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IMPORTANCE Conventional segmentation of the retinal nerve fiber layer (RNFL) is prone to
errors that may affect the accuracy of spectral-domain optical coherence tomography
(SD-OCT) scans in detecting glaucomatous damage.

OBJECTIVE To develop a segmentation-free deep learning (DL) algorithm for assessment
of glaucomatous damage using the entire circle B-scan image from SD-OCT.

DESIGN, SETTING, AND PARTICIPANTS This cross-sectional study at a single institution used
data from SD-OCT images of eyes with glaucoma (perimetric and preperimetric) and normal
eyes. The data set was randomly split at the patient level into a training (50%), validation
(20%), and test data set (30%). Data were collected from March 2008 to April 2019,
and analysis began April 2018.

EXPOSURES A convolutional neural network was trained to discriminate glaucomatous
from normal eyes using the SD-OCT circle B-scan without segmentation lines.

MAIN OUTCOMES AND MEASURES The ability to discriminate glaucoma from healthy eyes
was evaluated by comparing the area under the receiver operating characteristic curve and
sensitivity at 80% or 95% specificity for the DL algorithm’s predicted probability of glaucoma
vs conventional RNFL thickness parameters given by SD-OCT software. The performance was
also assessed in preperimetric glaucoma, as well as by visual field severity using
Hodapp-Parrish-Anderson criteria.

RESULTS A total of 20 806 SD-OCT images from 1154 eyes of 635 individuals (612 [53%] with
glaucoma and 542 normal eyes [47%]) were included. The mean (SD) age at SD-OCT scan
was 70.8 (10.4) years in individuals with glaucoma and 55.8 (14.1) years in controls. There
were 187 women (53.3%) in the glaucoma group and 165 (59.8%) in the control group. Of 612
eyes with glaucoma, 432 (70.4%) had perimetric and 180 (29.6%) had preperimetric
glaucoma. The DL algorithm had a significantly higher area under the receiver operating
characteristic curve than global RNFL thickness (0.96 vs 0.87; difference = 0.08 [95% CI,
0.04-0.12]) and each RNFL thickness sector for discriminating between glaucoma and
controls (all P < .001). At 95% specificity, the DL algorithm (81%; 95% CI, 64%-97%) was
more sensitive than global RNFL thickness (67%; 95% CI, 58%-76%). The areas under the
receiver operating characteristic curve were also significantly greater for the DL algorithm
compared with RNFL thickness at each stage of disease, especially preperimetric and mild
perimetric glaucoma.

CONCLUSIONS AND RELEVANCE A segmentation-free DL algorithm performed better than
conventional RNFL thickness parameters for diagnosing glaucomatous damage on OCT
scans, especially in early disease. Future studies should investigate how such an approach
contributes to diagnostic decisions when combined with other relevant clinical information,
such as risk factors and perimetry results.
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I n clinical practice, glaucoma is usually diagnosed by a com-
bined analysis of several clinical parameters, including risk
factors, such as age and intraocular pressure; tests for evalu-

ation of structural damage to the optic nerve; and visual func-
tion assessment with perimetry. Among tests for structural
evaluation,1,2 spectral-domain optical coherence tomogra-
phy (SD-OCT) is the most commonly used one, providing ob-
jective quantification of damage to the optic nerve head and
retinal nerve fiber layer (RNFL).3 To provide quantitative RNFL
thickness measurements, conventional SD-OCT software ap-
plies segmentation algorithms to delineate the RNFL and
extract its thickness. Although SD-OCT RNFL thickness
measurements can be generally accurate for diagnosing
glaucoma,3,4 they may fail in the presence of segmentation
errors.5,6 Such errors have been reported in 20% to more than
40% of scans5 and significantly affect the diagnostic accu-
racy of SD-OCT in glaucoma.5,6

Even in the absence of segmentation errors, the interpre-
tation of conventional SD-OCT RNFL printouts may be diffi-
cult given the presence of a large number of summary para-
meters, in addition to maps and plots. The evaluation
of multiple parameters increases the risk of making a type I
error, ie, finding an abnormality just by chance. This has led
to the phenomenon of red disease in which some patients re-
ceive a diagnosis of glaucoma based on SD-OCT in the absence
of true disease.7

Recent advances in artificial intelligence have led to the
development of deep learning (DL) algorithms that can accu-
rately detect complex patterns in images, achieving levels of
accuracy in image classification tasks that can sometimes
surpass those of humans.8-12 Deep learning algorithms can
be trained to analyze an entire SD-OCT image, potentially
providing more information related to the presence of glau-
comatous damage than individual SD-OCT parameters.
Segmentation-free analysis of the SD-OCT image may also
eliminate the need for manual refinement of conventionally
segmented retinal layers. By interpreting the whole image,
use of DL algorithms may further minimize false positives,
or red disease, that arise when clinicians assess multiple
individual parameters.

The purpose of this study was to develop a segmentation-
free DL algorithm to assess glaucomatous structural damage
using the whole peripapillary SD-OCT scan image and to com-
pare its performance to that of conventional RNFL thickness
parameters.

Methods
This cross-sectional study used data from the Duke Glau-
coma Repository, a database of electronic research and medi-
cal records developed by the Duke University Vision, Imaging
and Performance Laboratory. The study protocol adhered to
the tenets of the Declaration of Helsinki13 and was conducted
in accordance with the Health Insurance Portability and Ac-
countability Act on approval by the Duke University institu-
tional review board. A waiver of informed consent was granted
owing to the retrospective nature of this research.

The database included information on ophthalmic diag-
noses, medical history, and results from comprehensive oph-
thalmic examination including visual acuity, intraocular pres-
sure, slitlamp biomicroscopy, gonioscopy, and dilated fundus
examination. In addition, stereoscopic optic disc photo-
graphs (Nidek 3DX) and Spectralis SD-OCT (version 5.4.7.0.;
Heidelberg Engineering) images and associated data were re-
viewed. Standard automated perimetry (SAP) using the 24-2
test pattern and Swedish interactive thresholding algorithm
(Carl Zeiss Meditec) was included if the test was reliable, con-
taining fewer than 33% fixation losses and 15% false-positive
errors. All eyes with glaucoma had primary open-angle glau-
coma based on open angles on gonioscopy, clinical examina-
tion, and grading of stereophotographs and visual fields. Pa-
tients with other ocular or systemic diseases that could
adversely affect the optic nerve or visual field were excluded.
Eyes with a refractive error greater than or equal to +6.0 or −6.0
diopters were excluded.

Two experienced graders masked to the participant’s iden-
tity and any other test information graded the photographs for
the presence of signs of glaucomatous optic neuropathy as well
as for change over time. Disagreements between graders were
resolved by a third experienced grader. Eyes were catego-
rized with perimetric glaucoma if they had evidence of glau-
comatous optic neuropathy (ie, cupping, diffuse or focal rim
thinning, optic disc hemorrhage, or RNFL defects) and a re-
producible visual field defect on at least 2 consecutive SAP tests
with pattern standard deviation less than 5% or glaucoma
hemifield test outside normal limits. In addition, eyes with
glaucomatous optic neuropathy whose contralateral eye had
evidence of perimetric glaucoma were also included but cat-
egorized as preperimetric glaucoma. Eyes that had a history
of documented optic disc progression on stereophotographs
(ie, progressive rim thinning or enlargement of RNFL defects)
in the absence of visual field loss were also categorized as hav-
ing preperimetric glaucoma.

Eyes with perimetric glaucoma were further classified into
mild, moderate, and severe visual field loss by applying the
Hodapp-Parrish-Anderson criteria.14 Healthy control eyes had
to have a normal optic disc stereophotograph with no evi-
dence of glaucomatous optic neuropathy, ocular hyperten-
sion (ie, intraocular pressure >21 mm Hg), or SAP abnormality

Key Points
Question Does a segmentation-free deep learning algorithm
using the entire circle B-scan image from optical coherence
tomography perform better than retinal nerve fiber layer for
detecting glaucomatous damage?

Findings In this cross-sectional study of 1154 eyes of 635
individuals, the deep learning algorithm had a greater area under
the curve than retinal nerve fiber layer global and sector
parameters. This appeared to be even more likely in early disease.

Meaning These findings suggest a deep learning algorithm using
the entire B-scan may be better able to detect glaucomatous
disease than conventional retinal nerve fiber layer parameters
from optical coherence tomography.
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in either eye. A normal SAP test result was required to have
mean deviation and pattern standard deviation with P > .05
and a glaucoma hemifield test within normal limits.

Spectral-Domain Optical Coherence Tomography
Circumpapillary 12° scans were acquired using Spectralis
SD-OCT (version 5.4.7.0.; Heidelberg Engineering).15 Corneal
curvature and axial length measurements were entered into
the instrument’s software. The Spectralis Anatomic Position-
ing System (Heidelberg Engineering) was used to adjust for eye
movements. All of the images were manually reviewed for im-
age quality, scan centration, and artifacts. Those with signal
strength less than 15 dB or with artifacts such as inversion or
clipping of the image were excluded.

The accuracy of segmentation was reviewed by a reading
center. Segmentation errors were corrected whenever pos-
sible. If correction was not possible, the image was dis-
carded. Global and sectoral RNFL thicknesses parameters were
automatically computed by the SD-OCT software.

Development of the DL Algorithm
We trained a segmentation-free DL algorithm to assess glau-
comatous damage from the raw SD-OCT peripapillary B-scan
image (ie, without segmentation lines). The algorithm was
trained to differentiate glaucomatous from normal eyes, as
defined above, and provide a probability of glaucoma as out-
put. Spectral-domain optical coherence tomography images
were randomly separated at the participant level into a train-
ing (50%), validation (20%), and test sample (30%). This ap-
proach prevented leakage and biased estimates of test perfor-
mance by ensuring that no data of any participant were present
in both the training and test samples.

The images used in the present study did not contain seg-
mentation lines in them so that the DL algorithm could identify
whichfeaturesweremostrelevanttopredictthepresenceofglau-
coma without relying on conventional segmentation. The
SD-OCT B-scans were preprocessed first by downsampling the
images to 496 × 496 pixels followed by scaling of the pixel val-
ues to range from 0 to 1. The heterogeneity of the images was
improved by augmenting the data through random lighting ad-
justment of image balance and contrast of up to 5%, random hori-
zontal imageflips,andrandomimagerotationsofupto10°.These
subtle image transformations were only applied to the training
set; they helped to prevent overfitting and allowed the DL algo-
rithm to appreciate the most relevant features of each image.16

A residual deep convolutional neural network (Res-
Net34) architecture was used for the DL algorithm, which had
been previously trained on the ImageNet data set.17,18 Train-
ing was performed by first unfreezing the final 2 layers. Sub-
sequently, all layers were unfrozen and the network was fine-
tuned with differential learning rates and Adam optimizer.
Gradient-weighted class activation maps were built over the
SD-OCT images and helped identify the most important parts
of the image for the DL algorithm’s classification.19,20

Statistical Analyses
Receiver operating characteristic (ROC) curves were used to
evaluate the diagnostic accuracies of the different para-

meters investigated in the study. A Probit ROC regression
model with maximum likelihood estimator was used to
adjust for the potentially confounding effects of age at the
time of scan acquisition.21-23 The area under the ROC curve
(AUC) was used to summarize diagnostic accuracy, with 1.0
representing perfect discrimination and 0.5 representing
chance discrimination. The difference in the AUC of 2 curves
was compared using a Wald test based on the bootstrap
covariance.22 In addition, sensitivities at fixed specificities of
80% and 95% were calculated.

To maximize the data for the study, we included in the
analyses all images and the corresponding diagnosis (ie, nor-
mal vs preperimetric vs perimetric glaucoma) that were avail-
able for each eye included in the study at the time of imaging.
To account for the correlation between observations from the
same eye, a bootstrap resampling procedure was used to de-
rive 95% CIs and P values, where the eye-level clusters were
considered as the units of resampling. This procedure is com-
monly used to account for the presence of multiple corre-
lated measurements within the same participant.21 Deep learn-
ing models were implemented using Keras (version 2.1.4.; MIT),
an open-source Python library. Statistical analyses used Stata
(version 15, StataCorp). The α level (type 1 error) was set at .05.
Analysis began April 2019.

Results
The data set included 20 806 RNFL circle B-scans from SD-OCT
from 1154 eyes of 635 participants, divided into training and
validation (14 466 [70%]) and test (6340 [30%]) samples. The
test sample consisted of 6340 SD-OCT scans acquired in 348
eyes of 191 participants. The mean (SD) age at SD-OCT scan was
70.8 (10.4) years in individuals with glaucoma and 55.8 (14.1)
years in controls. There were 187 women (53.3%) in the glau-
coma group and 165 (59.8%) in the control group. Table 1 dis-
plays the demographic and clinical characteristics of the par-
ticipants and eyes in the training/validation vs test samples.

Table 2 reports AUCs and sensitivities at 80% or 95% speci-
ficity for the DL algorithm’s predicted probability of glaucoma
and RNFL thickness parameters. The DL algorithm had a sig-
nificantly higher AUC than global RNFL thickness (0.96 vs 0.87;
difference = 0.08 [95% CI, 0.04-0.12]) and each of the RNFL sec-
tors for discriminating between glaucoma and controls (all
P < .001). In addition, the DL algorithm was more sensitive at
80% specificity (94% [95% CI, 87%-100%]) and 95% specific-
ity (81% [95% CI, 64%-97%]) than global or sectoral RNFL thick-
ness parameters (Table 2). The Figure, A, shows the ROC curves
for the DL segmentation-free algorithm vs global RNFL thick-
ness for discriminating glaucomatous from healthy eyes.

The eTable in the Supplement shows global RNFL thick-
ness measurements, SAP mean deviation, and DL probability
of glaucoma for the different diagnostic categories. As ex-
pected, SAP mean deviation was greater for perimetric (me-
dian, −4.41 dB; interquartile range, −10.13 dB to −2.09 dB) than
preperimetric glaucoma (median, −0.30 dB; interquartile range,
−1.32 dB to 0.43 dB) and both groups had greater values than
normal eyes (median, 0.22 dB; interquartile range, −0.64 dB
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to 1.12 dB). The mean (SD) DL probability of glaucoma was 0.87
(0.24) in perimetric glaucoma, 0.75 (0.28) in preperimetric
glaucoma, and 0.17 (0.24) in healthy eyes.

Table 3 demonstrates the performance of the DL algo-
rithm for detection of preperimetric glaucoma, as well as de-
tection of perimetric glaucoma stratified by mild, moderate,
and severe visual field loss by Hodapp-Parrish-Anderson
criteria. The AUC for the DL probability of glaucoma was sig-
nificantly greater than that of global RNFL thickness for dis-
criminating preperimetric glaucoma from healthy eyes (0.92
vs 0.83; difference = 0.09 [95% CI, 0.03-0.16]; P = .002).
The Figure, B, shows the ROCs for discriminating preperimet-
ric glaucoma from healthy eyes for the DL algorithm and global
RNFL thickness. For 95% specificity, the DL algorithm had
sensitivity of 70% compared with only 49% for global RNFL
thickness. The DL algorithm also exhibited a significantly
larger AUC for detection of mild as well as moderate and ad-
vanced glaucoma.

eFigure 1 in the Supplement shows an example eye with
perimetric glaucoma that exhibited a superior arcuate visual
field defect with corresponding inferior rim loss. The con-
ventional SD-OCT inferior temporal thickness parameter
is outside normal limits. The class activation heat map
overlying the SD-OCT circle B-scan shows in red the area
that had the greatest association with the algorithm predic-
tion, which, as expected, corresponded to the inferior tem-
poral region. eFigure 2 in the Supplement shows an example
eye with preperimetric glaucoma. Although the conven-
tional SD-OCT RNFL thickness parameters were mostly
in the normal range, with only a borderline global RNFL
thickness, the DL segmentation-free algorithm estimated
a probability of 1.0 that the eye had glaucoma. eFigure 3
in the Supplement shows that the superior temporal and
inferior temporal portions of the scan were the most im-
portant areas influencing the algorithm’s prediction in a
healthy eye.

Table 2. Diagnostic Accuracies of the Deep Learning Algorithm’s Probability of Glaucoma
vs the Global and Sectoral RNFL Thicknesses in the Test Sample

Characteristic

(95% CI)

ROC Curve Area
Difference in ROC
Curve Areasa P Valueb

Sensitivity at
95% Specificity, %

Sensitivity at
80% Specificity, %

Deep learning probability 0.96 (0.92-1.00) NA NA 81 (64-97) 94 (87-100)

Global RNFL thickness 0.87 (0.83-0.92) 0.08 (0.04-0.12) <.001 67 (58-76) 80 (74-87)

Temporal RNFL thickness 0.62 (0.54-0.70) 0.33 (0.26-0.40) <.001 19 (12-27) 40 (31-49)

Superior temporal RNFL thickness 0.86 (0.81-0.91) 0.09 (0.05-0.14) <.001 62 (51-72) 78 (70-86)

Inferior temporal RNFL thickness 0.87 (0.83-0.92) 0.08 (0.04-0.13) <.001 67 (58-77) 80 (73-88)

Nasal RNFL thickness 0.74 (0.68-0.80) 0.22 (0.16-0.27) <.001 24 (14-35) 53 (42-64)

Superior nasal RNFL thickness 0.79 (0.72-0.85) 0.17 (0.10-0.23) <.001 41 (30-52) 64 (54-74)

Inferior nasal RNFL thickness 0.82 (0.75-0.88) 0.14 (0.08-0.20) <.001 37 (24-51) 67 (56-79)

Abbreviations: NA, not applicable; RNFL, retinal nerve fiber layer; ROC, receiver operating characteristic.
a Difference areas under the ROC curves in comparison with the deep learning algorithm.
b P values for the comparison of ROC curve areas of each parameter in association with the deep learning algorithm.

Table 1. Demographic and Clinical Characteristics of Eyes and Patients in the Training and Validation vs Test Samples

Characteristic

No. (%)

Training + Validation Sample Test Sample

Overall Normal Glaucoma Overall Normal Glaucoma
Individuals 444 (100) 185 (41.7) 259 (58.3) 191 (100) 91 (47.6) 100 (52.4)

Eyes 806 (100) 363 (45.0) 443 (55.0) 348 (100) 179 (51.4) 169 (48.6)

SD-OCT scans 14 466 (100) 9638 (66.6) 4828 (33.4) 6340 (100) 2443 (38.5) 3897 (61.5)

Age at SD-OCT scan, mean (SD), y 66.6 (13.5) 56.6 (13.9) 71.6 ± 10.1) 63.3 (14.2) 54.3 (14.5) 68.9 (10.7)

Women 241 (54.3) 110 (59.5) 131 (50.6) 114 (59.7) 55 (60.4) 59 (59.0)

African American 93 (21.0) 37 (20.0) 56 (21.6) 45 (23.6) 18 (19.8) 27 (27.0)

SAP MD, median (IQR), dB −1.15 (−3.52 to
0.16)

0.2 (−0.65 to
0.91)

−2.31 (−5.25 to
−0.7)

−1.17 (−4.2 to
0.2)

0.22 (−0.64 to
1.12)

−3.23 (−7.66 to
−1.01)

Global RNFL thickness, mean (SD), μm 81.8 (16.9) 96.7 (10.2) 74.3 (14.5) 82.3 (18.5) 97.4 (9.3) 72.8 (16.4)

Preperimetric NA NA 131 (29.6) NA NA 49 (29.0)

Visual field defect

Mild NA NA 133 (30.0) NA NA 45 (26.6)

Moderate NA NA 78 (17.6) NA NA 24 (14.2)

Severe NA NA 101 (22.8) NA NA 51 (30.2)

Abbreviations: IQR, interquartile range; MD, mean deviation; NA, not applicable; RNFL, retinal nerve fiber layer; SAP, standard automated perimetry;
SD-OCT, spectral-domain optical coherence tomography.
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Discussion

We developed a DL algorithm to estimate the probability of
glaucomatous damage from evaluation of the entire circular
B-scan from SD-OCT. The algorithm had greater accuracy for
detecting structural glaucomatous damage compared with con-
ventional RNFL thickness parameters, notably for eyes with
preperimetric glaucoma and mild visual field defects.

OthergroupshavealsousedDLtodetectglaucomafromOCT
data.9,11 For example, Asaoka et al9 demonstrated that early peri-
metric glaucoma could be accurately diagnosed using a DL algo-
rithm trained with SD-OCT parameters extracted from the
macula. However, their method still required conventional seg-
mentation to extract thicknesses of the RNFL and ganglion cell
complex. In a small sample study, Muhammad et al10 trained a
neural network to extract features from maps derived from con-
ventional automated segmentation of wide-field swept-source
SD-OCT, which were then used in a random forest model to pre-
dictglaucomatousdamage.11 SimilartotheworkofAsaokaetal,8,9

Muhammad et al’s approach10 also required conventional seg-
mentation and, therefore, would still be problematic in the pres-

ence of segmentation errors. In contrast, our approach used raw
B-scans without requiring any segmentation of the retinal lay-
ers. As segmentation errors are very common in OCT scans, a
segmentation-free approach is likely to provide results that are
more robust when applied in a clinical practice scenario.

Besides outperforming all conventional RNFL thickness
parameters for detecting glaucoma, the DL approach presented
in this study may have additional advantages. The single proba-
bilistic output may afford a simpler interpretation. Integration
of information from the plethora of parameters given by the con-
ventional SD-OCT printout may sometimes be difficult. In ad-
dition, the use of multiple parameters may increase the inci-
dence of false-positive test results, as commonly seen in cases
of red disease. The class activation maps may also help to high-
light the areas of the scan that had the greatest contribution to
the algorithm’s output (eFigures 1 and 2 in the Supplement).
Interestingly, the maps seemed to include other layers beyond
the RNFL, which may also be important in assessing glaucoma-
tous damage. However, it should be noted that these maps have
limited resolution due to downsampling of the final convolu-
tional layers in a DL model, which limits their accuracy in pin-
pointing the areas of damage.19,20

Figure. Receiver Operating Characteristic Curves Comparing the Deep Learning (DL) Algorithm’s Probability
of Glaucoma and the Global Retinal Nerve Fiber Layer (RNFL) for All Glaucoma and Preperimetric Glaucoma
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Table 3. Diagnostic Accuracy Measures for the Deep Learning Algorithm’s Probability of Glaucoma vs the Global RNFL Thickness in the Test Samplea

Characteristic

ROC Curve Areas (95% CI)
Sensitivity at 95%
Specificity (95% CI)

Sensitivity at 80%
Specificity (95% CI)

Global RNFL
Thickness DL Probability Difference P Valueb

Global RNFL
Thickness DL Probability

Global RNFL
Thickness DL Probability

Preperimetric 0.83 (0.75-0.91) 0.92 (0.86-0.99) 0.09
(0.03-0.16)

.002 49 (33-65) 70 (48-91) 71 (58-84) 88 (76-99)

Perimetric 0.89 (0.85-0.94) 0.97 (0.93-1.0) 0.07
(0.04-0.11)

<.001 71 (62-80) 85 (68-100) 83 (77-90) 96 (90-100)

Mild 0.82 (0.75-0.89) 0.92 (0.85-0.99) 0.09
(0.03-0.16)

.002 50 (37-63) 69 (49-90) 71 (60-82) 87 (74-99)

Moderate 0.93 (0.89-0.97) 0.99 (0.97-1.0) 0.06
(0.02-0.09)

<.001 73 (61-85) 93 (80-100) 89 (82-96) 99 (97-100)

Severe 0.96 (0.92-1.0) 0.99 (0.98-1.0) 0.03
(0.01-0.08)

.058 88 (78-97) 98 (92-100) 94 (88-100) 99 (99-100)

Abbreviations: DL, deep learning; RNFL, retinal nerve fiber layer; ROC, receiver
operating characteristic.
a Stratified by glaucoma disease severity in preperimetric and perimetric, and

according to the Hodapp-Parrish-Anderson criteria.
b P values for the comparison of ROC curve areas of global RNFL thickness vs DL

probability for each category of disease severity.
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Limitations
This study has limitations. Although we used an indepen-
dent test set for final assessment of diagnostic accuracy,
external validation in populations from other clinical set-
tings is desirable. It should be noted that although the ROC
curve areas were statistically significantly different between
the DL model and the conventional OCT parameters, some
overlap was seen in the 95% CIs. Of note, in the overall com-
parison with global RNFL thickness, the difference in ROC
curve areas in relation to the DL model had a lower limit of
the 95% CI of 0.04 (Table 2). As ROC curve areas range from
0.5 to 1.0, this number would represent approximately 8% of
the range, still a meaningful difference. As more data and
studies accumulate, future meta-analyses could be done to
obtain even more precise CIs around the point estimates of
differences in diagnostic accuracy, helping clarify further the
clinical relevance of DL applications on OCT data. In addi-
tion, it should be noted that the diagnosis of glaucoma is not
based on the results of a single test, but rather on a com-
bined interpretation of information on risk factors, such as

age and intraocular pressure, and results of structural and
functional tests. Therefore, it remains to be seen how the
incorporation of such an algorithm would affect clinical
diagnosis when combined with these other pieces of infor-
mation that are acquired in clinical practice, as well as for
assessing change over time.

Conclusions
In summary, we developed a segmentation-free DL algo-
rithm that can predict the probability of glaucomatous struc-
tural damage from the SD-OCT circle B-scan. The algorithm per-
formed better than global and sectoral RNFL thickness
parameters for discriminating glaucomatous from control eyes,
especially in cases of preperimetric or early perimetric glau-
coma. Application of this DL algorithm in a clinical setting may
improve the accuracy and sensitivity of SD-OCT for diagnos-
ing glaucoma, while obviating the need for error-prone seg-
mentation of retinal layers.
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Invited Commentary

Data-Driven, Feature-Agnostic Deep Learning vs Retinal Nerve Fiber Layer
Thickness for the Diagnosis of Glaucoma
Christine A. Petersen, MD; Parmita Mehta, MS; Aaron Y. Lee, MD, MSCI

In this issue of JAMA Ophthalmology, Thompson et al1 report
that a deep learning (DL) model using unsegmented spectral-
domain optical coherence tomography (SD-OCT) scans to de-
tect glaucoma performs better than retinal nerve fiber layer

(RNFL) thickness parameters
extracted by automated seg-
mentation. The authors used

data from the Duke Glaucoma Repository, which included
20 806 SD-OCT images from 1154 eyes of 635 individuals. A
convolutional neural network DL model was trained on un-
segmented, raw SD-OCT peripapillary B-scan images in a fully
data-driven manner. This DL model was compared with con-
ventional RNFL thickness measurements in its ability to dis-
criminate glaucomatous from control eyes based on the area
under the receiver operating curve (AUC) and prespecified sen-
sitivity cutoffs of 80% and 95%. Testing of the model was strati-
fied by preperimetric glaucoma and for mild, moderate, and
severe glaucoma. The AUC for the DL model (0.96) on the en-
tire test data was significantly higher than the AUC for the global
RNFL thickness–based model (0.87) and than the AUCs of each
of the sectoral RNFL thickness models (ranging from 0.62
for the temporal sector to 0.87 for the inferior temporal
sector). The DL model did well for preperimetric, mild, and
moderate glaucoma. However, for the severe glaucoma sub-
set, the difference in the performance of the DL model and
the global RNFL thickness–based model was not statistically
significant.

The ground truth of glaucoma was rigorously established
by expert review of stereoscopic optic disc photographs by
masked experts, and the severity of glaucoma was deter-
mined by the presence of a reproducible visual field defect on
standard automated perimetry using the 24-2 test pattern. Se-
verity of perimetric glaucoma was stratified as mild, moder-
ate, or severe based on Hodapp-Parrish-Anderson criteria. If
there was progression of optic disc changes associated with
glaucoma on stereophotography and no visual field defect, the
eye was determined to have preperimetric glaucoma. Both eyes
of the same individual were eligible for inclusion, and all data
were partitioned at the patient level for training and testing.
Control eyes had a normal intraocular pressure and no abnor-

malities on stereophotography or standard automated perim-
etry. Although only allowing the experts to consider the disc
photographs may have limited their diagnostic ability, exclud-
ing OCT RNFL data in the establishment of ground truth was
an important step, since the DL model was to be compared with
OCT RNFL thickness measurements.

One major strength of the study by Thompson et al1 is that
it compares the DL model with the clinically relevant base-
line of RNFL thickness. Studies have reported a high error rate
in automated segmentation of RNFL thickness,2 and Thomp-
son et al1 minimized this error by having a reading center re-
view and manually correct segmentation errors and discard-
ing images when correction was not possible to create a fair
baseline comparison. This step is not always performed in clini-
cal practice; thus, a DL model that does not rely on informa-
tion provided by segmentation will have higher accuracy.

The stratification of glaucoma by severity is an important
aspect of this study. Accurate early detection of glaucoma is
critical because it allows for initiation of therapeutic interven-
tions to slow disease progression at an earlier stage. Although
the receiver operating curves are only shown for the DL model
compared with glaucoma and preperimetric glaucoma, the
listed AUCs are significantly better for preperimetric glau-
coma as well as mild and moderate glaucoma. The sensitivity
for detection of glaucoma is also superior for the DL model com-
pared with the global RNFL thickness–based model at both the
80% and 95% sensitivity thresholds.

While the comparison of the DL model’s performance to
that of RNFL thickness measurements in detecting glaucoma
is a strength of this study, the consideration of each quadrant
only independently is also a potential weakness. Global RNFL
thickness was found to have higher sensitivity at both 80% and
95% specificity and a larger AUC than any of the 6 sectoral RNFL
thicknesses, but inferior temporal quadrant thickness in par-
ticular was nearly as good as global thickness. The question
remains as to whether a combination of sectors, such as the
inferior temporal and superior temporal sectors, may have had
a superior diagnostic ability.

A 2019 study by Zheng et al3 evaluating the diagnostic cri-
teria of RNFL thickness and other neuroretinal rim findings on
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