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Introduction

Deep learning is a type of machine learning that aims to train a computer to perform tasks that
are typically performed by humans based on artificial neural networks. Recent advances in
technology have shown that artificial neural networks can be applied to fields such as speech
and audio recognition, machine translation, board games, drug design, and medical image
analysis. The development of these techniques has been extremely fast over the recent years
and artificial neural networks nowadays outperform humans in many of these tasks. Artificial
neural networks were inspired by the function of biological systems such as the brain and
connected nodes within these networks model neurons. The principle of such networks is that
they are trained with datasets where the ground truth is known. As an example the network shall
be trained to identify images where a bicycle is depicted. This requires a large number of
images where bicycles are manually labeled (the so-called ground truth) that are then analyzed
by the computer. If enough images with either bicycle or no bicycle are used the artificial neural
network can be trained to identify bicycles in other image sets.

In medical imaging classical approaches include either extraction of semantic features defined
by human experts or agonistic features defined by equations. Semantic features may provide
good specificity for disease diagnosis, but may differ between different doctors dependent on
their level of experience, are time consuming and costly. Agonistic features may have limited
specificity, but offer the advantage of high reproducibility. Deep learning takes a different
approach. A training dataset is required where the ground truth, in this case the diagnosis, is
known. The number of data required is high and usually 200000 images or more are used.
Once the atrtificial neural network is trained it can be applied to a validation dataset in which the
diagnosis is also know, but not told to the computer. The output of the artificial neural network is
in the simplest case either disease or no disease that can be compared to the ground truth. The
agreement with the ground truth is quantified using measures such as area under the curve
(AUC, can take values between 0 and 1 with 1 meaning perfect discrimination between health
and disease), specificity (can take values between 0% and 100% and quantifies the proportion
of actual negatives that are correctly identified) and sensitivity (can take values between 0% and
100% and quantifies the proportion of actual positives that are correctly identified). If high
sensitivity or high specificity is required depends on the disease, the prevalence of the disease
as well as the actual clinical setting where this network should be employed.

Deep learning in ocular disease

Using retinal fundus photographs from diabetic patients several authors have shown that
algorithms based on deep learning provide excellent performance for detecting referable
diabetic retinopathy. The first study that showed high performance was published by Google
and included more than 120 000 images in the training dataset (Gulshan et al. 2016). Later
several authors reported convolutional neural networks that showed high discriminative power
for diabetic retinopathy based on fundus photographs (Ting et al. 2017, Gargeya and Leng
2017). Direct comparison between the performance reported in these publication is, however,
difficult since this may strongly depend on the characteristics of the study population including
ethnicity, severity of disease, the reference standard defined as graded by retina specialists
(ground truth) and the quality of the fundus photographs. Recently it was also shown that
convolutional neural networks can also replace human grading in clinical studies including
epidemiological datasets (Ting et al. 2019a). Whereas most of the features of diabetic



retinopathy can be discovered from fundus photographs diabetic macular edema may require
optical coherence tomography (OCT) based approaches (Roy et al. 2017, Schlegl et al. 2018).

In age-related macular degeneration the definition of referable disease is not as straightforward
as in diabetic retinopathy, because several grading systems for the disease have been
proposed (Ferris et al. 2013, Klein et al. 2014). Deep-learning based classification systems were
proposed for referability (Burlina et al., 2017) as well as estimation of 5-year risk of conversion
to late-stage AMD (Burlina et al. 2018). Further efforts are required to clarify how such systems
can be implemented into clinical practice. One study used deep learning to predict the outcome
after anti VEGF treatment and found that the amount of intraretinal fluid is associated with
baseline visual acuity as well as the visual outcome after 12 months (Schmidt-Erfurth et al.
2018a). Whether artificial intelligence-based retreatment criteria for ant-VEGF injections can be
used to guide the frequency of treatment remains to be proven.

In glaucoma artificial intelligence approaches are still in their infancy. This is partially related to
the problems in defining the disease based on structural and functional measurements (Casson
et al. 2012) and reflected in the uncertainty of the clinical diagnosis defining patients as
glaucoma suspects and following them up longitudinally to ascertain diagnosis. Approaches
were published based on optic disc photographs showing sufficient specificity and sensitivity
(Shibata et al. 2018), but it is unlikely that the complex morphological changes in the optic nerve
head that are characteristic for glaucoma can be adequately detected with a 2-dimensional
imaging technique. For OCT-based artificial intelligence approaches to glaucoma both macular
scans (Asaoka et al. 2019) and optic disc scans have been used (Maetschke et al. 2019), but
the number of included images is relatively small and the algorithms have not yet been validated
in large-scale multi-ethnic populations. Alternatively visual field data can be used to train
convolutional neural networks and different approaches have been proposed (Cai et al. 2017,
Wang et al. 2018), but the high variability of data still limits clinical applicability. Applications of
artificial intelligence-approaches for glaucoma are not straightforward. Glaucoma screening has
so far been considered cost-ineffective (Momont and Mills 2013) and it is yet to be shown
whether deep-learning approaches can be employed for cost effective programs. As mentioned
above diagnosis in glaucoma is a complex clinical task including many different examination
modalities and unlikely to be replaced by deep learning in the near future. Progression analysis
may an attractive area for using deep learning approaches, but basing treatment decisions on
artificial intelligence will most require randomized controlled trials.

Artificial intelligence algorithms cannot only be used for disease classification, but also for
segmentation of images and enhancement of image quality. For the development of deep
learning segmentation algorithms a large-scale dataset of manually annotated images is
required that can serve as ground truth. Algorithms have been described for segmentation of
intraretinal fluid in OCT images (Lee et al., 2017) and segmentation of pigment epithelium
detachment (Xu et al., 2017, Schmidt-Erfurth et al., 2018a). Segmentation algorithms have also
been proposed for the optic nerve head region with special emphasis on glaucoma (Devalla et
al. 2018a,b) and the cornea in an effort for early detection of keratoconus (Bata et al. 2016,
D’Aranha et al. 2019). Deep learning has also been used for denoising OCT images (Halupka et
al. 2018) thereby artificially producing high quality images from low quality OCT scans. Since
these networks have been trained in scans from healthy subjects it is not yet clear whether they
can be successfully applied to images from patients with retinal and/or optic nerve head
pathology.

Conclusions



Artificial intelligence will revolutionize ophthalmological care in the 215t century. There is still a
need to better define how these convolutional neuronal networks shall be utilized in clinical
routine. The most advanced application is the use in diabetic retinopathy screening programs to
identify patients that are at high risk of getting blind. For more information the reader is referred
to some recent in-depth reviews that provide more details on the technical details and clinical
applications of this innovation (Schmidt Erfurth et al. 2018b, Ting et al. 2019b,c).
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