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REVIEW ARTICLE

Can Artificial Intelligence Make Screening Faster, 
More Accurate, and More Accessible?

Zhixi Li, MD, PhD,* Stuart Keel, PhD,† Chi Liu, MS,* and Mingguang He, MD, PhD*†

Abstract: Diabetic retinopathy, glaucoma, and age-related macular de-
generation are leading causes of vision loss and blindness worldwide. 
They tend to be asymptomatic in the early phase of disease and therefore 
require active screening programs to identify the patients requiring refer-
ral and treatment. Deep learning–based artificial intelligence technology 
has recently become a major topic in the field of ophthalmology. This pa-
per aimed to provide a general view of the major findings on the applica-
tion of deep learning for the classification of eye diseases from common 
imaging modalities. In the future, it is expected that these technologies 
will be applied in real-world screening programs to improve their effi-
ciency and affordability. 
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Diabetic retinopathy (DR), glaucomatous optic neuropathy 
(GON), and age-related macular degeneration (AMD) are 

leading causes of vision impairment and blindness globally, ac-
counting for up to 20% of all cases among older adults.1–6 Al-
though it is estimated that 80% of vision loss is avoidable through 
early detection, prevention, and treatment strategies,7–9 up to 50% 
of cases of major eye diseases remain undiagnosed, even among 
high-income countries.10–13 The incidence of vision loss is expect-
ed to rise with the prevalence of diabetes estimated to increase by 
at least 25% by 2030,14,15 and the number of people with AMD 
and glaucoma are projected to double by 2040 with the aging 
population.6,16–18

Retinal photography is a useful method for screening for 
DR, AMD, and glaucoma. It has been reported that a single 
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nonmydriatic 45-degree retinal image can detect DR with 71% 
sensitivity and 96% specificity,19 whereas subjective assessments 
of optic disc images can provide accuracy of diagnosis as high as 
80%.20 Similar accuracy has been demonstrated in the identifica-
tion of AMD.21,22 However, the interpretation of retinal images is 
labor intensive and highly dependent on interpretation by trained 
specialists. This impacts the financial sustainability of screening 
programs. In the face of the aging population and growing burden 
of diabetes, it is clear that new screening approaches are required.

Artificial intelligence (AI) is a term that refers to a machine 
imitating the way humans think and behave. In medical image 
classification, classical machine learning, as a subfield of AI, re-
quires feature engineering, which learns specific predefined fea-
tures or lesions in the images. It often has relatively high error 
rates because of the great variations of these features. Deep learn-
ing, as a subfield of machine learning, uses a deep neural network 
to classify images based on global labeling on the images and 
“end-to-end” learning without a need to differentiate the defined 
features. This technology has led to significant improvements in 
performance although it requires much bigger training sets with 
proper labels and computing capacity.

The emergence of deep learning also offers great potential 
to revolutionize practice patterns in highly image-driven areas of 
medicine, including ophthalmology. After an initial breakthrough 
study by Google Brain in late 2016,23 numerous reports describ-
ing the application of deep learning algorithms (DLAs) for the 
detection of common blinding eye diseases have emerged. This 
review aimed to summarize the major findings of previous studies 
that have applied AI to detect DR, AMD, and glaucoma. 

ACCURACY OF ARTIFICIAL 
INTELLIGENCE SCREENING

Diabetic Retinopathy 
Over the past 2 decades, many studies have investigated 

AI-aided methods in DR screening, using relatively small datasets 
(less than 1000 images) and machine learning methods like sup-
port vector machine, random forest, k-nearest neighbors, and so 
on. These studies showed a high area under the receiver operating 
characteristic curve (AUC) of approximately 0.970.24–26 However, 
many of these techniques depend on manual feature extraction to 
characterize the features of DR, for example, microaneurysm/s 
and hemorrhage. Although these algorithms based on manual 
extraction might have good performance in the reported studies, it 
is difficult to generalize these data to other external data.

Now, in the era of deep learning, several recent reports pro-
vide novel data on the accuracy of DLAs for the detection of 
DR and referable DR. In recent years, Gargeya and Leng27 and 
Abràmoff et al28 have validated their DLAs on publicly available 
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external datasets reporting high diagnostic accuracy for the de-
tection of any DR (AUC, 0.94–0.9527 and 0.980,28 respectively). 
Gulshan et al23 developed a DLA to detect referable DR [ie, at 
least moderate nonproliferative DR or diabetic macular edema 
(DME)] and achieved excellent performance (AUC, 0.99) when 
testing against 9963 retinal images from predominantly white 
eyes. To date, the most robust evaluation was conducted by Ting 
et al,29 who trained a DLA using 76,370 retinal images from the 
national DR screening program in Singapore, and achieved robust 
accuracy for referable DR and vision-threatening DR across 10 
multiethnic retinal image datasets. We also established a crowd-
sourcing platform, LabelMe (https://www.lableme.org, Fig. 1), 
to allow a good number of clinicians to label fundus images for 
DR, glaucoma, and AMD. A DLA using a total of 106,244 fundus 
images from this crowdsourcing platform was developed and fur-
ther validated in Malays, white Australians, and Indigenous Aus-
tralians with a sensitivity of 92.5% and a specificity of 98.5%.30 
Table 1 summarizes the studies on AI screening for DR that are 
developed and validated primarily based on historical images, 
predominantly collected from clinical and research settings. In-
terestingly, a recent report by Abràmoff et al31 provides evidence 
of the first robust clinical trial of a DLA for the detection of refer-
able DR. Among 900 participants with diabetes from 10 primary 
care practices, the performance of the DLA exceeded predeter-
mined performance metrics discussed with the US Food and Drug 
Administration (FDA) [ie, sensitivity of 87.2% (greater than 
85%) and specificity of 90.7% (greater than 82.5%)] when com-
pared with a high-quality gold standard that included wide-field 
stereoscopic photography and macular optical coherence tomog-
raphy (OCT). In addition, the US FDA permitted the software 
called IDx-DR as the first AI medical device to analyze images 
for DR using a specific retinal camera (Topcon NW400).

Prominent literature has also emerged in the application of 
DLAs to OCT or 3-dimensional OCT (3D-OCT) scans for the 

detection of DME and other common macular diagnoses.32–36 Sev-
eral studies employing small samples (less than 100 patients) have 
reported diagnostic accuracy ranging from 75.0% to 93.8%.32–34 
Kermany et al35 tested a DLA against 108,312 images of 4686 
patients and achieved close-to-perfect performance for the clas-
sification of DME (AUC, 0.999) and other macular pathologies. 
De Fauw et al36 from Google DeepMind developed a DLA to de-
tect 50 common diagnoses from 3D-OCT scans. In an indepen-
dent dataset of 997 patients from a real-world clinical pathway, 
the DLA demonstrated performance exceeding that of experts 
(ie, 4 retinal specialists and 4 optometrists) for the multiclass 
classification of referral urgency.

TABLE 1. Studies on Artificial Intelligence Screening for Diabetic Retinopathy 

Study

Acharya et al24

Ganesan et al25

Ramachandran et al26

Abràmoff et al28

Gargeya and Leng27

Gulshan et al23

Ting et al29

Li et al30

Abràmoff et al31

El Tanboly et al32

Sandhu et al33

Adhi et al34

Kermany et al35

*A mixed model for DME and AMD detection.
SVM indicates support vector machine; PNN, probabilistic neural network.

Database Size Image Method
Sensitivity,

 %
Specificity,

 % AUC
Accuracy,

%

238 images
340 images
1685 images
1748 images
75,137 images
128,175 images
76,370 images
106,244 images
900 patients
52 subjects
80 patients
62 patients
108,312 scans 

from 4686 
patients* 

Fundus photography
Fundus photography
Fundus photography
Fundus photography
Fundus photography
Fundus photography  
Fundus photography     
Fundus photography
OCT
OCT
OCT
OCT
OCT

Machine learning 
Machine learning
Deep learning
Deep learning
Deep learning
Deep learning
Deep learning
Deep learning
Deep learning 
Deep learning
Machine learning
Machine learning 
Transfer learning 

98.9
–

84.6
96.8
94.0

87.0–90.3
90.5
97.0
87.2
83.0

70.0–92.5
92.0
97.8

  89.5
  –

  79.7
  87.0
  98.0

98.1–98.5
  91.6
  91.4
  90.7
100.0

79.0–95.0
  69.0
  97.4

85.2
99.1–99.4

–
–
–
–
–
–
–

92.0
75.0–93.8

–
–

0.972
–

0.980
0.980
0.970

0.990–0.991
0.936
0.989

–
–

0.920–0.974
–

0.999

FIGURE 1. The crowdsourcing platform LabelMe to label fundus images 
for DR, glaucoma, and AMD.
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Age-Related Macular Degeneration
Similar to the field of DR, several early attempts have been 

made at applying machine learning techniques to small retinal 
image datasets (less than 1000) for the classification of AMD.37–39 
Demonstrating the pertinence of these algorithms among exter-
nal datasets is a primary challenge. More recent reports provide 
novel data on the accuracy of deep learning systems for the de-
tection of AMD.29,40–42 Ting et al29 used 72,610 fundus photo-
graphs to develop a DLA and validated it on 35,948 images for 
the detection of at least intermediate AMD; excellent accuracy 
(AUC, 0.931) was achieved. Burlina et al40 utilized 5664 fun-
dus images from the Age-Related Eye Disease Study (AREDS) 
to train deep learning models and obtained an accuracy of 
79.4% to 93.4% for the 2- to 4-class AMD classification. In 
the same year, Burlina et al41 extended the dataset to more than 
130,000 images from 4613 AREDS patients and yielded an ac-
curacy ranging from 88.4% to 91.6% for referable intermediate/
advanced AMD. Grassmann et al42 also tested their DLA against 
the AREDS database (120,656 retinal images) and achieved ro-
bust diagnostic accuracy (overall accuracy for early or late AMD 
of 84.2%) for AMD classification (Table 2). To date, there is a 
paucity of data evaluating the performance of a DLA for AMD 
detection in prospective clinical trials.

Glaucoma
Investigators adopting machine learning approaches have 

reported reasonable sensitivities (range, 71.6–100.0%) and speci-
ficities (range, 71.7–100.0%) for the detection of GON from stan-
dard color fundus images.43–46 However, like machine learning 
approaches in DR and AMD, the clinical applicability of these 
algorithms remains questionable. Ting et al29 developed a DLA 
using 125,189 retinal images for the detection of referable glau-
coma (vertical cup–to–disc diameter ratio of at least 0.8; focal 
thinning or notching of the neuroretinal rim, optic disc hemor-
rhages, or localized retinal nerve fiber layer defects) and com-
prehensively evaluated its performance in an external validation 

dataset of 71,896 images that closely reflected real-world circum-
stances (AUC, 0.942). Adopting a similar definition for referable 
GON, we have previously reported a DLA that was developed 
based on 48,116 fundus photographs and achieved robust per-
formance in a validation dataset of 8000 images (AUC, 0.986).47 
Like AMD, there are currently no available data on the prospec-
tive application of DLAs for GON assessment among real-world 
screening or clinical pathways. Of note, DLAs have also been 
applied to visual field data and OCT scans.48–54 However, the util-
ity of these measures in first-line screening programs is currently 
limited (Table 3).

DISCUSSION
It is clear from a number of recent studies that DLAs can 

achieve excellent sensitivities and specificities for detecting DR, 
AMD, and GON. As such, given their superior efficiency over 
human graders, this technology offers great promise to improve 
the cost-effectiveness of current and future screening approaches.

The previous report by Ting et al,29 who developed auto-
mated assessment of not only DR but also glaucoma and AMD, 
is extremely important. Multicategorical classification of retinal 
images would increase the difficulty of DLA classification and 
reduce the accuracy of the model.55 Age-related macular degener-
ation and GON are common coexisting eye diseases in the diabe-
tes population and typically included within manual DR screen-
ing programs. As such, these conditions should not be ignored in 
new screening options that introduce AI. Identification of other 
coexisting eye diseases, such as myopic maculopathy, retinal de-
tachment, and epiretinal membrane, is important in real-world 
screening practice but a proper training of DLA on these con-
ditions remains challenging because they are less common and 
difficult to compile images for a training set.

In the context of DLA-automated diagnosis on other imag-
ing devices, for example, OCT scans, De Fauw et al36 developed 
DLAs based on 3D-OCT to detect 50 common diagnoses and 

TABLE 2. Studies on Artificial Intelligence Screening for Age-Related Macular Degeneration 

Study

Agurto et al37 

Zheng et al38

Mookiah et al39 

Burlina er al40 

Ting et al29

Burlina et al41

Grassmann et al42

SVM indicates support vector machine.

Database Size, 
Images Image Method

Sensitivity,
%

Specificity,
% AUC

Accuracy,
%

392 
395 
258

540 
161 
83 
5664

72,610

130,000 (from 
4613 patients)

120,656 (from 
3654 patients) 

Fundus 
photography

Fundus 
photography

Fundus 
photography

Fundus 
photography

Fundus 
photography 

Fundus 
photography

Fundus 
photography

Machine 
learning 

Machine 
learning

Machine 
learning

Machine 
learning

Deep learning

Deep learning

Deep learning 

94.0
90.0
79.5
99.4

–
–
–
–

93.2

72.8–88.4

–

  50.0
  50.0
  77.5
100.0

  –
  –
  –
  –

  88.7

91.5–93.4

  –

–
–

78.7
99.6
90.2
95.1
95.0

79.4–93.4

–

88.4–91.6

94.3

0.840
0.770

–
–
–
–
–
–

0.931

0.940–0.960

–
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exceeded the performance of experts in a multidisease and multi-
class decision problem in a real-world clinical pathway. Although 
the advantage of applying OCTs relates to the high accuracy in 
detecting common macular pathologies, including DME, histor-
ically OCTs have not been cost-effective to include in first-line 
DR screening programs given the majority of patients screened 
do not have retinopathy. Nonetheless, these DLAs have the po-
tential to improve diagnostic confidence and create more targeted 
referrals within optometry and tertiary settings.

We previously evaluated the feasibility and patient accep-
tance of DLA-based DR screening at an endocrinology outpatient 
clinic among 96 participants and found that the mean assessment 
time with this approach was 6.9 minutes, over 90% of patients 
were satisfied or very satisfied with the automated screening, 
and 78% preferred the DLA screening for its accessibility.56 

Burlina et al40 analyzed 5664 fundus photographs and showed the 
far superior efficiency of the DLAs compared with the physician 
in 2-class, 3-class, and 4-class of AMD without compromising 
accuracy. In addition, Tufail et al57 included 20,258 retinal images 
in the National Health Screening DR screening programs, devel-
oped 3 different kinds of automated software with robust sensi-
tivity, and found that the use of automated DR assessment soft-
ware was more cost-effective than traditional methods. Recently, 
the FDA has approved the first AI tool to detect DR,58 so it is 
only a matter of time before these systems have an impact. How- 
ever, studies on direct comparison of AI screening for assessment 
time and accessibility between traditional screening model and 
AI-based screening model have been less documented.

Currently, DLAs have developed rapidly, especially after the 
introduction of various novel deep neural network architectures, 
such as VGGNet, GoogleNet, InceptionV3, ResNet, DenseNet, 
and so on. These architectures largely improve the ability of im-
age high-dimensional feature extraction or representation, leading 
to deeper and wider DLAs with a better performance in disease 
diagnosis based on medical imaging. Another hurdle for a clini-
cian to develop a DLA classifier for the images of interest is the 
complexity of developing a convolutional neural network (CNN) 

that often requires experience and computer programming skills. 
A web-based tool has been developed by our research group 
(https://ml.healgoo.com) where the most commonly used CNN 
was adopted to allow clinicians to upload images with labels. Af-
ter uploading, the tool would then help identify the network with 
the best performance and the least overfitting that is deployable as 
an executable file or even a mobile application with visualization 
maps. In addition, proper reference standard was quite essential 
for robust DLA development. Previous studies mostly used sub-
jective grading by trained graders for image labeling based on 
just one kind of imaging examination (usually fundus photograph 
or OCT), which is not equivalent to real-world diagnosis that 
usually depends on multimodal data. Therefore, using real-world 
clinical diagnostic data, including but not limited to visual acuity, 
history, fundus photography, and OCT scans for higher standard 
image labelling are expected in the future.

Moreover, the current DLAs have been proved to have a 
comparable or even superior ability in classification of “with/
without disease”, “referable/nonreferable disease”, or severity 
levels of disease compared with humans. Other than this, DLAs 
are also able to predict the timing of sequence-based progress. 
This demonstrates the possibility of developing a DLA based on 
clinical chronological data to predict future disease progression, 
which is quite difficult for human specialists. This needs more at-
tention in the future. In addition, the dataset is the most important 
aspect in AI development. Improved diagnostic accuracy is likely 
achieved through employing larger datasets that comprise multi-
center, multiethnic, and multidisease clinical information.

It is clear from the recent literature that deep learning 
approaches show great promise in improving the efficiency and 
affordability of ocular disease screening. However, it is important 
to note that, with the exception of Abràmoff et al,31 robust pro-
spective clinical trials evaluating the performance of DLAs in the 
context of ocular disease screening are lacking. Further studies 
evaluating where these systems best “fit” in the clinical system, 
real-world performance, and acceptability by end users are re-
quired to guide future deployment.

TABLE 3. Studies on Artificial Intelligence Screening for Glaucoma 

Study

Singh et al43

Salam et al44 
Chakrabarty et al45

Chen et al46

Li et al47

Ting et al29

Asaoka et al48

Muhammad et al49

Oh et al50

Bowd et al51

Niwas et al52 

Silva et al53

Vidotti et al54

Database Size Image Method
Sensitivity,

%
Specificity,

% AUC
Accuracy,

%

63 images
150 images
2252 images
2326 images
48,116 images
125,189 images
171 images

102 images
286 patients
193 patients
74 patients

110 patients
110 patients

Fundus photography
Fundus photography
Fundus photography
Fundus photography
Fundus photography
Fundus photography 
Visual field

Visual field
Visual field
Visual field
Anterior segment 

OCT
OCT and visual field
OCT

Machine learning
Machine learning
Machine learning 
Deep learning
Deep learning 
Deep learning
Machine learning 

and deep 
learning

Deep learning
Machine learning
Machine learning
Machine learning

Machine learning 
Machine learning

90.9–100.0
73.0–100.0

71.6
–

95.6
96.4

50.0–77.8

–
78.3

–
–

82.3–95.2
–

75.0–100.0
85.0–98.0

71.7
–

92.0
87.2

90.0–100.0

–
85.9

–
–

56.5–83.9
–

–
82.0–97.0

–
–

92.9
–
–

66.7–87.3
84.0

–
59.5–85.1

–
–

–
–

0.792
0.887
0.986
0.942

0.667–0.790

–
0.890

0.640–0.805
–

0.778–0.946
0.785–0.818
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