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optic neuropathy (GON) with high sensitivity and specificity could expedite screening Supplemental content and
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DESIGN, SETTING, AND PARTICIPANTS In this cross-sectional study, a DLS for the classification
of GON was developed for automated classification of GON using retinal fundus images
obtained from the Chinese Glaucoma Study Alliance, the Handan Eye Study, and online
databases. The researchers selected 241032 images were selected as the training data set.
The images were entered into the databases on June 9, 2009, obtained on July 11, 2018, and
analyses were performed on December 15, 2018. The generalization of the DLS was tested in
several validation data sets, which allowed assessment of the DLS in a clinical setting without
exclusions, testing against variable image quality based on fundus photographs obtained
from websites, evaluation in a population-based study that reflects a natural distribution of
patients with glaucoma within the cohort and an additive data set that has a diverse ethnic
distribution. An online learning system was established to transfer the trained and validated
DLS to generalize the results with fundus images from new sources. To better understand the
DLS decision-making process, a prediction visualization test was performed that identified
regions of the fundus images utilized by the DLS for diagnosis.

EXPOSURES Use of a deep learning system.

MAIN OUTCOMES AND MEASURES Area under the receiver operating characteristics curve
(AUQ), sensitivity and specificity for DLS with reference to professional graders.

RESULTS From a total of 274 413 fundus images initially obtained from CGSA, 269 601images
passed initial image quality review and were graded for GON. A total of 241032 images
(definite GON 29 865 [12.4%], probable GON 11 046 [4.6%], unlikely GON 200 121[83%])
from 68 013 patients were selected using random sampling to train the GD-CNN model.
Validation and evaluation of the GD-CNN model was assessed using the remaining 28 569
images from CGSA. The AUC of the GD-CNN model in primary local validation data sets was
0.996 (95% Cl, 0.995-0.998), with sensitivity of 96.2% and specificity of 97.7%. The most
common reason for both false-negative and false-positive grading by GD-CNN (51 0f 119
[46.3%] and 191 of 588 [32.3%]) and manual grading (50 of 113 [44.2%] and 183 of 538
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laucoma is the leading cause of irreversible blindness.

It is predicted to affect 80 million people worldwide

by 2020 and 111.8 million by 2040.2 Glaucoma is a
chronic neurodegenerative disease of the eye.? The majority
of patients with glaucoma are unaware of their condition un-
til late in the course of their disease, when central visual acu-
ity is affected.* Screening and early detection of glaucoma,
along with timely referral and treatment, is a generally ac-
cepted strategy for preventing vision loss. Digital fundus im-
age evaluation has emerged as a modality for large-scale glau-
coma screening owing to its convenience and relative
affordability.®” Nevertheless, the process of manual image as-
sessment is labor-intensive and time-consuming.” In addi-
tion, glaucoma diagnosis from fundus images is subjective, and
efficiency is likely linked to the experience and skill of the
observer.

Artificial intelligence has been successfully applied inim-
age-based medical diagnoses, such as skin cancer, breast can-
cer, brain tumors, and diabetic retinopathy.®'? The deep learn-
ing system (DLS) approach also has recently been adopted to
provide high sensitivity and specificity (>90%) for detecting
glaucomatous optic neuropathy (GON) from high-quality reti-
nal fundus images.!*> However, the use of DLS for medical di-
agnosis has inferior performance when applied to data ob-
tained from different sources.'?!3 This is an important
consideration, because if maximum reach and clinical ben-
efit are to be achieved, ideally a DLS would be used in differ-
ent settings with images of varying quality, patient ethnicity,
and population sources.!*1®

In this study, we established a large-scale database of fun-
dus images for glaucoma diagnosis (FIGD database) and de-
veloped from the fundus images Glaucoma Diagnosis With
Convoluted Neural Networks (GD-CNN), as an advanced DLS
approach for automatically detecting GON with the ability to
be generalized across populations.

Methods

Training Data Sets

This study followed the Strengthening the Reporting of Ob-
servational Studies in Epidemiology (STROBE) reporting
guideline. The study was conducted according to the tenets
of the Declaration of Helsinki and it was approved by the
institutional review board of Beijing Tongren Hospital. Because
the study was a retrospective review and analysis of fully
anonymized color retinal fundus images, the medical ethics
committee declared it exempt from informed consent.

To establish an automatic diagnosis system for GON, a total
of 274 413 fundus images were obtained from the Chinese Glau-
coma Study Alliance (CGSA; eAppendix in the Supplement) be-
tween 2009 and 2017 (Table 1). The images were entered into
the databases on June 9, 2009, obtained on July 11, 2018, and
analyses were performed on December 15, 2018. The CGSA uses
atele-ophthalmology platform and a cloud-based online data
set (http://www.funduspace.com), which has established its
own electronic data capture system to achieve effective data
quality control. For each patient, 2 fundus images of each eye
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Key Points

Question How does a deep learning system compare with
professional human graders in detecting glaucomatous optic
neuropathy?

Findings In this cross-sectional study, the deep learning system
showed a sensitivity and specificity of greater than 90% for
detecting glaucomatous optic neuropathy in a local validation data
set, in 3 clinical-based data sets, and in a real-world distribution
data set. The deep learning system showed lower sensitivity when
tested in multiethnic and website-based data sets.

Meaning This assessment of fundus images suggests that deep
learning systems can provide a tool with high sensitivity and
specificity that might expedite screening for glaucomatous optic
neuropathy.

were recorded. For this study, each image in the training data
set was subjected to a tiered grading system consisting of
multiple layers of trained graders of increasing expertise. Each
image imported into the database started with a label matching
the most recent diagnosis of the patient; the label was masked
to evaluators. The first tier of graders consisted of 5 trained
medical students and nonmedical undergraduates. They
conducted initial quality control according to the following
criteria: (1) the image did not contain severe resolution
reductions or significant artifacts; (2) the image field included
the entire optic nerve head and macula; (3) the illumination
was acceptable (ie, not too dark or too light); (4) the image was
focused sufficiently for grading the optic nerve head and retinal
nerve fiber layer. The second tier of graders consisted of 22
Chinese board-certified ophthalmologists or postgraduate
ophthalmology trainees, with more than 2 years’ experience,
who had passed a pretraining test. In the process of grading,
each image was assigned randomly to 2 ophthalmologists for
grading. Each grader independently graded and recorded each
image according to the criteria of GON (Table 2). The third tier
of graders consisted of 2 senior independent glaucoma
specialists with more than 10 years of experience with
glaucoma diagnosis (H.W. and S.L.); they were consulted to
adjudicate disagreement in tier 2 grading (eAppendix in the
Supplement). After this process, images were classified as
unlikely, probable, and definite GON. Referable GON was
defined as probable or definite GON.

Glaucoma Diagnosis

With Convoluted Neural Networks Model

The training images with assigned labels were used to estab-
lish a state-of-the-art DLS, GD-CNN, based on the Residual Net
(ResNet) platform!” (eFigures 1 and 2 in the Supplement). In
the current study, we restricted the analysis to the binary clas-
sification problem of glaucoma in fundus images. The basic op-
eration of ResNet is to apply convolution repeatedly, which is
computationally quite expensive or high-resolution images,
because processing them requires more computational re-
sources, such as memory, and time. Therefore, we prepro-
cessed images by downsampling them to 224 x 224 pixel reso-
lution. In addition, these images were centered on the optic
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Table 1. Summary of Source Data Sets

No Age, Female
Source Data = Mean No./Total
Sets Images Eyes® Individuals (SD),y*  (%)° Cohort Ethnicity/Race, (%) Camera Assessor
CGSA 274413 138210 69105 54.1 20167 Clinic-based Han Chinese (78.3)  Topcon, Professional grader
(14.5) (55.8) Canon, team
Carl Zeiss
Beijing 20466 10308 5154 52.8 1068 (49.7) Clinic-based Han Chinese (81.7)  Topcon, 2 Ophthalmologists;
Tongren (16.7) Canon arbitration by 1
Hospital glaucoma specialist
Peking 12718 6460 3230 57.2 327 (43.1) Clinic-based Han Chinese (79.5)  Topcon 2 Ophthalmologists;
University (10.9) arbitration by 1
Third glaucoma specialist
Hospital
Harbin 9305 4732 2366 59.9 771(57.3) Clinic-based Han Chinese (82.9)  Topcon 2 Professional senior
Medical (11.2) graders; arbitration by
University 1 glaucoma specialist
First Hospital
Handan Eye 29676 13404 6702 55.2 2589 (42.2) Population-basedHan Chinese (80.1)  Topcon, 3 Glaucoma specialists
Study (10.9) Canon
Hamilton 7877 3938 1969 58.2 1041 (52.9) Clinic-based White (73.0), Topcon, 3 Glaucoma specialists
Glaucoma (19.2) black/African Canon
Center American (19.3),
Asian (5.4),
Middle Eastern (0.3)
Website 884 884 884 NA NA Website-based NA NA 2 Professional senior

graders; arbitration by
1 glaucoma specialist

Abbreviations: CGSA, Chinese Glaucoma Study Alliance; NA, not applicable.
2 For each patient, 2 fundus images of each eye were taken and recorded.

®Individual data, including age, sex, and race/ethnicity, were available for CGSA
(36 142 of 69 105 individuals [52.3%)]), Beijing Tongren Hospital (2150 of 5154

[41.7%]), Peking University Third Hospital (759 of 3230 [23.5%]), Harbin
Medical University First Hospital (1346 of 2366 [56.9%]) (%), Handan Eye
Study (6675 of 6702 [99.6%]), and the Hamilton Glaucoma Center (100%).
This information was NA for the website.

Table 2. Classification for Glaucomatous Optic Neuropathy

Classification Clinical Features

Unlikely No sign of the conditions below

glaucomatous

optic neuropathy

Probable At least 2 conditions positive: 0.7 < VCDR < 0.85; rim
glaucomatous width <0.1 DD; general rim thinning 260° or localized

optic neuropathy rim thinning <60° (11 to 1 o’clock or 5 to 7 o’clock);

RNFL defects; splinter hemorrhages; and peripapillary

atrophy (B zone)
Definite Any of the following conditions:
glaucomatous VCDR = 0.85;

optic neuropathy RNFL defects correspond with thinning area of

rim or notches.

Abbreviations: DD, disc diameter; RNFL, retinal nerve fiber layer; VCDR, vertical
cup-disc ratio.

cup and contained part of the surrounding vessels, because
glaucoma is highly associated with alteration in these regions.'®
To achieve this, the optic cups were automatically detected by
recognition of the area with the highest intensity on the gray-
scale map of each fundus image; this was found to consis-
tently be associated with the optic cup. Next, we calculated
the mean values of red, green, and blue channels, respec-
tively, among all the fundus images in the training data set.
Then, for each sample, we remove the 3 mean values on red,
green, and blue channels, such that the input to GD-CNN was
approximately O for relieving the overfitting.'® As such, the re-
dundancy of the fundus image could be removed for the bi-
nary classification of glaucoma in GD-CNN. Because the GON
diagnosis was formulated as a binary classification problem,
estimating whether GON was positive or negative, a cross-
entropy function was applied in GD-CNN as the loss function.

jamaophthalmology.com

For each parameter assessed, GD-CNN was trained to mini-
mize the cross-entropy loss over the large-scale training
samples of positive and negative GON. The minimization was
achieved through the back-propagation algorithm with the sto-
chastic gradient descent optimizer. Once training of GD-CNN
was established, the system was applied to validation sets.

Validation Data Sets

Details of all validation datasets are described in Table 1 and
eTable 1 in the Supplement. The initial local validation
data set did not overlap with the image data used in training.
Images previously not seen by the network were presented to
GD-CNN for assessment and automated diagnosis. The im-
ages were also independently assessed by 3 experienced pro-
fessional graders (D.M., R.P., Y.C.) with more than 2 years’ ex-
perience in detecting referable GON.

Online Deep Learning System

The central challenge of applying DLSs in medicine is the
ability to guarantee generalizability in prediction. General-
ization refers to the ability of DLSs to successfully grade pre-
viously unseen samples from different data sources. An
ODL system was developed to improve the generalization
ability of the GD-CNN model, making automatic GON diag-
nosis practical. In the ODL system, the GD-CNN model is
used to sequentially predict GON with a human-computer
interaction loop (eFigure 2A in the Supplement). The
human-computer interaction loop consisted of 3 iterative
steps: (1) the computer used GD-CNN to initially diagnose
glaucoma of fundus images with a high sensitivity rate; (2)
the ophthalmologists manually confirmed the positive
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samples predicted by the computer; (3) the confirmed
samples fine-tuned the GD-CNN model, which was used for
initial GON diagnosis of the subsequent fundus images
(ie, return to step 1).

Visualization of Predictive Imaging Features

Following Zeiler and Fergus,?° we visualized the contribu-
tions of different regions to GD-CNN prediction of GON on
fundus images. The visualization is represented by heat-
maps, which highlight strong prognostic regions of the fun-
dus images. The experiment of occlusion testing was con-
ducted to obtain the visualization results. First, the original
fundus image was resized into a 360 x 360 red, green, and
blue image. Then, a 60 x 60 gray block was used to slice
through the fundus image (with a stride of 10 pixels), along-
side both horizontal and vertical axes. Consequently, the
fundus image generates 961 (31 x 31) visualization testing
images, each of which has a 60 x 60 gray block at a different
position. Second, the visualization testing images were pre-
dicted using the GD-CNN model. For each visualization test
image, the prediction probability output refers to the value
of the visualization heatmap at the corresponding position.
Hence, the visualization heat map was 31 x 31. Finally, the
heatmap was mapped to the original fundus image to visu-
alize the importance of each region in GON prediction.

The deep features refer to the output of the final max pool-
ing layer, which is in 512 dimensions. To visualize the distri-
bution of the deep features from different categories, the di-
mensionality of deep features was reduced by t-distributed
stochastic neighbor embedding visualization (t-SNE) from 512
to 3. t-Distributed stochastic neighbor embedding visualiza-
tion is a state-of-the-art nonlinear dimensionality reduction
method. The deep features from glaucoma and no finding of
glaucoma are clustered into 2 groups once the training loss con-
verges. The groups of 2 clusters can be clearly separated, veri-
fying the effectiveness of the deep features learned in
GD-CNN.

Statistical Analysis

The performance of our algorithm was evaluated in terms of
area under the receiver operating characteristic curve
(AUC). The 95% CIs for AUC were calculated nonparametri-
cally through logit-transformation-based CIs, which was
found to have good coverage accuracy over unbiased
samples. In addition to AUC, the sensitivity and specificity
of each operating point in ROC curves were also measured
with 2-sided 95% CIs. These CIs were calculated as Clopper-
Pearson intervals, which are exact intervals based on cumu-
lative probabilities.

Furthermore, to determine whether the ODL system has
an effect on diagnosing glaucoma, McNemar tests were con-
ducted between the original GD-CNN model and the fine-
tuned GD-CNN models. Specifically, two 2 x 2 contingency
tables were applied to count the diagnosis changes after ODL,
for positive and negative samples, respectively. Then a x3-
based P value was calculated along with the sensitivity/
specificity over each validation data set. Statistical signifi-
cance was set at 2-sided P < .05.

JAMA Ophthalmology December2019 Volume 137, Number 12
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All statistical analyses were computed using the Stats Mod-
els Python package, version 0.6.1 (http://www.statsmodels.
org) and Matlab AUC, version 1.1 (MathWorks).

. |
Results

Training, Validation, and Evaluation of the GD-CNN Model
From a total of 274 413 fundus images initially obtained from
CGSA, 269 601 images passed initial image quality review and
were graded for GON by the second-tier graders of Chinese
board-certified ophthalmologists. The median quantity of im-
ages per ophthalmologist graded was 14 756 (range, 8762-
55389) and 10 ophthalmologists graded more than 15 000 im-
ages. Senior glaucoma specialists adjudicated 13 254 images
in which there was disagreement in tier 2 grading. We se-
lected 241032 images (definite GON, 29 865 [12.4%]; prob-
able GON, 11 046 [4.6%]; and unlikely GON 200, 121 [83%]) from
68 013 patients, using random sampling, to train the GD-CNN
model. Validation and evaluation of the GD-CNN model was
assessed using the remaining 28 569 images from CGSA. Dis-
tribution of the 3 diagnostic categories was 15.8% definite GON,
2% probable GON, and 82.2% unlikely GON (eTable 1 in the
Supplement). In the local validation data set, the AUC of the
GD-CNN model was 0.996 (95% CI, 0.995-0.998), and sensi-
tivity and specificity in detecting referable GON were compa-
rable with that of trained professional graders (sensitivity,
96.2% Vs 96.0%; P = .76; specificity, 97.7% vs 97.9%; P = .81)
(eFigure 3 in the Supplement). To evaluate the ability of the
GD-CNN to work across different populations, 3 clinical-
based studies were performed to reflect the routine function-
ing of an ophthalmic center. When images from these cohorts
from different hospitals were diagnosed through GD-CNN and
compared with clinical evaluation, performance remained high
(Table 3); the AUC for referable GON ranged from 0.995 to
0.987, with both sensitivity and specificity greater than 90%
(range: sensitivity, 93.6% to 96.1%; specificity, 95.6% to 97.1%).
Further evaluation was undertaken using the Handan Eye
Study data set to provide a real-world distribution of individu-
als with glaucoma. In this case, the AUC was 0.964 with a sen-
sitivity of 91.0% and specificity of 92.6% (Table 3). To test GD-
CNN across a range of ethnic backgrounds, a multiethnic data
set (73.0% white, 19.3% African American, 5.4% Asian, 0.3%
Middle Eastern) from the Hamilton Glaucoma Center was used,
with an AUC of 0.923, sensitivity of 87.7%, and specificity
80.8%. Glaucoma Diagnosis With Convoluted Neural Net-
works showed an AUC of 0.823 with 82.2% sensitivity and
70.4% specificity in a data set composed of images of a varied
range of quality obtained online (Table 3).

Understanding the Basis for Incorrect Diagnosis

Among the local validation data sets, an additional analysis was
conducted to further evaluate GD-CNN’s performance to better
establish the basis for false-positive and false-negative diagno-
ses (eTable 2 in the Supplement). The most common reason for
undetected GON from fundus images was pathologic or high
myopia for both GD-CNN (51 0f 110 [46.3%] ) and manual grad-
ing (50 of 113 [44.2%]). The most likely cause for a false-
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Table 3. Performance of the GD-CNN in Validation Data Sets

% (95% Cl) Confusion Result No. (%)
Total
False- False- Concordant

Data Sets (No. of Images) AUC (95% CI) Sensitivity Specificity True-Positive  Positive Negative  True-Negative Images
Local Validation
Chinese Glaucoma Study 0.996 96.2 97.7 2786 (9.8) 588 (2.1) 110(0.4) 25085(87.8) 27871(97.6)
Alliance (28 569) (0.995-0.998)  (95.4-96.9) (97.5-97.9)
Clinical Validation
Beijing Tongren Hospital 0.995 96.1 97.1 2226(10.9) 534(2.6) 90(0.4) 17616(86.1) 19842 (97.0)
(20466) (0.996-0.996)  (95.2-96.9) (96.8-97.3)
Peking University Third 0.994 96.0 96.1 593 (4.7) 468 (3.7) 26(0.2) 11631(91.5) 12224(96.1)
Hospital (12 718) (0.991-0.996)  (93.9-97.2) (95.8-96.5)
Harbin Medical University 0.987 93.6 95.6 435(4.7) 392 (4.2) 30(0.3) 8448(90.8) 8883(95.5)
First Hospital (9305) (0.982-0.991)  (90.9-95.6) (95.1-96.0)
Population Screening Validation
Handan Eye Study (29 676) 0.964 91.0 92.6 543 (1.8) 2175(7.3) 54(0.2) 26904(90.7) 27447(92.5)

(0.952-0.972)  (88.4-93.1) (92.2-92.8)
Multiethnic Validation
Hamilton Glaucoma Center 0.923 87.7 80.8 5224 (66.3) 369 (4.7) 733(9.3) 1551(19.7) 6775 (86.0)
(7877) (0.916-0.930)  (86.8-88.5) (78.9-82.5)
Multiquality Validation
Website (884) 0.823 82.2 70.4 212 (31.0) 126 (18.4) 46(6.7) 300(43.9) 512 (74.9)

(0.787-0.855)  (76.9-86.6) (65.8-74.7)

Abbreviations: AUC, area under the receiver operating characteristic curve; GD-CNN, Glaucoma Diagnosis with Convoluted Neural Networks.

positive classification by DLS or manual grading was also patho-
logic or high myopia (DLS: 191 0of 588 [32.3%]; manual: 183 of 538
[34.0%]). Physiologically large cupping was also a common cause
of false-positive results with manual diagnosis (138 of 538
[25.6%]), and to alesser degree with GD-CNN (94 of 588 [16.0%)]).

Implementation of the Online Deep Learning System

The ODL system was implemented in the tele-ophthalmicim-
age reading platform of Beijing Tongren Hospital (eAppendix
in the Supplement), which collected a group of fundus im-
ages every week (approximately 600 images). It was found that
both sensitivity and specificity of the ODL system improve with
each group of samples collected sequentially across a 5-week
period (eFigure 2 in the Supplement). Specifically, the im-
provement in sensitivity was 1.3%, 2.6%, 2.6%, and 3.9%, re-
spectively, and the improvement of specificity was 2.0%, 2.4%,
2.1%, and 2.6%.

Visualization of Prediction

To visualize the learning procedure and represent the areas con-
tributing most to the DLS, we created a heatmap that super-
imposed a convolutional visualization layer at the end of our
network, performed on 1000 images (Figure 1; eFigure 4 in the
Supplement). The regions of interest identified to have made
the greatest contribution to the neural network’s diagnosis were
also shared with 91.8% of ophthalmologists (Figure 2A). All
areas containing optic nerve head variance and neuroretinal
rim loss were located correctly on all the images used for test-
ing, whereas retinal nerve fiber layer defects and peripapil-
lary atrophy on occasions did not present a clear point of in-
terest with an accuracy of 90.0% and 87.0% respectively.
Figure 2B represents a t-distributed stochastic neighbor em-
bedding visualization of this data set by our automated method,
clearly showing 2 clusters of fundus images and indicating the

jamaophthalmology.com

ability of our model to separate normal from those with
glaucoma.

|
Discussion

In this study, we focused on automating the diagnosis of
glaucoma from fundus images by establishing a DLS (GD-
CNN) with an ability to work across numerous populations.
Previous studies have reported automated methods for the
evaluation of glaucoma, with most using technology on fea-
ture extraction.?'2> Recently, the DLS approach also has been
adopted to provide high sensitivity and specificity for detect-
ing GON from high-quality retinal fundus images.?2%2” The am-
bition of deep learning is to create a fully automated screen-
ing model, which can automatically learn the features for
glaucoma diagnoses without any human effort, avoiding mis-
alignment and misclassification caused by introduced errors
in localization and segmentation. Compared with previous
work, the GD-CNN model differs from conventional learning-
based algorithms in a number of aspects.

The GD-CNN model was trained using a larger data set than
used in previous studies.!>'>26-31 1t is reasonable to assume that
access toa greater pool of training images is likely to increase the
accuracy of the DLS in detecting glaucoma. A major challenge
with deep learning algorithms is their general applicability to sys-
tems and settings beyond the site of development. To address
this challenge, additional data sets were used. Data sets result-
ing from ophthalmic settings are likely to produce a higher in-
cidence of glaucoma than is present in the general population.
Therefore, to provide a realistic disease-screening test for GD-
CNN, a population data set obtained from the Handan Eye Study
was used, which provided a real-world ratio of individuals with
and without diagnosed glaucoma.>?-*® Ethnicity is also associ-
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Figure 1. Visualization of Deep Features of the GD-CNN Deep Learning System
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Figure 2. Training Loss and Visualization of Deep Features at Different Training Iterations
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ated with different anatomical and clinical features and a dif-
ferent incidence of glaucoma.* A number of the cohorts de-
rived from Chinese centers have limited ethnic diversity.
Therefore, to test GD-CNN across a range of ethnic back-
grounds, a multiethnic data set from the Hamilton Glaucoma
Center, which includes white, African American, Asian, and
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Middle Eastern individuals, was used. Despite the different chal-
lenges imposed by these different data sets, GD-CNN consis-
tently performed with high sensitivity and specificity. Another
major factor in the generalization of DLSs is the quality of im-
ages on which the DLS is making decisions and diagnosis. To ad-
dress this important concern, GD-CNN was externally evalu-
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ated using a multiquality image data set of retinal fundus
photographs established from website sources. Examination of
884 images available on the World Wide Web using GD-CNN, as
expected, proved a greater challenge, but analysis showed ac-
ceptable performance, with AUC of 0.823 with 82.2% sensitiv-
ity and 70.4% specificity.

The current study addressed the issue of false-positive and
false-negative diagnosis by the DLS and manual grading. The
main reason for both false-negative and false-positive diag-
noses by GD-CNN and manual grading was high or pathologic
myopia, which are characterized by peripapillary atrophy
(B-zone), shallow cups, and tilting, torsion, or both of the op-
tic disc. More studies assessing textural properties are planned
to allow more accurate classification by the algorithm to al-
low it to distinguish among the optic disc region, central 3-zone,
and peripheral a-zone of peripapillary atrophy and other
retinal areas.

To further evaluate the ability of the GD-CNN model across
multiple populations, an ODL system was proposed in which
the GD-CNN model iteratively updated with a human-
computer interaction loop.

Limitations
This study has some limitations. In the ODL system, the gen-
eralization ability of GD-CNN can be improved through human-

Original Investigation Research

computer interaction, such that each can educate and inform
the other. An ODL system using a pretrained GD-CNN model
to reinforce training on limited local images would likely gen-
erate a more accurate model requiring less time for local data
set classifications. In principle, the ODL system we have de-
scribed here could potentially be used on a wide range of medi-
cal images across multiple disciplines. Further benefit may
come from the use of artificial intelligence with digital im-
agesinacombination of structural and functional testing, and
even multiple other orthogonal data sets, for example, car-
diovascular data and genomic data, to further enhance the
value of data use for the health care system.

. |
Conclusions

The GD-CNN model, which was driven by a large-scale data-
base of fundus images, has high sensitivity and specificity for
detecting glaucoma. The experimental results show the po-
tential of automated DLSs in enhancing current screening pro-
grams in a cost-effective and time-efficient manner. The gen-
eralization of this approach might be facilitated by training the
GD-CNN model on large-scale data and implementing
GD-CNN in an ODL system, which may be further refined
through a human computer interface.
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