting the presence of ROP, and seven studies determined 

the presence of plus disease. The average AUROC out of 11 studies was 0.98. The average 

sensitivity and specificity for detecting ROP was 95.72% and 98.15% respectively, and for 

detecting plus disease was 91.13% and 95.92% respectively.  

Conclusions: The diagnostic performance of deep learning algorithms in published studies 

were high. Few studies presented externally validated results or compared performance to 

expert human graders. Large scale prospective validation alongside robust study design could 

improve future studies.  

 

Keywords: 
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Introduction  

The concept of artificial intelligence dates back to the 1950s, when Alan Turing first 

discussed how to build and test intelligent machines in the paper “Computing Machinery and 

Intelligence”. [52] It wasn’t until 1956, however, at the seminal conference Dartmouth 

Summer Research Project on Artificial Intelligence, did John McCarthy officially coin the 

term ‘artificial intelligence’ (AI). This conference introduced a computer program designed 

to mimic the problem solving skills of a human, catalysing the next twenty years of AI 

research. [53] Today, AI is incorporated into many applications for day to day life, including 

speech recognition, photo captioning, language translation, robotics, and even self-driving 

cars. [54-56] These applications are made possible through the use of deep learning, an 

advanced form of AI which self-learns from large training sets to program itself to perform 

certain tasks. [60] Application of AI has gained popularity in the medical diagnostic field, 

and promising outcomes have resulted from deep learning screening algorithms in 

Ophthalmology.  

 

There has been particular success in AI screening for diabetic retinopathy, with several 

groups reporting deep learning algorithms detecting diabetic retinopathy at sensitivities and 

specificities of 83-90% and 92-98% respectively [62] [64]. Moreover, the successful 

validation of these algorithms has seen progression to 'real-world' implementation of 

screening programs through prospective evaluation. One such study produced a sensitivity of 

83.3% and specificity of 92.5% in detecting referable diabetic retinopathy in a prospective 

evaluation. [64] Similar promising results are being reported by many other groups utilising 

deep learning for the diagnosis of other ophthalmic conditions including diabetic macula 

oedema [65], age-related macular degeneration, [71] glaucoma, [72] and retinopathy of 

prematurity (ROP). [68, 73]  

 

ROP is a retinal vascular proliferative disease affecting premature infants whose diagnosis is 

dependent on timely screening. Globally, it is estimated that at least 50,000 children are blind 

from ROP [1] and it remains the leading cause of preventable childhood blindness. [3] 

Advances in retinal imaging means disease is now easily identifiable by retinal photographs, 

making it a perfect candidate for deep learning. As survival rates of premature infants 

continue to increase with medical advances,[74] the demand for ROP screening is rapidly 

exceeding the capacity of available specialist ophthalmologists. For this reason, reports of 

deep learning models matching or exceeding human experts in ROP diagnostic performance 
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has generated considerable interest. It remains fundamental, however, that this enthusiasm 

does not overrule the need for critical appraisal as a missed diagnosis of ROP can result in 

significant sequelae such as blindness. Therefore, any deep learning screening algorithm will 

need to show high diagnostic performance, high sensitivity, be generalisable, and be 

applicable to the real-world setting.  In anticipation of deep learning diagnostic tools 

becoming implemented into clinical practice, it is judicious to systematically review the body 

of evidence supporting AI screening for ROP. This systematic review aims to critically 

appraise the current state of diagnostic performance of deep learning algorithms for ROP 

screening, with particular consideration for study design, algorithm development, type of 

validation, performance compared to clinicians, and diagnostic accuracy.  

 

Methods 

Search strategy and selection criteria  

Studies that developed or validated a deep learning model for the diagnosis of ROP and 

compared accuracy of algorithm diagnoses to ROP experts were included in this systematic 

review. We searched MEDLINE-Ovid, Pubmed, Web of Science, and Embase for studies 

published from Jan 1, 2012, to Sep 20, 2021. The full search strategy for each database is 

available in appendix 1. The cut-off of Jan 1, 2012 was prespecified based on an important 

breakthrough made with the development of deep learning approaches in the model AlexNet 

[75]. The search was first performed on July 10, 2020, revised on May 23, 2021 and updated 

on Sep 20, 2021. Manual searches of bibliographies and citations from included studies were 

also completed to identify any additional articles potentially missed by searches.  

 

Eligibility assessment was conducted by two reviewers who independently screened titles and 

abstracts of search results. Only studies aiming to identify through AI algorithms the 

presence of the disease of interest, ROP, were included. We accepted standard-of-care 

diagnosis, expert opinion or consensus as adequate reference standards to classify the absence 

or presence of disease. We excluded studies that did not test for diagnostic performance or 

investigated accuracy of image segmentation rather than disease classification. Studies which 

assessed the ability to classify disease severity were accepted if they incorporated primary 

results of disease detection. Review articles, conference abstracts and studies that presented 

duplicate data were excluded. We assessed the risk of bias in patient selection, index test, 
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reference standard, and flow and timing of each study using QUADAS-2. [76] Full 

assessment of bias can be found in appendix 2.   

 

This systematic review was completed following the recommendations of the PRISMA [77] 

statement and the research question was formulated according to the CHARMS [78] checklist 

for systematic reviews of prediction models. Methods of analysis and inclusion criteria were 

specified in advance.  

 

Data Analysis 

Data was extracted independently by two reviewers (AB and SD) using a predefined data 

extraction sheet, followed by cross-checking. Any discrepancies were discussed with a third 

reviewer (CC). Demographics and sample size (gestational age, birth weight, number of 

participants, number of images), data characteristics (data source, inclusion and exclusion 

criteria, image augmentation), algorithm development (architecture, transfer learning, number 

of images for training and tuning), algorithm validation (reference standard, number of 

experts, same method for assessing reference standard, internal and external validation), and 

results (sensitivity, specificity, area under the receiver operating characteristic curve for 

algorithm, human graders, and external validation if applicable) were sought. Two papers 

produced different algorithms from different data sets or with different identification tasks 

and were therefore recorded as separate algorithms in the results section. [69, 79] Data from 

all 12 papers were included and any missing information was recorded. In the case where 

sensitivity and specificity were not explicitly recorded but could be calculated from a 

confusion matrix, the calculated results were included. 

 

Results 

Our search identified 175 records, of which 99 were screened (Figure 1). 30 full-text articles 

were assessed for eligibility and 12 studies were included in the systematic review. [68, 69, 

73, 79-88] 15 studies were excluded due to no test of diagnostic performance, [89-96] no 

classification task, [49, 97, 98] no internal validation, [80, 99] no AI algorithm, [100] and not 

based on standard clinical care. [101]  
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FIGURE 6: Outline Of Study Selection 

 

Data Characteristics and Demographics 

All twelve studies obtained retrospective images as part of routine clinical care or from local 

screening programs. Seven of these studies collected images from China, [69, 81-83, 85, 86, 

88] one from India, one from North America, [68] one from American and Mexican sites, 

[87] one from America and Nepal, [79] and one study included images from New Zealand. 

[73] Date range for image collection among all studies varied from July 2011 to June 2020. 

Three studies specified their inclusion criteria [82, 83, 88] and five other studies specified 
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their exclusion criteria. [68, 73, 79, 85, 86] Poor quality images were excluded in five studies 

[68, 73, 85, 86, 88] and image augmentation occurred in seven studies. [73, 79, 82, 84-87] 

These characteristics are summarised in Table 1.  Seven studies recorded demographic 

information, [79, 81-84, 86, 88] of which the mean gestational age (GA) was 30.9 weeks and 

mean birth weight was 1501.25 grams. A total of 178,459 images were used across all 12 

studies ranging from 2668 to 52,249 images per study. Five studies formulated an algorithm 

to detect ROP [69, 79, 81, 82, 88] and seven studies created an algorithm to detect the 

presence of plus disease out of a total of 5358 plus disease images. [68, 73, 83-87] Full 

details of demographics and sample size can be found in Table 2.  

 

 











 35 

Algorithm Performance  

The performance of each algorithm is listed in Table 5. Five studies recorded the ability of 

their algorithm to detect the presence of ROP disease, of which the average area under the 

receiver operating characteristic (ROC) curve (AUROC) was 0.984. [69, 79, 81, 82, 88] 

Sensitivity and specificity were recorded in four of those studies and averaged 95.72% and 

98.15% respectively. [69, 81, 82, 88] One study compared human grader performance to the 

AI algorithm revealing similar sensitivities (94.1% AI, 93.5% human) and specificities 

(99.3% AI, 99.5% human) of ROP diagnostic performance. [88] Two of the five studies 

underwent external validation revealing an average sensitivity and specificity of 60% and 

88.3% respectively for detecting presence of disease. [69, 79] The seven other studies 

determined ability of their algorithm to detect the presence of plus disease. Among these, six 

studies measured AUROC, with which the average was 0.98. [68, 73, 83, 84, 86, 87] The 

average sensitivity and specificity for detecting plus disease recorded from six studies was 

91.13% and 95.92% respectively. [68, 73, 83-86] External validation occurred in two of these 

studies and produced an average sensitivity of 93.45% and specificity of 87.35%. [68, 73] 

Performance of AI algorithm at detecting pre-plus disease was measured in two articles 

producing an average sensitivity of 96.2% and specificity of 95.7%. [68, 83] This is 

compared to four studies who measured performance of determining the stage of ROP 

disease, showing an average sensitivity and specificity of 89.07% and 94.63% respectively. 

[69, 82, 85, 86] 
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Discussion 

We found that deep learning algorithms for ROP screening demonstrated sensitivity and 

specificity metrics that were comparable to neural network algorithms in diabetic retinopathy. 

[102] Although this estimate supports application potential for deep learning algorithms to be 

implemented as a real-world diagnostic tool there are several methodological deficiencies 

that were common across included studies which need to be considered. These include the 

quality of reference standard, use of sample size calculations, external validation, definition 

of presence or absence of disease, and the need for prospective evaluation.   

 

Firstly, we found variability in specific algorithm diagnostic targets with the 12 papers split 

between diagnosing the presence of ROP as a whole versus the presence of plus disease. It is 

important to differentiate these diagnostic targets as the clinical implication of the findings 

will differ. Additionally, most studies utilised a reference standard graded by on average 2-3 

experts with only one study producing a reference standard diagnosed by 5 clinicians per 

image. [88] It is well reported that there is a significant amount of intergrader variability in 

ROP diagnosis due to its subjective nature, [32, 33] therefore caution needs to be taken in 

recognising the potential for grader bias in studies utilising only a few expert graders.  

 

Secondly, there was a large variety in the number of images used to train each algorithm, 

ranging from 289 [84] to 39,029 images. [86] Convolutional neural networks learn by 

computing the error between the machine’s output and the image diagnosis; hence the more 

images used to train a machine the smaller the error of its diagnostic output. [60] For this 

reason the studies that had sample sizes in the ten-thousands were likely to have more reliable 

results than those that were trained off hundreds or thousands of images. Nonetheless, no 

studies reported formal sample size calculations to ensure sufficient sizing of studies. Despite 

the challenge of sample size calculations in the context of AI algorithms it remains a 

principal component of any study design and only one paper reported sample size as a 

limitation in their study. [82] Future studies should consider formulating sample size 

calculations in order to justify the number of images required for algorithm design.  

 

Thirdly, exclusion of poor-quality images or image augmentation may impact the 

performance of these deep learning algorithms in the real-world clinical setting. This is a 

factor which may limit the diagnostic performance of an algorithm as high quality images 
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correlates to high quality diagnoses and smaller algorithm errors. [60]  For this reason it is 

understandable that most papers will exclude poor quality images, however it is important to 

keep this within reason. Quality of images used to train an algorithm should correspond to the 

quality of images taken in the clinical setting so that algorithm performance may equate to its 

real-life performance. It is also for this reason that external validation of an algorithm using 

an image set outside of the training image set is crucial to determine the generalisability of a 

study. Only five of the twelve studies completed external validation of which all but one 

study, showing equivalent performance, revealed inferior algorithm performance compared to 

their test set. This finding highlights the need for an out-of-sample external validation in 

these screening algorithms to better understand how the algorithm will perform in the clinical 

setting.  

 

Fourth, the ground truth or reference standard labels were mostly derived from data collected 

for other purposes such as a database of ROP images or retrospective routine clinical care 

notes. Although there exists an internationally accepted guideline for defining presence and 

stage of ROP, the International Classification of Retinopathy of Prematurity revisited 

(ICROP) [70] (more recently updated in a 2021 version [9]), only five studies specifically 

mentioned the ICROP in their methods for defining the reference standard. As ICROP acts as 

the universally adopted diagnostic criteria for grading ROP it is safe to assume that the other 

seven studies also used these guidelines, however the criteria for the presence or absence of 

disease should always be clearly defined in AI studies.  

 

Finally, only one study completed prospective evaluation of their algorithm, a process that is 

vital to assess the performance on real-world implications. The majority of studies assessed 

deep learning diagnostic accuracy in isolation, without external validation as mentioned 

earlier or comparison to experts. Only three studies provided a comparison of AI 

performance with human performance, allowing for evaluation of real-world application. 

Without comparison of AI to human performance, the results from the other seven studies are 

limited in their ability to be extrapolated into health-care delivery. In order for a deep 

learning diagnostic tool to be applicable in clinical bedside screening it must perform better 

or comparable to the gold standard, in this case expert diagnosis. More work is required to 

validate the performance of AI algorithms in comparison to human graders, ideally using the 

same external test dataset.  
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It is clear from this systematic review that there still lacks a well-designed randomised head-

to-head comparison of an effectively externally validated AI algorithm to human 

performance in real-time. A study of this magnitude could reveal the possible clinical 

implications for implementing an algorithm in the clinical setting. For this reason, 

prospective evaluations of these deep learning diagnostic tests are crucial in order to unveil 

the bounding potential of AI in both diagnostic and therapeutic medicine.  We recognize that 

there is a large ‘black box’ issue in deep learning, where image features learned by an 

algorithm is unknown to the user. [60] It is for this reason that many clinicians are sceptical 

to entrust clinical care to AI, especially when the clinical features clinicians are familiar with 

may not be the same features used by an algorithm. This further emphasises the need for well 

executed studies that minimise bias and are thoroughly and transparently reported. Most of 

the concerns we have highlighted in this review are avoidable with robust design and it 

remains critical that these AI diagnostic tests are evaluated in the context of its intended 

clinical pathway.  

 

Conclusion 

AI has been heralded as a revolutionary technology for many industries, and certainly deep 

learning algorithms for diagnosis of ROP is no exception. Despite the issues we have 

highlighted in this systematic review, the performance of the twelve deep learning algorithms 

evaluated have been extremely high, with all studies delivering a recordable AUROC above 

or equivalent to 0.94. These results outline the ability for AI algorithms to perform 

comparable to or exceeding human experts, and provides the groundwork for future large-

scale prospective studies. Although there are clear screening and treatment guidelines, ROP 

disease burden continues to rise as increased survival of preterm infants coincides with 

advancements in medical care. [3] The inadequate accessibility and number of experienced 

ophthalmologists continues to limit ROP screening and diagnosis. Consequently, the burden 

of ROP visual impairment is expected to increase unless a novel strategy such as deep 

learning diagnostic algorithms becomes available. There is no doubt that the successful 

application of AI in ROP will revolutionalize disease diagnosis through its high predictive 

performance and streamlined efficiency. The clinical implications of this successful 

implementation into real-world clinical practice is immeasurable, with translation into high 

accessibility, high quality, timely screening and the significant reduction in cost of screening. 

AI will therefore become ubiquitous and indispensable for ROP screening, and it is important 
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that high quality research continues to aid the translation of this transformative technology in 

order to reduce the incidence of visual loss and blindness from this preventable disease.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 41 

CHAPTER 3:  METHODOLOGY 

ETHICS AND GOVERNANCE 

 

Ethics approval was sought through the Children’s Health Queensland Hospital and Health 

Service Human Research Ethics committee before the commencement of our research. 

Approval was granted for the retrospective collection of retinal images from the following 

sites: Queensland Children’s Hospital, Royal Brisbane and Women’s Hospital, Gold Coast 

University Hospital, Royal Children’s Hospital Melbourne, Mater Misercordiae, Perth 

Children’s Hospital, and Westmead Children’s Hospital. Approval was also granted for the 

same sites for the prospective validation of ROP.AI through real-time data collection 

alongside routine clinical screening. HREC Reference Number: HREC/20/QCHQ/62358. 

See Appendix 3 for approval documents.  

Site specific agreements were submitted and approved for the Queensland Children’s 

Hospital, Royal Brisbane and Women’s Hospital, Gold Coast University Hospital, Mater 

Misercordiae, and the Royal Children’s Hospital Melbourne. The approval letters are present 

in Appendix 4. A public health act agreement was also sought and approved and all directors 

of each corresponding department at each of the listed hospitals approved the commencement 

of our project. Lastly, a research collaboration agreement was formulated between Children’s 

Health Queensland Hospital and Health Service and Griffith University.  

 

DEVELOPMENT OF RETINAL IMAGE DATABASE 

 

A secure software platform was required to upload de-identified RetCam images for the 

labelling of data. We utilised REDcap (https://www.project-redcap.org/), a private 

Queensland Health infrastructure capable of providing a storage database of images and data 

accessible only to those with a login and specific link. A survey was created on REDCap 

allowing for investigators to input de-identified clinical information to attach to the 

corresponding retinal images being uploaded. Figure 7 outlines the first page of the REDCap 

survey, where hospital site, patient initials, date of birth, gestational age, and birth weight 

were requested fields. A unique identifier for that patient was automatically created using a 
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combination of their location, initials, and date of birth so that clinical details were 

untraceable. This assured patient confidentiality and allowed retinal images to be de-

identified.  

 

FIGURE 7: First page of the REDcap survey requesting for the demographics of the patient whose RETcam 

images were uploaded.  

 

The second page of the REDcap survey, shown in Figure 8, requested collaborators to upload 

retinal images and their corresponding diagnoses per eye. This was formulated as ROP 

diagnoses can vary between two eyes of the same patient, and maintaining that differentiation 

was important. Date of ROP screen or RETCam image capture was also requested so that 

patients with repeated ROP screening sessions could have multiple entries under the same 

unique identifier. Stage, zone, and presence of plus or pre-plus disease was also a required 

field. Collaborators could then choose to upload all images for one eye in a single ZIP file or 
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individually (up to ten) in their original format (jpeg). At the bottom of the survey was a 

submit button which took the collaborator back to the first page so another patient’s data and 

images could be uploaded.  

 

The link for the REDCap survey was sent to all collaborators listed in the HREC approval 

whose hospital had a site specific approval. The author of this thesis uploaded the majority of 

images for the Queensland Children’s Hospital, Royal Brisbane and Women’s Hospital, and 

Mater Misericordiae. Only three of the collaborators (Amelia Bai, Shuan Dai, and Jacky 

Hung) had access to the images and data that was uploaded to REDCap through a secure 

login.  
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FIGURE 8: Second page of the redcap survey outlining the important clinical parameters that were collected 

as well as the image upload process. Collaborators had a choice of uploading all images for one eye in a zip 

file or individually. 



 45 

DATA PROCESSING THROUGH A DEEP LEARNING PLATFORM 

Extrapolation of data from REDCap 

All Retcam retinal images and their corresponding clinical diagnoses were downloaded from 

REDCap. Image files were downloaded with the same format of 

Record_ID_eye_originalfilename; where Record_ID represented the unique identifier for a 

specific patient, and _eye identified the right or left eye and _originalfilename was the 

original RETCam image file name that was uploaded. This filename convention allowed us 

to link the record_ID in REDCap to the specific assessment visit for each patient and the 

specific clinical diagnosis of each eye. Any images that were uploaded in a zip file were first 

downloaded as a whole, unzipped, and saved in the same format of 

Record_ID_eye_originalfilename. If any records had the same file name, we added a prefix 

so that every image had its own unique label which corresponded to the recorded diagnosis. 

File names and their clinical diagnoses (including stage, zone, and plus disease status) were 

then exported into an excel document.  

Image upload into Medicmind 

The encrypted AI software platform MedicMind (https://ai.medicmind.tech), which was used 

to train the previously established deep learning algorithm ROP.AI, was used for the web-

based evaluation of ROP.AI performance. MedicMind is a deep learning platform utilising 

tools from Google’s TensorFlow and Inception technology to develop AI algorithms. The 

ROP.AI algorithm accessible through MedicMind was available to a single collaborator, 

Jacky Hung. All retinal images collected from REDCap were uploaded in batches into 

MedicMind for the deep learning algorithm to evaluate. Figure 9 shows the upload process 

where images were dragged into the platform and an output between 0 and 1 was produced 

by the AI. This output represented ROP.AI’s diagnosis of the image with 0 representing a 

normal retina and 1 representing plus disease. Any value in between this continuous scale 

determined the probability of the image being normal or plus disease. Each image that was 

uploaded also produced a saliency map (Figure 10) outlining which features of the image 

ROP.AI identified as disease activity. In the example in Figure 10, the ROP.AI algorithm 

produced a probability of 1, indicating a diagnosis of plus disease.   
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FIGURE 9: Image upload page on the encrypted AI software platform Medicmin d. The scale on the left 

represents the diagnostic output each image produced aft er being analysed by the ROP.AI algorithm.  

 

 
FIGURE 10: Evaluation page of ROP.AI, showing an image uploaded on the right with the AI's calculated 

diagnosis. An output saliency map is also produced on the bottom left. 
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Introduction 

A crucial feature in recognising treatment-requiring ROP is the presence of plus disease, 

defined as dilation and tortuosity of retinal vessels in the posterior retina. [9] Landmark 

studies have established that severe ROP through the early detection of plus disease may be 

effectively treated with cryotherapy, laser photocoagulation, or intravitreal injections of anti-

vascular endothelial growth factor [16, 17, 20]. It is therefore essential that the screening and 

diagnosis of plus disease is conducted accurately and efficiently to provide timely treatment 

to prevent the severe sequelae of this treatable disease.  

 

Multiple challenges exist in the timely screening and diagnosis of ROP. Most notably, the 

diagnosis of plus disease is invariably a subjective diagnosis dependent on the clinician’s 

decision at the time of screening. Despite clear international guidelines for the classification 

of ROP, [9] significant intra- and inter-clinician variability remains. [32] Moreover, 

significant geographic variation in plus disease diagnosis has also been reported emphasizing 

the inconsistency in ROP diagnosis. [35] Secondly, ROP screening is labour intensive and 

requires extensive training and experience before an ophthalmologist can become proficient 

at screening. Infants undergoing ROP screening also require repeated examinations, often 

weekly, to avoid missing treatable disease, all of which amounts to a considerable time 

burden. Improvements in neonatal care contribute to a major challenge in timely screening as 

the rates of preterm birth survival increase. [3] Despite the implementation of wide-field 

digital retinal imaging systems, such as the commercially available RetCam, 
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ophthalmologists are still required to evaluate multiple images per eye per patient to 

determine an accurate diagnosis. As a result, the demand for ROP screening has risen to an 

extent where access to expert ophthalmologists capable of examination and diagnosis is 

limited. [39] Finally, the shortage of ophthalmologists in regional and rural centres means 

higher healthcare expenses to provide screening for infants from these areas. The high cost of 

transporting preterm infants to tertiary centres adds to the logistical difficulties of screening 

and contributes to the financial burden on health care centres and affected families. [42]  

 

These challenges have incentivised research into large-scale automated screening systems to 

provide quantitative and objective diagnoses for ROP. The use of artificial intelligence (AI) 

deep learning technologies has gained particular popularity due to its ability to self-learn 

from training image sets to perform certain tasks. [60] Through the use of convolutional 

neural networks, deep learning algorithms can process multiple features of images to create 

an architecture of feature maps that together formulate a particular pattern of recognition. As 

more labelled images are fed into the algorithm, the error between the algorithm diagnosis 

and the labelled image diagnosis is computed by the AI, and the algorithm is refined to 

minimise the error. Thus, the larger the number of images used to train the machine, the 

smaller the error of its diagnostic output. Since AI is self-taught, there lies a major ‘black-

box’ issue, where image features recognised by an algorithm is unknown to the user. [60] For 

this reason there is hesitancy among clinicians to entrust screening and diagnosis to an AI 

algorithm. Therefore, AI studies intended to be utilised for ROP screening must have robust 

study designs with large datasets to train algorithms. Additionally, external validation with an 

image set new to the training set is crucial to precisely validate the performance of an 

algorithm to determine the generalisability into clinical practice.  

 

Groups in the Unites States [68, 103] and China [82, 85] have developed automated artificial 

intelligence (AI) systems for the diagnosis of plus disease in ROP, however no systems have 

been developed using an Australian cohort. Additionally, limited studies have been externally 

validated against a geographically novel data set to ensure reproducible results in a separate 

population. The deep learning algorithm, ROP.AI, developed from retinal images collected 

from New Zealand, has been able to achieve very high sensitivity, specificity and accuracy in 

detecting plus disease compared to an expert ophthalmologist (96.6%, 98%, and 97.3% 

respectively). [73] This system, however, has been trained based off one expert 

ophthalmologist’s grading of retinal images and the generalisability of ROP.AI’s 



 53 

performance to a geographically new population is unknown as it has been trained on New 

Zealand infants only. The aim of this study is to investigate the performance of ROP.AI 

against retinal images collected from 5 different centres across Australia and compare their 

diagnostic performance in detecting plus disease with 5 expert ophthalmologists as human 

graders.  

 

Methods 

A total of 6945 retinal images taken with RetCam (Natus Medical Incorporated) were 

retrospectively collected and deidentified across 5 different centres in Australia from May 

2021 to February 2022. All images that included the optic disc in its field of view were 

accepted and only images that were unreadable for clinician diagnoses were excluded. 

Images were not edited or adjusted and did not undergo augmentation. The corresponding 

clinician diagnosis for each image was also collected and images were labelled as either 

normal, pre-plus, or plus disease. Diagnoses were supplied by one of 5 experts corresponding 

to their real-world clinical diagnosis during routine ROP screening.  

 

The performance of the ROP.AI algorithm, through the cloud-based platform MedicMind 

(https://ai.medicmind.tech), was evaluated against all 6945 images. The ROP.AI diagnosis 

for each image was recorded and compared against its corresponding clinician diagnosis. 

Statistical performance for the classifier was measured by calculating sensitivity, specificity, 

negative predictive value, and area under the receiver operating characteristic curve (ROC). 

ROP.AI performance in diagnosing plus disease vs no plus disease, and plus disease with 

pre-plus disease vs normal was compared to the reference standard diagnosis.  

 

ROP.AI produced a probability value between 0 and 1 following evaluation of retinal images. 

A default threshold of above 0.5 was initially utilised to determine an image with plus 

disease. Given the prospect ROP.AI holds to be utilised as a screening algorithm, this 

operating point of 0.5 was optimised to produce high sensitivity and negative predictive value 

to reduce the likelihood of missed diagnoses. The algorithm was retested at 0.01 operating 

point intervals between 0.3 and 0.7 until an optimal point of 0.34 was identified. The 

sensitivity, specificity, and negative predictive value was re-calculated for this cut-off point.  

Results 
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A total of 6945 images from 885 individual eyes were analysed, of which 5755 (82.87%) 

images were normal, 800 (11.52%) images had pre-plus disease, and 390 (5.61%) images had 

plus disease. The New Zealand trained ROP.AI algorithm produced an area under the ROC 

of 0.79 for detection of plus disease (Figure 8) and 0.76 for detection of pre-plus and plus 

disease combined. (Figure 9)  

 

 

 

 

 
FIGURE 12: ROC curve for ROP.AI diagnosis of pre-plus and plus disease combined 

 

FIGURE 11: ROC Curve For ROP.AI Diagnosis Of Plus Disease 
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Sensitivity, specificity, and negative predictive value at the algorithm default cut-off point of 

0.5 were 80%, 58%, and 98% respectively in detecting plus disease. Sensitivity, specificity, 

and negative predictive value in detecting pre-plus and plus disease combined were 74%, 

62%, and 92% respectively. The average outputs produced by the algorithm for normal, pre-

plus, and plus disease images were 0.43 (SD 0.3) , 0.7 (SD 0.3), and 0.8 (SD 0.29) 

respectively. The distributions of these probability outputs are illustrated in Figure 10.   

 

 
FIGURE 13: Violin Plot For The Distribution Of Algorithm Performance In Normal, Pre -Plus, And Plus 

Disease Fundal Images.  

 

Following operating point optimisation to 0.34, sensitivity, specificity and negative predictive 

value improved to 90%, 40%, and 99% for the detection of plus disease and 86%, 45%, and 

94% respectively for the detection of pre-plus and plus disease combined.  

 

Discussion 

This study evaluated the performance of the New-Zealand trained ROP.AI algorithm for 

diagnosing ROP plus disease and pre-plus disease on a novel set of retinal images from five 

centres across Australia. We found that the original ROP.AI algorithm performs 

comparatively well against these new images, supporting its potential for application into 
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real-world clinical use. The key findings were (1) ROP.AI demonstrates generalisability with 

high performance in the diagnosis of plus disease on a geographically novel test set, (2) 

despite being trained to detect plus disease only, results support ROP.AI’s ability to 

distinguish pre-plus disease or worse and (3) ROP.AI produced high performance in 

diagnosing images without pre-processing or augmentation, assimilating realistic clinical 

practise for future applicability.  

 

The international classification system for diagnosing ROP provides guidelines on the 

diagnosis of ROP through the identification of key features on retinal exam. [9] Despite this, 

inconsistency in ROP and plus disease diagnosis remains prominent, [32] and statistically 

significant geographic variation in plus disease diagnosis has also been reported. [35] For this 

reason, an objective screening system such as ROP.AI holds potential to reduce clinically 

significant management differences and improve outcomes for premature infants. However, it 

is crucial that the algorithm can both overcome geographic variability and inter-expert 

variability. Our study is unique in that it provides a large test set of over 6000 images 

completely naive to the ROP.AI training set with both grader variability (four new expert 

human graders not previously used for ROP.AI training) and geographic variability (five new 

centres across Australia). To the best of our knowledge, this is the first automated deep 

learning algorithm to have undergone large-scale external validation in ROP. Our results 

reveal high ROP.AI performance with a sensitivity and negative predictive value of 90% and 

99% in the diagnosis of plus disease at the optimal cut-off point 0.34. Although ROP.AI was 

only trained to recognise plus disease, the algorithm has been able to detect pre-plus disease 

or worse with a sensitivity and negative predictive value of 86% and 94%. Despite being 

trained from a single centre with only one clinician as the reference standard, ROP.AI’s 

performance on this external test set has been comparable to those reported by other groups 

with a much smaller number of external images. [69, 87, 104, 105] These findings support 

ROP.AI’s potential of reproducibility into the clinical setting with high diagnostic output 

despite analysing images it has never been exposed to before.  

 

In addition, the images used to validate ROP.AI were not preselected, augmented, or pre-

processed before being tested. Unlike other AI studies, we did not limit images to only the 

posterior pole and accepted any field of view if the optic disc was visible. These techniques 

are unique to our study as it is well recognised among AI that high quality images correlates 

to high quality diagnoses and smaller algorithm errors [60]. Meticulous exclusion of poor-
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quality images and small inclusion criteria, however, may limit the applicability of AI 

algorithms in the real-world clinical setting. It is for this reason that our study accepted 

quality and scope of images corresponding to those taken in the clinical setting so that the 

validation of our algorithm performance may equate to its real-life performance. Preliminary 

retrospective review of a small subset of images which had the highest disagreement between 

experts and ROP.AI grading revealed many were of dark or slightly blurred photos. These 

factors may have contributed to the low specificities we obtained (40% for the diagnosis of 

plus disease, 45% for pre-plus or worse). In a disease such as ROP which holds devastating 

sight-threatening consequences if treatment is delayed, high sensitivity and negative 

predictive value are most crucial to avoid missed diagnoses. As a result, low specificity may 

occur as a compromise, as it does here following optimisation for sensitivity and negative 

predictive value. In practicality, the implementation of ROP.AI as a screening tool to triage at 

risk patients will still hold potential to reduce health care costs despite low specificities. 

Further algorithm training, however, may overcome this and should be considered prior to 

implementation into clinical practice.  

 

This study has several limitations to consider. Firstly, images were collected as part of 

routine clinical screening by five human experts across five different centres. Method of 

image capture and collection may differ between these five centres and these were not 

controlled for in the data collection phase. Additionally, the number of images uploaded per 

human expert per centre was not uniform with some centres and experts contributing more 

images than others. This may impact the overall reference standard that ROP.AI was 

evaluated against given that human experts were considered the gold standard. Future studies 

should formulate a panel of experts who agree upon image diagnoses collectively to 

overcome the inter-clinician variability reported in the literature. [32] This is especially 

important as the calculation of other outcome measures such as determining image 

‘gradeability’ is extremely limited given the subjectivity of ROP diagnoses. Finally, thisstudy 

has allowed us to identify some limitations with the original ROP.AI algorithm, as would be 

expected for a novel algorithm created from a single centre with one expert as the reference 

standard. The results demonstrate a lower AUROC compared to the original output, with an 

AUROC of 0.79 for the detection of plus disease compared to 0.99 in our original paper. [73] 

There are several potential contributing factors to this lower performance, including lack of 

image augmentation, different retinal field of view inclusion criteria, inter-grader variability 

compared to the original expert, and complete new geographic cohort of retinal images. 
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These factors, however, represent realistic conditions encountered in the real-world clinical 

setting and, although pose challenges for algorithm performance, would create a superior 

algorithm with real-world applicability if they can be overcome. This study has aimed to 

validate the ROP.AI algorithm against these realistic clinical conditions and has produced 

promising results. Further training of the ROP.AI algorithm with this novel test set should 

strengthen its diagnostic ability and generalisability and may pave the way towards a fully 

automated diagnostic system which could revolutionize ROP screening.  

 

Conclusion 

This study demonstrates ROP.AI’s potential to be a generalizable screening test for the 

diagnosis of ROP, with high sensitivities and negative predictive values in the detection of 

both plus disease and pre-plus disease. It highlights the importance of external validation and 

outlines the evidence of both geographical variation and inter-expert variability between 

New-Zealand test sets and Australian test sets. Future training of these images collected from 

multiple centres across Australia into the existing ROP.AI algorithm should strengthen its 

diagnostic ability and will be published in future studies.  
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CHAPTER 5:  THE FUTURE OF ROP.AI 

 

Impact of the validated ROP.AI  

This study has successfully validated the use of ROP.AI, trained from a single clinician’s 

data set at a single centre in New Zealand, to multiple clinician diagnoses in various locations 

around Australia. The strong inter- and intra-clinician variability reported in the literature 

demonstrates a major challenge for ROP diagnosis in both clinical and AI settings. [32, 106, 

107] The subjectivity of ROP severity and these diagnostic inconsistencies are therefore 

expected to impact any deep learning algorithm trained off such variable input data. 

Additionally, training using a single clinician dataset may limit the performance and 

generalizability of an algorithm by exposing it to potential biases including both selection and 

information bias. Moreover, AI generally produces higher quality diagnostic outputs with 

smaller algorithm errors when only high-quality images are utilized in the test set. [60] Our 

study, however, has limited the exclusion of images to precisely correlate to the quality of 

images taken in the clinical setting so that our results reflect the algorithm’s real-world 

performance. For this reason, the validation of the ROP.AI algorithm has produced promising 

results despite being tested against data from a diverse population with four new expert 

ophthalmologist graders, with no pre-processing or augmentation of images. The high 

sensitivity (90% at the optimised cut-off point) and negative predictive value (99% at the 

optimal cut-off point) achieved in diagnosing plus disease demonstrates ROP.AI as a robust 

algorithm with high performance despite expected inter-user variability and geographic 

variation in the new dataset.  

 

Upcoming algorithm development  

The performance of ROP.AI has been encouraging despite being trained from a single centre 

with one clinician as the reference standard diagnosis, however, further research efforts are 

underway to improve the algorithm to a clinical standard. As outlined in our systematic 

review, a large scale, prospective evaluation of an effectively externally validated AI 

algorithm is crucial to investigate the generalizability of an algorithm and its clinical 

implementations. Our study aims to assess the performance of ROP.AI in real-time, 
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diagnostic performance. An internal hold-out test set of the reference standard images will be 

reserved for internal validation, and external validation will occur with retrospective images 

collected from Hong Kong. Upon successful retraining and validation, the updated ROP.AI 

algorithm will undergo a prospective clinical trial with implementation into routine clinical 

screening for use by the bedside. Real-time results and validation will occur as the retinal 

images collected will be tested against the ROP.AI algorithm and compared to the 

corresponding clinician diagnosis. Final stages of ROP.AI development will occur with 

integration of the diagnostic algorithm into standard clinical screening, initially for use 

alongside clinicians, then ultimately as a stand-alone screening test for the diagnosis of ROP.  

 

Key challenges in the adaptation of ROP.AI into clinical practice  

There are several key challenges which contribute to the limited examples of real-world 

adoption of AI into ROP diagnosis and ophthalmology in general. While promising and 

robust evidence for deep learning algorithms is increasing in the research domain, there are 

several caveats to be considered before successful clinical deployment.  

Firstly, a key challenge lies in a mindset shift for clinicians to entrust clinical judgement and 

care to machines. The ‘black box’ approach of deep learning, where image features learned 

by the algorithm remains unknown to the user, [60] represents a major contributing factor to 

this. An AI algorithm will learn image features most predictive for classification, rather than 

explicit detection of the clinical features that clinicians are most familiar with. [60] This lack 

of transparency remains a major hurdle for both clinician and patient trust, [108-110] 

especially in clinical support systems where misdiagnosis has significant sequelae. While 

there are research groups exploring how to make AI more explainable and transparent to the 

user, [111] there appears to be compromise between accuracy and explainability. Models 

with clear explanations and high transparency have been shown to perform less accurate than 

those with the low transparency but high performance. [112] In practice, full transparency 

may be extremely difficult to achieve. Instead, the focus should be on providing education to 

clinicians and producing robust, validated results to support AI utilisation alongside clinical 

care.  

ROP.AI may be incorporated into clinical practice in a semi-automated model initially, 

before entrusting screening completely to AI. For example, retinal images captured by the 
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bed side can be analysed initially by ROP.AI before being flagged as either ‘referable’ or 

‘ungradable’, requiring clinician confirmation. The benefit of the ROP disease process is that 

disease is often scaled on a continuum, [9] and both ROP.AI and other studies have 

demonstrated AI’s ability to detect this disease spectrum. [69, 73, 103] ROP.AI’s output 

criteria can therefore be re-categorized or modified into ‘needs clinician input’ based on the 

degree of its diagnostic agreement between disease and no disease. Processes can also be 

implemented to deal with any disagreements between the clinician and the algorithm to 

reduce clinical uncertainty. The successful incorporation of ROP.AI into a semi-automated 

model may expose its clinical potential and further exploration into a fully-automated model 

can then occur.  

There lie technical challenges which are important to consider in the implementation of an AI 

screening model. Firstly, automated algorithms will need to be integrated either into 

commercially available retinal cameras such as RetCam, or into cloud-base systems. This 

may require collaboration with system developers, engineers, or even further infrastructure to 

support a telemedicine model. Additionally, all images captured will have patient-related data 

and needs to be stored and processed in a way that is secure and private. This process will 

require technical solutions including hardware and software investments that may be time 

and cost-intensive. Nonetheless, advancements in technology will continue to improve and 

healthcare and research groups should continue to collaborate to overcome these barriers. 

There is no doubt that deep learning and AI harness immense power for the advancement and 

discovery of medical and scientific knowledge and healthcare should not fall behind because 

to these challenges.  

The Future of ROP.AI  

ROP.AI holds potential to improve the diagnosis of ROP worldwide, with strict, well-

designed research as the backbone to this. ROP diagnosis is known to be both subjective and 

qualitative, [32] and ROP.AI may improve accuracy and introduce objectivity to disease 

diagnosis. Additionally, limited workforce is available to meet the demands of screening 

required in rural and regional areas, and AI based screening may provide the paradigm shift 

towards improved accessibility. ROP.AI has demonstrated generalizability against a new 

geographic population with high sensitivity and negative predicative values in detecting plus 

disease. These results demonstrate promise for future quantitative disease classification, risk 

stratification, and even post-treatment monitoring for disease recurrence or treatment failure. 
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The algorithm could be optimised to produce a ‘feature-map’ demonstrating abnormal 

regions of the retina or vessels to improve both transparency for clinicians, but also to assist 

clinicians in identifying areas most at risk for disease progression. Deployed into a telehealth 

model, ROP.AI could transform ROP screening and diagnosis with improved accuracy, 

objectivity, efficiency, and accessibility. The innovation of deep learning and AI provides an 

opportunity to make key contributions towards the provision of high quality, sustainable 

ophthalmic care to patients not just with ROP, but all aspects of Ophthalmology, and 

clinicians must continue to adapt in this fast paced, revolutionizing field.  

 

Conclusion 

 

ROP remains a sight-threatening condition that is increasing in incidence due to advances in 

neonatal medicine. Early diagnosis through adequate screening is key to managing this 

debilitating condition. ROP.AI poses a novel and exciting method of screening for ROP 

through a deep learning algorithm. With this innovative technology, ROP screening could be 

made more accessible, more objective, and cheaper. This thesis has outlined the important 

features required of a generalizable, accurate algorithm and our validation of ROP.AI reveals 

its potential to be a real-world point of care tool for ROP screening.  
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APPENDIX 

 

Appendix 1 – Systematic review full search strategy  

 

We show the search strategy for a) Medline OVID b) Pubmed c) Web of Science d) Embase 

a) Medline OVID 

“Retinopathy of prematurity” OR “ROP” AND  

“Diagnosis” or “screening” AND  

“Artificial intelligence” OR “deep learning” OR “convolutional neural networks” 

 

b) PubMed 

“Retinopathy of prematurity” OR “ROP” AND “diagnosis” or “screening” AND 

“artificial intelligence” OR “deep learning” OR “convolutional neural network” 

 

c) Web of Science 

TI = (diagnosis or screening or classification) AND  

TS = (artificial intelligence or machine learning or deep learning or convolutional 

neural network) AND 

TI = (retinopathy of prematurity or ROP) 

 

d) Embase 

“Retinopathy of Prematurity” OR “ROP” OR “plus disease” AND 

“Diagnosis” or “screening” or “classification” AND 

“Artificial intelligence” OR “deep learning” OR “convolutional neural network” OR 

“machine learning” 
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Appendix 2 – Methodological quality assessment of bias for included studies 

using QUADAS-2 [76]  

 

Study Domain 

1A 

Domain 

1B 

Domain 

2A 

Domain 

2B 

Domain 

3A 

Domain 

3B 

Domain 

4A 

Brown et al. 2018 Unclear Low Low Low Low Low Low 

Chen et al. 2020 Low Low Low Low Unclear Low Low 

Hu et al. 2019 Unclear Unclear Low Low Low Low Low 

Huang et al. 2020 Low Low Low Low Low Low Low 

Mao et al. 2020 High Unclear Low Low High Low Unclear 

Ramachandran et al. 

2021 

High Low Low Low Low Low Low 

Tan et al. 2019 Low Low Low Low Low Low Low 

Tong et al.2020 Low Low Low Low High High High 

Wang et al. 2021 Low Low Low Low Unclear Low Unclear 

Wang et al. 2018 Low Low Low Low Low Low Low 

Yildiz et al. 2020 High Low Low High Low Low Low 

Zhang et al. 2018 High Low Low Low Low Low Unclear 
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This is important. For EMR processes to work, it needs timely notification of research projects and for 

staff to follow the agreed processes.  

 

 

1. Use of the Electronic Medical Record (EMR) for research  

 

 Accessing identified patient information from health services other than your own for research 

purposes is NOT permitted. Precinct polices regarding appropriate access MUST be followed. 

Identified patient information must ONLY EVER be accessed after governance authorisation or 

audit/quality assurance (QA) approval from the appropriate health service. 

 

2. Good Clinical Practice (GCP) Training 

 

 The RWH Human Research Ethics Committee has now agreed that GCP training should be 

mandatory for all principal investigators. The Committee also strongly encourages GCP 

training for other associate investigators and student researchers.  

 

 

Yours sincerely, 

 

 

 

 

 

A. C. B. Hui 

Manager  

Research and Ethics Secretariat 

 

 

 





 76 

 



 77 

 

Office Phone  
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