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Abstract

Deep learning implemented in a collaborative cloud-based platform empowers ophthalmologists in
the diagnosis of congenital cataracts.

Rare diseases are often neglected, yet they are a public health concernl. Congenital cataracts
(CCs) — a typical rare disease characterized by the clouding of the lens of the eye — can
lead to blindness in children, especially in developing countries2. The management of CCs
requires accurate diagnosis, timely surgery and rigorous follow-ups. However, it is
challenging to integrate the typically scattered and limited medical resources for tackling
rare disease that exist in many developing countries. Also, the quality of the healthcare
services provided to CC patients, including diagnoses and treatment decisions, often varies
across individual centres. Writing in Nature Biomedical Engineering, Yizhi Liu and
colleagues report that artificial-intelligence (Al) software can provide diagnostic and
treatment suggestions for CC patients, with accuracy comparable to that of individual expert
ophthalmologists. They also describe a cloud-based web platform for the collaborative
management of CC patients across care centres3.

Liu and co-authors’ machine-learning implementation relies on three deep convolutional
neural networks* (CNNs), trained on ocular images of patients, that identify whether images
correspond to healthy or CC patients. For images classified as CCs, the CNNs evaluate the
severity of the disease for risk stratification — according to the location (central or
peripheral), density (dense or non-dense) and area (extensive or limited) of lens opacity —
and provide treatment suggestions (surgery or follow-up). Liu and co-authors used 476
ocular images of healthy eyes and 410 images from patients with CCs with a diverse range
of disease severity, collected by the Childhood Cataract Program of the Chinese Ministry of
Health (CCPMOH). The authors divided the data randomly into five groups, and conducted
a standard cross-validation protocol by training the CNNs with four of the image groups,
and by comparing the predictions of the trained CNNSs for the remaining group against the
assessments provided by a panel of expert ophthalmologists (the process was repeated five
times). The authors show that with such a set of images, the Al algorithm identified CC
patients with about 99% accuracy, and suggested the right treatment for over 97% of the CC
cases. The accuracy of the CNNs for the lens-opacity variables was 94-95%.
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Encouraged by the results, Liu and colleagues carried out more stringent, real-world tests. In
a phase-I clinical trial that lasted about four years and involved three non-specialized
hospitals that recruited 14 CC patients and 43 children with healthy eyes, the accuracies of
the CNNs on these new set of 57 ocular images (which had not been used for CNN training)
were comparable to those from the CCPMOH data: 98% in the identification of CC patients,
93% in providing the correct treatment suggestion and 93-100% for the lens-opacity indices,
all with respect to the assessments of an expert panel that was blind to the CNN predictions.
To further validate the performance of the CNNSs, Liu and colleagues collected 53 ocular
images (40 with CCs and 13 normal) from the Internet. These had significantly diverse
quality. The accuracies of the CNNs dropped slightly, yet remained in the 85-95% range.
All these tests suggest that Al software ought to be applicable for screening CCs in a variety
of real-world settings. Yet the incidence of CCs in the general population is only about 1%.
In a simulated test consisting of three independent sets of 100 ocular images of healthy cases
and one image from a CC patient, the CNNs successfully identified, stratified and provided
the appropriate treatment suggestions for all 303 images (100% accuracy). Moreover, in a
test paper with 50 ocular images that included various challenging clinical cases, the CNNs
made fewer mistakes (9 false positives and 4 false negatives) than three individual
ophthalmologists with varying expertise (with the top-performing practitioner making a total
of 16 mistakes). All three ophthalmologists misidentified one particular case with a highly
illuminated lens that came immediately after the assessment of a particularly dark yet
healthy lens; the CNNs correctly classified the particular ocular image as normal.

Liu and co-authors’ consistent results across such a battery of simulated and real-world tests
should help the eventual implementation of machine learning in the clinic. Towards this
goal, the authors integrated the CNN algorithm with a web-based user interface and with
cloud computing to help improve the management of CC patients in isolated, non-
specialized hospitals. In such a collaborating platform, a registered user can upload the
ocular images from a remote site, let the Al software assist with diagnoses and treatment
plans, and then check with expert ophthalmologists in a collaborating hospital when
necessary (Fig. 1). Importantly, such a platform would facilitate the collection of bigger sets
of CC images for further training of the CNNSs. This is particularly necessary for rare
diseases, as their low prevalence makes it hard for researchers to recruit enough patients to
conduct data-driven analyses®.

The success of deep learning has been driven by breakthroughs in layer-wise training
algorithms, by the maturation of parallel-computing infrastructures and by big data. Neural
networks are particularly good at recognizing objects from generic images in large
databases, such as ImageNet®. With vastly fewer images available, Liu and colleagues show
that, at least for CCs, CNNs can effectively encode disease-related patterns after proper
image pre-processing. This is perhaps not surprising in light of a recent report on the use of
deep learning to identify diabetic retinopathy — a much more common eye disease — from
retinal fundus photographs’. In medical-image analysis more generally, deep learning is
becoming a widely used tool for categorizing medical images®°. Typical applications
include medical-image enhancement!9, registration!, segmentation!2.13 and high-level
understanding for diagnosis or clinical evaluation, for example in Alzheimer’s diseasel# and
cancers!®. By pushing CNN technology into clinical settings, and showing that it can
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perform well for a rare disease, Liu and colleagues’ multihospital collaborative Al platform
represents a step towards improving the medical management of rare diseases, in particular
in under-resourced areas.
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Figure 1.
A multihospital platform for the collaborative management of congenital cataracts and other

rare diseases through artificial intelligence. Ocular images uploaded from collaborating care
centres are analysed by deep convolutional neural networks, which provide diagnostic and
treatment suggestions (such as follow-up or surgery). Ocular images reproduced from ref. 3,
Macmillan Publishers Ltd.
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