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Abstract

Aims

A diabeticeye screening programme has huge value in reducing avoidable sight loss by identifying
diabeticretinopathy ata stage whenitcan be treated. Artificial intelligence automated systems can
be usedfor diabeticeye screening butare notemployed inthe national English DiabeticEye
Screening Programme. The aim was to reportthe performance of a commercially available deep
learning artificialintelligence software in alarge English population.

Methods

9,817 anonymised image sets from 10,000 consecutive diabeticeye screening episodes were
presentedto an artificial intelligence software. The sensitivityand specificity of the artificial
intelligence system for detecting diabeticretinopathy was determined using the diabeticeye
screening programme manual grade according to national protocols as the reference standard.

Results

For no diabeticretinopathy vs any diabeticretinopathy the sensitivity of the artificialintelligence
grading systemwas 69.7% and specificity 92.2%. The performance of the artificial intelligence
system was superiorforno or mild diabeticretinopathy vs significant or referrable diabetic
retinopathy with a sensitivity of 95.4% and specificity of 92.0%. No cases were identifiedin which
the artificial intelligence grade had missed significant diabeticretinopathy.

Conclusion

The performance of a commercially available deep learning artificial intelligence system for
identifying diabeticretinopathyin an English national DiabeticEye Screening Programme is
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presented. Usingthe pre-defined settings artificial intelligence performance was highest when
identifying diabeticretinopathy which requires an action by the screening programme.

Novelty statement

What isalready known:

Machine learningartificial intelligence systems can be used effectivelyfor diabeticeye screening.
What this study has found:

The performance of a commercially available deep learning artificial intelligence system was 69.7%
sensitiveand 92.2% specificinan English population for detecting any diabeticretinopathy present,
and more sensitive at 95.4% with specificity 92.0% for distinguishing between mild and significant
retinopathy which requires a potential action by the screening programme.

What are the implications of the study:

Addsto the evidence base thatadeep learningartificial intelligence system could be a safe resource
inthe contextof English diabeticeye screening, and there is value in furtherinvestigatingwherean
automated system may be bestemployed.



Introduction

Diabeticretinopathyisamicrovascular complication of diabetes and eye screening using digital
retinal photographyisone of the nine key processes fordiabeticcare in the UK.12 England has a
well-established national Diabetic Eye Screening Programme (DESP) whose key aimis to reduce sight
lossin people with diabetes by the promptidentification of sight-threatening retinopathy atan
appropriate stage.

The identification of diabeticretinopathy (DR) has already undergone a major shift from hospital-
based evaluation by an ophthalmologisttoa modern telemedicine process of asynchronous store-
and-forward using retinal photography. Potential retinal photograph image analysis approaches are
also progressing but haven’t been adopted yet by English screening programmes. Diabeticeye
screeningis labourintensive.® Animage set which resultsin areferral to the hospital eye service is
typically independently graded by three trained graders beforethe outcome is determined. Artificial
intelligence (Al) in healthcare has been applied to anumber of medical imaging settings including
analysis of the modern standard retinal photographs used by the English DESP.*

The Scottish DESP has been usingan automated system for the first grading of retinal images since
2011° as hasthe Portuguese DESP.® Following astudy on 900 people with diabetes adeep learning
system had US Food and Drug Administration approval for the diagnosis of DR.” The Al based
software currently being used in DR screening programmes are machine learning systems which
recognise retinal microaneurysms and separate images with no DR from those with any DR. The
incorporation of deep learningalgorithmsin more recently developed Al based systems is likely to
increase accuracy?, and also introduces the potential to differentiate between retinopathy which can
be monitored by the screening service and referrableretinopathy which requires further hospital
investigation fortreatment.

The English DESP has extensive quality assurance checks builtinto the grading process. All human
gradersindependently grading are required to consistently demonstrate a sensitivity of over 85%
and a specificity of over 80% for identifying referrable DR.° Thisis measured using standardised
monthlytestandtrainingimages as well as regularassessment of peeragreement within the
programme.

Itisnecessary foratechnology to demonstrate evidence of the accuracy of an automated system for
both the clinical settingand relevant population in whichit’s proposingit may be employed.® The
aim of thisstudyisto report the performance of a commercially available deep learning based
software forthe detection of DRin an English screening programme by comparing the automated
grading outcomesto the manual grading DESP classification, and to provide an opportunity to verify
the algorithm was optimised forthis population.

Methods



In April and May 2021 90.1% of people attendinga North West London DESP appointment provided
consentfortheiranonymisedimagesto be used forthe purposes of research. Anonymisation
consisted specifically of removing all personal dataand all details of the screeningvisit. The DESP
outcome was preserved as the reference standard. Inclusion of imagesinthe dataset presented to
the automated grading system did not change any clinical pathways, which had already been
determined by the DESP manual grade. The Research Collaboration Agreementincluded
confidentiality and data protection clauses. Acomprehensive Data Protection Impact Assessment
(DPIA) was prospectively conducted before any images were released to the automaticgrading
system. The Standards for Reporting of Diagnostic Accuracy (STARD) statementitems have been
reviewed (checklist provided as supplementary material).

The demographics of the programme population for 2021 — 2022 and the demographics of the study
population overthese two months are presentedin table 1followingthe NHS Digital guidance on

recording ethnicity.!?

Table 1

Activity and uptake of the North West London (NWL) Diabetic Eye Screening Programme 2021 —
2022 with the demographics of those who attended a routine digital screening (RDS) appointment
and the demographics of the study population.

NWL screening Percentage Study population | Percentage

population

(2021/22)
Patientsinvited (RDS) 137,909
Screened (RDS) 105,702 76.6% 10,000
Ethnicity
White 28,068 26.6% 2,672 26.7%
Asian 50,632 47.9% 4,958 49.6%
Black 11,757 11.1% 1,017 10.2%
Mixed 2,280 2.2% 209 2.1%
Other 7,582 7.2% 652 6.5%
Not-stated 5,383 5.1% 492 4.9%
Gender (only male/female included)
Male 57,102 54.0% 5,344 53.4%
Female 48,597 46.0% 4,656 46.6%
Age
Mean 61 62

(range 12 to 108) (range 12 to 100)

People whowere ungradable in one and both eyes have been excluded from the reported analysis.
9,817 image sets from 10,000 consecutive, and consented, screening appointments overtwo
months were presented to the automated system. The automated Al system gave aresultforevery
image set presentedtoit.

The software used forthe automated detection of DRwas RetCADv.2.1.0 (Thirona, The
Netherlands). Thisisacommercially available Class lla CE-marked medical device software that
incorporatesadeep learning framework forthe detection of abnormalities in colour fundus
images.!3 The software is based on convolutional neural networks for the tasks of recognising



diabeticretinopathy, age-related macular degeneration, and glaucoma. Asthe focus of this analysis
was on the detection of DR only the DR component of the software was used.

The DR component of the software consists of an ensemble of convolutionalneural networks
predictingaseverity score for DR ina fundusimage. Each of the individual deep learning networks
inthe ensemble were trained end-to-end by providingan input fundus image and target reference
severity labelaccordingtothe International Clinical Diabetic Retinopathy Disease Severity Scale
(ICDR).* None of the images used in this study were used to train or develop the Al system. After
training the individual networks each produce aregression score forthe image on a continuous scale
from 0 to 4 accordingto the ICDR classification and the average of the individual predictionsis the
final outcome DR score of the system.

The DESP final manual grade is the reference standard used to compare. DESP require amacular
retinal image and nasal image to be taken foreach eye at the screeningappointment resultingin
fourimagesfrom each person being presented toamanual grader. The English DESP grading
processisfeatures based to determine the DESP grade.® The automated systemis compared only to
the retinopathy ‘R’ grade of the DESP features based grading classification. The maculopathy ‘M’
grade was not takenintoaccount. Table 2 mapsthe RetCAD Al score to the ICDR level and DESP
grade.

Table 2

Mapping of RetCADv.2.1.0 Artificial Intelligence (Al) score to the International Clinical Diabetic
Retinopathy Disease SeverityScale (ICDR) and Diabetic Eye Screening Programme (DESP) grade.

RetCAD Al score ICDR level DESP grade

Stage 0: 0-0.5 Stage 0: NoDR RO: Noretinopathy

Stage 1: 0.5-1.5 Stage 1: Mild DR R1: Background retinopathy

Stage 2: 1.5-2.5 Stage 2: Moderate DR R2: Pre-proliferative
retinopathy

Stage 3: 2.5-3.5 Stage 3: Severe DR R2: Pre-proliferative
retinopathy

Stage 4: 3.5-4.0 Stage 4: Proliferative DR R3(a/s): Proliferative
retinopathy

Images with a DESP grade of R2 and R3 (eitheractive ‘a’ orstable ‘s’) are deemed to have significant
retinopathy and, within DESP, will have afurtherreferral outcome grade by an experienced grader
which oftenresultsinareferral tothe hospital eye service. The North West London DESP grading
and referral processis managed withinthe inhouse developed software Spectra.

The results presentedinthisstudy are ata person level (table 3) with eye-level dataagreement
provided as a supplemental table. Togenerate the person level grade the most severe manual
reference grade (determined usingthe fourimages obtained at the screening encounter) was taken
as the personlevel grade. Forthe Al systema similarapproach was used by determining the worst
DR score (highest DR severity score) asthe personlevel DRscore. Asthe automated analysis was
runin parallel with, and didn’t alter, the normal screening pathway all those with a final manual
DESP grade of R2 and R3 had eitherahospital referral orwere transferred ontoafrequent
monitoring pathway following national guidance.” Both a hospital referral and atransferontoa
different pathway are referred to as a pathway change in this paper.



The receiver operating characteristic (ROC) curve was created by plotting the sensitivity (true
positive rate) against the specificity (false positive rate) at various pre-defined threshold settings of
the severity score of the Al. Retrospective analysisthen enables an optimal thresholdto be
determined which is the cut-off point with the best trade-off between sensitivity and specificity
(pointclosesttothe upperleftcornerof the ROC curve). The results at the pre-defined cut-off are
presentedinthis paperasthisiswhat would be obtained should the software be deployed. The
optimal threshold inthis populationisalsoreported for comparison. The 95% confidence interval of
the curve was computed using bootstrap analysis. The areaundera ROCcurve (AUC) is an indication
of the accuracy of a diagnostictest with avalue of over0.8 deemed good.?®

In orderto examine the impact disagreements between the manual and automated grade might
have on the outcome of the screeningvisits image sets with asignificant disagreement were
retrospectively reviewed by asenior, experienced grader who doesn’t work within the NorthWest
London DESP and had not previously seen the images. Asignificant disagreementwas consideredto
be onein which eitherthe manual grade orautomated grade would resultin a pathway change.

Results

Of 10,000 screening appointments 183 were ungradable by ahuman graderresultingin 9,817
screening encounters presented to the automated Al system foranalysis. The demographics of the
study population and general population are very similar (table 1). The prevalence of any DRin this
datasetwas 27.11% with the total in each DESP grade retinopathy category presentedintable 3.

Table 3

Patientlevelcomparison of the manual diabeticeye screening programme (DESP) grade and the
RetCAD artificial intelligence grade for diabeticretinopathy (DR) using the pre-defined cut-offs, with
total number of image sets and percentage of image sets analysed for each DESP grade.

Manual No DR Mild DR | Moderate Severe Proliferative Total number

DESP grade DR DR DR of image sets

inworst (percentage)

affected

eye

RO 6,600 495 54 7 0 7,156
(72.89%)

R1 (one 691 632 205 4 1 1,533

eye) (15.62%)

R1 (both 115 414 504 5 3 1,041

eyes) (10.60%)

R2 1 3 39 29 0 72 (0.73%)

R3 active 0 0 0 5 1 6 (0.06%)

R3 stable 0 0 1 2 6 9 (0.09%)




Figure 1 showsthe ROC curvesfor no DR vs any DR (equivalent to DESP manual grade RO vs
R1/R2/R3) on the lowerblue line and non-referrable DRvs referrable DR on the higherorange line.
The orange curve therefore represents grades which had an outcome of annual recall in screeningvs
grades which required a pathway change (RO/R1vs R2/R3). The shaded areas on the ROC curves are
the 95% confidence intervals. The spread of the automated system DR severity scores by reference

DESP grade is shownasa box plotinfigure 2.

Figurel

Receiveroperating characteristic(ROC) curve of the RetCADVv.2.1.0system for no diabetic
retinopathy (DR) vsany DR (blue line) and no or mild DR vs referrable DR (orange line).
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Figure 2

Box plot of the RetCADv.2.1.0 diabeticretinopathy (DR) severity scores per diabeticeye screening
programme (DESP) grade.
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The comparison of the manual grade in the worst affected eye with the automated grading resultis
presentedintable 3at a personlevel. Eye level datais provided as asupplemental table. Using the
predefined severity score of under0.50 as the threshold the sensitivity of the Al based grading
software todetectany DR is 69.7% with a specificity of 92.2%. If RetCADidentified a patientas
having diabeticretinopathy the Al was correctin 76.9% indicatinga precision (positive predictive
value) of 76.9% (1854 cases out of 2410). At the optimal threshold of 0.30 for this population when
detectingany DR the sensitivity is 78.5% and specificity 86.5%. Inthe no DR vs any DR analysis the
AUC is0.885 (95% confidence interval 0.877-0.893).

When differentiating between non-referrable DR (outcome annual recall by the screening service) vs
referrable DR (outcome potentially a pathway change) the performance of the Al system at the
predefined cut-off of 1.50 was 95.4% sensitivity and specificity 92.0%. The precisionis9.6% (83
positive cases out of 866). At the optimal threshold of 2.01 the sensitivity is 92.0% and specificity
97.6%. Fornon-referrablevs referrable DRthe AUCis 0.979 (95% confidence interval 0.955—0.993)
representing excellent diagnosticaccuracy of the Al based system for detecting DR which potentially
required anaction by the screening programme.



For each ethnicgroup the number of people ungradable onthe manual DESP grade and therefore
excludedfromthe study populationis presented in table 4along with the number of peoplein
whomthe RetCAD Al disagreed with the manual grade.

Table 4

Number of people attending routinedigital screening (RDS) who were ungradable on the reference
DiabeticEye Screening Programme (DESP) manual grade, and the number of disagreements of the
RetCAD Artificial Intelligence (Al) outcome by ethnicgroup.

Study population |Ungradable (b Non-referrable DR
udypopuiati 8 (by No DR vs any DR

(Totalineach manual reference | | vs referrable DR
ethnicity) DESP grade) disagreement disagreement
White 2,672 45 (1.68%) 333 (12.46%) 191 (7.15%)
Mixed 209 8 (3.83%) 27 (12.92%) 13 (6.22%)
Asian 4,958 80 (1.61%) 702 (14.16%) 395 (7.97%)
Black 1,017 22 (2.16%) 140 (13.77%) 83 (8.16%)
Other 652 16 (2.45%) 103 (15.80%) 64 (9.82%)
Not stated 492 12 (2.44%) 58 (11.79%) 41 (8.33%)
Total 10,000 183 (1.83%) 1363 (13.88%) 787 (8.02%)

There were 24 significant disagreements between the reference DESP outcome grade and Al RetCAD
grade. 20 represented an overgrade by the Al,and 4 an apparentundergrade in which the screening
programme made a pathway change but the Al grade would have recalled to screeningin one year.
The details of the significant disagreements are presented in table 5. Of the 4 cases in which the Al
apparently undergraded asecond DESP regrade agreed with the Al outcome. Of the 24
disagreements manually regraded 15 had retinal signs of ocular pathology not related to DR.



Table 5

Summary of the disagreements between the reference Diabetic Eye Screening Programme (DESP)
grade outcome and artificial intelligence (Al) RetCADv.2.1.0severity score generated outcome, with
retrospective DESP regrade and comments.

Reference RetCAD DESP Comment Over/under | Over/under
standard severity regrade grade by Al grade by
DESP grade score DESP
1 RO 3.2 RO Cameraartefact Over
present
2 R1 2.6 R1 Over
3 R1 2.5 R1 Referral made for Over
macular DR
4 R1 3.8 R3 stable Under
5 R1 2.6 R1 Non-DRsigns Over
6 RO 3.0 RO Non-DR Signs Over
7 R1 3.8 R1 Non-DR signs Over
8 R1 2.8 R1 Non-DR signs Over
9 R1 2.8 R1 Non-DR signs Over
10 Rl 39 Rl Non-DR signs Over
11 R1 3.0 R1 Non-DR signs Over
12 RO 2.7 RO Non-DRsigns Over
13 RO 28 RO Non-DR signs Over
14 RO 2.6 RO Non-DR signs Over
15 R1 2.6 R1 Over
16 RO 3.3 RO Over
17 R1 3.5 R1 Non-DR signs Over
18 R1 2.6 R1 Pale atrophic Over
retina
19 Rl 29 Rl Non-DR signs Over
20 RO 2.8 RO Non-DR signs Over
21 R2 0.0 RO Over
22 R2 1.3 R1 Non-DR signs Over
23 R2 1.1 R1 Non-DR signs Over




24 R2 1.2 R1 Over

Discussion

This paperpresentsthe performance of adeep learning Al system for diabeticeye screeningina
large, representative, real-world screening population in North West London. The proportion of
imagesthat had moderate retinopathy (R2) and proliferative retinopathy (R3) in this cohort were
0.7% and 0.2% respectively. Thisislowerthan hasbeen reported previously in England?® butisthe
real-world scenario of two months of activity for this screening programme. Analysingaspecific
sample of severe DR (R3) using more months of screening would provide a greater evidence base
and isan option forfuture research.

As well as presenting the performance of the RetCAD softwareto detect referrable patients we also
presentresults forno DR versus any DR. The differencebetween these protocolsisthe inclusion of
the mild DR category as a positive test outcome. This would enable patients to be detected atan
early stage of retinopathy. Different pathways for patients with no DRand mild DRare possiblein
the form of a more frequent screeninginterval.

There were disagreements between the automated and manual grade. Thisis not unexpected. Itis
accepteda screening programme will not deliver 100% sensitivity and missed pathology is expected
fromany grading system. Inthe data presented the amount of disagreement between the
automated Al and manual grade appeared to be similarin different ethnicity groups, but this has not
beeninvestigatedin detail andisanarea for future research. In the patientlevel comparison of
manual and Al grade there appearsto be a difference betweenR1linone eye and R1in both eyes.
This could be interpreted asthe Al appearing more likely to grade as moderate DR if R1is presentin
both eyes while the manual grader using afeatures based protocol was still classifying as mild DR.
Most of the disagreements that were retrospectively reviewed as part of this paperwere
overgrading by the Al. Thisis reassuring butit’s recognisedif only Al were used in real-world practice
the performance results do not state how many people, with hindsight, clinicallyrequired referring.
The reference standard of normal best practice also doesn’t correctly identify all cases.

Usingthe pre-defined cut-offs the RetCAD Al system achieved a sensitivity of 69.7% with a specificity
of 92.2% for detectingany DR. A manual grader would be identified as someone who required
retrainingif this sensitivity was observed. The advantage of havinga continuous score forthe Al
outputisthe desired sensitivity of the Al can be altered by changing the cut-off point. Choosingan
increased sensitivity will resultin a decreased specificity. It’s at a first level grading stage of
screeningthe older machine learning systems are currently employed andit’s thought at present the
most cost-effective implementation of an automated grading system would be at this no retinopathy
vs any retinopathy level.Y The cut-off point of the software can be optimised fora population and
setto obtain a workload reduction of 50% (i.e. a specificity of 50% at a sensitivity of 92.4%) as a level
for the detection of any DR whichisreported to be cost-effective.l’



Whereas DESP has experience of, and is comfortable with, retraining human graders how a
programme would ‘retrain’ an automated system beyond identifying a cut-off point of an Al system
whichisoptimisedforthe relevant populationis notclear. The manual reference DESP gradeisa
features-based classification. In general, end-to-end trained deep learning systems are ‘black-box’
systems. Thereisnodirectrelation of the output DR score to the presence of human characterised
features. There is evidence black-box systems are triggered by presence of these features, but the
systemis notspecifically trained to identify features. Inan end-to-end systemthe targetlabelis
provided, and the network willwork out which parts of the images are importantto come to this
decision. There remain potential challenges for DESP in addressingissues when misgrades by an
automated system are identified.

The RetCAD deep learning system results we’ve presented show asuperior performance ata
no/mild DRvs significant DR level in this population. A sensitivity of 95.4% and specificity of 92.0%
for non-referrablevsreferrable DR far exceeds the grading quality assurance standards expected of
a human graderraisingthe potential of afurtherplace for Al ina screening programme as part of
internal quality assurance processes.

A tendency foran overgrade to occur wasseen inimages with retinal signs of otherocular
conditions notrelated to DR for both Aland the first manual grader. No cases were foundin which
the Al had significantly undergraded. If the Al system were used asa filterata no DR vs any DR first
level of grading an overgrade would not cause a pathway change as it would simply highlight to the
second level human grader somethingis present. There would then be the same opportunity forthe
outcome to appropriately reflect what that something was.

In practice automated grading would be incorporated into the existing quality assurances of DESP
which would allow programmes to measure sensitivity and specificity. Thiswould
contemporaneously highlight any differences and, more importantly, concerns regarding grading
allowingthe screening programme to address these.

A diabeticeye screening programme has huge value reducing avoidable sight loss which is well
documented.’® However, the results presented in this paperalso highlight the number of completely
normal retinal imagesthatare seen by DESP. 14,510 eyesintwo months of one regional screening
programme in England were graded and no DR seen. 1,451 of these images were regraded for
quality assurance of the first manual grade. The volume of gradingrequired by DESP is such that
training, experience, and maintaining skills forhuman gradersis not predicted to be an issue if some
gradingwere replaced by Al.

Irrespective of where Al could potentially be implementedinto adiabeticeye screening programme
— forquality assurance, first level filter grading, oridentifying sight-threatening referrable DR -
should Al based software be usedin the diabeticeye screening pathway people attending adiabetic
eye screeningclinicmustbe fullyinformed and know that part of the analysis of their retinal images
will be conducted by an automated system. The nextstepisto conducta cost-benefitanalysis of the
RetCAD system at the different gradinglevels within DESP, with the aim of safely reducingthe
number of manual grades required and better utilising the specialist skills of our dedicated human
graders.

Conclusion



Al systems are already being used fordiabeticeye screening but not employed by English screening
programmes. The performance of the RetCAD system fordetecting DRis presentedinan English
population demonstrating a sensitivity of 69.7% and specificity 92.2% prior to optimisation. The
deep learningalgorithm demonstrated asuperior performance when distinguishing between no or
mild DR and significant retinopathy which requires the screening programme to make a pathway
change with sensitivity 95.4% and specificity 92.0%. The evidence base examining deep learning Al
systemsas a safe resource in the context of diabeticeye screeningisincreasing.
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