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Background: Diabetic retinopathy (DR) is the leading cause of blindness in the working-age population 
worldwide, and there is a large unmet need for DR screening in China. This observational, prospective, 
multicenter, gold standard-controlled study sought to evaluate the effectiveness and safety of the 
AIDRScreening system (v. 1.0), which is an artificial intelligence (AI)-enabled system that detects DR in the 
Chinese population based on fundus photographs.
Methods: Participants with diabetes mellitus (DM) were recruited. Fundus photographs (field 1 and field 2) 
of 1 eye in each participant were graded by the AIDRScreening system (v. 1.0) to detect referable DR (RDR). 
The results were compared to those of the masked manual grading (gold standard) system by the Zhongshan 
Image Reading Center. The primary outcomes were the sensitivity and specificity of the AIDRScreening 
system in detecting RDR. The other outcomes evaluated included the system’s diagnostic accuracy, positive 
predictive value, negative predictive value, diagnostic accuracy gain rate, and average diagnostic time gain rate.
Results: Among the 1,001 enrolled participants with DM, 962 (96.1%) were included in the final analyses. 
The participants had a median age of 60.61 years (range: 20.18–85.78 years), and 48.2% were men. The 
manual grading system detected RDR in 399 (41.48%) participants. The AIDRScreening system had 
a sensitivity of 86.72% (95% CI: 83.39–90.05%) and a specificity of 96.09% (95% CI: 94.14–97.54%) 
in the detection of RDR, and a false-positive rate of 3.91%. The diagnostic accuracy gain rate of the 
AIDRScreening system was 16.57% higher than that of the investigator, while the average diagnostic time 
gain rate was −37.32% lower.
Conclusions: The automated AIDRScreening system can detect RDR with high accuracy, but cannot 
detect maculopathy. The implementation of the AIDRScreening system may increase the efficiency of DR 
screening. 
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Introduction

Diabetic retinopathy (DR) is the leading cause of blindness 
in the working-age population worldwide (1-3). DR-induced 
vision loss can be prevented by early detection and effective 
treatment (1,3-5), which can be achieved by employing DR 
screening programs (6,7). However, in reality, there is a 
large unmet need for DR screening in China. The reported 
prevalence of DR in patients with diabetes mellitus (DM) is 
24.7–37.5% in China, wherein over one-fifth of the global 
population with a high prevalence of DM (up to 11.7%) 
lives (8-11). It is estimated that over 30 million patients 
with DM in China are at a risk of vision loss due to DR (8). 
However, up to 85% of patients with DM are not informed 
of the risk of DR or do not undergo any DR screening (9-12).

An extreme scarcity of ophthalmic medical resources 
and a lack of public awareness of DR have constrained 
the implementation of DR prevention programs in China 
(8,12,13). According to data from the Chinese Ophthalmic 
Society (COS), there are only around 35,000 registered 
eye doctors in China, and only 1/10 of these are retinal 
specialists and mainly work in urban tertiary hospitals (14). 
It is impossible to screen the full population of patients 
with DM (which is estimated to be >110 million) in China 
for DR using these limited eye care resources, especially as 
87% of the DM patients at high risk for DR live in rural 
China where medical care resources are often unavailable (15).

An increasing number of artificial intelligence (AI)-
based algorithms for DR detection from retinal images are 
demonstrating higher diagnostic accuracy than the manual 
grading system (16-23). The AI-based IDx-DR was first 
approved for automated DR screening by the US Food 
and Drug Administration (FDA); however, it could only be 
applied to fundus photographs captured using the Topcon 
NW400 camera at that time (24). Recently, a multicenter, 
head-to-head, real-world, validation study indicated that 
most AI-based DR screening systems perform no better 
than do the manual grading system, with only 2 having 
a rather high sensitivity (92.71% and 92.71%) and 1 
having comparable sensitivity (80.47%) and specificity 
(81.28%) (25). Previous research suggests that the contrast 
between the retinal background and DR lesions may vary 
considerably across different ethnicities (19). Given the 
ethnic variation and the dearth of DR screening in China, 
there is an urgent need to develop a fully automated DR 
screening system specifically designed for Chinese patients. 

An AI-based  automated  DR screening  sys tem 
(AIDRScreening v. 1.0, Shenzhen SiBright CO. Ltd., 

China) was recently approved as the first innovative 
medical device by the Chinese National Medical Product 
Administration in May 2019. AIDRScreening is also the 
first AI-based DR screening system to obtain a certificate 
from the Chinese National Institute for Food and Drug 
Control after the completion of design validation for 
software requirement specifications, software quality 
evaluation, and cybersecurity. Thus, AIDRScreening was 
allowed to be used in this study to detect referable DR 
(RDR), which was defined according to the COS guidelines.

We performed a prospective,  multicenter,  gold 
standard-controlled study—the first of its kind—to assess 
the sensitivity, specificity, and diagnostic accuracy of the 
AIDRScreening system in the detection of RDR in China 
using multiple fundus camera types to improve RDR 
detection. We presented the following article in accordance 
with the STARD reporting checklist (available at https://
atm.amegroups.com/article/view/10.21037/atm-22-350/rc).

Methods

Study design

This observational, prospective, multicenter, gold standard-
controlled study was sponsored by Shenzhen SiBright 
Co. Ltd. In China. This study (clinical trial registration 
No. NCT03602989) was conducted in accordance with 
the Declaration of Helsinki (as revised in 2013) and was 
approved by the institutional review boards of Zhongshan 
Ophthalmic Center (ZOC, 01 center, 2018QXPJ001), 
Peking University People’s Hospital (PKUPH, 02 center, 
2018PHA047), and the Eye Hospital of Wenzhou Medical 
University (EHWMU, 03 center, 2018MD03). Written 
informed consent was obtained from each participant.

Study population and the inclusion and exclusion criteria

For this prospective study, we enrolled 1,001 consecutive 
participants at 3 centers from July 2018 to January 2019. 
The data collection was planned before the study, and 
reference standards were implemented. To be eligible 
for inclusion in this study, participants had to meet the 
following inclusion criteria: (I) be aged ≥18 years and (II) 
have a diagnosis of type 1 or type 2 DM in accordance 
with the criteria established by either the World Health 
Organization or the American Diabetes Association (i.e., a 
fasting plasma glucose level ≥126 mg/dL or a hemoglobin 
A1c level ≥6.5%). Participants were excluded from the study 

https://atm.amegroups.com/article/view/10.21037/atm-22-350/rc
https://atm.amegroups.com/article/view/10.21037/atm-22-350/rc
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if they met any of the following exclusion criteria: (I) had an 
unqualified fundus image, and/or (II) had a history of retinal 
surgeries. More detailed information about the inclusion 
and exclusion criteria can be found at ClinicalTrials.Gov 
(Identifier: NCT03602989).

Study protocol

Each participant underwent a comprehensive clinical 
examination, including assessments of visual acuity (Snellen 
E Chart) and intraocular pressure, slit-lamp biomicroscopy, 
retinal photography, and anterior chamber gonioscopy as 
determined by the investigators. All the investigators were 
ophthalmologists with >10 years of clinical experience.

Field 1, which centered on the optic disc, and Field 
2, which centered on the macula, were the standardized 
2-field fundus photographs that were acquired by certified 
photographers in this study (26,27). In this study, 3 types of 
fundus cameras were used to capture the retinal images. The 
Zeiss Visucam FF450 and Topcon TRC-50DX were used at 
the center 01, while the Zeiss Visucam FF450 was used at 
center 02. As these fundus cameras require pupil dilation for 
assessment, all the participants at these 2 centers underwent 
pupil dilation. At center 03, a type of nonmydriatic fundus 
camera, the Topcon NW-400, was used. If a participant’s 
pupil diameter was >4 mm, the fundus photography was 
performed without mydriasis; otherwise, mydriasis was 
required. Before pupil dilation, a slit-lamp examination was 
performed by the investigators to rule out contraindications 
for mydriasis.

Standard operating procedures for fundus photograph 
image acquisition (26,27) and certified photographers 
were used to control the quality of the images. The quality 
control coordinator of the Zhongshan Image Reading 
Center (ZIRC) in Guangzhou, China, evaluated the final 
quality of the uploaded images based on location, focus, 
sharpness, and legibility (26). Images were excluded when 
interference factors, such as overexposure, an unclear 
focus, insufficient brightness, and excessive artifacts, were 
identified. Images with sufficient quality were submitted to 
the AI system and graders at the ZIRC for further grading.

We randomly selected 1 eye of each participant. If 
satisfactory fundus photographs could only be obtained 
from 1 eye, the randomized enrollment principle was no 
longer followed, and each eye with qualified images was 
included.

The output of the AI system was either detected RDR 
or nondetected RDR. RDR was defined as stage II or 

more severe DR in accordance with the COS guidelines. 
Under the International Council of Ophthalmology (ICO) 
Guidelines for Diabetic Eye Care, stage I, stage II, and stage 
III DR in China corresponds to mild, moderate, and severe 
non-proliferative DR (NPDR) (3). However, the staging 
of proliferative DR (PDR) in China is somewhat different 
to that of the ICO guidelines. Under the COS guidelines, 
stage IV to stage VI PDR are defined as follows: stage IV 
refers to neovascularization of the optic disc or elsewhere 
(when accompanied by vitreous/preretinal hemorrhage, it is 
defined as high-risk PDR); stage V refers to the presence of  
fibrous membrane, which may be accompanied by preretinal 
hemorrhage or vitreous hemorrhage; and stage VI  refers 
to traction retinal detachment, combined with fibrous 
membrane, combined with/without vitreous hemorrhage, 
and neovascularization of the iris and the anterior chamber 
angle.

The diagnostic procedures employed by the AI system, 
ZIRC, and the investigator are displayed in the flowchart 
of the study design in Figure 1. The diagnostic outputs of 
the AI system, ZIRC, and investigator were masked from 
each other at all times until the data were locked for the 
statistical analysis.

Development of a deep learning algorithm for the 
AIDRScreening system

The deep learning system was  an ensemble of  3 
convolutional neural networks (CNNs). The convolutional 
layers were used to extract features from the input images 
at varying spatial scales, while the fully connected layers 
were used to generate the predictions. The prediction 
output was a binary of a diagnosis, which was obtained by 
comparing the probability output of the neural network 
to the threshold value. The CNNs were not used for the 
assessment of image quality.

For each image under consideration, the fundus region 
was first detected and cropped, and the cropped image was 
subsequently rescaled to 512×512 pixels as the input for 
the CNNs. All the networks were independently trained 
by the adaptive moment estimation method using the 
73,849 images in the training set and the 4,928 images in 
the test set; the images had been cross-labeled by dozens of 
ophthalmologists. The images were collected from different 
units, such as the Eye Institute, Endocrinology Department, 
Eye Examination Center, and DR Screening Project. 
Extensive testing was conducted of the AI system to validate 
the effectiveness of the algorithm for DR diagnosis, and the 
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following factors were considered: different distributions 
of different retinal diseases (different DR severity levels 
and other retinal diseases), different camera types, different 
image perturbations, and multiple data sets collected from 
different units.

Reference standards

The grading output of the ZIRC was used as a gold 
standard control. All the graders at the ZIRC were certified 
by the Doheny Eye Institute Reading Center in the Unites 
States and the National Health System of Diabetic Eye 
Screening Program in the United Kingdom. In the present 
study, the ZIRC graders used Windows Photo Viewer as 
the grading system. The manual grading was performed 
independently by 2 graders. If the independent grading 
of the 2 graders was consistent, the manual grading was 
concluded. If discrepancies existed among the 2 graders, 
a panel (comprising the first 2 graders and a third senior 
grader) discussion was conducted to reach a final conclusive 
grading. The graders were blinded to all the participant 

information. The reading center outputs included the 
determination of the image quality, DR severity, and other 
retinal diseases, including age-related macular degeneration 
(AMD), retinal vein occlusion, and hypertensive retinopathy. 
The grading time was recorded during the reading process. 
For the internal control, 10% of the retinal images were 
randomly selected for reassessment. The intergrader and 
intrareader consistency were both >95%.

Primary and secondary outcomes

The primary outcomes were the sensitivity (i.e., the 
proportion of the positive sample of the AI system to the 
positive sample of the ZIRC) and specificity of the AI 
system in the detection of RDR. The secondary outcomes 
included 1) the diagnostic accuracy of the AI system in 
detecting RDR; 2) the positive predictive value (PPV) and 
negative predictive value (NPV); 3) the average time for 
the AI-based diagnosis; 4) the diagnostic accuracy gain 
rate of the AI system relative to that of the investigator—
calculated as follows: (AIaccu – Investigatoraccu)/max (AIaccu, 

Figure 1 Waterfall diagram. ZIRC, Zhongshan Image Reading Center; DR, diabetic retinopathy.
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Investigatoraccu); and 5) the average diagnostic time gain 
rate—calculated as follows:  (AItime – Investigatortime)/max 
(AItime, Investigatortime). In this study, the definite threshold 
was preset; thus, a receiver operating characteristic curve 
was not used as an outcome of the AI screening.

Statistical analysis

The statistical analysis was performed by an independent 
third party statistical agency, the Peking University Health 
Science Center. All the analyses were conducted using SAS 
(version 9.4) statistical software. The Chinese National 
Medical Products Administration has not set a benchmark 
for the sensitivity and specificity of AI-assisted DR screening 
products but requires that the values should be close to a 
sensitivity of 85% and a specificity of 90% according to the 
international level (7,24). Study recruitment was guided by a 
22% prevalence rate of stage II or above DR in the diabetic 
population and an estimated 85% positive coincidence rate 
(sensitivity) and 90% negative coincidence rate (specificity). 
The sample size was calculated using PASS 13 software 
(NCSS). The quantitative data are presented as the mean 
[standard deviation (SD)], median, minimum (min), and 

maximum (max). The categorical data are presented as the 
number of cases and percentages. Cases with missing data 
were excluded.

The impact of age, sex, DM type, diabetes duration, 
camera type, and mydriatic status on sensitivity and 
specificity for the detection of RDR were analyzed using 
logistic regression analysis. A two-sided P value <0.05 was 
considered statistically significant.

Results

Study objects

A total of 1,001 participants were enrolled in this study, 
996 (99.50%) of whom underwent all procedures. Among 
the participants, 29 were excluded according to the study 
protocols: 15 due to the presence of unqualified images, 
10 due to having no proof of a diagnosis of DM other than 
their own claims of having a history of DM, and 4 due to 
having a supplementary history that met 1 of the exclusion 
criteria. An additional 5 participants were excluded due to 
an inability to undergo ZIRC grading. Thus, a subset of 
962 (96.10%) participants underwent the full analysis (see  
Figure 1).

The median age of the participants was 60.61 years 
(range: 20.18–85.78 years), and 48.2% of the participants 
were men. Among the participants, 41 (4.26%) had type 1 
DM, 920 (95.63%) had type 2 DM, and 1 (0.1%) was not 
sure of the DM type. The average DM duration was 8.9± 
6.8 years, and the median was 8.0 (min =1.0, max =45.0) 
years. Among the participants, 273 (28.4%) were treated 
with insulin.

According to the grading results from the ZIRC, the 
prevalence rates of DR and RDR were 43.34% (417/962) 
and 41.48% (399/962), respectively (see Supplementary  
Table S1). A total of 81 participants (81/962, 8.42%) had 
vision-threatening DR (DR stage ≥ III).

A total of 114 (11.85%) participants had other retinal 
diseases. Among them, 8.32% (80/962), 0.1% (1/962), and 
3.43% (33/962) had AMD, hypertensive retinopathy, and 
other fundus diseases (e.g., glaucoma and myelinated nerve 
fibers), respectively (see Table 1).

AI system characteristics

AI system performance
In the detection of RDR, the sensitivity and specificity of 
the AI system were 86.72% (95% CI: 83.39–90.05%) and 
96.09% (95% CI: 94.14–97.54%), respectively, relative to 

Table 1 Disease distribution of the included retinal images

Retinal diseases Number Percentage (%)

No apparent DR 431 44.80

DR

Stage I DR 18 1.87

Stage II DR 318 33.06

Stage III DR 55 5.72

Stage IV DR 18 1.87

Stage V DR 7 0.73

Stage VI DR 1 0.10

Other retinal diseases (without DR)

Hypertensive 
retinopathy

1 0.10

AMD 80 8.32

RVO 0 0

Others 33 3.43

Total 962 100

DR, diabetic retinopathy; AMD, age-related macular degeneration; 
RVO, retinal vein occlusion.

https://cdn.amegroups.cn/static/public/ATM-22-350-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-350-Supplementary.pdf
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the results of the ZIRC gold standard grading system. The 
accuracy, PPV, and NPV of the RDR detection system were 
92.20%, 94.02%, and 91.08% respectively (see Table 2).  
In the detection of vision-threatening DR (DR stage ≥ 
III according to the COS guidelines, which corresponds 
to severe NPDR or PDR in the ICO guidelines), the AI 
system had an accuracy of 97.53%.

The average diagnostic times of the investigator, AI 
system, and ZIRC were 38±32 seconds (s), 24±8 s, and 
69±24 s, respectively. The accuracy gain rate of the AI 
system was 16.57% higher than that of the investigators, 
while the average time gain rate was −37.32% lower.

AI system generalizability
The AI system performed similarly well across the 3 trial 
centers (see Table 3). With a sensitivity of 85.32–87.86%, 
a specificity of 95.21–97.33%, and an accuracy of 91.61–
92.91%, all the primary outcomes exceeded the prespecified 
noninferiority end points of the 3 research centers.

Retinal images of 110 participants were acquired without 
mydriasis using the Topcon NW400. All 110 participants 
were from center 03. As stated above, participants at 
centers 01 and 02 obtained their fundus photographs under 
mydriasis. In the 110 patients imaged using the Topcon 
NW400 without mydriasis, the sensitivity and specificity 
were 84.00% and 93.33%, respectively. For those 176 
patients imaged by the Topcon NW400 after mydriasis, 
the sensitivity and specificity were 90.00% and 96.51%, 
respectively. The sensitivity, specificity, and accuracy of the 
AIDRScreening system for RDR detection were 87.86%, 
95.21%, and 91.61%, respectively, with the Topcon NW400 
images; 86.38%, 96.42%, and 92.65%, respectively, with 
the Zeiss Visucam FF450 images; and 83.33%, 96.15%, and 
90.00%, respectively, with the Topcon TRC-50DX images 
(see Table 4).

Safety analysis
The AI system overdiagnosed RDR in 22 eyes (false-positive 
rate: 22/563, 3.91%) and failed to detect RDR in 53 eyes 
(false-negative rate: 53/399, 13.28%). Among the 53 false-
negative cases, 2 eyes (2/962, 0.21%) were diagnosed with 
DR stage III (severe NPDR) by the ZIRC with intraretinal 
microvascular abnormalities detected, and 51 eyes (51/962, 
5.30%) were diagnosed with DR stage II (moderate 
NPDR). Among the 22 false-positive eyes, 3 eyes were 
diagnosed with DR stage I, 13 eyes with no abnormality, 
and 6 eyes with early or intermediate AMD but no DR by 
the ZIRC. In the present study, no adverse effects or severe 
adverse effects, such as acute angle closure glaucoma during 
or after mydriasis, were recorded.

Discussion

This study is the first prospective, multicenter, gold 
standard–controlled study on an AI-based DR screening 
sys tem in  China .  Our  f ind ings  showed that  the 
AIDRScreening system (v. 1.0) can safely and effectively 
detect RDR automatically, with a sensitivity of 86.72% and 
a specificity of 96.09% relative to those of the gold standard 
system, which exceeds the prespecified noninferiority 
thresholds that require a sensitivity ≥85% and a specificity 
≥90%. The false-negative rate of the AIDRScreening 
for RDR detection was 13.28%. Leopard fundus, 
overexposure, or underexposure can result in relatively 
low-contrast images, which may explain the failure of the 
AIDRScreening system to diagnose RDR in some cases. 
The presence of drusen, retinal pigment abnormality, or 
retinal hemorrhage caused by other diseases may explain 
why the system overdiagnosed RDR in some cases.

For screening purposes, sensitivity is important to 
ensure that patients with RDR receive the necessary care, 
while specificity is also practically important to ensure 
that patients are not unnecessarily referred to retinal 
specialists and that no resources are unnecessarily allocated. 
A balance between sensitivity and specificity is important 
for AI-assisted DR screening. The higher specificity of our 
AIDRScreening system is particularly important in China, 
where there is a shortage of retinal specialists. Our results 
are also comparable to those of other previous studies on 
AI-based DR screening systems (16,19,20,24). 

Severe NPDR and PDR are considered types of vision-
threatening DR (1,3). In such cases, both the COS and ICO 
guidelines recommend that patients receive an immediate 
ophthalmology evaluation (3,8). The AIDRScreening 

Table 2 Performance of AIDRScreening in the detection of RDR

RDR detection Value 95% CI

Sensitivity 86.72% 83.39–90.05%

Specificity 96.09% 94.14–97.54%

Accuracy 92.20% 90.33–93.82%

PPV 94.02% 91.09–96.22%

NPV 91.08% 88.49–93.25%

RDR, referable diabetic retinopathy (stage II or more severe diabetic 
retinopathy); CI, confidence interval; PPV, positive predictive value; 
NPV, negative predictive value.
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system (v. 1.0) had an accuracy of 97.53% in the detection 
of these severe forms of DR, and high accuracy is important 
in ensuring that patients receive timely care and thus avoid 
blindness. Our findings indicate that AIDRScreening is safe 
and effective; thus, this system could alleviate the current 
burden placed on the extremely scarce ophthalmic medical 
resources in China. In future applications, it may be better 
to employ the AIDRScreening system in a semiautomated 
fashion to prevent missing RDR diagnoses.

In our study, 3 different types of fundus cameras were 
used to achieve high specificity (95.21–96.42%) and 
accuracy (90.00–92.65%). The 2018 IDx-DR study only 

used the Topcon NW400 fundus camera (24), which had 
received US FDA approval for clinical application at that 
time. However, the Idx-DR can now use images from 
other types of fundus cameras in Europe and other regions 
worldwide.

I t  should  be  noted that  the  sens i t iv i ty  of  the 
AIDRScreening system for RDR detection was 83.33% 
when the images were captured by the Topcon TRC-
50DX. Some fundi photographs from the Topcon TRC-
50DX that exhibited a small dark spot due to a dirty lens 
were not excluded, the quality control coordinator at the 
ZIRC judged that this small dark spot did not interfere 

Table 3 Performance of AIDRScreening in different sites among the included eyes

RDR detection
Center 01 (ZOC) Center 02 (PKUPH) Center 03 (EHWMU)

Value 95% CI Value 95% CI Value 95% CI

Sensitivity 86.67% 81.23–92.11% 85.32% 78.68–91.96% 87.86% 82.45–93.27%

Specificity 95.65% 93.02–98.29% 97.33% 93.87–99.13% 95.21% 91.74–98.67%

Accuracy 92.11% 89.39–94.82% 92.91% 89.98–95.83% 91.61% 88.40–94.82%

PPV 92.86% 88.59–97.12% 94.90% 88.49–98.32% 94.62% 90.74–98.50%

NPV 91.67% 88.17–95.16% 91.92% 88.12–95.72% 89.10% 84.21–93.99%

PLR 19.93 10.84–36.66 31.91 13.39–76.03 18.32 8.87–37.85

NLR 0.14 0.09–0.21 0.15 0.10–0.24 0.13 0.08–0.20

OR 142.36 – 212.73 – 140.92 –

ZOC, Zhongshan Ophthalmic Center; PKUPH, Peking University People’s Hospital; EHWMU, Eye Hospital of Wenzhou Medical University; 
CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likely ratio; NLP, negative likely ratio; 
OR, odds ratio.

Table 4 Performance of AIDRScreening with different camera types among the included eyes

RDR detection 
Topcon TRC-50DX Zeiss Visucam FF450 Topcon TRC-NW400

Value 95% CI Value 95% CI Value 95% CI

Sensitivity 83.33% 62.62–95.26% 86.38% 82.00–90.77% 87.86% 82.45–93.27%

Specificity 96.15% 80.36–99.90% 96.42% 94.58–98.26% 95.21% 91.74–98.67%

Accuracy 90.00% 78.19–96.67% 92.65% 90.61–94.70% 91.61% 88.40–94.82%

PPV 95.24% 76.18–99.88% 93.55% 90.28–96.82% 94.62% 90.74–98.50%

NPV 86.21% 68.34–96.11% 92.18% 89.57–94.78% 89.10% 84.21–93.99%

PLR 21.67 3.14–149.31 24.13 14.39–40.45 18.32 8.87–37.85

NLR 0.17 0.07–0.43 0.14 0.10–0.19 0.13 0.08–0.20

OR 127.47 – 172.36 – 140.92 –

CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likely ratio; NLP, negative likely ratio; 
OR, odds ratio.
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with DR grading. However, this spot might have affected 
the diagnostic results of the AIDRScreening, resulting 
in relatively low sensitivity. For the participants without 
mydriasis imaged by the Topcon NW400, the sensitivity 
and specificity of the AIDRScreening system were 
84.00% and 93.33% respectively, which were similar to 
the sensitivity (86.7%) and specificity (90.7%) of the Idx-
DR (24). However, the sensitivity and specificity of the 
AIDRScreening system increased to 90.00% and 96.51% 
in the participants imaged by the same fundus camera 
after mydriasis. We found that some of the images taken 
without mydriasis were darker than those obtained from 
participants with mydriasis, especially in the peripheral 
part of the images, which affected the diagnostic results of 
the AIDRScreening system and yielded lower sensitivity. 
However, the specificities of the AIDRScreening system for 
RDR detection in the participants imaged by the Topcon 
TRC-50DX and Topcon NW400 without mydriasis were 
96.15% and 93.33%, respectively. This high specificity 
can help in preventing unnecessary referrals, which is 
particularly important in China.

Additionally, in this study, all the investigators were 
ophthalmologists, specializing in different fields, with  
>10 years of clinical experience. The image grading time 
of the AIDRScreening system was 24  s/eye, which is 
much shorter than the time required for the manual image 
grading (38 s/eye). Similarly, the accuracy gain rate of the 
AIDRScreening system was 16.57%, and the average time 
gain rate was −37.32%, relative to those of the investigators, 
which suggests that the AIDRScreening system can improve 
the efficiency of DR screening. Given the extremely large 
number (over 114 million) of DM patients (15) and the 
limited and uneven distribution of ophthalmology resources 
(mainly in big cities) (14), such an efficient and reliable 
automated system would have significant benefits for DR 
screening in China and similar areas.

The current study had some limitations. First, the 
AIDRScreening system (v. 1.0) used in this study could not 
automatically assess image quality, but the AIDRScreening 
system (v. 2.0) has this ability. Second, diabetic macular 
edema (DME) was not evaluated in this study. Diabetic 
maculopathy is also considered a major cause of visual 
impairment in patients with DM. The AIDRScreening 
system was not designed to grade DME in combination with 
optical coherence tomography (OCT) images for several 
reasons. First, DME is easily identified in patients and can 
be treated in a timely fashion. Second, DME is difficult to 
detect on fundus photographs and is commonly detected 

using OCT in clinical settings. Third, the use of OCT has 
been limited due to its high costs, poor mobility, and the 
imbalance of primary medical resources in China. Fundus 
photographs are not the ideal method for maculopathy 
detection. A deep learning model for predicting center-
involved DME from fundus photographs trained by 
Varadarajan et al. had a sensitivity of 85% and a relatively 
low specificity of 80% (28). An AI algorithm combining 
fundus photographs with OCT images had a very high 
sensitivity (>95%) and appeared to be more effective than 
the deep learning model in screening DME (29). Recently, 
Katz et al. (30) introduced a new segmentation network 
for fundus photographs to evaluate the presence of DME. 
The overall sensitivity of this classifier was 95.5% with 
a specificity of 81.2% and a false-positive rate of 31.4%. 
Thus, in our opinion, AI algorithms combining fundus 
photographs with OCT images may be the best choice for 
DME screening.

In conclusion, this study showed that the automated 
AIDRScreening system can reliably detect RDR with high 
accuracy in adult Chinese patients with DM, independent 
of camera type and mydriatic status. Due to its good 
performance in this prospective study, the AIDRScreening 
system was first approved by the National Medical 
Products Administration of China in August 2020 after the 
completion of a registration review to evaluate the benefits 
and risks of the product. The code of the AIDRScreening 
system cannot be accessed, but the service can be purchased 
in China at this time. The implementation of the 
AIDRScreening system may increase the efficiency of DR 
screening, decrease the demand for retinal specialists, and 
thereby greatly reduce vision loss caused by DR.
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