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ABSTRACT

Introduction Early screening for diabetic retinopathy (DR)
with an efficient and scalable method is highly needed
to reduce blindness, due to the growing epidemic of
diabetes. The aim of the study was to validate an artificial
intelligence-enabled DR screening and to investigate the
prevalence of DR in adult patients with diabetes in China.
Research design and methods The study was
prospectively conducted at 155 diabetes centers in China.
A non-mydriatic, macula-centered fundus photograph per
eye was collected and graded through a deep learning
(DL)-based, five-stage DR classification. Images from a
randomly selected one-third of participants were used for
the DL algorithm validation.
Results In total, 47 269 patients (mean (SD) age, 54.29
(11.60) years) were enrolled. 15 805 randomly selected
participants were reviewed by a panel of specialists for
DL algorithm validation. The DR grading algorithms had
a 83.3% (95% CI: 81.9% to 84.6%) sensitivity and a
92.5% (95% CI: 92.1% to 92.9%) specificity to detect
referable DR. The five-stage DR classification performance
(concordance: 83.0%) is comparable to the interobserver
variability of specialists (concordance: 84.3%). The
estimated prevalence in patients with diabetes detected
by DL algorithm for any DR, referable DR and vision-
threatening DR were 28.8% (95% CI: 28.4% to 29.3%),
24.4% (95% CI: 24.0% to 24.8%) and 10.8% (95% CI:
10.5% to 11.1%), respectively. The prevalence was higher
in female, elderly, longer diabetes duration and higher
glycated hemoglobin groups.
Conclusion This study performed, a nationwide,
multicenter, DL-based DR screening and the results
indicated the importance and feasibility of DR screening
in clinical practice with this system deployed at diabetes
centers.
Trial registration number NCT04240652.

INTRODUCTION
According to recent estimates, there were
451 million people with diabetes, aged 18–99
years worldwide in 2017, and the number will
increase to 693 million by 2045.1 The diabetes
epidemic is worse in China.2 3 Per the 2013

Significance of this study
What is already known about this subject?
►► Previous studies have indicated a high prevalence of

diabetes in China; however, the prevalence of diabetes retinopathy (DR) varied and nationwide program
for DR screening is lacking.
►► A potential value of automated deep learning (DL)
algorithm in DR screening was indicated; however,
its feasibility in clinical application in population with
great heterogeneity needs further investigation.

What are the new findings?
►► We currently validated an artificial intelligence (AI)-

enabled DR screening in real-world practice at 155
diabetes centers with comparable performance to
human specialists.
►► Our study is a large-scale nationwide DR screening
program using data from representative cohorts and
offered evidence of DR prevalence in patients with
diabetes in China.
►► It provided evidence of efficiency and accuracy in
DL-based DR screening in clinical practice through
a comprehensive survey.

How might these results change the focus of
research or clinical practice?
►► DL-based DR screening at diabetes centers is fea-

sible, and with a high prevalence of DR detected, it
may provide an optional solution to this public health
problem in the future.

national survey, 10.9% of Chinese adults were
estimated to suffer from diabetes, and among
them, only 36.5% were aware of this diagnosis
and 32.2% were treated.3 The higher prevalence and lower treatment rate of diabetes
in China will lead to a higher incidence of
diabetes related complications nationwide.4 5
Diabetic retinopathy (DR) is one of the
common chronic complications of diabetes,
which is the leading cause of blindness,
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Artificial intelligence-enabled screening
for diabetic retinopathy: a real-world,
multicenter and prospective study
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METHODS
Population
The National Metabolic Management Center (MMC) is
a pilot diabetes care system in China, founded in 2016.
2

It aims at establishing a nationwide, standard and reproducible platform based on advanced medical equipment
and Internet of Things technology for the diagnosis and
management of diabetes and its complications.25 The
Diabetic Retinopathy Screening and Prevention Program
is an MMC branch project. Its purpose is to develop an
efficient workflow for the early detection, timely follow-up
and management of DR, and to establish a referral system
for future treatment and long-term follow-up.
Between June 2018 and August 2019, a total of 47 269
consecutive patients with diabetes aged 18 years or older
from 155 MMCs in China were enrolled in the present
study. The involved MMCs were in the hospitals with
different levels according to tiered medical service system
throughout 26 provinces in China. All the participants
were screened for DR by the DL-based system, which
labeled the fundus images as DR stage or ungradable
due to image quality issues. Fundus images obtained
from one-third of randomly selected participants were
reviewed offline by a two-stage reading performed by a
panel of specialists for the purposes of DL algorithm validation on both DR grading and image quality assessment
(figure 1).
All the participants underwent a full medical examination at the local MMCs.
Baseline data collection
The eligible participants were those with a diagnosis of
diabetes according to the WHO criteria.26 Detailed inclusion and exclusion criteria are summarized in the online
supplemental methods. At baseline, all data (including
a standardized questionnaire and comprehensive clinical and laboratory examinations) were collected from
each participant through an MMC specialized electronic
medical record system.25
Data collection was conducted by trained staff according
to a standard protocol. Social demographic characteristics, medical history and lifestyle factors were recorded.
Height and body weight were measured by a height-
weight scale with participants in light clothes without
shoes, and body mass index (BMI) was calculated as the
weight in kilograms divided by height in meters squared.
Blood pressure and heart rate were measured with electronic blood pressure monitors after at least a 5 min rest
in the seated position. Waist circumference was measured
on standing participants midway between the lower edge
of the costal arch and the upper edge of the iliac crest.
The participants were required to undergo a standard
steamed bread meal test after an overnight fasting, and
blood samples were collected at 0 and 2 hours during the
test. Detailed data collection procedures are listed in the
online supplemental methods.
Fundus photography acquisition
One standard, non-mydriatic, 45° field of view, macula-
centered color and non-
stereoscopic retinal fundus
image was acquired from each eye of each participant.
Various models of fundus cameras were used. Topcon
BMJ Open Diab Res Care 2020;8:e001596. doi:10.1136/bmjdrc-2020-001596
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although preventable in the working age group.6–8 Early
screening and timely referral can delay its progress
and effectively prevent vision loss.9 However, relative to
the high prevalence of diabetes in China, the ability to
screen for DR is inadequate and a nationwide program
for DR screening is scarce. The reasons are multifaceted, including the shortage of eye care specialists, the
lack of efficient screening methods and the multidisciplinary process from image acquisition to the diagnosis
of DR. In real-world clinical settings, a large portion of
patients with diabetes receive their first DR diagnosis
during their independent ophthalmologist visits in the
symptomatic stage of DR, instead of an earlier diagnosis
at diabetes centers or referral visits to ophthalmologists
in the non-symptomatic stage.10–12 In addition, strategies
for managing DR in China are difficult to reproduce due
to regional economic barriers and living habit differences. Therefore, it is essential to establish a standardized system for early DR detection and management that
is feasible for the whole country.
Deep learning (DL), a form of artificial intelligence
(AI), has emerged and shown convincing performance
in several areas, including medical science.13–15 A recent
study by Ting et al16 has revealed a potential value of
automated DL system in DR grading using images from
multiethnic cohorts of patients with diabetes, together
with several other studies has shown a high sensitivity
and specificity in identifying DR (especially referable
DR), indicating that the proper use of DL technology in
clinical settings may help deliver data-driven analytics for
better patient outcome.16–23
However, the evidence to confirm the clinical value of
DL for DR screening in large-scale healthcare settings
is insufficient and most studies have been performed
on high-quality image datasets that could hardly represent the variety of image quality and other operational
limitations of real-world DR screening applied at diabetes
centers.17 18 There are few reports regarding the practical application of AI in clinic-based DR screening, with
patient cohorts of 3049 and 1415, respectively.20 24 Its
feasibility and quality in real-world use must be further
explored using datasets with larger sample sizes and
demographic variations.
Therefore, in the present study, we conducted a prospective, nationwide DR screening, using a DL algorithm,
with a cohort of 47 269 patients at 155 diabetes centers
in China. The operational feasibility and accuracy of the
DL algorithm was validated and the prevalence of DR,
referable DR (moderate non-proliferative DR (NPDR) or
worse), and vision-threatening DR (VTDR, severe NPDR
or worse, and/or clinically significant macular edema
(CSME)) was reported.
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Fundus image grading work flow and adjudication. DL, deep learning; DR, diabetic retinopathy.

TRC-
NW400, MiiS DSC-200, Canon CR-2 PLUS AF,
Canon CR-2 AF and Zeiss VISUCAM200 cameras were
used in >80% of all the centers (online supplemental
table 1). At all the centers, trained technicians took only
non-mydriatic images, and no pupillary dilation images
were additionally acquired. All the participants’ images
were anonymized before grading.
Development of the DL algorithms
VoxelCloud Retina, an automated retinal disease
screening system, was used to grade fundus images. The
VoxelCloud Retina DR system was developed using DL
techniques.
Two sets of data were used to train the different deep
learning networks that form the final ensemble of DR
and diabetic macular edema (DME) severity classification modules. The first dataset comprises 143 626 fundus
photographs of 37 231 patients obtained from 2005 to
2015 from a large private retinal image database (online
supplemental tables 2 and 3).
The second dataset comprises 1184 color fundus
images from a public hospital in China, which were
assigned a DR severity grade based on consensus from
three ophthalmologists (online supplemental table 4).
These data were chosen to help improve the model
performance on confusing cases that could fall on the
boundary between two grades.
The DR and DME models are an ensemble of six neural
networks (online supplemental figure 1). All the six neural
networks use the state-of-the-art Inception-ResNet v2 architecture;27 however, several design differences among them
are critical for the effective performance of the model
ensemble. Details are presented in the online supplemental methods.
BMJ Open Diab Res Care 2020;8:e001596. doi:10.1136/bmjdrc-2020-001596

In addition to the DR and DME models, the system also
includes trained independent lesion models that detect the
presence of lesions that contribute to DR grade, including
fundus hemorrhage, hard exudates and laser scars. These
independent lesion models are used to achieve improvements in the DR prediction performance, based on the DR
classification rules listed in online supplemental table 5.
All color fundus images are normalized to pixel intensity
values between 0 and 1 and are resized to a standard resolution of 800 by 800 pixels before being processed by the
system.
The system was also tested on various private and public
datasets. The testing results on the APTOS 2019 Blindness
Detection dataset, a public dataset also collected in a real-
world scenario close to that of the present study, is reported
in the online supplemental methods (https://www.kaggle.
com/c/aptos2019-blindness-detection/overview).
DL-based DR grading
The system specified for DR screening comprises the
following three modules:
Quality control Module
The quality control (QC) module evaluates the quality
of fundus images before the five-stage DR grading. The
quality of fundus images is classified as gradable or
ungradable. Those assessed as ungradable (low quality)
are not sent for further DR grading. Gradable images are
further sorted into excellent and adequate quality, while
ungradable images are sorted into insufficient information and non-fundus images. The gradeability criteria in
the model training phase were: 1) the image must cover
at least 45° of the retinal area with the macula and the
optic disc visible; 2) at least 80% of the retinal area must
3
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Figure 1
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DR severity classification module
The DR severity classification module provides each
fundus image a five-stage DR severity classification that
can be further transferred to multiple binary classifications to meet different demands. The severity classification mainly follows the International Clinical Diabetic
Retinopathy (ICDR) severity scale,28 which is developed
by the International Council of Ophthalmology and
adopted by the American Academy of Ophthalmology.29
Slight modifications were made to adapt to the situation, considering that only a single non-mydriatic fundus
image was acquired from each eye, covering the posterior
pole, instead of seven mydriatic images covering all four
quadrants (online supplemental table 5).30
The patient-level DR grade was based on the worse DR
grade of the two eyes. If both eye images of a patient are
classified as ungradable, then the patient is classified as
ungradable. If only one eye image is classified as gradable,
then the patient-level DR grading is based on this eye. If
a patient has only one eye image, and it is classified as
ungradable, then this patient is classified as ungradable.
DME severity classification module
The DME severity classification module provides subjects
each fundus image to a three-stage DME severity estimation that can be further transferred to multiple binary
classifications. As DME assessment, which requires retinal
thickness information is not possible in non-mydriatic
fundus images, the presence of hard exudates is regarded
as a presumptive diagnosis of DME (online supplemental
table 6).
DR was defined as presence of mild NPDR or worse;
referable DR, moderate NPDR or worse and VTDR,
severe NPDR or worse and/or CSME.
Expert ground truth grading
The ground truth for fundus image diagnosis was
provided by a two-stage reading by specialist graders. The
grading team was led by the Ophthalmology Center of the
Shanghai General Hospital (National Clinical Research
Center for Eye Diseases). All graders were ophthalmologists from tertiary hospitals with 3 years or more of work
experience. Each grader finished two rounds of training
and passed a qualification test following ICDR guidelines. Graders were divided into primary graders and
reviewers (senior graders) based on their seniority and
performance. The grading was conducted in two stages.
Stage 1
Two primary graders read the fundus image and gave image
quality grades and DR grades independently. If the two
primary graders reached a consensus on both the image
quality and DR grades, the grading of this fundus image
ended in stage 1 and the grades served as the ground truth.
4

Stage 2
A reviewer (senior grader) who could access the assessments of both primary graders’ was added to the grading
process if the two primary graders disagreed on either the
image quality or DR grades. The reviewer’s sole opinion
served as the final grade for such cases (figure 1).
Statistical analysis
Statistical analyses were performed with the use of SPSS
V.22.0 (Chicago, Illinois, USA). Data were provided in
the form of the mean and SD for continuous variables, or
the number with the percentage for categorical variables.
The prevalence (95% CIs) of DR, referable DR and VTDR
were estimated overall and compared within subgroups
of sex, age, categories of diabetes duration and glycated
hemoglobin (HbA1c) with the χ2 test. The demographic
and clinical characteristics were assessed and compared
by sex with the χ2 test for categorical variables, and with
the Student’s t-test for continuous variables.
third of randomly selected
Fundus images from one-
participants were used for DL algorithm validation. The
ground truth of fundus image diagnosis provided by the
expert panel is considered as the reference standard. The
accuracy of DR grading, image quality and two-category
derivatives (one DR grading or worse) of patients with
diabetes were evaluated. The consistency and the accuracy among the DL algorithm and reference standard,
the primary graders in the expert panel and the primary
grader and reference standard were analyzed; 2×2 tables
were generated to analyze the sensitivity, speciﬁcity, negative predictive value and positive predictive value of the DL
algorithm in detecting DR, referable DR and severe NPDR
or worse, as well as the image quality compared with the
reference standard at the individual eye level. Consistency
evaluations of the five-stage grading confusion matrix by
kappa index and quadratic weighted kappa scores were
also calculated. All p values were two-tailed and a p value
<0.05 was considered statistically significant.
RESULTS
Clinical characteristics of all the participants
In total, 47 269 participants with diabetes from 155
centers were enrolled in the present study, among which
27 110 (57.4%) were men (table 1 and figure 2). The
mean (SD) age of all the participants was 54.29 (11.60)
years, the mean diabetes duration was 6.80 (6.71) years
and the mean HbA1c was 9.06 (2.27) % or 75.45 (24.85)
mmol/mol. Since 97.92% of the participants had type
2 diabetes (1.61% type 1 diabetes, 0.32% gestational
diabetes and 0.14% others, totaling 99.99% due to
rounding), no further analysis was performed based on
the diabetes classification.
DL algorithm validation
A total of 31 498 images from one-third (No.=15 805)
of the randomly selected participants were used for DL
algorithm validation (figure 1).
BMJ Open Diab Res Care 2020;8:e001596. doi:10.1136/bmjdrc-2020-001596
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be recognizable and 3) no overexposure, underexposure
or blur caused by focusing failure and motion.
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By sex stratification
Total
(n=47 269)
Age, years

54.29±11.60

Male
(n=27 110)
52.76±11.58

Female
(n=20 159)
56.35±11.29

High school education and above

17 661 (43.0)

12 301 (51.5)

5360 (31.2)

Han Chinese ethnicity

37 457 (96.1)

21 788 (95.9)

15 669 (96.4)

Family history of diabetes

16 294 (40.1)

9271 (39.3)

7023 (41.3)

Duration of diabetes, years

6.80±6.71

6.31±6.50

7.47±6.93

P value
<0.001
<0.001
0.010
<0.001
<0.001

History of hypertension

16 266 (39.8)

8835 (37.2)

7431 (43.4)

<0.001

History of dyslipidemia

11 361 (27.9)

6825 (28.8)

4536 (26.5)

<0.001

2

Body mass index, kg/m

25.62±3.77

25.77±3.63

25.42±3.95

<0.001

Waist circumference, cm

91.07±10.29

92.73±9.83

88.80±10.49

<0.001

Systolic blood pressure, mm Hg
Diastolic blood pressure, mm Hg
HbA1c, %
HbA1c, mmol/mol
Fasting blood glucose, mmol/L

131.40±19.06

130.36±18.23

132.81±20.04

<0.001

77.34±11.34

78.70±11.28

75.51±11.16

<0.001

9.06±2.27

9.14±2.32

8.94±2.20

<0.001

75.45±24.85

76.36±25.34

74.18±24.09

<0.001

9.34±3.74

9.38±3.80

9.27±3.66

16.16±5.44

16.10±5.33

16.24±5.58

0.016

Triglyceride, mmol/L

2.27±2.35

2.39±2.59

2.09±1.96

<0.001

Total cholesterol, mmol/L

4.83±1.36

4.73±1.36

4.98±1.33

<0.001

LDL cholesterol, mmol/L

2.79±1.00

2.74±0.97

2.87±1.03

<0.001

Serum creatine, μmol/L

66.67±30.43

73.69±31.45

56.88±25.96

<0.001

317.83±96.50

338.38±96.70

289.15±88.57

<0.001

Postprandial blood glucose, mmol/L

Urinary acid, μmol/L

0.005

Data are given as a mean±SD or as a number and percentage in parentheses. Comparisons of mean values and proportions by sex were performed using the
Student’s t-test and χ2 tests, respectively.
HbA1c, glycated hemoglobin; LDL, low-density lipoprotein.

For image quality assessment, from these images, 26 698
(84.8%) images were assessed as gradable by the reference standard (online supplemental table 7). Compared
with the reference standard, the QC module had a 63.3%
(95% CI: 61.9% to 64.7%) sensitivity and 85.0% (95% CI:
84.6% to 85.4%) specificity, with positive predictive value
43.2% (95% CI: 42.0% to 44.3%) and negative predictive

Figure 2

value 92.8% (95% CI: 92.4% to 93.1%), respectively. The
interobserver variability (setting one grader as reference
standard) between two primary expert graders had a sensitivity of 69.6% (95% CI: 68.4% to 70.8%) and a specificity
of 86.8% (95% CI: 86.4% to 87.2%), with positive predictive value 53.1% (95% CI: 51.9% to 54.2%) and negative
predictive value 93.0% (95% CI: 92.7% to 93.3%).

Geographic distribution of the 155 metabolic management centers in China involved in this study.
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Table 1 Clinical characteristics of the study participants
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AI-enabled DR screening
In total, 94 199 fundus images from all the participants
were graded by the DL algorithm. Among all the images,
22 404 (23.8%) images were assessed as high quality, 49
566 (52.6%) as medium quality and 22 229 (23.6%) as low
quality (ungradable) by the QC module (online supplemental table 9). Thus, a total of 71 970 (76.4%) images
from 40 665 (86.0%) participants were finally qualified
for DR grading by the DL algorithm (online supplemental tables 9 and 10). The ungradable images were
mainly due to small pupil size or the presence of cataracts
or other rare eye diseases and camera operation problems (online supplemental table 11).19 21 22 31–33 Participants with ungradable images were recommended to the
ophthalmology department for further examination.
Among the 40 665 gradable participants, the estimated
prevalence of DR was 28.8% (95% CI: 28.4% to 29.3%),
referable DR was 24.4% (95% CI: 24.0% to 24.8%) and
VTDR was 10.8% (95% CI: 10.5% to 11.1%) (table 2).
When analyzed by risk factor stratifications, the estimated
prevalence of DR was higher in women 29.6% (95% CI:
28.9% to 30.3%), than in men, 28.3% (95% CI: 27.7%
to 28.8%) (p=0.0029). The estimated prevalence of DR
increased with age and duration of diabetes (both p
values for trend <0.0001). Similar results were found in
referable DR and VTDR in the stratification of these risk
factors. Furthermore, by the HbA1c stratification, when
6

HbA1c was <10.0% (85.77 mmol/mol), the prevalence of
DR and referable DR increased with the raise of HbA1c
(both p values for trend <0.0001), but decreased slightly
without statistical significance when the HbA1c was 10.0%
or higher (both p values >0.05). The prevalence of VTDR
increased constantly with the raise of HbA1c (p value for
trend <0.0001) (table 2, and online supplemental tables
12 and 13, and online supplemental figure 7).
The five-stage DR grading and corresponding DME
classification results by the DL algorithm for 40 665 gradable participants are shown in online supplemental table
14. The percentage of ungradable images and the DR
grading results based on different types of cameras were
listed in online supplemental tables 15 and 16.
DISCUSSION
In this large multicenter, real-
world DR screening
program, a DL-
based AI system was deployed at 155
diabetes centers. Our study demonstrated that, in Chinese
adults with diabetes, the estimated prevalence for any DR,
referable DR and VTDR was 28.8%, 24.4% and 10.8%,
respectively. The high prevalence of DR in various stages
indicated the importance and urgency of early detection
of DR in China. A DL system with comparable sensitivity
and specificity to a panel of specialists enabled the efficient screening for DR at diabetes centers nationwide,
and it may provide a solution to this problem.
Screening for DR in daily clinical work has not yet
been well established at diabetes centers in China due
to resource, infrastructure and retinal specialist limitations. Therefore, a comprehensive survey on DR prevalence and its actual burden in the whole country remains
unaddressed.6 Highly demanded at every diabetes center
is the timely diagnosis and treatment of DR in order to
achieve better outcomes over the widest diabetic population regardless of geographic and economic barriers.
Epidemiological studies published in the recent 10
years have demonstrated the prevalence of DR in China
ranged from 5.4% to 44.8% in patients with diabetes.6–8 34
The variability of DR prevalence in different studies was
mainly due to the heterogeneity among the studies,
including sample size, study design, clinical characteristics of participants, geographic region and DR classification criteria. A recent meta-analysis, which collected data
from 31 community-based studies, showed that the pooled
prevalence of any DR in DM participants was 18.45%, for
NPDR it was 15.06% and for PDR it was 0.99%.6 However,
a single survey that reports the actual prevalence of DR
in the whole country is lacking. In the present study, a
large multicenter DR screening program, implemented
with the aid of AI technology, was conducted in 26 provinces in China. The survey has provided the most up-to-
date information on DR characteristics in adults with
diabetes and has indicated a high prevalence of DR in
China. In addition, through stratification, the crude
prevalence of DR was higher in older age groups and,
together with the societal aging, it increases the burden
BMJ Open Diab Res Care 2020;8:e001596. doi:10.1136/bmjdrc-2020-001596
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For DR grading, the concordance between the DL
algorithm and reference standard was 83.0% for the
five-
stage DR grading. The corresponding quadratic
weighted kappa were 0.72 (95% CI: 0.72 to 0.72) (online
supplemental table 8 and online supplemental figure
2). The DL algorithm had an 83.3% (95% CI: 81.9% to
84.6%) sensitivity and 92.5% (95% CI: 92.1% to 92.9%)
specificity for detecting referable DR. The positive and
negative predictive values were 61.8% (95% CI: 60.3%
to 63.3%) and 97.4% (95% CI: 97.2% to 97.7%), respectively. The Youden index was 75.8%. For two-stage manual
grading, the concordance for the five-stage DR grading
between the two primary graders, and between the
primary graders and the reference standard were 84.3%
and 91.0%, respectively. The corresponding quadratic
weighted kappa were 0.74 (95% CI: 0.74 to 0.74) and 0.87
(95% CI: 0.87 to 0.87), respectively. The concordance
between the DL algorithm and primary grader 1, primary
grader 2 or one primary grader (combined two primary
graders) were 82.8%, 81.8% and 82.3%, respectively. The
corresponding quadratic weighted kappa were 0.66 (95%
CI: 0.66 to 0.66), 0.67 (95% CI: 0.67 to 0.67) and 0.67
(95% CI: 0.67 to 0.67), respectively (online supplemental
table 8). Confusion matrices of the five-stage DR evaluation between the two primary graders, and between the
primary graders and the reference standard are reported
in online supplemental figures 3 and 4.
Typical examples of false negative and false positive
cases of DL QC and the grading module are shown in
online supplemental figures 5 and 6.

Epidemiology/Health services research

Prevalence % (95% CI)
DR

Referable DR

VTDR
(including CSME)

No. of patients

Total
Gender

28.8 (28.4 to 29.3)

24.4 (24.0 to 24.8)

10.8 (10.5 to 11.1)

40 665

 Male

28.3 (27.7 to 28.8)

23.5 (23.0 to 24.1)

10.0 (9.6 to 10.4)

23 686

 Female

29.6 (28.9 to 30.3)

25.5 (24.9 to 26.2)

11.9 (11.4 to 12.4)

16 979

 18–29

18.7 (16.6 to 20.8)

12.7 (10.9 to 14.4)

6.2 (4.9 to 7.5)

1375

 30–39

22.9 (21.6 to 24.3)

17.0 (15.8 to 18.2)

6.8 (6.0 to 7.6)

3775

 40–49

27.9 (26.9 to 29.0)

22.2 (21.4 to 23.1)

8.9 (8.3 to 9.5)

8650

 50–59

30.2 (29.5 to 31.0)

25.6 (24.8 to 26.3)

11.0 (10.5 to 11.5)

14 231

Age groups, years

 60–69

30.2 (29.3 to 31.1)

27.1 (26.3 to 28.0)

12.5 (11.9 to 13.2)

10 304

 ≥70

33.5 (31.6 to 35.4)

31.8 (29.9 to 33.7)

18.0 (16.5 to 19.6)

2330

 <5

20.0 (19.4 to 20.6)

15.6 (15.0 to 16.1)

5.9 (5.5 to 6.2)

 5–10

30.8 (29.9 to 31.8)

25.7 (24.7 to 26.7)

10.7 (10.0 to 11.4)

Diabetic duration, years
17 175
7246

 10–15

41.4 (40.1 to 42.7)

35.9 (34.6 to 37.1)

16.8 (15.8 to 17.8)

5403

 15–20

49.1 (47.1 to 51.1)

44.3 (42.3 to 46.2)

22.1 (20.4 to 23.7)

2426

 ≥20

52.5 (50.0 to 54.9)

48.0 (45.5 to 50.4)

10.7 (9.9 to 11.4)

1618

 <6.5

18.4 (17.1 to 19.6)

14.9 (13.7 to 16.0)

6.4 (5.6 to 7.1)

3778

 6.5–6.9

21.2 (19.8 to 22.7)

17.2 (15.8 to 18.5)

7.3 (6.4 to 8.2)

3046

 7.0–7.9

26.5 (25.4 to 27.6)

21.7 (20.7 to 22.8)

9.5 (8.7 to 10.2)

6208

 8.0–8.9

32.9 (31.7 to 34.2)

27.3 (26.1 to 28.4)

11.2 (10.4 to 12.0)

5685

 9.0–9.9
 ≥10.0

34.0 (32.6 to 35.3)
33.3 (32.5 to 34.2)

29.4 (28.2 to 30.7)
28.4 (27.6 to 29.2)

12.4 (11.5 to 13.3)
13.0 (12.4 to 13.6)

4941
11 338

HbA1c, %

CSME, clinically significant macular edema; DR, diabetic retinopathy; HbA1c, glycated hemoglobin; VTDR, vision-threatening diabetic
retinopathy.

to the healthcare system. However, since the prevalence
of DR was decreased in subgroups with lower degrees of
HbA1c, it may predict a better glycemic control with the
lessening of eye complications.
Most DL-based DR grading studies have focused on the
methodology development and validation using high-
quality, curated public datasets.17–19 The implementation
of automated DL algorithms for DR screening in real-
world practice was rare.20 23 24 35 One example was the large
community-
based, nationwide DR screening program
using DL algorithm in Thailand.23 Another two examples
in its use in clinical settings were performed by Gulshan et
al and van der Heijden et al, respectively.20 24 The former
study involved 3049 patients with diabetes in two eye care
clinics in India.20 The results demonstrated 88.9% and
92.1% sensitivities, and 92.2% and 95.2% specificities for
the detection of moderate or worse DR in the two clinics,
respectively. The latter was performed in the Hoorn
diabetes center including 1415 patients which reported
a 68.0% sensitivity and 86.0% specificity for detecting
BMJ Open Diab Res Care 2020;8:e001596. doi:10.1136/bmjdrc-2020-001596

referable DR by the IDx-DR device based on ICDR standard, compared with adjudicated reference standard
by a panel of three experts; the averaged sensitivity and
specificity of the three experts against the adjudicated
reference standard were 74.7% and 99.7%, respectively;
however, the quality of the fundus images collected was
unsatisfactory, which may be due to the implementation of the study in the non-ophthalmic specialized clinical setting.24 These studies offered good examples and
indicated the feasibility and validity of DL implementation in real-world clinical work flows. However, in these
studies, the DL algorithms were deployed only at individual centers with small or moderate sample size. The
wide deployment of DL-based systems to multiple non-
ophthalmic specialized medical centers or healthcare
systems with different resources remains unclear.
Therefore, in the present study we applied a DL algorithm for DR screening at 155 diabetes care centers
involving 47 269 patients with diabetes in China. A
variety of fundus cameras meeting the base requirements
7
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Table 2 Prevalence of diabetic retinopathy (DR), referable DR and vision-threatening DR (VTDR) in total and among different
risk factor stratification
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screening, which enables the regular screening of DR in
non-ophthalmic clinical settings.
The study has several limitations. First, since the study
was conducted at multiple clinical centers, even with the
large sample size, the DR prevalence was not commensurate to that of the general population. Second, the
estimated prevalence of DR (27.57%) and referable DR
(16.59%) by the reference standard in one-third of the
randomly selected participants were relatively lower than
those by the AI screening. The higher negative predictive values, but the lower positive predictive value might
lead to an overestimate of DR prevalence by the DL algorithm. While, the other factors, including only one single
non-mydriatic fundus photography instead of multifield
fundus photography were obtained might underestimate
the DR prevalence by the DL algorithm. In addition, there
were disagreements between the human graders and the
DL QC model. The typical example of false negative
result was the out of focus image judged as ungradable by
the algorithm but gradable by the graders, while the false
positive result was the too dark image judged as ungradable by graders but gradable by the algorithm (online
supplemental figure 5). For all the above reasons, one
should be cautious in interpreting the current findings.
In conclusion, in the present study, we validated the
feasibility and accuracy of an automated DL algorithm
in DR screening and surveyed the prevalence of DR,
referable DR and VTDR at 155 diabetes centers in China.
With comparable performance to human specialists
and scalability, the automated system may offer an effective, cost-
efficient and practical screening in routine
diabetes follow-
up and retinal complication management. More diabetes centers and primary care facilities
are now joining the program to improve and validate the
screening and referral procedures, thereby endeavoring
to mitigate the public health problem.
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