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Recently, considerable progress has been made in interpreting perceptual information through
artificial intelligence, allowing better interpretation of highly complex data by machines. Fur-
thermore, the applications of artificial intelligence, represented by deep learning technology,
to the fields of medical and biomedical research are increasing exponentially. In this article, we
will explain the stages of deep learning algorithm development in the field of medical imaging,
namely topic selection, data collection, data exploration and refinement, algorithm develop-
ment, algorithm evaluation, and clinical application; we will also discuss the latest trends for
each stage.
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Fig. 1. Annual trend in the number of

papers related to deep learning in the 500

medical field. Results from PubMed _ — 0
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ing’ and ‘convolutional’ search terms.

Fig. 2. Stages of deep learning algorithm development.
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Table 1. Latest important papers on deep learning in the field of medical imaging

Specialty Images Publication
Radiology/Neurology CT head, acute neuro events Titano, Nature Medicine, 2018
CT head for brain hemorrhage Arbabshirani, NPJ (Nature ) Digital Medicine, 2018
CT head for trauma Chilamkurthy, Lancet, 2018
CXR for metastatic lung nodules  Nam, Radiology, 2018
CXR for multiple findings Singh, PLOS One, 2018
Pathology Breast cancer Bejnordi, JAMA, 2017

Lung cancer (+ driver mutation) ~ Coudray, Nature Medicine, 2018
Brain tumors (+ methylation) Capper, Nature, 2018

Btreast cancer metastases* Steiner, Am J Surgical Pathology, 2018
Breast cancer metastases Liu, Arch Path Lab Med, 2018
Dermatology Skin cancers Esteva, Nature, 2017
Melanoma Haenssle, Annals of Oncology, 2018
Skin lesions Han, Journal of Investigative Dermatology, 2018
Ophthalmology Diabetic retinopathy Gulshan, JAMA, 2016
Diabetic retinopathy* Abramoff, NPJ (Nature) Digital Medicine, 2018
Diabetic retinopathy* Kanagasingam, JAMA Open 2018
Congenital cataracts Long, Nature Biomedical Engineering, 2017
Retinal diseases (OCT) De Fauw, Nature Medicine, 2018
Macular degeneration Burlina, JAMA Ophthalmology, 2018
Retinopathy of prematurity Brown, JAMA Ophthalmology, 2018
AMD and diabetic retinopathy Kermany, Cell, 2018
Gastroenterology Polyps at colonoscopy* Mori et al, Annals Internal Medicine, 2018
Cardiology Echocardiography Madani, NPJ (Nature) Digital Medicine, 2018
Echocardiography Zhang, Circulation, 2018

*Prospective assessment.
Adapted from Eric Topol. Available from: URL: https://twitter.com/EricTopol/status/1051174567882907648,
with permission of author (3).
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Fig. 4. Correlation between ImageNet Top-1 one-crop accuracy and amount of operations. Adapted from
Canziani et al. arXiv preprint 2016;arXiv:1605.07678, with permission of author (15).
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