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Outline

• What is artificial intelligence / machine learning /deep learning?

• Types of machine learning tasks

– Supervised learning

– Unsupervised learning

• Deep learning

• Applications in ophthalmic diagnostics

Recommendation Engines

Ophthalmology
Object Recognition

Autonomous Driving

Machine learning is changing our lives
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What is artificial intelligence (AI), machine 

learning and deep learning?

Fortune Magazine:  September 28, 2016 by Roger Parloff
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Courtesy of Michael Goldbaum MD
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Types of Machine Learning Tasks
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Courtesy of Michael Goldbaum MD

Visual Field Test Points Visual Field Test Points

Types of Machine Learning Tasks

Machine Learning Applications: 

3 categories of Software as a Medical Device
(From: FDA draft guidance Aug 2016)
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Machine Learning in Ophthalmic 

Diagnostics 1990-2017

Early Applications in Ophthalmology 

early 1990s and 2000s

Supervised 

• To detect glaucomatous visual field damage

• To detect retinal disease and retinal lesions
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IOVS 1994;35:3362-3373

Presented at ARVO 1990

1990s: 

Detection of glaucomatous visual field damage

IOVS 1994;35:3362-3373

Conclusions: “…A neural network can be taught to be as proficient 

as a trained reader in interpreting visual fields for glaucoma.”

Presented at ARVO 1990

1990s: 

Detection of glaucomatous visual field damage
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Arch Ophthalmol 1997: 115:725-728

AJO 1996: 121:511-521

1990s and 2000s (selected examples):

Detection of glaucomatous damage and progression

IOVS 2005: 46:3730-3736

Medical Image Analysis 2010:14:471-481

1990s and 2000s (selected examples): 

Detection of retinal lesions and diabetic retinopathy  

Diab Med 2000;17:588-599

Comp Methods and Prog in Biomedicine 2000;62:165–175

Br J Ophthalmol 2010;94:1606e1610

Br J Ophthalmol 1996; 80 937-938 

IEEE Trans Med Imaging 2005;24:584-592

IOVS 2007;48: 2260 -2267

IEEE Trans Med Imaging 2010;29:185-194

Proceedings: IEEE Intl Cong of Image Processing:1996;695-598

IEEE Trans Med Imaging 1989;8:263-9
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Computers in Biology and Medicine 2013;43:2136–2155

Lesion Detection Literature Review: 

Segmentation of microaneurysms and hemorrhages.

Computers in Biology and Medicine 2013;43:2136–2155

Literature review: 

Automated diabetic retinopathy detection methods
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Unsupervised Learning in 

Ophthalmic Diagnostics

Trans Am Ophthalmol Soc  2009;107:136-175

Unsupervised algorithms can detect glaucomatous visual 

field patterns and progression without labeled data

J R Soc Interface 2015;12: 20141118. 

n=1147 normal and 939 glaucoma eyes

n=7300 subjects

TSVT 2016;5:1-19

n= 1316 subjects (1976 eyes)
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Tremendous Progress in Last 3 Years

• Deep learning

• Availability of large datasets

• Computational power

Imaging
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Deep Learning 

Can be supervised or unsupervised

Courtesy of Michael Abramoff, MD, PhD

• Deep learning models highly complex relationships within data

• These models can understand complex patterns within images

Background

Coordinate 
System

Veins 

Arteries

Optic nerve

Fovea

Cotton-Wool 

Hemorrhages

Deep Learning with Convolutional Neural Networks 

Courtesy of Michael Goldbaum, MD

Segmentation and Object Detection (Features/Lesions etc.)

Classification of Disease (e.g. Diabetic Retinopathy)



10/26/2017

12

Biomed Optics Express 2017

Deep learning for OCT segmentation/ feature detection

Biomed Optics Express 2017

Biomed Opt Express; 2017:8:187-1888

Competitions Have Spurred Progress

Kaggle Competition 2015

to classify 5 levels of severity of diabetic retinopathy 

from photographs

•100,000 images of 50,000 patients 

generated by community clinic 

screening sites (EyePACs)

•Well-trained humans are 

compared to each other, ~80%

•661 contestants

•Deep learning winner: 0.85 kappa

Kaggle Diabetic Retinopathy Detection competition report

Ben Graham, PhD

Department of Statistics and Centre for Complexity Science

University of Warwick, UK

August 6, 2015
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Ophthalmology 2017: 124:962-969

IOVS 2016;57:5200-5206

JAMA 2016;316:2402-2410

Deep Learning for Diabetic Retinopathy Detection 

from fundus photographs (AUC*: 0.94 to 0.99)

AUC = 0.94

(DR yes vs no)

AUC = 0.98

(referable DR)

AUC = 0.99

(referable DR)

Validation Dataset:  

MESSIDOR 2 (France)
(n= 1748 Images, 874 pts) 

Training Datasets

EyePACs U.S. & India

(n=128,175)

And transfer learning 

from Imagenet

EyePACS (US) 

( n=75,137)

(n=10,000 to 1,250,000)

depending on the 

lesion

*AUC = Area under receiver operating characteristic curve

Ophthalmology 2017: 124:962-969

Deep Learning for Diabetic Retinopathy Detection 

Opening the Black Box?

AUC = 0.94

(DR yes vs no)

Validation Dataset:  

MESSIDOR 2 (France)
(n= 1748 Images, 874 pts) 

Training Datasets

EyePACS (US) 

( n=75 137)

Automated generated heat maps identifying 

regions for closer examination by a clinician
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Deep Learning: Automated diagnosis and grading 

of pediatric cataracts

Plos One 2017;12:

n= 476 normal tissue,  

n= 410 pediatric cataracts

4-fold cross-validation

2017 Ophthalmic Diagnostics: UK, India and Europe 

March 2017

OCT

Fundus Photos
Google Brain AI research group 
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Advantages and Limitations of AI

Advantages

• Objective

• Reproducible

• Increases access to expert 

assessment

• Sensitivity/Specificity can be 

modified to match 

requirements for 

implementation

• Once model has been 

“trained,” can be 

inexpensively deployed

Limitations

• Large datasets needed for training/ 

development for deep learning

– DR: optimum 60000, 17000 

referable DR images (Gulshan)

• High-quality annotations/ 

labels needed

– Weak labeling possible

• Black box

– Some visualization already 

available

• Regulatory and other issues

Cabitza F, Rasoini R, Gensini GF. JAMA 2017;318:517-518

• Reducing the Skills of Physicians (evidence from radiology)

• Focus on text (data) and the Demise of Context: Training set matters!
• Example: Machine learning based decision support system determined that 

patients with pneumonia and asthma were at a lower risk of death than patients 

with pneumonia but without asthma

• Training set: Patients with asthma who presented with pneumonia were usually 

admitted directly to intensive care units to prevent complications; this led to 

patients with pneumonia and asthma having better outcomes

• Intrinsic Uncertainty in Medicine

• The Need to Open the Machine Learning Black Box

JAMA 2017
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Unresolved Issues include (from Wong and Bressler):  

4. Requires a major mind-set shift in how clinicians and patients entrust 

clinical care to machines; both physicians and patients have to trust a 

“black box” to determine a disease state.

E.g.: Did machine assign referable diabetic retinopathy to eyes that 

had poorer pupil dilation and more severe cataract (because people 

with diabetic retinopathy are more likely to have these features) rather 

than based on the severity of the clinical diabetic retinopathy?

JAMA 2016

Future With AI/Deep Learning

• General algorithm for diagnosing retinal and other eye disease

• New scientific and clinical insights

• Reinventing the eye exam 

• Seamless integration with electronic medical records and 

instrument software

• Black box will be opened

• The eye as a window into the body

• Many constraints and unresolved issues

https://arxiv.org/pdf/1708.09843
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Thank you!

Challenges include (from Wong and Bressler):  

3. How does such software “fit” in a clinical system? 

a. Should the software be incorporated into retinal cameras and thus 

used at the point of care?

b. Should clinician simply trust the results without viewing the image?

c. Should centralized diabetic retinopathy reading centers be 

established in the United States and, more importantly, in low-

resource settings where few ophthalmologists are available to care 

for all of the patients with diabetes? 

JAMA 2016


