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Background: To predict keratoconus progression using deep learning of the color-coded maps measured
with a swept-source anterior segment optical coherence tomography (As-OCT) device.

Methods: We enrolled 218 keratoconic eyes with and without disease progression. Using deep learning of
the 6 color-coded maps (anterior elevation, anterior curvature, posterior elevation, posterior curvature, total
refractive power, and pachymetry map) obtained by the As-OCT (CASIA, Tomey), we assessed the accuracy,
sensitivity, and specificity of prediction of keratoconus progression in such eyes.

Results: Deep learning of the 6 color-coded maps exhibited an accuracy of 0.794 in discriminating
keratoconus with and without progression. For a single map analysis, posterior elevation map (0.798)
showed the highest accuracy, followed by anterior curvature map (0.775), posterior corneal curvature map
(0.757), anterior elevation map (0.752), total refractive power map (0.729), and pachymetry map (0.720), in
distinguishing between progressive and non-progressive keratoconus. The use of the adjusted algorithm by
age subgroups improved to an accuracy of 0.849.

Conclusions: Deep learning of the As-OCT color-coded maps effectively discriminates progressive
keratoconus from non-progressive keratoconus with an accuracy of approximately 85% using the adjusted
age algorithm, indicating that it will become an aid for predicting the progression of the disease, which is

clinically beneficial for decision-making of the surgical indication of corneal cross-linking (CXL).
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advanced over time.
Corneal cross-linking (CXL) has been developed to halt
the progression of keratoconus and iatrogenic keratectasia (4).

Introduction

Keratoconus is an ophthalmic disease commonly

encountered in a daily clinical setting (1-3). This
disease is mostly characterized by anterior bulging and
progressive thinning of the cornea, and causes severe visual
deterioration due to high myopic and irregular astigmatism,
especially when the stage of the disease has become
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It has become a standard of care for such patients all
over the world. Understanding the disease progression is
mandatory to precisely determine the surgical indication
of the CXL treatment. However, it is impractical, even for
corneal specialists, to accurately differentiate progressive
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keratoconus from non-progressive keratoconus, based on
the corneal measurements during a single visit. Accordingly,
it is still necessary to carefully monitor the time-course of
changes in the keratometric readings, corneal thickness,
and manifest refraction, in an individual patient, to verify
the indication for the CXL treatment. However, this
longitudinal follow-up takes much time and is costly and
inefficient, placing a burden on both the patients and the
ophthalmologists involved.

Deep learning is one of the machine learning
methodologies to use the training of multilayered neural
networks. Especially, deep convolutional neural networks
have been successfully employed for image recognition
to predict a targeted outcome, in a variety of scientific
fields (5). Anterior segment optical coherence tomography
(As-OCT) is currently considered to be one of the best
technologies that can precisely measure the curvature
and the elevation of the anterior and posterior corneal
surfaces, as well as the corneal thickness, even in eyes
with opaque cornea (6,7). We recently showed that deep
learning of As-OCT images was highly effective not only
as a screening test but also for determining the stage of
keratoconus (8). Building upon this work, we postulate
that the combined use of deep learning and As-OCT
images during a single visit may also be clinically beneficial
for detecting keratoconus progression. If proven, this may
lead to the development of an important decision-making
tool to determine the use of CXL treatment amongst
keratoconic patients, since we currently have no other
effective means for estimating keratoconus progression.
The goal of this pilot study is to evaluate the prediction
accuracy of deep learning of the As-OCT color-coded
maps, to distinguish progressive keratoconus from non-
progressive keratoconus. We present the following article
in accordance with the STARD reporting checklist
(available at https://dx.doi.org/10.21037/atm-21-1772).

Methods
Study population

We registered the study protocol with the University
Hospital Medical Information Network Clinical Trial
Registry (000040308). We enrolled a total of two hundred
eighteen eyes of 218 consecutive keratoconic patients, who
had routine follow-up examinations for at least 1-year at
Miyata Eye Hospital and Tokyo University Hospital, with
good quality scans of corneal color-coded maps (anterior
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elevation, anterior curvature, posterior elevation, posterior
curvature, total refractive power, and pachymetry maps)
obtained by a swept-source As-OCT (CASIA SS-1000"",
Tomey, Aichi, Japan). Multiple corneal specialists diagnosed
keratoconus with distinctive features (e.g., corneal color-
coded map with asymmetric bow-tie pattern with or
without skewed axes), and at least one keratoconus sign
(e.g., stromal thinning, conical bulging, Fleischer ring, Vogt
striae, or apical scar) (9). Progression of keratoconus was
defined as a >1.00 diopter (D) increase in the maximum
anterior curvature on corneal tomography or worsened
corrected visual acuity accompanied by a >1.00 D increase
in astigmatism confirmed with 2 or more examinations over
the previous 12 months (8). We divided the patients into two
groups [progressive (156 eyes) and non-progressive (62 eyes)
keratoconus groups], based on the above criteria. We
requested these patients to stop wearing rigid contact lenses
at least for 3 weeks before this measurement, to exclude
the effect of such contact lenses as much as possible. This
retrospective data review was approved by the Institutional
Review Board of Miyata Eye Hospital (CS-315) and that of
Tokyo University Hospital (2019354NI) and followed the
tenets of the Declaration of Helsinki (as revised in 2013).
Informed consent was obtained by the opt-out method.

Anterior segment optical coberence tomography imaging

We acquired 6 color-coded images {anterior elevation
map [-130 to 130 pm, 5 pm step], anterior curvature map
[9.0 to 101.5 D, 5 D step (35.5 to 50.5 D, 1.5 D step)],
posterior elevation map [-260 to 260 pm, 10 pm step],
posterior curvature map [-3.0 to -10.5 D, 0.3 D step], total
refractive power map [9.0 to 101.5 D, 5 D step (35.5 to
50.5 D, 1.5 D step)], and pachymetry map [340 to 840 pm,
20 pm step]} (Figure I), as described previously (8). In
brief, this As-OCT uses a wavelength of 1,310 nm and
has an axial resolution of 10 pm, a transverse resolution
of 30 pm, and a scan rate of 30,000 A-scans/sec. After
the examiner confirmed good alignment, it automatically
started the measurements and processed the acquired data
to convert the cross-sectional images. We selected one
examination with a high image quality score according to
the manufacturer’s instructions.

Classification of images by deep learning
We obtained 218 As-OCT image sets (156 progressive

samples and 62 non-progressive samples). These sets were
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Figure 1 Representative example of 6 color-coded maps (anterior elevation, anterior curvature, posterior elevation, posterior curvature, total

refractive power, and pachymetry map) obtained by an anterior segment optical coherence tomography. A color-scale bar was excluded in

each map for deep learning.

split into 5 groups for k-fold cross validation (k=5).

We used the Xception architecture for the neural
network model (10). We trained machine learning models
separately for each image type after eliminating a color-
scaled bar, and we generated a total of 6 classifiers. These
classifiers were trained to output 0.00 for non-progressive
samples and 1.00 for progressive samples, and based on
this they produced an output value in the range from 0.00
to 1.00. Basically, a value of 0.50 or more was assessed as
‘progressive’.

Adjusted algorithm by age subgroups

Based on the histograms of the 6 classifiers’ output for
progressive and non-progressive samples according
to 4 age (<20 years, 20 to 30 years, 30 to 40 years, and
>40 years) subgroups, we additionally designed an adjusted
algorithm that contains a kind of decision tree, using the
classifiers” output and patient age, since it was possible to
more precisely classify the As-OCT images when we select
appropriate classifiers and thresholds according to age
subgroups. In the first step of the tree, all input data were
separated into each age subgroup. The rest of the tree was
constructed based on the distributions of the histograms of
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the 6 classifiers’” output (Figure 2).

Statistical analysis

Statistical analyses were performed using a statistical
software (BellCurve for Excel, Social Survey Research
Information Co., Ltd., Tokyo, Japan). The Welch’s #-test
was used to compare patient age, and the Fisher’s exact
test to compare the percentages of female, between the
progressive and non-progressive groups. The results are
expressed as mean = standard deviation, and a value of
P<0.05 was considered statistically significant.

Results

Table 1 shows the output data of deep learning in
distinguishing between progressive and non-progressive
keratoconus. Patient age was 25.2+9.9 and 34.8+15.1 years,
in the progressive and non-progressive groups, respectively
(Welch’s z-test, P<0.001). The percentage of female was
24.4% and 37.1%, in the progressive and non-progressive
groups, respectively (Fisher’s exact test, P=0.067). Deep
learning of these 6 color-coded maps exhibited an accuracy
of 0.794 in discriminating between progressive and non-
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Figure 2 Adjusted algorithm using the classifiers’ output according to age subgroups.

Table 1 The output data of deep learning in distinguishing between progressive and non-progressive keratoconus

Actual category Positive Negative Accuracy Sensitivity Specificity Precision
Output of convolutional neural network
No adjusted algorithm
Progressive 147 9 0.794 0.942 0.419 0.803
Non-progressive 36 26
Adjusted algorithm
Progressive 149 7 0.849 0.955 0.581 0.851
Non-progressive 26 36
progressive keratoconus if we defined progression when Discussion

5 or more of the 6 color-coded maps showed progression
(Table 2). Posterior elevation map (0.798) provided the
highest accuracy, followed by anterior curvature map
(0.775), posterior corneal curvature map (0.757), anterior
elevation map (0.752), total refractive power map (0.729),
and pachymetry map (0.720), in discriminating between
progressive and non-progressive keratoconus.

Figures 3-8 show the histograms of the 6 classifiers’
output for progressive and non-progressive samples,
according to age subgroups. When we applied this adjusted
algorithm of the 6 classifiers, the accuracy was improved
from 0.794 to 0.849, as a result of much improvement of
the specificity without reducing the sensitivity.

© Annals of Translational Medicine. All rights reserved.

In the current study, our findings demonstrated that deep
learning of 6 color-coded maps obtained by the As-OCT
was an effective method for discriminating the presence or
the absence of progression of the disease and that posterior
elevation map exhibited the highest accuracy to distinguish
between progressive and non-progressive keratoconus,
followed by anterior curvature map, posterior corneal
curvature map, anterior elevation map, total refractive
power map, and pachymetry map, for a single map analysis.

Deep learning, one of the machine learning techniques
dealing with the training of multi-layer artificial
neural networks, has also been employed in numerous
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Table 2 The accuracy, the sensitivity, the specificity, and the precision outcomes in predicting keratoconus progression by a single map analysis

Actual category Positive Negative Accuracy Sensitivity Specificity Precision

Anterior elevation
Progressive 152 4 0.752 0.974 0.194 0.752
Non-progressive 50 12

Anterior curvature
Progressive 151 5 0.775 0.968 0.290 0.774
Non-progressive 44 18

Posterior elevation
Progressive 148 8 0.798 0.949 0.419 0.804
Non-progressive 36 26

Posterior curvature
Progressive 153 3 0.757 0.981 0.194 0.754
Non-progressive 50 12

Total refractive power
Progressive 148 8 0.729 0.949 0177 0.744
Non-progressive 51 11

Pachymetry
Progressive 138 18 0.720 0.885 0.306 0.762
Non-progressive 43 19

ophthalmologic fields, especially for the diagnosis,
segmentation, classification, and staging of diseases. In
recent years, there have been several recent studies on
the prediction of disease progression, such as age-related
macular degeneration (11), glaucoma (12,13), diabetic
retinopathy (14,15), and other diseases (16,17), using
deep learning of the actual images. We firstly showed that
deep learning was clinically beneficial for predicting the
progression of the disease in keratoconic patients, (Kamiya
K, Ayatsuka Y, Kato Y, et a/. “Diagnostic Evaluation of
Keratoconus Using Deep Learning (4th Report: Prediction
of Disease Progression)”, presented at the 73rd Annual
Congress of Japan Clinical Ophthalmology, Kyoto, 2019,
and Kamiya K. “Update on Al Application Using Corneal
Tomography. Prediction of Keratoconus Progression
Using Deep Learning.” presented at the 35" Congress
of the Japanese Society of Cataract & Refractive Surgery,
Fukuoka, 2020). After that, it has been recently confirmed
that the disease progression could be to some extent
predicted by the use of the Scheimpflug camera maps (18),
which was in good agreement with our current study. Chan

© Annals of Translational Medicine. All rights reserved.

et al. demonstrated that the swept-source As-OCT might be
preferred over the Placido-Scheimpflug imaging owing to
better repeatability of corneal measurements in keratoconic
patients (19). Hence, we believe that the swept-source As-
OCT is one of the best currently available technologies to
precisely detect subtle progressive changes of the cornea
in daily practice. To the best of our knowledge, this is the
first study to evaluate the prediction accuracy of disease
progression using deep learning of As-OCT images for
keratoconus. These findings indicate that we can foresee the
possibility of keratoconus progression, to some extent, with
a single measurement. Based on the fact that there are no
other definite means for identifying progressive keratoconus
among keratoconic patients using corneal measurements
during a single visit, even by corneal specialists, we believe
that it will become an aid for decision-making of the
surgical indication of the CXL treatment in daily practice.
Considering that the accuracy and the sensitivity
were high (0.798 and 0.942, respectively), but that the
specificity was relatively low (0.419) in this study, we accept
that it is still challenging to exactly predict keratoconus
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Figure 3 Histogram of anterior elevation classifier’s output for progressive and non-progressive keratoconus, according to age subgroups.
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Figure 5 Histogram of posterior elevation classifier’s output for progressive and non-progressive keratoconus, according to age subgroups.
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Figure 6 Histogram of posterior curvature classifier’s output for progressive and non-progressive keratoconus, according to age subgroups.
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progression. It has been shown that patient age plays a
critical role in keratoconus progression in a clinical setting
(9,20). Therefore, we adjusted the deep learning algorithm
based on age subgroups. As a consequence, the accuracy,
sensitivity, and specificity of this prediction test have been
much improved by adjustment of the learning algorithm
based on patient age subgroups. Since there are so far no
other established means to forecast deterioration during
a single visit, we assume that the combined use of deep
learning and As-OCT images with an algorithm adjusted
based on age will hold a promise for improving the accuracy
of keratoconus progression predictions.

This study is burdened with several limitations. Firstly,
we did not perform any external validation studies with a
different keratoconic population. However, we applied a
k-fold cross validation, one of the most prevalent validation
techniques, to predict the progression of the disease in
this pilot study, since this technique can not only improve
the general applicability of the data but also handle the
limited data efficiently, as published in many scientific
journals. Secondly, we did not confirm the repeatability of
the As-OCT measurements for keratoconus in this study.
However, we recently reported that even keratoconic eyes
showed high agreements (intraclass correlation coefficients;
0.980 to 0.992) in anterior and posterior keratometry (21).
Thirdly, we did not completely exclude the effect of rigid
or soft contact lenses on the corneal measurements with the
As-OCT, although we asked the patients to stop wearing
rigid gas permeable lenses at least for 3 weeks before this
assessment. It is clinically impractical for these patients
to stop wearing contact lenses for a long period of time,
in consideration of their daily life activities. Fourthly,
the sample size was relatively small, especially in non-
progressive keratoconus, since keratoconic patients tended
to show progression during the long-term follow-up
period, especially in the university hospital setting. Fifthly,
it is still difficult to accurately diagnose keratoconus by
ophthalmologists, and its diagnosis can be influenced not
only by the definition but also by the severity of the disease.
We still need to have ophthalmologists read the same
dataset and compare the performance of this model with the
ophthalmologists’ readings.

In summary, our findings showed that deep learning
of the As-OCT images was beneficial for discriminating
the presence or absence of disease progression. Since it
is still challenging for any ophthalmologist to predict
keratoconus progression during a single visit, this tool
could aid decision-making regarding CXL procedures. A
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further external validation study with another keratoconic
population is still necessary to assure the authenticity of our
results.
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