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Purpose: Multiple clinical visits are necessary to determine progression of
keratoconus before offering corneal cross-linking. The purpose of this study was
to develop a neural network that can potentially predict progression during the initial
visit using tomography images and other clinical risk factors.

Methods: The neural network’s development depended on data from 570 keratoconus
eyes. During the initial visit, numerical risk factors and posterior elevation maps from
Scheimpflug imaging were collected. Increase of steepest keratometry of 1 diopter
during follow-up was used as the progression criterion. The data were partitioned into
training, validation, and test sets. The first two were used for training, and the latter for
performance statistics. The impact of individual risk factors and images was assessed
using ablation studies and class activation maps.

Results: The most accurate prediction of progression during the initial visit was
obtained by using a combination of MobileNet and a multilayer perceptron with an
accuracy of 0.83. Using numerical risk factors alone resulted in an accuracy of 0.82.
The use of only images had an accuracy of 0.77. The most influential risk factors in the
ablation study were age and posterior elevation. The greatest activation in the class
activationmaps was seen at the highest posterior elevation where there was significant
deviation from the best fit sphere.

Conclusions: The neural network has exhibited good performance in predicting poten-
tial future progression during the initial visit.

Translational Relevance: The developed neural network could be of clinical signifi-
cance for keratoconus patients by identifying individuals at risk of progression.

Introduction

Keratoconus is a primary corneal ectasia,1 manifest-
ing as visual decline caused by thinning at the center
of the cornea, along with increasing corneal curva-
ture and higher-order aberrations. Keratoconus is a
chronic condition that typically exhibits periods of
progression followed by stabilization, depending on
various factors.2 The progression of keratoconus is
usually defined as an increase in the dioptric power
of the anterior corneal optic interface.3 Corneal

collagen cross-linking is a proven treatment for
patients with progression with a suitable risk–benefit
balance.4

Progression confirmation is necessary prior to cross-
linking and requires regular reevaluation of patients.5
However, surgical intervention is only required for
a small fraction of patients, because most clinical
check-ups do not indicate progression. Developing
a predictive method to identify patients at risk of
keratoconus progression during their initial presenta-
tion could minimize resource use and lead to earlier
intervention for at-risk individuals.
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Several risk factors, such as age, comorbidities, and
corneal curvature, have been identified as influencing
the risk of progression.6 Most of those factors are
determined by corneal curvature maps using corneal
tomography over several consecutive visits. It can
be challenging to determine progression from this
complex combination of data, especially after only one
visit, which may lead to errors.

Deep learning in artificial neural networks has
piqued interest owing to its ability to discover under-
lying patterns in large nonlinear datasets.7,8 Computer
vision-based convolutional neural networks have been
used to detect variations in images of keratoconus
patients compared with healthy control eyes.9 Prelim-
inary research has explored progression recognition
using only imaging.10,11

Using solely images to assess the progression of
keratoconus through machine learning may yield a less
precise outcome when compared with using images
in conjunction with other risk factors. For instance,
it is widely recognized that younger age is strongly
linked to keratoconus progression.10 The combina-
tion of multiple data types in a single neural network
necessitates a more complex network architecture,
which we attempted to test in this study to predict
a future increase in steepest keratometry (Kmax) at
the patient’s initial clinical examination. In addition, a
careful ablation study and class activation maps were
used to determine the impact of individual risk factors
and images on the overall result.

Methods

Study Design

This retrospective study included 570 keratoconic
eyes. All patients were seen as part of standard
routine visits at the Keratoconus Clinic of the Depart-
ment of Ophthalmology at University Hospital Ulm
from January 2016 to October 2022. This study was
approved by the ethics committee of Ulm University
(ethical approval ID: 332/22).

Inclusion Criteria and Follow-up

Patients were referred to University Eye Hospital
Ulm for keratoconus diagnosis. The cornea special-
ist diagnosed all patients with keratoconus after a
complete ophthalmic exam and corneal tomogra-
phy using Scheimpflug imaging (Pentacam, Oculus,
Wetzlar, Germany). Follow-up appointments were
advised every 3 to 12 months subsequent to individual
risk assessment for disease progression. As a standard

practice, patients were informed to discontinue use of
contact lenses 2 weeks before each appointment.

Exclusion Criteria

All patients with corneal ectasia, except for those
with keratoconus, were excluded from the study.
Additionally, patients who had undergone previous
surgical intervention for ocular comorbidities such
as cross-linking, cataract surgery, keratoplasty, and
refractive laser surgery, which may have impacted
keratometry, were excluded.

Progression Definition

There is currently no consistent or clear definition
of keratoconus progression. In this study, progression
was defined as an increase of more than 1 diopter (D) in
the anterior Kmax during the clinical course; otherwise,
the patient was considered as a nonprogressive kerato-
conus. The dynamic change of Kmax during the follow-
up was used to label as progressive in case of increase
of Kmax of 1 D or stable.

Data Quality Control

The data were binary labeled as progressive or
stable. Before inputting the data into the neural
network, an automated algorithm calculated the
progression from Kmax values. Then, two cornea
specialists reevaluated all images and tabular data
acquired during the clinical routine to ensure their
consistency. The diagnosis and progression were then
reconfirmed. Any disagreements were resolved by
involving another specialist who favored a two-to-one
vote. Of the original 1293 eyes, 570 were deemed eligi-
ble for this study after applying stringent exclusion
criteria and quality control.

Image Processing and Data Preparation

An algorithm for batch preprocessing of tomogra-
phy images was developed by CMWusing the Pycharm
IDE (2021.3.1, JetBrains, Prague, Czech Republic)
with Python 3.9 and the following libraries: pillow,
numpy, csv, pandas, and regex. The Pentacam four-
map refraction display within a 9-mm radius was
exported as a portable network graphics file. The color
scale used for the export was an Oculus color map
with a relative scale in 2.5 microns and 61 colors.
The posterior elevation map was cropped, scaled, and
surrounded by black. The following numerical data
were recorded: age, Kmax, pachymetry, sex, K1, K2,
andmaximum posterior elevation. The table was trans-
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Figure1. Image and clinical risk factor datawerepreprocessed and
used as input to the neural network. First, Scheimpflug images and
numerical tabular data were processed separately in two networks.
Then, theywere concatenated and processed in amultilayer percep-
tron. Finally, performancewas evaluatedusing a test dataset that the
network had not seen before.

formed into a comma separated value file and used as
input for the neural network (Fig. 1).

Architecture of Neural Network

Before training the neural network, the entire
dataset, consisting of both Scheimpflug images and
clinical data (age, Kmax, etc.), was randomly divided
into three subsets: a training set of 80% of the
data, a validation set of 10%, and a test set of
10%. A test and validation set were used specifi-
cally to avoid poor generalization to unseen data.
Our neural network consists of two distinct parts
(Fig. 1). The Scheimpflug images were trained on
several published convolutional networks, includ-
ing AlexNet, Darknet-53, EfficientNet, GoogLeNet,
MLPMixer, MobileNet, NIN, ResNet18, SqueezeNet,
and Xception. In addition, we used a self-designed
very small network with three convolutional layers. The
clinical data, such as age and Kmax, were processed
using another type of neural network, a multilayer
perceptron. The multilayer perceptron and the corre-
sponding neural network processing the Scheimpflug
images were connected by a concatenation layer, and
their output was fed into another multilayer percep-
tron, which then produced the final output. The
independent test dataset, which had not yet been
encountered by the neural network, was then used to

assess the accuracy, specificity, and sensitivity of the
network in predicting keratoconus progression. Amore
detailed explanation of the specific coding can be found
in Supplementary File 1.

Receiver Operating Characteristic Curve

Receiver operating characteristic curves were gener-
ated by extracting the probabilities for each class of the
previous unknown test dataset. The values of sensitiv-
ity and specificity were plotted using GraphPad Prism
10 (GraphPad Software, San Diego CA, USA). In
this study, receiver operating characteristic curves were
generated using images only, clinical risk factors only,
and a combination of images and clinical risk factors.

Ablation Study of Numerical Data

An ablation study describes the process of selec-
tively removing single parameters of a neural network,
testing its performance without the respective removed
parameter, and then comparing the different perfor-
mances to determine the importance of the single
parameters. In this study, we conducted an ablation
study of the numerical data by testing seven clinical
risk factors in this way, resulting in iterating through
127 possible combinations without repetitions in the
multilayer perceptron by adjusting the neurons of
the input layer accordingly. To determine the most
suitable hyperparameters, a grid search similar to the
one mentioned elsewhere in this article was used. The
network’s function was determined by the achieved
maximum accuracy when specific features were absent
or present.

Class Activation Maps for Images

To gain insight into the imaging features that differ-
entiate progression from no progression, we used class
activation maps to identify channels with increased
activation for a given prediction. Our approach
involved using ResNet18 and the test dataset, as well
as the weights of the final convolutional layer from the
best run with images only. Note that these methods
only considered images and did not account for clinical
risk factors.

Statistical Analyses

Excel 365 (Microsoft, Redmond, WA, USA),
Pycharm IDE with csv library (2021.3.1 JetBrains,
Prague, CzechRepublic), and SPSS 29 (IBM,Armonk,
New York, USA) were used for data processing
and statistical analysis. Statistical comparisons were
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performed using either a Fisher’s exact test or Student’s
t test. A P value of less than 0.05 was consid-
ered significant. In this study, sensitivity is defined
as the true positive rate or the rate of the correctly
detected progressive cases divided by all progressive
cases. Analogous to this, specificity represents the rate
of correctly detected nonprogressive cases divided by
all nonprogressive cases.

Results

Patient Characteristics

We included 570 eyes with keratoconus, of which
161 showed progression. There were 303 patients (74%)
without progression who were male, compared with
male patients 124 (77%) with progression (P = 0.02).
The mean age of patients with progression was 27 ±
11 years compared with 32 ± 13 years for patients
without progression (P < 0.001). The mean Kmax at
first presentation was 54 ± 6 D in progressive cases
compared with 51 ± 7 D in nonprogressive cases
(P < 0.001). In patients with keratoconus progression,
the mean increase of Kmax was 3.3 ± 4.8 D, compared
with −0.1 ± 1.1 D in patients without keratoconus
progression (P < 0.0001). The mean follow-up was
21 ± 17 months for nonprogressive cases and 23 ±
19 months for progressive cases. The severity of the
keratoconus was evaluated using the modified Amsler–
Krumeich classification. Among the nonprogressive
keratoconus group, 321 patients (78%) were classified
as having stage 1 disease compared with 117 patients
(73%) in the progressive group (P = 0.14). Stage 2
disease was observed in 66 nonprogressive cases (16%)
and 30 progressive cases (19%) (P = 0.47). Stage 3
disease was observed in 12 nonprogressive cases (3%)
and 7 in the progressive group (4%) (P = 0.40). There

were 10 patients (2%) with nonprogressive keratoconus
at stage 4, compared with 7 cases (4%) with progressive
disease (P = 0.23).

Performance in Predicting Keratoconus
Progression

With the goal of predicting keratoconus progression
at the first visit, in terms of future Kmax progression,
we developed a neural network that showed promis-
ing accuracy using image and clinical data alone or in
combination. We modified the convolutional network
for deep learning from images and kept the network
for numerical tabular data constant. The MobileNet
convolutional network in combination with the multi-
layer perceptron yielded the highest accuracy of 0.83
after 5000 epochs at a learning rate of 0.001 and
with a batch size of 8. Additionally, this strategy
achieved an acceptable sensitivity of 0.53 and a high
specificity of 0.95 (Table and Fig. 2). Although only
one-half of all progressive cases could be correctly
detected, 95% of all nonprogressive cases were identi-
fied. However, an accuracy of 0.83 means that overall,
approximately four out of five patients of our dataset
could correctly be assigned to progressive or nonpro-
gressive disease. This performance level was compara-
ble with the maximum accuracy of 0.82 achieved exclu-
sively with tabular data alone. These data were achieved
at a learning rate of 0.001, a batch size of 32, and after
3000 epochs. The tabular data also showed a sensitiv-
ity of 0.40 and a specificity of 1.0. It was only feasible
when age, pachymetry, K1, K2, and maximum poste-
rior elevation were used for training and testing, while
sex and Kmax were excluded. The use of images solely
resulted in a reduced accuracy of 0.77 and specificity
of 0.93, along with a sensitivity of 0.41 in a small
three-layer convolutional network that we constructed
ourselves (Table).

Table. A Summary of all Neural Network Designs Is Provided, Including the Maximum Performance Measure-
ments Achieved

Performance

Neural Network Design Accuracy Sensitivity Specificity

Clinical risk factor data and images
MobileNet + MLP 0.83 0.53 0.95

Clinical risk factor data only
MLP (multilayer perceptron) 0.82 0.40 1.00

Images only
Three convolutional layers 0.77 0.41 0.93

The MobileNet convolutional network in combination with the multilayer perceptron yielded the highest accuracy of 0.83.
(For detailed results, see Supplementary Table S1).
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Figure 2. Receiver operating characteristic (ROC) curves for our
neural network are displayed. The ROC curve shown represent
performances achieved with images only (red), clinical risk factors
only (blue), and images and clinical risk factors combined (green).

Ablation Study

In our study, the clinical risk factors (0.82) achieved
similar maximum accuracy as the combined use of risk
factors and images (0.83). In contrast, images alone did

not produce the same level of accuracy (0.77). After
this finding, we investigated further the critical role of
risk factors. We trained and tested a multilayer percep-
tron using all 127 possible combinations of the seven
clinical risk factors in an ablation study. The mean and
median accuracy of the runs that had age, Kmax, and
posterior elevation included were higher than the mean
accuracy of all runs. Conversely, the mean accuracy
was lower when these factors were excluded (Fig. 3).
The results indicate that a sole factor is inadequate
for the network to predict progression. However, when
two (age and posterior elevation) are combined, they
achieve an accuracy of 0.79. The inclusion of Kmax
and other factors can further boost accuracy. Remark-
ably, excluding sex results in the two highest accuracies
(Fig. 4).

Class Activation Maps

To identify discriminative regions in the poste-
rior elevation maps of the Pentacam responsible for
discriminating between the stable and progression
classes, we used gradient weighted class activation
maps. Within this method, the influence of recognized
patterns on the predicted outcome is calculated and
applied to the input image, providing a visual expla-
nation of those regions pivotal for the behavior of
the network. The highest signals were observed at the
highest posterior elevation in both groups, but slightly

Figure 3. Mean (blue cross) andmedian (red line) accuracies for all 127 possible combinations of the seven clinical risk factors in the ablation
study are presented. The first box blot represents all possible combinations, while columns two through eight display themean andmedian
accuracies for combinations that either included (A) or excluded (B) a given factor. Results show that thehighestmeanaccuracywas achieved
in combinations that included age, Kmax, and posterior elevation. Omitting any one of these three factors from the combination led to lower
accuracy as compared with the mean and median accuracy of all other groups.
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Figure 4. The contribution of the clinical risk factors is presented
in a matrix plot. A multilayer perceptron was trained and tested in
the ablation study, using all 127 possible combinations of the seven

enlarged toward the superior region. It is possible that
the deviation from the best fit sphere of the irregu-
lar keratoconic cornea in this particular superior area
causes a significant alteration in color in the Penta-
cam images, indicating more advanced keratoconus
(see Fig. 5).

Discussion

In this study, we introduce a novel method for
predicting keratoconus progression during the initial
clinical examination by using various neural network
architectures. The models were trained on a poste-
rior best fit sphere elevation ,map as well as several
potential risk factors. After systematically validating
multiple network designs and systematically evaluating
hyperparameters for a total of approximately 2 × 107
training epochs in 570 eyes, we attained a maximum
accuracy of 0.83. Our findings reveal an acceptable
sensitivity of 0.53 and a high specificity of 0.95 in a
previously unknown test dataset.

Although artificial intelligence has been researched
extensively and proven to exhibit high performance in
accurately detecting the presence of keratoconus while
being sensitive and specific,9 only a limited number
of studies have explored the potential of deep learn-
ing techniques in predicting the progression of the
disease. In a research paper analyzing 218 eyes, a neural
network trained with optical coherence tomography
images of the anterior segment demonstrated a 79%
accuracy rate in predicting the progression of kerato-
conus.10 The accuracy rate was improved to 85% when
age was factored in using a complicated decision tree.
Our study incorporated clinical risk data and images
in a fully machine learning–based approach. Another
study, which included 274 eyes, achieved 81% accuracy
by combining corneal tomography and patient age.12
This study, along with our own, demonstrates that the
progression of keratoconus, in terms of the increase of

←
clinical risk factors. The y-axis displays the various combinationswith
each row representing one combination, while the x-axis displays
the different risk factors with each column representing one (age =
1, Kmax = 2, pachymetry= 3, sex= 4, K1= 5, K2= 6, posterior eleva-
tion = 7). If a feature is excluded from a particular combination, it is
displayed in black. The results for the maximum accuracy are color
coded for each row, as shown on the left. It is evident that relying
on a single factor is insufficient for the network to predict progres-
sion. However, combining only age and posterior elevation achieves
a 0.79 accuracy. The addition of Kmax and other factors can signifi-
cantly improve accuracy. It is noteworthy that excluding sex yields
the two highest accuracies.

Downloaded from intl.iovs.org on 05/19/2024



Keratoconus Progress Determined at the First Visit TVST | May 2024 | Vol. 13 | No. 5 | Article 7 | 7

Figure 5. Four representative images of posterior elevationmaps overlayedwith the specific class activationmaps. Two of the keratoconus
samples were stable (A and B), while twowere progressive (C andD). Green, yellow, and red colors indicate channels with higher activations,
whereas blue denotes low activation. The results reveal that the convolutional neural network is triggered by point of highest posterior
elevation in both groups, albeit slightly expanded to the superior region. The deviation from the best fit sphere in this area could cause a
noticeable change in the color of the elevation maps, suggesting the presence of more advanced keratoconus.

Kmax, can be predicted to some extent from a single
outpatient visit.

Unfortunately, determining which parameter or
combination of parameters the neural network relied
on most to determine the risk of keratoconus progres-
sion is not possible, given the black box nature of neural
networks. However, an ablation study was conducted
to gain a better understanding. The accuracy of the
neural network depends on clinical risk factors, with
images contributingminimally to the final result. Using
only images resulted in significantly lower accuracy
compared with using both clinical risk factors and
images, or clinical risk factors alone. Concerning clini-
cal risk factors, the inclusion of age, Kmax, and poste-
rior elevation led to higher accuracies. This finding is

in line with existing literature, because age and Kmax
are numerical risk factors that increase the likelihood
of progression in younger patients and those with a
Kmax of steeper than 55 D.6 Additionally, the posterior
elevation is a more sensitive indicator than the anterior
corneal surface because it is not affected by epithelial
remodeling, which could potentially mask the extent
of the ectatic disease.11 This observation aligns with the
class activationmaps of the images in ResNet18, which
show that channel activation occurs around the highest
posterior elevation in both groups. Furthermore, there
is slight expansion toward the superior region, where
a high deviation from the best fit sphere and a strong
change in elevation map colors exists, which may
suggest a more advanced keratoconus stage, along with
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other potential but yet to be determined alternative
explanations. It is important to consider that the poste-
rior elevation map may be affected by increased light
scattering caused by corneal opacities. Incorporating
these images, which are affected by measurement noise,
could have a negative impact on the performance of
our model. To address this issue, it may be beneficial to
use keratometry maps derived from optical coherence
tomography with a higher wavelength.

Our findings suggest that a combination of numer-
ical clinical data and images yields benefits. However,
clinical risk factors alone may be sufficient for predict-
ing progression. It should be highlighted that using
only numerical clinical risk data in a deep learning
approach requires significantly fewer computational
resources than using large tensors of images. Unfor-
tunately, several risk factors were absent from our
model because they were not recorded consistently
in our retrospective clinical data, including biological
profile, eye rubbing, atopic eczema, genetics, and family
history.1 The severity of the keratoconus could also
be investigated. Multicollinearity among the factors
included in the neural network must be considered
and verified. It should be emphasized that our study
is still valuable in identifying important predictors of
disease development. Future studies will need to deter-
mine whether the inclusion of these factors would lead
to better risk stratification, which could potentially
provide a method avoiding computationally intensive
image-based processes.

Predicting future outcomes through complex multi-
factorial associations using deep learning remains
a widely researched topic given its ability to detect
patterns in vast amounts of unstructured data.7
However, there are challenges in using these methods,
as evaluated in other fields, that also arise in the task of
accurately predicting the progression of keratoconus.
Predicting stock prices is a complex issue with numer-
ous contributing factors that can result in unstable
and difficult predictions.13 One of the problems is the
intricacy of the market, and the fact that not all factors
can be quantified precisely.14 This may also hold true
for keratoconus because genetic testing, for instance, is
not regularly accessible as a risk predictor. Historical
or recent data are used to forecast future outcomes,
which can be impacted by unpredictable or unknown
factors. Furthermore, the interpretation of data may
be affected by excessive noise.16 For instance, in cases
of keratoconus, a stable cornea may show progression
owing to a unpredicted pregnancy in the near future.15
Our research resulted in a success rate of 83% in
accurately predicting progression of keratoconus. The
accuracy of the prediction is unlikely to reach that
of a classical deep learning classification problem,

although this number may improve with larger
datasets.

Progression has not been clearly defined yet; thus,
the parameters used to determine it lack consistency
worldwide.5 Kmax is the most commonly used parame-
ter to detect or document progression, and is regularly
used to decide for cross-linking among other clini-
cal factors.3 Because it is objective and easy to deter-
mine, we have chosen a 1-D increase in Kmax as
our indicator for defining progression. However, other
factors in conjunction with this indicator should be
considered. Kmax has been criticized as an imprecise
measure for its intended use, because it only includes a
small area and the anterior corneal surface.5 Addition-
ally, progression can happen even with stable anterior
surface measurements, particularly in the early stages
of keratoconus.17,18 In the future, if other parameters
for progression are defined or used, we can relabel our
data and train a new neural network.

In addition to the technical aspects of our work, it
is crucial to carefully consider socioethical and other
scientific factors before implementing the proposed
neural network in a clinical setting. If the progres-
sion and recommendation of corneal cross-linking are
determined by artificial intelligence, caution should
be exercised when deciding for the procedure owing
to the potential for rare yet severe surgical compli-
cations.19 The scientific problems to be solved are
to distinguish the advantages of the newly proposed
method in comparison with the current practice of
regular outpatient follow-up. This process involves to
decide for an accuracy of the neural network that
is required for this application. Socioethical concerns
involve examining whether bias from the software,
dataset, developer, physician, and study design collec-
tively impact both the model’s training and outcomes.
The lack of transparency regarding the processing
of data in the deep neural network and the factors
involved in decision-making contributes to this issue.20
In a notable example, the application of deep learn-
ing for melanoma detection, was found to be more
challenging for higher Fitzpatrick skin types because
the training database had fewer images.21 To ascertain
the system’s reliability, it is necessary to verify what
behavior is considered safe in the domains in which it
operates.20 A recent study provided a comprehensive
overview of ethical guidelines proposed for the imple-
mentation of artificial intelligence-basedmedical appli-
cations.22 Further research is required to address these
matters. In addition tomedical and scientific considera-
tions, onemust also bemindful of the proposedmodel’s
various socioethical implications.

Further limitations of this study are the low case
number for a deep learning approach owing to the
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relative rarity of the disease. This limitation also
resulted in the use of only very small convolutional
networks. With the small amount of data, larger neural
networks might suffer from vanishing gradients, yet
larger networks might also result in higher accuracy.
In this context, our study could serve as a proof of
concept for predicting Keratoconus progression from a
single outpatient visit. A multicentric and prospective
design would be a possible option for future studies to
avoid bias and to gain more cases.

In conclusion, the proposed method and our neural
network indicates good results in terms of sensitivity,
specificity and accuracy for predicting a future Kmax
increase and the general feasibility of the approach. In
addition to this, we show that our systematically devel-
oped neural network using both image and numer-
ical data may prove helpful in determining kerato-
conus progression at the first visit. Future studies are
warranted to determine its potential.
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