





Table 1  Baseline characteristics of Indigenous Australian dataset
Characteristic n %
Eyes (one image per eye) 1682
Patient demographics
Unique individuals 864
Mean age, years (SD) 54.9 (15.0)
Females 453 52.4
Diabetic retinopathy grade (eyes)
None 1091 73.6
Mild 39 2.6
Moderate 260 17.5
Severe 1 0.7
Proliferative 82 5.5
Total gradable 1483 88.2
Diabetic macular oedema grade (eyes)
Referable diabetic macular oedema 162 11.6
Total gradable 1391 82.7

McNemar’s test. Quadratic-weighted Cohen’s kappa scores
were calculated to measure agreement between the index tests
and reference standard across the 5-point DR Scale.

RESULTS

Participants

Patient demographics and image characteristics of the external
validation set are summarised in table 1. The validation set
consisted of 1682 eyes of 864 patients. The mean age (SD) was
54.9 (15.0) years and women comprised 453 patients (52.4%).
A flow diagram of image classification by the reference standard
and DLS for mtmDR and vtDR is presented in figure 1. Of 1682
images, 1361 (80.9%) and 1348 (80.1%) images were included
in the analysis for mtmDR and vtDR, respectively, with the
remaining being ungradable by either the DLS, retinal specialist
or reference standard.

Figure 1

Table 2 Comparison of deep learning system against a single
retinal specialist for diabetic retinopathy detection, with reference to
a three-person adjudication panel

% (95% Cl)*

Deep learning system Retinal specialist P valuet

More-than-mild diabetic

retinopathy#
Sensitivity 98.0 (96.5 t0 99.4) 87.1(83.6 10 90.6) <0.001
Specificity 95.1 (93.6 t0 96.4) 97.0 (95.9t0 98.0) 0.006
Vision-threatening diabetic
retinopathy§
Sensitivity 96.2 (93.4 to0 98.6) 84.4 (79.7 t0 89.2) <0.001
Specificity 95.8 (94.6 t0 96.9) 97.8 (96.9 t0 98.6) 0.002
All-cause referable diabetic
retinopathy|
Sensitivity 93.7 (91.8 t0 95.5) 74.4 (71110 77.5) <0.001
Specificity 91.7 (90.0 to 93.3) 96.3 (95.2 t0 97.4) <0.001

*95% Exact Clopper-Pearson intervals.

1P value calculated between the deep learning system and retinal specialist using
the McNemar test.

+More-than-mild diabetic retinopathy (mtmDR) was defined as at least moderate
non-proliferative diabetic retinopathy (NPDR) or diabetic macular oedema (DMO).
8Vision-threatening diabetic retinopathy was defined as at least severe NPDPR or
DMO.

9All-cause referable diabetic retinopathy was defined as mtmDR or ungradable for
mtmDR.

Performance

Sensitivities and specificities of the DLS and retina specialist
for detecting mtmDR, vtDR and all-cause referable DR are
summarised in table 2. The DLS had higher sensitivity compared
with the retina specialist for detection of mtmDR (98.0% vs
87.1%, p<0.001), vtDR (96.2% vs 84.4%, p<0.001) and all-
cause referable DR (93.7% vs 74.4%, p<0.001). Conversely,
specificity of the DLS was lower than the retina specialist;

Flow diagram of image classification by reference standard and deep learning system (DLS). Differences in gradability arise since moderate

non-proliferative diabetic retinopathy eyes that are ungradable for diabetic macular oedema are considered gradable for mtmDR but ungradable for

vtDR.
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Figure 2 Retinal photographs of the 8/217 eyes diagnosed as vision-threatening diabetic retinopathy (viDR) by the reference standard but missed
by the deep learning system (DLS). According to the reference standard, A—F were graded as diabetic macular oedema (DMO), G was graded as
proliferative diabetic retinopathy and H as severe non-proliferative diabetic retinopathy (NPDR). The DLS graded C as mild NPDR and the remainder as
moderate NPDR, all without DMO. The single retinal specialist agreed with the DLS classification of no vtDR in all cases except D.

however, this difference was small for mtmDR (95.1 vs 97.0%,
p=0.006) and vtDR (95.8% vs 97.8%, p=0.002). The reduc-
tion in specificity was larger for all-cause referable DR (91.7%
vs 96.3%, p<0.001). Quadratic-weighted kappa scores for the
5-point DR Scale were not substantially different for the DLS
(88.0% (95% CI, 85.5 to 90.6)) and retina specialist (89.2%
(95% CI, 86.7 to 91.6)). Confusion matrices for DR severity and
referable DMO are presented in online supplemental appendix

C.

Gradability

The sensitivity for detecting ungradable cases of DR was higher
for the DLS compared with the retina specialist (98.5% (95%
CL, 96.5 to 100.0) vs 67.8% (95% CI, 61.3 to 74.4), p<0.001);
however, specificity was lower (94.5% (95% CI, 93.5 to 95.8) vs
99.2% (95% CI, 99.8 to 99.6), p<0.001). For ungradable cases
of DMO, the DLS showed higher sensitivity (66.7% (95% CI,
60.8 to 71.7)) vs 52.6% (95% CI, 45.7 to 57.7), p<0.001) and
similar specificity (99.4% (95% CI, 98.9 t0 99.8) vs 99.1% (95%
CI, 98.6 to 99.6), p=0.48), although sensitivity was relatively
poor for both. Confusion matrices for DR and DMO gradability
are presented in online supplemental appendix C.

Misclassification analyses

The DLS missed eight cases of vtDR (false negatives) according
to the reference standard. All eight retinal photographs are
shown in figure 2. These misclassifications comprised six cases
of missed DMO, one case of missed PDR and one case of missed
severe NPDR. The DLS identified mtmDR in all but one of these
instances, indicating that cases would still have been referred but
with less urgency (the remaining case was graded as mild DR).
In seven out of eight cases, the single retina specialist agreed
with the DLS classification of no vtDR rather than the reference
standard, suggesting that these were likely difficult cases. The
DLS also missed seven cases of mtmDR, which were all instead

graded as mild DR. The single retina specialist agreed with the
DLS in four of these instances, again suggesting borderline cases.

Of 53 eyes erroneously identified by the DLS as mtmDR (false
positives), the DLS identified only moderate DR (the next lowest
grade) in 37 (70%) cases. Of 53 eyes erroneously identified as
vtDR (false positives), the reference standard result was mtmDR
and therefore still referable in 37 (70%) cases. Inspecting the
5-point DR Scale confusion matrix (online supplemental
appendix C), there were 10 cases in which the DLS predicted
PDR but the reference standard concluded no DR. Of these,
five cases had referable pathology identified in comments by
the adjudication panel (three retinal vein occlusions, two disc
oedemas), and a further four had clear referable pathology
identified by an ophthalmologist (AT) during post-hoc misclas-
sification analysis (adjudicators were not specifically advised to
identify non-DR pathology). The remaining case exhibited a
non-referrable vascular anomaly.

DISCUSSION

Our results demonstrate that the DLS was able to identify
mtmDR and vtDR with performance similar to or exceeding a
retina specialist in a cohort of Indigenous Australians. For the
detection of mtmDR, vtDR and all-cause referable DR, sensi-
tivity was considerably higher than the retina specialist. Although
specificity was slightly reduced for mtmDR and vtDR detection,
this trade-off would likely be considered acceptable within a
typical screening setting, as missed cases have the potential to
lead to poor visual outcomes.

For all-cause referable DR, the reduction in specificity was
larger (91.7% vs 97.5%). This remains an important consider-
ation when evaluating the viability of a screening programme due
to the cost of false positive referrals. Of the all-cause referable
DR errors made by the DLS, 53% were due to misclassifications
between ‘no mtmDR’ and ‘ungradable for mtmDR,’ indicating
that gradability disagreements were an important source of
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error. This is consistent with our findings of limited sensitivity
for detecting ungradable DMO images by both the DLS (66.7%)
and retina specialist (52.6%). Sensitivity for detecting ungrad-
able images is often not consistently reported for DR detection
systems.'>™ Reviewing the confusion matrices presented in
Schaekermann et al,* we noted there was poor agreement for
DR gradability even between different three-person adjudication
panels (mean sensitivity for detecting ungradable images was
449% across 12 comparisons). This finding implies that much
of the reduction in performance for all-cause referable DR may
arise due to poorly reproducible definitions of gradability, even
among adjudication panels. Developing more consistent defi-
nitions of gradability may enable improved evaluation of DLS
performance.

Kappa scores showed that agreement with the reference stan-
dard across the 5-point DR Scale was similar between the DLS
and retina specialist. Importantly, while these scores penalise
disagreements involving distant values from the reference, there
is no additional penalisation for underestimating severity rather
than overestimating severity. The DLS tended to overestimate
severity compared with the retina specialist (online supplemental
appendix C), which is generally a more acceptable error in a
screening context. Misclassification analyses illustrated that DLS
errors usually occurred in difficult or borderline cases. In most
cases, these errors involved a misclassification to the adjacent
category in the severity scale. Only eight cases of vtDR were
missed and the single retina specialist agreed with the DLS in all
but one of these instances.

This DLS has previously been applied to external validations
sets in India'® and Thailand’ and results from our novel popula-
tion group were comparable. For detecting moderate or worse
DR in these studies, point estimates ranged between 88.9%
and 96.8% for sensitivity and 92.2% and 95.6% for specificity.
Reported performance for other DLSs for referable DR detec-
tion have ranged between 87.2% and 97.5% for sensitivity and
87.0% and 98.5% for specificity; however, definitions, study
populations and methodology vary considerably.'®

Our study has several strengths. First, the DLS was evaluated
in a novel population suffering from a high burden of diabet-
ic-eye disease. Second, classification thresholds were locked
prior to the commencement of the study rather than being
derived through post-hoc analysis of receiver operating curves.
Third, we applied a consistent, rigorous reference standard to
all images for external validation. Fourth, we report a range of
composite outcomes that are clinically relevant to real-world
screening programmes, including all-cause referable DR.

Our study has relevant limitations. Despite the use of a
rigorous reference standard, we did not use optical coherence
tomography imaging to define the presence of DMO, as has been
recently described.”” The reference standard also did not include
identification of non-DR referrable pathology. Although the
DLS did identify important non-DR pathology in our misclassifi-
cation analysis, it is possible that there was additional pathology
that a retina specialist would have detected beyond the DLS. Our
data came from a single centre, therefore our findings may not
generalise to other Indigenous populations or to settings using
alternative screening strategies such as multifield or dilated
photography. Finally, as a retrospective study our validation set
may not reflect the disease spectrum and challenges of a prospec-
tive cohort.

Future work should aim to address several challenges which
remain for DLS-driven DR screening, with a focus on prospec-
tive validation and real-world implementation. Given the costs
associated with false positive referrals using a fully automated

model, the development of a hybrid model may provide a more
practical option for implementation.”® This would involve
the use of a DLS to rule out non-referable cases followed by
secondary human assessment.

Careful consideration of processes for integrating DLSs into
clinical-care pathways is critical, especially for Indigenous
Australians. In addition to lower screening rates, Indigenous
patients experience reduced follow-up after referral.”’ Proposed
explanations for this include: (1) higher proportions living in
areas serviced by visiting specialists, (2) reduced accessibility
through conventional communication pathways such as mail
and telephone and (3) poor understanding of the need for
attendance.” A key benefit of a DLS is the ability to provide an
immediate referral decision at the time of screening, facilitating
in-person education and appointment planning. Although there
is some supporting evidence derived from other settings that
such a pathway would result in increased referral adherence,’®?!
further work in this area is needed.

Prospective validation studies to date have identified relevant
implementation challenges including poor internet availability
and technical issues limiting consistent acquisition of gradable
photographs.®** Large-scale deployment of a DLS for retinal
screening is dependent on addressing these difficulties with vali-
dated solutions. In addition, it is known that a range of complex
cultural factors influence the acceptability and uptake of health-
care interventions for Indigenous Australians, therefore collab-
oration with community leaders is essential.”’ Fear and distrust
towards Western medical practices is an important barrier to
healthcare access in Indigenous communities, and it is possible
that similar concerns may limit the uptake of Al-based solutions.

Our study shows that a DLS can detect DR in an Indigenous
Australian cohort with improved sensitivity and similar speci-
ficity compared with a retina specialist. This demonstrates the
potential of the system to support DR screening among Indige-
nous Australians, an underserved population with a high burden
of diabetic eye disease. Inadequate DR screening represents
an important source of healthcare inequity and is therefore an
urgent priority for Australia.
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