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OBJECTIVE

The goal of this study was to describe the development and validation of an
artiﬁcial intelligence–based, deep learning algorithm (DLA) for the detection of
referable diabetic retinopathy (DR).
RESEARCH DESIGN AND METHODS

A DLA using a convolutional neural network was developed for automated detection of vision-threatening referable DR (preproliferative DR or worse, diabetic macular edema, or both). The DLA was tested by using a set of 106,244 nonstereoscopic
retinal images. A panel of ophthalmologists graded DR severity in retinal photographs included in the development and internal validation data sets (n = 71,043); a
reference standard grading was assigned once three graders achieved consistent
grading outcomes. For external validation, we tested our DLA using 35,201 images
of 14,520 eyes (904 eyes with any DR; 401 eyes with vision-threatening referable
DR) from population-based cohorts of Malay, Caucasian Australians, and Indigenous Australians.
RESULTS

Among the 71,043 retinal images in the training and validation data sets, 12,329
showed vision-threatening referable DR. In the internal validation data set, the area
under the curve (AUC), sensitivity, and speciﬁcity of the DLA for vision-threatening
referable DR were 0.989, 97.0%, and 91.4%, respectively. Testing against the
independent, multiethnic data set achieved an AUC, sensitivity, and speciﬁcity of
0.955, 92.5%, and 98.5%, respectively. Among false-positive cases, 85.6% were due
to a misclassiﬁcation of mild or moderate DR. Undetected intraretinal microvascular abnormalities accounted for 77.3% of all false-negative cases.
CONCLUSIONS

This artiﬁcial intelligence–based DLA can be used with high accuracy in the detection of vision-threatening referable DR in retinal images. This technology offers
potential to increase the efﬁciency and accessibility of DR screening programs.
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Automated Grading System for DR

Diabetic retinopathy (DR), the most common microvascular complication of diabetes, is a leading cause of irreversible
vision loss in adults of working age
(1). Recent estimates suggest the global
prevalence of DR is 34.6%, corresponding to nearly 100 million people worldwide (1). With the prevalence of diabetes
expected to rise by at least 25% by
2030 (2,3), a signiﬁcant increase is expected in the burden of DR (4).
Given that the majority of vision loss
from DR is avoidable through early detection and effective treatment strategies
(5,6), many national and international societies have long endorsed screening for
DR (7). This comes most commonly in the
form of point-of-care ophthalmoscopy
by trained eye care personnel (e.g., ophthalmologists or optometrists) or retinal
photography with either local interpretation or telemedicine-based screening programs with centralized grading (8). However,
despite growing evidence of the effectiveness of routine assessments and early
intervention (9,10), comprehensive DR
screening strategies are not widely implemented (11). This is largely because of
the inadequate availability of resources,
including trained eye care personnel and
ﬁnancing, to cope with the rapidly growing
burden of diabetes. This is particularly
important in main developing countries
such as China and Indonesia (11–13).
Deep learning, a branch of machine
learning under the broad category of
artiﬁcial intelligence (AI), represents a
recent advancement of artiﬁcial neural
networks that permits improved classiﬁcation predictions from raw image data
(14). These deep learning techniques
have been applied in highly image-driven
medical specialties, including dermatology and radiology, with promising results: the techniques have identiﬁed
diseases as accurately as or more accurately than board-certiﬁed specialists
(15,16). Recent studies suggest that
these deep learning algorithms (DLAs)
can achieve excellent sensitivities and
speciﬁcities in detecting DR and referable DR (moderate DR or worse) (17–20),
thereby offering signiﬁcant potential
beneﬁts to DR screening programs, including increased efﬁciency, accessibility, and affordability. Despite this, most
of the systems were validated using
retinal photographs from publicly available databases (EyePACS, MESSIDOR 2,
e-ophtha), comprising mainly high-quality
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photographs from individuals of a single
ethnicity. Given this, such systems should
be evaluated under real-world screening
conditions, where the quality of retinal
images varies considerably and retinal
pigmentation differs among ethnicities;
it is important that DLAs for DR be validated through the use of retinal photographs captured with different imaging
protocols and across multiple ethnicities
in order to demonstrate their pertinence.
We are aware of only one study to date
that has evaluated a DLA in a multiethnic
cohort (21).
Herein we describe the development
and validation of a DLA for the detection
of vision-threatening referable DR
(preproliferative DR or worse, diabetic
macular edema [DME], or both) through
the use of a data set of over 70,000 retinal photographs collected during routine
assessments from a variety of clinical
settings in China. In addition, we validate
the DLA using three population-based
data sets comprising photographs from
individuals of distinct ethnicities.
RESEARCH DESIGN AND METHODS

This study was approved by the institutional review boards of the Zhongshan
Ophthalmic Center, Guangzhou, China
(2017KYPJ049), and the Royal Victorian
Eye and Ear Hospital, East Melbourne,
Australia (16/1268H). The study was
conducted in accordance with the Declaration of Helsinki.
Development of the DLA

The DLA was developed using 71,043
retinal photographs acquired from a
web-based, crowdsourcing platform
(LabelMe, Guangzhou, China; http://www
.labelme.org) that contains more than
200,000 color fundus photographs. A total
of 36 hospital ophthalmology departments, optometry clinics, and screening
settings in China contributed deidentiﬁed original fundus photographs to this
data set. In all cases retinal photographs
were captured through the use of common conventional desktop retinal cameras and digital retinography systems,
including from Topcon Corp., Canon,
Heidelberg Engineering, and with a variety
of imaging protocols. We recruited 27
ophthalmologists as candidates to grade
images. Each candidate graded three test
sets of 60 images (20 images of normal
fundi, 20 images of background DR, and
20 images of preproliferative or proliferative DR), and their results were compared

with those of an experienced ophthalmologist (Z.L.) who held an English National
Health Screening (NHS) DR grading license. Only those who achieved an unweighted k $ 0.70 (substantial) for visionthreatening referable DR (preproliferative
DR or worse, DME, or both) were included
as graders in this study. In total, 21 ophthalmologists met this criterion.
Retinal photographs were graded between March and June 2017. Images
from the total data set (n = 71,043)
were randomly assigned to a single
ophthalmologist for grading when their
LabelMe account was activated. After a
given image was graded, it was returned
to the pooled data set; this process continued until three consistent grading outcomes were achieved for an image. At that
time, a conclusive annotation was added
to the image and it was removed from
the original image pool and made available for download by the research team.
Graders were blind to the previous grading outcomes in this process, and a given
image could be assigned to a grader only
once. The consensus grading outcome
was assigned as the ﬁnal, conclusive
grade of each image. A retinopathy severity score was assigned according to
the NHS diabetic eye screening guidelines
(22,23). These guidelines categorize
patients as R0 (no DR), R1 (background
DR), R2 (preproliferative DR), R3 (proliferative DR), M0 (no visible maculopathy),
M1 (maculopathy), or U (unclassiﬁable).
We deﬁned DME as any hard exudates
within a one-disc diameter of the fovea
or an area of hard exudates in the macular
area that encompassed at least 50% of
the disc area. Vision-threatening referable DR was deﬁned as preproliferative
DR or worse, DME, or both. Images were
graded as “poor quality” if 50% or more
of the image was obscured or if vessels
in the macular region could not be distinguished as DME. Figure 1 and Supplementary Table 1 describe the image
grading process, how models were
built, and how images were randomized
to the training or validation set.
Several preprocessing steps were performed for normalization to control for
variation in the data set. The resolution of
original images was any of the following:
2,480 3 3,280; 576 3 768; 1,900 3 2,285;
1,958 3 2,588; 1,900 3 2,265; 1,956 3
2,448; and 1,944 3 2,464 pixels. Image
pixel values were scaled within a range of
0–1, and local-space average color was
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Figure 1—Development workﬂow for image grading and automated detection.

applied for color constancy (24). Images
were then downsized to a resolution of
299 3 299 pixels. Online data augmentation was performed to transform the
images by a zero- to three-pixel random
horizontal shift and 90°, 180°, or 270°
random rotation in order to expand heterogeneity but keep the prognostic features in
the image. The study included four deep
learning models, all of which use Inception
v3 architecture (25) (Supplementary Fig. 1).
This included networks for the 1) classiﬁcation for vision-threatening referable DR,
2) classiﬁcation of DME, 3) evaluation of
image quality for DR, and 4) assessment of
image quality and of the availability of the
macular region for DME. The model used
in this study was version 20171024.
Validation Data Sets

We initially tested our DLA in our local
LabelMe data set by preserving a percentage of images from the original data
set of 71,043 images. This included a total
of 19,900 images from the four deep
learning models; each image was labeled
with a consensus standard. An experienced

ophthalmologist (Z.L.) classiﬁed falsepositive and false-negative images into
subgroups.
Using identical preprocessing procedures, we also evaluated the performance of our DLA on an independent
data set of 35,201 images (14,520 eyes of
7,643 participants) derived from three
population-based studies. Populationbased samples offer an ideal platform
with which to validate this system because they closely mirror the screening
setting, capturing a population across the
full spectrum of DR severity. These studies included the Indigenous Australians
from the National Indigenous Eye Health
Survey (NIEHS) (26), Malays from the
Singapore Malay Eye Study (SiMES) (27),
and Caucasians (95%) from phases 2
and 3 of the Australian Diabetes, Obesity and Lifestyle Study (AusDiab) (28)
(Table 1). In each study, two standard,
nonmydriatic, 45°, color retinal photographs were taken of each eye, one of
the optic disc and the other of the macula,
using a Canon retinal camera. Protocols
for pupillary dilation differed between

studies. In the SiMES, all participants
underwent pupillary dilation as part of
the retinal imaging protocol, whereas in
the NIEHS mydriatic photography was
used only when nonmydriatic photography failed; no participants underwent
pupillary dilation in the AusDiab. Trained
professional graders from each study
were used as the reference standard
against which the DLA was evaluated.
In the case of the NIEHS, images classiﬁed as mild and moderate nonproliferative
DR (NPDR) were grouped, and as such,
a single ophthalmologist (Z.L.) regraded
these images to conform to the NHS
scheme. In all studies a single manual
grading outcome was provided by eye.
Given that in the majority of cases
multiple images were available for each
eye, we adopted the following logic to
consolidate a single automated grading
result for the right and left eyes: 1)
positive referable DR = any image for
a given eye was found upon automated
grading to be positive; 2) negative referable DR = all images for a given eye were
found upon automated grading to be
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Table 1—Summary of population-based studies used for external validation
Data sets
NIEHS

SiMES

AusDiab

2008

2004

2004–2012

Australia

Singapore

Australia

40–90
Indigenous Australians
41.1

40–80
Malay
51.9

25–90
Caucasian Australians
53

9.4

35

24.5

Two-ﬁeld, 45° images taken with
a Canon CR-DGi camera
Mydriasis performed when
nonmydriatic photography failed
Five certiﬁed professional senior
graders (.2 years’ experience)
supervised by a retinal specialist
from Australia
7,181

Two-ﬁeld, 45° images taken
with a Canon CR-DGi camera
Mydriasis performed for
all participants
One certiﬁed professional senior
grader (.7 years’ experience)

Two-ﬁeld, 45° images taken with
a Canon CR6-45NM camera
No pupillary dilation

Year
Country
Demographics
Age, years (range)
Ethnicity
Male sex (%)
Diabetes
prevalence (%)
Retinal imaging
Protocol

Grader experience

Images (n)

negative, ungradable, or both; and 3)
ungradable = all images for a given eye
were ungradable upon automated grading.
Statistical Analyses

The accuracy of each grader was calculated as the proportion of grading results
that matched the conclusive grading
outcome divided by the total number
of images graded by that individual. The
sensitivity, speciﬁcity, accuracy, and
area under the curve (AUC) of the DLA
in detecting vision-threatening referable
DR were calculated and compared to
the reference standard (local validation
by a retinal specialist; external validation
by professional graders) at the level of
the individual eye. The 95% CIs were also
calculated. STATA version 14.0 (StataCorp, College Station, TX) was used for
all statistical analyses in this study.
RESULTS

Each image in the local data set was
graded between three and eight times,
with a mean agreement 87.3% (95% CI
85.6–95.4%) and a range of 78.6–97.2%
among the 21 ophthalmologists. Each
ophthalmologist graded between 137 and
21,024 (median 3,501) fundus photographs. Eleven ophthalmologists individually graded more than 3,500 fundus
photographs. Of the total 71,043 images,
4,253 (6.1%) were labeled as poor quality, leaving 66,790 images with a conclusive DR severity grading. Using a simple
random sampling method, a total of 58,790

15,679

images were assigned to the training data
set and the remaining 8,000 images were
held for internal validation. Among the
58,790 images in the training data set,
10,861 (18.5%) had vision-threatening
referable DR and 13,736 (27.5%) had
DME (Supplementary Table 1). Training
and internal validation of the DLA were
completed in October 2017.
Internal Hold-Out Validation

In the internal hold-out validation data
set, with reference to the ophthalmologist standard, the AUC, sensitivity, and
speciﬁcity of the DLA for vision-threatening
referable DR were 0.989, 97.0%, and
91.4%, respectively (Fig. 2). For DME,
the AUC of the DLA was 0.986, the
sensitivity was 95.0%, and the speciﬁcity was 92.9%. The AUC, sensitivity,
and speciﬁcity were 0.950, 90.0%, and
86.2%, respectively, for image quality
(to identify referable DR) and 0.989,
96.7%, 90.2%, respectively, for image
quality (to identify DR) and availability
of the macular region (to identify DME).
The most common clinical features
of false-negative cases (n = 44) included
intraretinal microvascular abnormalities
(n = 34 [77.3%]) and peripheral retinal
photocoagulation laser scars without active proliferative DR lesions (n = 4 [9.1%])
(Table 2). An analysis of false-positive
cases (n = 563) revealed that most images
displayed signs of retinal pathology (n 5
517 [91.8%]), of which the majority (n =
482 [93.2%]) were due to background DR

Three certiﬁed professional senior
graders (.2 years’ experience)
supervised by a retinal specialist
from Australia
12,341

being misclassiﬁed as vision-threatening
DR; the remaining cases were other eye
pathologies, including age-related macular degeneration (n = 10 [1.9%]) and
myopic maculopathy (n = 7 [1.4%]). Thus,
only few of all false positive cases (n 5 46
[8.2%]) had no abnormal ocular ﬁndings, which contained near half images
with artifacts (n 5 2 [45.7%]). Examples
of typical false-negative and false-positive
images can be found in Supplementary
Figs. 2 and 3.
External Validation

The external data set contained retinal
images from 14,520 eyes from three
population-based studies (Supplementary Fig. 4). Of these, 863 eyes (5.9%)
were missing or had ungradable manual grading outcomes and were subsequently excluded from analysis. Among
the total 13,657 eyes (94.1%) included in
the external validation data set, 956
(7.0%) had any DR (mild NPDR or worse)
and 401 (2.9%) had vision-threatening
referable DR.
Also among the 13,657 eyes with
images in the external validation data
set, 263 images (1.9%) were ungradable
for referable DR with the use of the
DLA. The DLA showed robust and comparable performance across each of the
three population-based studies, achieving accuracy of 97.1%, 98.3%, and 99.1%
for the NIEHS, SiMES, and AusDiab, respectively (Supplementary Table 2 details
metrics by study). The combined AUC,
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Figure 2—Mean AUC of the model for automated detection of vision-threatening referable DR,
derived from internal validation. ROC, receiver operating characteristic. (A high-quality color
representation of this ﬁgure is available in the online issue.)

sensitivity, and speciﬁcity of the DLA for
referable DR were 0.955, 92.5%, and 98.5%,
respectively. This data set consisted of
193 false-positive images (23 [11.9%]
of which showed mild or moderate DR),
367 true-positive images, and 30 falsenegative images.
To assess repeatability and reliability
of the DLA, automated grading was repeated on a sample of 200 eyes from

each study data set. We observed
100% consistency in this subset evaluation. An evaluation of real-time runtime of the DLA classiﬁcation procedure
yielded an average of 8.5 s per evaluated
image.
CONCLUSIONS

This article describes the development
and validation of a novel AI-based DLA

Table 2—Features of false-negative and false-positive images for referable DR in
the internal validation data set
Features

No.

Proportion

False-negative images
IRMA
PRP laser scar
Blurred preretinal hemorrhage
Questionable new vessels
Total

34
4
3
3
44

77.3
9.1
6.8
6.8
100

482
10
7
5
2
2
9
517

85.6
1.8
1.2
0.9
0.4
0.4
1.5
91.8

21
25
46
563

3.8
4.4
8.2
100

False-positive images
Retinal disorders
Background DR
AMD
Myopic maculopathy
Silicone oil–ﬁlled eyes
Retinal vessel occlusion
Retinal detachment
Others
Subtotal
Normal fundus
With artifacts
Without artifacts
Subtotal
Total

AMD, age-related macular degeneration; IRMA, intraretinal microvascular abnormality; PRP,
peripheral retinal photocoagulation.

for the detection of vision-threatening
referable DR. Using a large data set of
71,043 retinal images labeled with a
reference standard and 35,201 retinal
images from population-based studies,
our DLA achieved robust performance in
identifying vision-threatening referable
DR (AUC = 0.989) and DME (AUC = 0.986)
in an independent, local validation
data set. Furthermore, the DLA showed
excellent diagnostic performance in an
external, multiethnic data set (AUC =
0.955). Thus it offers great potential
as an efﬁcient, low-cost solution for
DR screening.
Recent reports provide novel data on
the accuracy of deep learning systems
for the detection of DR (17–19). Gargeya
and Leng (18) validated their DLA using
75,137 images, demonstrating high diagnostic accuracy for the detection of any
DR (AUC = 0.94–0.95). Abràmoff et al. (17)
validated their DLA using 1,748 images
and also reported promising results (AUC =
0.980) in the detection of any DR. However, given that early DR (mild NPDR or
better) alone does not constitute a change
in the routine management of patients
with diabetes, identiﬁcation of referable
DR has been the focus of screening programs internationally (i.e., moderate
NPDR or worse, DME, or both) (19,29).
Adopting this criterion, Gulshan et al.
(19) tested their DLA using 9,963 retinal
images and achieved excellent performance (AUC = 0.99) for referable DR.
Ting et al. (20) validated their DLA using
71,896 images and also reported excellent results for referable DR (AUC 0.936)
and vision-threatening DR (AUC 0.958).
Although these studies provide excellent insights, they had some limitations. First, all previously reported DLAs
were based on a clinical deﬁnition, the
International Clinical Diabetic Retinopathy Disease Severity Scale (7), which
adopts a criterion for notably earlier
referral for DR, that is, any level of
retinopathy more severe than mild retinopathy (deﬁned as the presence of
microaneurysms only). No speciﬁc or
effective eye care management is currently available for patients with this
milder stage of DR, and therefore these
patients should not be referred for specialist eye care; rather, they should be
monitored with routine annual screenings (30). This was highlighted by the
landmark Early Treatment of Diabetic Retinopathy Study (ETDRS), which
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reported that none of patients with mild
DR progressed to proliferative DR within
1 year (31). Thus the adoption of this
clinical criterion would lead to overreferral, increasing the strain on eye care
resources and adding ﬁnancial burden
to DR screening programs. By comparison, ours is, to our knowledge, the ﬁrst
study to develop a DLA through the use
of real-world national screening criteria.
The NHS DR classiﬁcation guideline
has been used for many years in national
DR screening programs, such as DR
screening programs in the U.K. (10). Using this classiﬁcation, the U.K. DR screening program showed that the number
of blindness cases from DR has been
reduced from 2003 to 2016, to the extent
that DR is no longer the leading cause
of blindness among working-aged adults
in the region (32).
Second, three previously reported deep
learning systems were validated against
public databases comprising mainly
high-quality photographs from Caucasian
eyes. To demonstrate the generalization of these automated systems, it is
important to assess their validity in multiethnic data sets containing images obtained through variable retinal imaging
protocols (e.g., nonmydriatic vs. mydriatic) (21).
To address these gaps, in the current
study we developed and validated our
DLA to detect vision-threatening referable DR (preproliferative DR or worse,
DME, or both) based on real-world national DR screening programs (10,33).
We tested our DLA in four ethnic groups
(Chinese, Malay, Caucasian Australian,
and Indigenous Australian), each with
distinct retinal pigmentation. Contrast
between retinal background and DR
lesions (e.g., hemorrhages) varies considerably across ethnicities and is
therefore a source of potential error.
That is, we hypothesized that a higher
level of pigmentation in darker races
(e.g., Indigenous Australians) may reduce
the contrast between background and
DR lesions, making it more difﬁcult for
automated methods to detect them. Our
ﬁnding of robust diagnostic performance
across all ethnicities (AUC ranging from
0.94 [Indigenous Australians] to 0.99
[Chinese]) provides evidence that pigmentation does not affect the performance of our DLA and that it is
likely generalizable to most populations
worldwide.
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Poor-quality images are an inevitable
consequence of disturbances during the
image acquisition process, including poor
pupil dilation, media opacities, image
contrast or focus issues due to operator
problems, or all three. In real-world
screening settings, rates of poor-quality
or ungradable images have been reported to be as high as 20% (34,35).
There is no doubt that sufﬁcient image
quality and ﬁeld deﬁnition are key prerequisites for reliable automatic systems
for detecting DR and DME. Our DLA
successfully offers automated classiﬁers
of image quality (blur detection; AUC =
0.950) and location (macular ﬁeld vs.
other ﬁelds; AUC = 0.989), robustly
identifying low-quality images in real time
and prompting image recapture. Our
ﬁnding that 98% of retinal images in
the external validation data set were
gradable using the DLA provides evidence of reliable automated image analysis under different imaging protocols
(mydriatic and nonmydriatic) and in
older adults who are prone to media
opacities. It is worth noting that visual
acuity should be assessed in conjunction
with retinal analysis in DR screening.
Those with reduced vision should be
given a referral because other pathology
such as cataract, retinal detachment, or
vitreous hemorrhage may be the cause
of ungradable images. In addition, visual
acuity assessment is important to ensure
cases that may be undetectable by standard photography (e.g., macular ischemia) are not overlooked.
Indigenous Australians are particularly susceptible to vision loss from DR
through a combination of extremely high
rates of diabetes (36) and a historical
disadvantage in terms of accessing eye
care services (37). Our ﬁnding that performance indicators (sensitivity, speciﬁcity, and AUC) were substantially better
among the Indigenous Australian data set
than what screening guidelines would
typically recommend (.80% sensitivity
and speciﬁcity) offers great promise to
improve the accessibility and efﬁciency
of DR screening among this population.
To our knowledge, this is the ﬁrst study
to explore the characteristics of misclassiﬁcation (false negatives and false
positives) when using a DLA to detect
DR. This investigation will help us better
understand why this happens in DLA
grading and identify strategies to minimize errors in the future. And these

data are also useful to assist in the clinical
acceptance of these systems (21). Falsepositive referrals result in wasted resources
and often cause unnecessary psychological harm to patients (38). Our ﬁnding
that ;92% of false-positive images displayed abnormal retinal features highlights that most patients in fact may
have beneﬁted from referral. More
than three-fourths of false-negative cases
proved to be undetected intraretinal
microvascular abnormality, an often subtle lesion characterized by abnormal
branching or dilation of existing retinal
vessels. Future optimization of the DLA
through the inclusion of more image
examples of this lesion in the data set
would likely further increase our sensitivity metric.
Key strengths of this study include the
use of a large training data set (.70,000
images) of images labeled with a reference standard, development based on
real-world screening guidelines, and the
robust performance of our DLA when
tested on an external validation data set
of 35,201 images from three multiethnic,
population-based studies. Some limitations must also be considered. First, in
the external validation data set (population-based images), the performance
of our DLA was assessed against grading
by professional nonphysician graders and
not by ophthalmologists (i.e., the reference standard). However, given that previous research has consistently reported
high interobserver agreement between
nonphysician graders and ophthalmologists (39,40), and that similar metrics
were observed from internal hold-out
validation, it is unlikely that the use of
nonphysician graders would have significantly affected the overall diagnostic
accuracy. Second, a relatively small representation of referable cases was included in the Caucasian sample (n = 37),
which may have resulted in an unstable
estimate of diagnostic accuracy in this
group. Third, the positive predictive
value (PPV) and negative predictive value
for the external validation data set were
65.5% ([367 4 560] 3 100) and 99.7%
([12,993 4 13,027] 3 100), respectively.
PPV is highly dependent on the prevalence of disease, and given that our
external validation data set contained
a relatively low prevalence of referable
DR (2.9%) compared with what is expected in real-world screening settings (;10%), the resultant PPV likely
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represents an underestimation of the
true PPV. Furthermore, the operating
threshold for this DLA was purposefully
set to be conservative, with an emphasis on not missing vision-threatening
referable DR, and thus we focused on
achieving a high sensitivity and very
high negative predictive value. Fourth, the
use of two-ﬁeld, nonstereoscopic images
(as opposed to standard seven-ﬁeld stereoscopic images) and the exclusion of
optical coherence tomography from the
study protocol may have resulted in a
reduced sensitivity to DR and in particular, reduced DME detection. Last, although not detailed in this report, it is
important to note that our DLA has been
developed to detect other common, incidental vision-threatening conditions
such as possible cataract (AUC = 0.991),
suspected glaucoma (AUC = 0.989), and
late age-related macular degeneration
(AUC = 0.995) (data not shown). These
conditions are typically included within
current manual DR screening programs
and therefore should not be ignored.
In summary, this AI-based DLA shows
robust performance in the detection of
vision-threatening referable DR (severe
DR or worse, DME, or both) in retinal
images from a multiethnic sample. This
technology offers great potential to increase the efﬁciency and accessibility of
DR screening programs, particularly in
developing countries such as China, Indonesia, and India, and in minority
and underserved populations (e.g., Indigenous Australians). Before clinical use,
further work is required to investigate
where this technology “ﬁts” within the
clinical system. For example, whether
this software can be successfully incorporated at the point of care to allow
non–eye-trained professionals to conduct
DR screening or into telemedicine-based
screening programs warrants investigation. In addition, public health projects
assessing the impact (i.e., adherence to
referral, new DR detection rates), enduser acceptance (clinician and patient),
and cost-effectiveness of these DLAs
would be beneﬁcial.
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