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Analyzing fundus images to detect diabetic retinopathy (DR) using
deep learning system in the Yangtze River delta region of China
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Background: This study aimed to establish and evaluate an artificial intelligence-based deep learning
system (DLS) for automatic detection of diabetic retinopathy. This could be important in developing an
advanced tele-screening system for diabetic retinopathy.

Methods: A DLS with a convolutional neural network was developed to recognize fundus images of
referable diabetic retinopathy. A total data set of 41,866 color fundus images were obtained from 17 cities
in the Yangtze River Delta Urban Agglomeration (YRDUA). Five experienced retinal specialists and 15
ophthalmologists were recruited to verify images. For training, 80% of the data set was used, and the other
20% served as the validation data set. To effectively understand the learning process, the DLS automatically
superimposed a heatmap on the original image. The regions utilized by the DLS were highlighted for
diagnosis.

Results: Using the local validation data set, the DLS achieved an area under the curve of 0.9824. Based
on the manual screening criteria, an operating point was set at about 0.9 sensitivity to evaluate the DLS.
Specificity was recorded at 0.9609 and sensitivity was 0.9003. The DLSs showed excellent reliability,
repeatability, and high efficiency. After analyzing the misclassification, it was found that 88.6% of the false-
positives were mild non-proliferative diabetic retinopathy (NPDR) whereas, 81.6% of the false-negatives
were intraretinal microvascular abnormalities.

Conclusions: The DLS efficiently detected fundus images from complex sources in the real world.
Incorporating DLS technology in tele-screening will advance the current screening programs to offer a cost-

effective and time-efficient solution for detecting diabetic retinopathy.
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Introduction mellitus globally in 2019. This estimate is projected to
Diabetes mellitus (DM) and its associated complications rise to 578 m'illion by 2930’ an'd 700 millio? by 20‘45 (1')'
pose a major global health threat. The latest edition of Pharmacologic therapy including metformin and insulin
the International Diabetes Federation (IDF) diabetes atlas remains standard therapy for DM. Currently, for patients
shows that 463 million adults aged 20-79 years had diabetes with atherosclerotic cardiovascular disease, chronic kidney
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disease, and heart failure, glucagon-like peptide-1 receptor
agonist or sodium-glucose cotransporter-2 inhibitor are
considered as the best choice for a second agent (2,3). Based
on drug-specific effects and patient factors, personalized
combination therapy is increasingly advocated. Diabetic
retinopathy (DR), a serious complication that arises
from DM, causing blindness and vision impairment in
the working-age population across the globe (4,5), can
be divided into two types: non-proliferative diabetic
retinopathy (NPDR) and proliferative diabetic retinopathy
(PDR). The global prevalence for DR ranges from 18%
to 30% in type 2 diabetic patients, whereas, for PDR,
the global prevalence ranges between 2.9% to 4.4% (6).
Notably, China has the highest number of DM patients
in the world with about 116.4 million cases (1). The
prevalence rates are 18.45% for DR, 15.06% for NPDR,
and 0.99% for PDR. In addition, DM patients from rural
areas in China have been shown to have a higher risk of
developing DR than those in urban areas (7,8).

The diagnosis of DR contains all features of the
comprehensive adult medical eye evaluation, including
history, eye clinical examination and a number of tests
ancillary to the clinical examination (9). Particularly, the
ancillary imaging tests can unveiling vital information
not detectable to the clinical examination. Currently, the
application of optical coherence tomography angiography
(OCTA) has added a new perspective on our understanding
of diabetic retinopathy by detecting preclinical
microvascular changes, quantifying regions of macular
nonperfusion and identify retinal neovascular tissue (8,10).
However, fundus photography is the most widespread
diagnosis and screening method by recording retinal
images. Diabetic retinopathy is treatable at its early stages.
Annual DR screening for diabetic patients is recommended
by many guidelines (9,11). Governments and foundations
have provided hospitals in China with screening services.
However, a nationwide traditional screening system
that relies on in-person dilated eye examination remains
impractical. This is as a result of inadequate funds, access
issues, and few trained eye care personnel. There is a need
to devise new effective screening strategies to curb the
rapidly increasing burden of diabetes.

Recent advances in telemedicine and machine learning
(a branch of computer science that focuses on teaching
machines to detect patterns in data) can provide solutions
to these problems (12,13). Deep learning, a subclass of
machine learning, mimics the way the human brain works
and uses artificial neural networks to solve any feature
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expression problem. In medical practice, this technology
has been used to automatically categorize massive medical
images (14,15).

For DR screening, several deep learning systems (DLS)
have been developed to grade images from multiple imaging
techniques including fundus camera, optical coherence
tomography (OCT), and OCTA (16-18). The DLS showed
excellent performance similar to board-certified specialists.
Therefore, integrating tele-screening with DLS provides a
cost-effective solution. Retinal images for DM patients can
be taken from the nearest primary care clinics without any
trained ophthalmologist, this provides solutions to access
problems. Through DLS, a few ophthalmologists can do
scale screenings. Yangtze River Delta Urban Agglomeration
(YRDUA) containing 26 cities, located in Yangtze River
Delta Region of China is one of the highly populated
and developed regions of China. It is also one of the six
megalopolitan regions in the world (19).

This study aimed to create and train a DLS for referable
DR detection using data set for about 41,866 retinal
photographs obtained from departments of ophthalmology
in hospitals from the 17/26 cities in YRDUA. We believe
that the large volume and high complexity of the raw retinal
fundus image data from real-world sources in a certain area
can provide more characteristic original disease information
and data complexity compared with the public databases,
which ensures robust performance in future practical
applications of our DLS. We present the following article in
accordance with the STROBE reporting checklist (available
at http://dx.doi.org/10.21037/atm-20-3275).

Methods

All the data used in this study were pseudonymized. The
basic abstraction of our DLS and the structure of the
artificial neural network are shown in Figure 1. Original
fundus images from hospitals were pre-processed by
cropping and resizing to obtain input images with a
resolution of 224x224 pixels.

Data collection

A total data set of consecutive 41,866 color fundus images
obtained from departments of ophthalmology in hospitals
among 17/26 cities in YRDUA between January 1, 2018
and June 1, 2019 was created. From the total data set, 80%
constituted the training data set (Figure 2). It was considered
that consecutive images from different cameras in different
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Figure 1 The basic convolutional neural network (CNN) architecture and workflow of our DLSs. Conv, convolution layers.
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Figure 2 Workflow diagram showing the overview of developing deep learning systems to detect DR.
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cities were more valuable than those from public data
sets. The quality of retinal images varied considerably and
were perfect representatives for local patients. The DLS
for this study thus was more suitable to local patients after
training. Three different desktop retinal cameras and digital
retinography systems (Canon, Topcon, and Heidelberg)
were used in the 18 hospitals. Similar imaging protocols
were applied for the 3 camera types. All images for the
total data set were maculalutea-centered 45° color fundus
photographs. Depending on the patient's condition, the
doctor decides whether to dilate the pupils.

Definitions and the reference standard

According to the International Classification of
Diabetic Retinopathy (ICDR), International Council of
Ophthalmology (ICO) Guidelines for Diabetic Eye Care
2017, DR stages can be classified into 5 grades: no DR, mild
NPDR, moderate NPDR, severe NPDR, and PDR (20).
In this study, referable diabetic retinopathy (RDR) was
defined as moderate NPDR, severe NPDR, and PDR (21),
while none referable diabetic retinopathy (NRDR) was
defined as fundus photographs of no DR(normal or
other diseases) and mild NPDR. Many Chinese retinal
specialists recommend that some moderate NDR patients
and all patients with worse DR should receive pan-retinal
photocoagulation (PRP). This has also been highlighted in
the ICO Guidelines for Diabetic Eye Care as a significant
criterion for screening RDR from DM patients

For manual grading, 15 licensed ophthalmologists and 5
experienced retinal specialists were recruited from the two
eye centers. They were divided into 5 groups. Graders in
the same group evaluated the same images. Each individual
was blinded to the grading made by the other graders, and
the results of the in-person dilated fundus exam. Then,
grader would make an independent decision of the fundus
photographs. Consistent results obtained from separate
graders in one group were analyzed and used as the
reference standard. Results that differed among same group
of graders were cross-checked by an experienced retinal
specialist for the final grading (22).

Besides, due to the complexity of our data sources, a
DLS was trained to select quality images from the total
data set for grading. All the graders assessed the quality and
gradability of the images before they were classified as DR.
The following criteria were used to determine a gradable
image (21,23).

(I) The focus should be good enough for grading of

© Annals of Translational Medicine. All rights reserved.

Lu et al. Deep learning system for detecting diabetic retinopathy

smaller retinal lesions.

(II) Getting images with perfect exposure because
dark and washed-out areas interfere with detailed
grading.

(IIT) Image field definition: primary field must include
the entire optic nerve head and macula.

(IV) Fewer artifacts: avoid dust spots, arc defects, and
eyelash images.

(V) There should be no other errors in the fundus
photograph, such as the absence of objects in the
picture.

(VI) Images must be fundus photographs (For the
few hospitals that did not equip anterior segment
cameras, retinal cameras are used for anterior
segment photography).

In general, for this research, we adopted a deep
convolutional neural network for the two DLSs pre-trained
on the ImageNet dataset named Visual Geometry Group
16 (VGG16) architecture. One DLS was used to classify
the referable DR and the other DLS was used to assess the
quality and gradability of images. All graders used online
annotation software linked with the DLS.

Validation data set and statistical analyses

The remaining 20% of the total data set was used as the
local validation data set and had the same data sources
with the training data set (Figure 2). Retinal cameras,
digital retinography systems, and associated protocols
were consistent with the training data set. As with manual
grading, DLSs performance was calculated based on
sensitivity, specificity, and area under the receiver operating
curve (AUC) (24). The receiver operating curves were
plotted by varying the operating threshold (21). Based on
the guidelines and criteria of Australia, UK, and Singapore
(25-27), the results were evaluated at 0.900 sensitivity
operating point. The false-positive and false-negative
images of the validation data set were classified by 5
experienced retinal specialists (28). The Clopper-Pearson
method was used to calculate the 95% Cls). To provide more
detailed guidance for clinical analysis, a visualization heatmap
highlighting strong prognostic regions of the fundus images
was created using Rishab Gargeya’s method (29). Stata
version 14 (StataCorp) was used for all statistical analyses.

Ethical statement

The study was conducted in accordance with the
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Table 1 Summarizing the training and local validation data set
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Training data set (%)

Validation data set (%)

Referable diabetic retinopathy
Yes
No
Total

Gradability of images
Gradable
Ungradable
Total

4,206 (13.4) 1,044 (13.3)
27,180 (86.6) 6,802 (86.7)
31,386 7,846
31,555 (94.2) 7,677 (91.7)
1,938 (5.8) 696 (8.3)
33,493 8,373

Declaration of Helsinki (as revised in 2013). The study
was approved by the Ethics Committee of First Affiliated
Hospital, School of Medicine, Zhejiang University
(Hangzhou, Zhejiang, China) (NO. 2019-1561) and

individual consent for this retrospective analysis was waived.

Results

A total of 41,866 color fundus images obtained from
departments of ophthalmology in hospitals from 17/26
cities in YRDUA between January 1, 2018 and June 1,
2019 were included in the training and validation data set.
From that, 2,634 images were labeled as ungradable, and
39,232 images were used for DR severity grading. Each
group graded between 7,508 and 9,204 (median 8,032)
fundus photographs. About 10% of the graded photographs
were submitted to experienced retinal specialists for final
grading. After a simple random sampling, 31,386 images
were assigned to the training data set and the remaining
7,846 images were used for validation. The proportion
of referable diabetic retinopathy and gradable images are
summarized in Table 1.

Performance and evaluation of the DLSs

Performance of the DLSs in validation data set was
evaluated at an operating point close to 0.9 sensitivity. In
the non-referable/referable diabetic retinopathy (NRDR/
RDR) classification, the DLS achieved an AUC of 0.9824
(with 95% CI: 0.9733 to 0.9915), specificity of 0.9609 (with
95% CI: 0.9327 to 0.9796) and sensitivity of 0.9003 (with
95% CI: 0.8870 to 0.9125). Besides, for image gradability,
AUC was recorded at 0.9945 (with 95% CI: 0.9918 to
0.9971), sensitivity, 0.9001 (with 95% CI: 0.8883 to 0.9110),
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and specificity 0.9790 (with 95% CI: 0.9590 to 0.9909)
(Figure 3A4,B).

"The DLSs also revealed excellent reliability, repeatability,
and high efficiency. We selected 100 images from each study
data set as the initial sample and transformed the images by
random treatments (cutting less than 5% of the side length,
0-3-pixel random horizontal shift, turning left and right,
rotating less than 15°) nine times. Thereafter, the DLSs
were tested on the initial sample and the 9 treated samples.
The outcomes for the two DLSs were consistent. Besides,
it averagely took 8.7s seconds to select gradable images and
10.3 seconds to detect RDR.

Incorvect grading analysis

The analyses of false-negative and false-positive images
were performed by experienced retinal specialists. The total
number of false-negative classification was 38. The most
common clinical feature was the undetected RDR with
intraretinal microvascular abnormalities [n=31 (81.6%)].
Moreover, there were 4 RDR with retinal photocoagulation
laser scars and 3 RDR characterized by massive retinal
hemorrhage. Besides, among the 487 false-positive images,
431 (88.6%) mild NPDR images were characterized as
RDR. The remaining images were other abnormalities in
the fundus, for example, age-related macular degeneration,
retinal vein occlusion, proliferative retinopathy, myopic
maculopathy, and normal fundus photos with or without
artifacts (Table 2).

Visualization beatmap analysis
Visualization analysis could present the learning procedure

of our DLS and reveal the areas contributing most to
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Figure 3 Receiver operating characteristic (ROC) curves for our DLSs. (A) DLS for DR; (B) DLS for image gradability. AUC, area under

the receiver operating curve.

Table 2 Analyses of false-negative and false-positive images in the local validation data set

Feature No Proportion
False-negative
IRMA 31 81.6%
PRP laser scar 4 10.5%
Massive retinal hemorrhage 3 7.9%
Total 38 100%
False-positive
Mild NPDR 431 88.6%
AMD 10 21%
RVO 8 1.6%
Proliferative retinopathy 7 1.4%
Myopic maculopathy 7 1.4%
Normal fundus images 24 4.9%
487 100.0%

Total

IRMA, intraretinal microvascular abnormality; PRP, peripheral retinal photocoagulation; NPDR, non-proliferative diabetic retinopathy; AMD,

age-related macular degeneration; RVO, retinal vein occlusions.

the DLS. At the end of the network, a convolutional
visualization layer was implanted, and a visualization
heatmap automatically generated. The original RDR fundus
image has been displayed in Figure 44. From the overlying
fundus heatmap on Figure 44, the regions that the DLS
considered most significant in making its decision are
highlighted in Figure 4B. Typical lesions were observed in

© Annals of Translational Medicine. All rights reserved.

such regions, for example, hard exudate, neovascularization,
and retinal hemorrhage. The lesions were used by
ophthalmologists to diagnose DR.

Discussion

Advanced computer science and the availability of big data
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Figure 4 Visualization of DLS. (A) An original RDR fundus image with typical pathologic regions; (B) A heatmap generated from deep

features overlaid on the original image, highlighting the valuable areas for prediction.

have improved artificial intelligence (AI) through the use
of machine learning and deep learning techniques. The
applications of these techniques in healthcare systems have
improved disease screening and clinical diagnosis (30).
Ophthalmologists require a variety of image data to help
them in making the correct diagnosis of ocular diseases,
particularly fundus diseases. The digital fundus photograph
is the most basic and significant image used. Recent studies
have shown that deep learning systems associated with
fundus photographs are vital tools in identifying DR,
glaucoma, retinopathy of prematurity (ROP), and age-
related macular degeneration (AMD) (31-34).

China, one of the biggest developing countries in the
world has made great progress in improving her health
care systems. However, there is an increasing number of
DM patients in the country. Patients from rural areas lack a
basic understanding of DM and its complications. Besides,
patients exhibiting DR symptoms, hardly seek any medical
advice until when the disease has progressed enough to
cause vision loss. Factors including limited financing
resources and trained eye care personnel indicate that there
is a need to develop a low-cost and effective screening
method for early detection of the disease. In this study, a
novel DLS designed to automatically recognize diabetic
retinopathy in retinal fundus images achieved great success.
All the original fundus images from desktop retinal cameras
and digital retinography systems were obtained from
hospitals of the Yangtze River Delta Urban Agglomeration.
Thereafter, the training data set and the validation data set
were constructed. In real-world screening conditions, the
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rate of detecting ungradable images or poor-quality images
has been reported at 20% (35,36). There was a demand to
automatically assess the quality and gradability of retinal
fundus images for DR screening (37). Hence, we developed
another DLS to analyze the gradability of images captured
by different examiners using different cameras to ensure
each image in data sets was strictly a fundus image with the
required quality and field definition. Other domestic and
international studies have trained and validated the DLSs
using high-quality photographs from public databases
(23,29). Based on this, we created a real-world regional
screening tool for local DM patients at a low cost. After
training, the DLSs recorded high AUC, sensitivity and
specificity performance in the local validation data set. The
results showed high reliability and repeatability.

From the literature, the distribution of misclassification
including false negatives and false positives was reported
rarely. Analyzing such issues could optimize Al when
managing medical image categorization tasks. Generally, the
DLS from this study shows low rates of false-negative rate
and false-positive. Most false-negative cases are caused by
other complicated intraretinal microvascular abnormalities
and signs, which suggest a more precise direction of
optimization. Moreover, 88.6% of false-positive images are
mild NPDR, which leads to unnecessary referrals, increase
economic and psychological burden of patients and waste
of resources. Future research should focus on upgrading
the modified DLS from this study to solve the underlying
drawbacks.

Although the designed DLS displayed a promising
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prospect, this study had limitations. First, the DLS has no
function to detect diabetic macular edema (DME). Previous
studies have, however, reported deep learning systems
that identified RDR and referable diabetic macular edema
(RDME) based on retinal images (24,28,38). According to
the ICDR, DME is defined as any hard exudates within a
one-disc diameter of the fovea or an area of hard exudates
in the macular area that encompassed at least 50% of the
disc area. OCT was considered the most sensitive method
to identify DME and also provide a quantitative assessment
of DME in determining DME severity (20). Unlike OCT,
the definition of DME depending on fundus image is kind
of out of date. Moreover, deep learning has been applied to
analyze OCT images. For instance, Schlegl ez /. developed
a fully automated diagnostic method based on deep learning
to detect and quantify macular fluid in conventional OCT
images (39). Therefore, the ground truth about DME must
include OCT imaging, and the DLS for DME recognition
may apply a multi-modal method combined with fundus
image and OCT image. We have been working on it.
Second, since this study aimed at creating a real-world
regional screening tool for local DM patients, the DLS
only validated the local data set. Therefore, for its extensive
application, massive external validation is needed. Third,
the imaging protocols of our data sources required that
examiners just take one-field photos for each patient. This
is in contrast with standard seven-field stereoscopic images,
one-field photos could decrease sensitivity to DR. Lastly the
developed DLS cannot identify ocular diseases other than
DR, this is not an automated comprehensive diagnostic
platform to screen fundus diseases.

In future practical applications, we think there are some
key issues worth mentioning. We suggest that the DLS
should be integrated into every desktop retinal cameras and
digital retinography systems at the screening sites, rather
than acting as a terminal for processing data collected
from the screening sites. Additionally, we need to monitor
the DLS on a regular basis and iterate on it using the
accumulated data to further improve the performance of the
DLS.

In conclusion, this study demonstrates that the DLS
created is capable of processing original images from
different sources in the real world and achieves excellent
outcomes in the local validation data set. This work
provides a framework to further establish a regional
telemedicine screening platform for detecting DR. This
will greatly enlarge the scope of screening in a cost-effective
and time-efficient way. Patients and ophthalmologists thus
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will significantly benefit from these advancements thereby
reducing the rise in global DR cases.
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