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OBJECTIVE

Diabetic retinopathy (DR) is a leading cause of vision loss worldwide. Screening for
DR is recommended in children and adolescents, but adherence is poor. Recently,
autonomous artificial intelligence (AI) systems have been developed for early
detection of DR and have been included in the American Diabetes Association’s
guidelines for screening in adults.We sought to determine the diagnostic efficacy of
autonomous AI for the diabetic eye exam in youth with diabetes.

RESEARCH DESIGN AND METHODS

In this prospective study, point-of-care diabetic eye examwas implemented using a
nonmydriatic fundus camerawith an autonomousAI system for detection ofDR in a
multidisciplinary pediatric diabetes center. Sensitivity, specificity, and diagnos-
ability of AI was compared with consensus grading by retinal specialists, who were
masked to AI output. Adherence to screening guidelines was measured before and
after AI implementation.

RESULTS

Three hundred ten youth with diabetes aged 5–21 years were included, of whom
4.2% had DR. Diagnosability of AI was 97.5% (302 of 310). The sensitivity and
specificity of AI to detect more-than-mild DR was 85.7% (95% CI 42.1–99.6%) and
79.3% (74.3–83.8%), respectively, comparedwith the reference standard as defined
by retina specialists. Adherence improved from 49% to 95% after AI implementation.

CONCLUSIONS

Useof anonmydriatic fundus camerawithautonomousAIwas safe andeffective for
the diabetic eye exam in youth in our study. Adherence to screening guidelines
improvedwith AI implementation. As the prevalence of diabetes increases in youth
and adherence to screening guidelines remains suboptimal, effective strategies for
diabetic eye exams in this population are needed.

Diabetes is a significant public health problem worldwide, and in the U.S., it affects
almost 30 million people (1). In youth, diabetes is one of the most common chronic
childhood diseases, with an incidence that has been increasing over the past decade
forboth type1diabetes (T1D)and type2diabetes (T2D) (2). Childrenwithdiabetes are
at risk for diabetes-related complications, including diabetic retinopathy (DR), which
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is a leading cause of blindness and vision
loss in young adults (3). The risk for
development and progression of reti-
nopathy can be partially mitigated by
intensive glycemic control (4). However,
only 17% of pediatric patients achieve
the American Diabetes Association (ADA)–
recommended HbA1c target of ,7.5% for
optimal glycemic control (5). Thus, evalu-
ating for complications, and particularly
DR, is of utmost importance to promote
early detection and intervention to pre-
vent vision loss.
The ADA recommends screening for

DR in patients with T1D within 3–5 years
of diagnosis and at the time of diagnosis
for patients with T2D, with yearly fol-
low-up exams thereafter for both types
of diabetes (6). Studies show that only
35–72% of youth with diabetes undergo
recommended ophthalmic exams in ac-
cordance with clinical practice guide-
lines. Furthermore, minority youth and
children from lower socioeconomic back-
grounds are less likely to undergo rec-
ommended screening compared with
their White counterparts, even with in-
surance coverage (7). This may be due to
the length of time associated with oph-
thalmic examinations and the additional
time off from work and school required
to attend ophthalmology visits in addi-
tion to quarterly diabetes care visits.
While the current prevalence of DR in
youth is reportedly low, this is likely to
increase with the rising incidence of pe-
diatric diabetes, especially T2D, which is
associated with an earlier onset of DR
(2,8,9).
To improve accessibility and screening

rates, digital fundus photography using
nonmydriatic cameras has been imple-
mented in adult and pediatric clinics
(10–12). Digital fundus photography can
be performed without the need for pupil
dilation and takes a few minutes com-
pared with traditional dilated eye exams
(13,14). These cameras produce high-
quality images that can be assessed for
the presence of DR by eye care providers
(optometrists or ophthalmologists) or
trained readers in a deferred manner on
site or remotely. Use of digital retinal
images is sensitive and specific for de-
tection of DR changes, demonstrating
substantial agreement with stereoscopic
photos of the seven standard fields
(15,16), and in some cases, has been
found to be more sensitive than dilated
eye exams by eye care providers (16,17).

Recently, fully autonomous artificial in-
telligence (AI)–based systems have been
developed for detection of DR and di-
abetic macular edema (18–21). With
autonomous AI systems, retinal images
are taken with a nonmydriatic fundus
camera and assessed for presence or
absence of DR in real time, without the
supervision of an eye care provider,
making it useful in settingswhere special-
ists are not readily available. Similar to
other point-of-care (POC) initiatives that
havedemonstrated improved adherence
in patients with diabetes (22), autono-
mous AI is also expected to improve
adherence for the diabetic eye exam,
and has already been used and Food and
Drug Administration (FDA) approved for
adults (18,19). Trials of this technology
in the adult primary care setting have
demonstrated sensitivity of 87.2%, spec-
ificity of 90.7%, with 96% diagnosability
(defined as percentage of patients eval-
uated forDRwho receive an interpretable
result from the AI algorithm) in detecting
more-than-mildDR (mtmDR) anddiabetic
macular edema. While this technology
has been shown to be effective and safe
in adults, and is included in the ADA’s
2020 Standard of Diabetes Care (23), it
has not been studied in the pediatric
diabetes population and is not currently
FDA approved for use in patients ,21
years of age.

The purpose of this study was to pro-
spectively assess the diagnostic efficacy
of autonomous AI for diabetic eye exams
in pediatric patients in a real-world set-
ting. We also measured adherence to
ophthalmic screening guidelines before
and after implementation.

RESEARCH DESIGN AND METHODS

This prospective study was conducted
at a multidisciplinary pediatric diabetes
clinic affiliated with Johns Hopkins Uni-
versity School of Medicine. The Johns
Hopkins University School of Medicine
institutional review board approved this
study in accordance with the Declaration
ofHelsinki. Patients aged 5–21 yearswith
T1D, T2D, or cystic fibrosis–related di-
abetes who were being seen for regular
diabetes care between December 2018
and November 2019 were included. At
the time this study was initiated, ADA
2018 guidelines for DR screening in-
cluded youth with T1D aged $10 years
with diabetes duration of at least 3 years
and T2D at diagnosis. Exclusion criteria

included ophthalmic abnormalities, such
as media opacities or strabismus.

Parents/caregivers were notified about
the study through secure electronicmes-
saging in advance of their diabetes ap-
pointment.Aresearchassistantapproached
themat their visit and obtained informed
consent if they were interested in par-
ticipating. Participants’ clinical datawere
extracted from their electronic medical
record. Parental education and house-
hold income were self-reported.

Color photos of the retina were ob-
tained using a TRC-NW400 camera (Top-
con, Tokyo, Japan) installed with IDx-DR
2.0 US autonomous AI. No pupil dilation
was used. Images were acquired by a
trained research assistant with no prior
experience in ophthalmic imaging. Two
color images were acquired per eye,
one macula centered and the other disc
centered, for a total of four photos. The
IDx-DR system for interpretation of fun-
dus images using autonomous AI is built
into the camera and designed to check
images for quality and to alert the op-
erator if additional attempts are needed
to obtain better-quality imageswhile the
patient is still in the exam chair. Image
acquisition time was measured for the
first 40patients toassess the feasibility of
implementation in a busy diabetes clinic,
and a learner operator curve was cre-
ated. All images were interpreted by the
IDx-DR autonomous AI system as either
none or mild DR or mtmDR. AI interpre-
tation was received by the clinic within
1 min of image acquisition but was not
sharedwith the patient during the study.

The same color photos of the retina
obtained from the TRC-NW400 camera
were then uploaded into the electronic
medical record in Digital Imaging and
Communications inMedicine format and
reviewed independently by two retina
specialists who were masked to AI in-
terpretation. Retina specialists performed
DR grading on the basis of International
Clinical Diabetic Retinopathy classifica-
tion (24). Grades for DR were as follows:
none, mild nonproliferative DR (NPDR),
moderate NPDR, severe NPDR, and pro-
liferative DR, but results were consoli-
dated into two categoriesdnone and
mild DR, and mtmDRdfor comparison
with AI output. If two graders reported
discrepant interpretations, then images
were sent to a third retina specialist for
adjudication. All three retina specialists
also screened for suspicion of macular
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edema on the basis of the presence of
exudates, hemorrhages, or microaneur-
ysms at the level of the macula. All
patients determined to have anyDRby at
least two readers were referred for a
dilated eye exam. Patients with images
that could not be read by either retina
specialist were also recommended to
have a dilated eye exam. Final adjudi-
cated grading or dilated eye exam by
retina specialists was considered the
reference standard for this study. DR
grading for the patient was based on
the eye with more severe retinopathy.
These results were shared with parents/
caregivers and diabetes providers.

Statistical Analysis
Sensitivity and specificity were calcu-
lated by creating 2 3 2 tables, with the
final adjudicated image interpretation
being used as the reference standard. If
images could not be interpreted and a
dilated eye exam was obtained, the di-
lated eye exam results were used as the
reference standard. Exact 95% CIs were
calculated for sensitivity, specificity, pos-
itive predictive value (PPV), and negative
predictive value (NPV). Diagnosability,
defined as the percentage of patients
evaluated for DR who receive an inter-
pretable result from the AI algorithm,
was determined. While the diagnostic
accuracy and feasibility of AI were de-
terminedon thebasis of the results of the
entire cohort, we also performed a sub-
set analysis on participantswhomet ADA
criteria for the diabetic eye exam. Prev-
alence of DR is reported as presence of
any DR among patients. Sensitivity and
specificity of AI is based on the output of
no-more-than-mild DR (none or mild DR)
versus mtmDR. Logistic regression was
used to evaluate equity, or the effect of
race, ethnicity, age, and sex, on sensitiv-
ity, specificity, and diagnosability (25,26).
Demographic and clinical characteristics
among the subgroups were analyzed
using x2 tests for categorical data and
Student t tests for continuous variables.
Poisson regressionwasused toassess the
relationship between characteristics of
the population and the number of at-
tempts needed to capture a useable
image in AI screening. Predictors of false-
positiveoutcomesandDRprevalencewere
each assessed using a series of univariate
and multivariate logistic regression mod-
els. Retina specialist interrater agreement
was calculated using weighted Cohen k.

To account for diagnostic access bias
(27), we calculated the adherence-
corrected sensitivity (ACS) for the study
sample. The calculation for ACS assumes
that the prevalence in the unscreened
(nonadherent) population is the same as
the screened (adherent) population and
allows estimation of the positives in the
unscreened group. The ACS provides a
population-level estimate of the true
proportion of cases that are detected,
even when a subset of the population
does not have access to the test because
of diagnostic access bias, irrespective of
the reason for not undergoing the test.
If two tests have equal sensitivity, but
diagnostic access bias is lower for one
than the other, ACS will be higher for the
former. The ACS is calculated using the
following equation: ACS5 true positives
/ (all positives1 estimate of positives in
nonadherent sample). Estimate of pos-
itives in the nonadherent sample was
calculated as [(1 2 adherence) 3 prev-
alence 3 study sample size].

RESULTS

Overa12-monthperiod,parents/caregivers
of 327 pediatric patients with diabetes
were approached in the diabetes clinic
and invited to participate. Of these, 310
(95%) consented to participation and
screening (Fig. 1). Mean age was 12.26
3.6 years, 47%weremale, and 57%were
White, 32% Black, 4% Hispanic, and 7%
Asian/other ethnicity. Patients predom-
inantly (82%) had T1D. Mean age at
diagnosis was 8.9 6 4.4 years, and me-
dian duration of diabetes was 2.52 years
(interquartile range 0.75, 5.33). HbA1c
was $7.5% in the majority (70%) of pa-
tients. Of participants with T1D, 47%
used an insulin pump, and 63% used a
continuous glucose monitor. Of those
with T2D, 55% used insulin therapy (Ta-
ble 1).

Of the 310 participants, 308 were
graded as having sufficient image quality
by the reference standard (Table 2). Of
the participants with exams of sufficient
quality, 295 (95.8%) had no DR, 6 (2.0%)
had mild NPDR, and 7 (2.3%) had mod-
erate NPDR according to the reference
standard. No patients had severe NPDR
or proliferative DR. Overall prevalence of
any DR in this population was 4.2% (4.0%
and 4.2% in patients with T1D and T2D,
respectively). The interrater agreement
for the initial two graders was 92.2%,
with a weighted Cohen k of 0.247. None

of the patients had any suspicion of
macular edema.

Of the 310 participants, AI gave an
interpretation in302 (97.5%). The images
that were not interpretable by AI were
due to the participant’s inability to keep
his or her eyes open during the photo-
graphic flash or to focus for the disc-
centered images. There was no differ-
ence in clinical characteristics (age, sex,
race, behavioral diagnosis)between these
patients and the overall cohort. The
sensitivity and specificity of autonomous
AI to detect mtmDR was 85.7% (95% CI
42.1–99.6%) and 79.3% (74.3–83.8%)
compared with the reference standard.
The PPV and NPV for mtmDR were 9%
(3.7–20.2%) and 99.6% (97.6–99.9%), re-
spectively. There was no significant effect
of race, ethnicity, age, and sex on spec-
ificity and diagnosability.

We performed a subset analysis in
patients who met ADA criteria for the
diabetic eyeexam(149patients; 48.1%of
the entire cohort), of whom 6 had mild
DR and 6 had mtmDR. In this subset, the
sensitivity and specificity of AI to detect
mtmDR was similar to that in the rest of
the group at 83.3% (95% CI 35.9–99.6%)
and 74.8% (66.8–81.8%), respectively.
The PPV and NPV in this subset for
mtmDR were 12.5% (4.5–28.8%) and
99.0% (94.8–99.9%), respectively. Partic-
ipants in this subset were older, included
more patients with T2D, and more Black
participants compared with the overall
cohort (P , 0.01).

One hundred fifty-two (49%) partici-
pants reported having a diabetic eye
exam before participation in this study.
Of this group, only 11.3% had a record
of the dilated eye exam results in their
chart. After implementation, adherence
improved from 49% to 95%. On the basis
of our preimplementation adherence
rate for diabetic eye exams of 49%,
the corresponding ACS for detection
of mtmDR was 30%. With AI implemen-
tation, ACS was 85%.

One participant had a false-negative
result for mtmDR compared with the
reference standard. Review of the retinal
images revealed an isolated retinal hem-
orrhage nasal to the disc in one eye, with
nomicroaneurysms in either eye (see Fig.
2A).

Therewere 61patientswhowere false
positive for mtmDR compared with the
reference standard (Fig. 2B). All false-
positive images were reviewed, and the
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reasons were classified as follows: 1)
images having a very shiny internal lim-
iting membrane (ILM) with diffuse sheen
or individual shiny dots likely being mis-
taken for exudates (n5 44) or 2) images
noted to have quality issues (slightly
blurred, edge artifact, too dark, or a dif-
fuse reddishhue) (n517). The ILMsheen
is commonly seen in the retina of chil-
dren; thus, we evaluated whether age
was associated with false-positive re-
sults. On univariate andmultivariate anal-
ysis, age, sex, and ethnicity were not
associated with false-positive results.
In 184 (60%) patients, it took one

attempt to obtain adequate images; in
115 (37.5%), it took two or more at-
tempts; and in 8 (2.5%), a result could
not be obtained. On multivariate analy-
sis, age, sex, ethnicity, and behavioral
disorders (attention deficit hyperactivity
disorder, autism) were not significantly

associated with the number of attempts
required to get an adequate image. The
average imaging time for the first 40 pa-
tients was 7 min and 13 s (SD 2.5 min),
with patients 31–40 taking an average of
6 min and 35 s.

CONCLUSIONS

This is the first study to apply an auton-
omous AI system for the diabetic eye
exam in the pediatric population. The
results show that AI in pediatric diabetes
has a sensitivity of 85.7%, specificity of
79.3%, and diagnosability rate of 97% for
detection of mtmDR compared with the
reference standard as defined by retina
specialists. The high sensitivity, specific-
ity, and NPV demonstrate the safety and
efficacy of its use in pediatrics, compa-
rable to the diagnostic accuracy of the
system in an adult primary care setting
(19). Furthermore, the high diagnosability,

real-time AI feedback for image acquisi-
tion; brief imaging time; and ability to
use a nonophthalmology-trained opera-
tor allow for successful integration into
the existing workflow of a busy multi-
disciplinary diabetes clinic. This is espe-
cially timely because the most recent
ADA guidelines include AI systems as a
new approach to the diabetic eye exam.

In this study, we used adjudicated
grades by retina specialists as the refer-
ence standard to allowus to compare our
results with a more real-world teleoph-
thalmology-like scenario where a read-
ing center is typically not used to detect
referable DR. The retina specialists graded
the same images as the AI, as has been
done in some studies (20). However,
other prospective studies have compared
theAIoutputwithasurrogateoutcome,a
reference standard validated to predict
patient outcome on the basis of the Early
Treatment Diabetic Retinopathy Study
(ETDRS) severity scale (19,28). The ETDRS
severity scale was established after dec-
adesofepidemiological research inadults,
wheregradingof fundusphotosbytrained
reading center graders is linked with a
specific likelihood of vision loss (28). This
serves as a surrogate outcome to clinical
outcomes, such as vision loss and blind-
ness, that may take years to manifest.

The prevalence of DR in our prospec-
tive cohort is similar to reported rates,
with recent studies showing prevalence
near 4–5% in T1D (13,29) and 4–13.7%
in adolescents with T2D (30–32). The
low prevalence and low risk for DR in
this patient population create an ideal
screening scenario. Implementation of
POC detection of DR using AI improved
screening rates in this cohort, where only
one-half (49%) reported a prior diabetic
eye exam and 95% agreed to proceed
with POC screening. When consider-
ing the broader population health, the
higher ACS with implementation of AI
indicates that the majority of DR cases in
the entire at-risk population will be iden-
tified (33). Thus, implementing this sys-
tem in thediabetes care setting is likely to
increase screening rates and adherence
to screening guidelines and reach value-
based care measures (Healthcare Effec-
tiveness Data and Information Set). By
providing real-time results, especially if
the result is positive for DR, the patient is
more likely to follow through with the
recommended eye care provider exam
(34,35). Additionally, with the increasing

Figure 1—Standards for the Reporting of Diagnostic Accuracy Studies diagram describing
recruitment numbers and device mtmDR output. *Reasons for refusal: lack of time, already
had eye exam, and legal guardian not present.
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incidence of T2D in adolescents, POC
screening is even more critical because
T2D disproportionately affects minori-
ties andyouth from lower socioeconomic
backgrounds who are otherwise less
likely to be screened (7,30).
The IDx-DR biomarker-based algorithm

used in our study is lesion based rather
thana “black-box” approach todetectDR
(18). It uses explicit detectors for char-
acteristic DR lesions that are racially
invariant, such as hemorrhages and mi-
croaneurysms (36). The algorithm uses
population encoding of multiple lesion
detectors that overlap in the high-
dimensional feature space, rather than
being statistically independent, built us-
ingmachine learning from known lesions

samples and mathematical models of
the disease process forming the lesion
(18,37,38). In our study, we showed
successful use, efficacy, and equity of
this AI system across age, sex, race, and
ethnicity, suggesting unbiased and equi-
table performance in the pediatric di-
abetes population.

We had a high rate of false-positive
results from AI in our patient population
compared with AI performance in adults
(18,19). The predominant reason for the
false-positive results was a more prom-
inent ILM in pediatrics, leading to either
the appearance of a yellowish sheen or
shiny dots that are more easily mistaken
asexudatesby thealgorithm. It ispossible
that if an optical coherence tomography

(OCT) scan rather than retina specialist
grades had been used to determine the
“ground truth,” some of these false
positives could have been true positives
(i.e., if the OCT scan had shown edema in
areas that looked like possible exudates
on the images). Despite the high rate of
falsepositives, it is important tonote that
sensitivity and specificity are still quite
high at 85.7% (95% CI 42.1–99.6%) and
79.3% (74.3–83.8%). In our sample, only
2.3% of patients had moderate DR, and
none had proliferative DR, making it
highly unlikely that a case of vision-
threatening DR would be missed by
implementing theautonomousAI system
for screening of DR in pediatric diabetes
clinics. In fact, whenwe looked at ACS for
detection of DR in our population, we
found that having POC AI leads to many
more patients meeting the screening
guidelines for the diabetic eye exam.
The benefits and cost-effectiveness of
DR screening is well established by prior
studies (39,40). Screening criteria have
been established by the ADA and Amer-
ican Academy of Ophthalmology, and
here we compare the performance of
a newer modality (AI based) for the

Table 1—Characteristics of the study population

Variable Entire study population
Did not meet

screening guidelines
Met screening
guidelines P value

Patients, n (%) 310 161 (51.9) 149 (48.1)

Age (years), mean 6 SD 12.2 6 3.6 10.1 6 3.3 14.5 6 2.3 0.000

Age at diagnosis (years), mean 6 SD 8.9 6 4.4 8.5 6 4.2 9.3 6 4.4 0.119

Duration of diabetes (years), median (IQR) 2.52 (0.75, 5.33) 1.61 (0.47, 2.79) 5.04 (2.33, 7.21) 0.000

Female sex, n (%) 166 (53.5) 93 (57.8) 73 (49) 0.122

Race/ethnicity, n (%)
White 177 (57.1) 102 (63. 3) 75 (50.3) 0.003
Black 100 (32.3) 39 (24.2) 61 (40.9)
Hispanic or Latino 13 (4.2) 5 (3.1) 8 (5.4)
Other 20 (6.5) 15 (9.3) 5 (3.4)

Type of diabetes, n (%)
T1D 254 (81.9) 154 (95.7) 100 (67.1) 0.000
T2D 48 (15.5) 0 (0) 48 (32.2)
CFRD/other 8 (2.6) 7 (4.3) 1 (0.7)

HbA1c, n (%)
,7.5% 81 (26.1) 45 (27.8) 36 (24.3) 0.547
$7.5% 218 (70.3) 109 (67.7) 109 (73.2)
Unknown 11 (3.6) 7 (4.3) 4 (2.7)

Insulin form, n (%)
Injection 147 (47.4) 87 (53.7) 60 (40.5) 0.000
Insulin pump 141 (45.5) 73 (45.1) 68 (46)
Not taking insulin 22 (7.1) 2 (1.2) 20 (13.5)

CGM, n (%)* 159 (62.6) 97 (63) 62 (62) 0.874

Metformin, n (%)** 39 (81.3) 0 (0) 39 (81.3)

The t testwasused to compare continuous variables, andx2 testwasused to analyze categorical data. Durationof diabeteswas nonparametric and thus
is reported as median with IQR, and Wilcoxon rank sum test was used to compare subgroups. Boldface type indicates significance level at P, 0.05.
CFRD, cystic fibrosis–related diabetes; CGM, continuous glucose monitor; IQR, interquartile range. *Patients with T1D. **Patients with T2D.

Table 2—Results of reference standard grading and AI output

DR (per reference standard)

AI output Negative or mild DR mtmDR Undiagnosable Total

Negative or mild DR 234 1 0 235

mtmDR 61 6 0 67

Undiagnosable 6 0 2 8

Total 301 7 2 310

Data include all study participants.
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diabetic eye exam with more traditional
screeningmethods (i.e., reviewofphotos
by retina specialists). While the number
of false negatives is much lower than the
standard-of-care diabetic eye exam by a
clinician (with a sensitivity of;30–40%)
(16), the number of false positives is
higher compared with a clinician refer-
ence standard, and every false positive
requires evaluation by a clinician. For the
first time ever, in the IDx-DR FDA clinical
trial for adults, the FDA set sensitivity
and specificity at the population level at
80% (18).While those end points needed
to be met in comparison with a surro-
gate outcome, rather than with clini-
cians, the performance in this pediatric
study was compared with clinician grading

and shows noninferiority to the FDA’s
thresholds. There is also the advantage
of an immediate result associated with
AI in addition to time and cost savings
to the patient, which we recently dem-
onstrated in a cost-savings analysis
(41).

Our results are limited by the low
prevalence of DR in the pediatric pop-
ulation. Studies with larger samples and
more sensitive reference standards, such
as those using OCT scans, are needed to
further optimize an AI system for the
pediatric population. The few true pos-
itives also limit conclusions on the spec-
ificity. However, the low prevalence of
diseasemakes it less likely that wewould
miss vision-threatening retinopathy. Larger

multicenter studies are being planned
to overcome the limitation of a single-
center study. Future studies assigning
patients to AI-based versus traditional
screening methods are needed to accu-
rately determine the role of AI in im-
proving adherence.

In conclusion, use of a nonmydriatic
fundus camera with an autonomous AI
system was safe and effective for the
diabetic eye exam in our study. However,
given that this is a single-center study,
the results may not be generalizable to
the entire pediatric diabetes population.
As theprevalenceofdiabetes increases in
youth and adherence to screening guide-
lines remains suboptimal, POC AI can
help to improve screening rates in this
population.
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