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What is artificial intelligence (Al), machine
learning and deep learning?

WHY DEEP LEARNING IS SUDDENLY
CHANGING YOUR LIFE

Fortune Magazine: September 28, 2016 by Roger Parloff

A GLOSSARY OF ARTIFICIAL-INTELLIGENCE TERMS

= ARTIFICIAL INTELLIGENCE
Al is the broadest term, applying to any technique that enables computers to mimic

human intelligence, using logic, if-then rules, decision trees, and machine learning
(including deep learning).
= MACHINE LEARNING
The subset of AI that includes abstruse statistical techniques that enable machines to
improve at tasks with experience. The category includes deep learning.

= DEEP LEARNING
The subset of machine learning composed of algorithms that permit software to

train itself to perform tasks, like speech and image recognition, by exposing
multilayered neural networks to vast amounts of data.

Types of Machine Learning Tasks
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(labeled data)

Processor

Human expert
Machine learning classifier

AR

Visual Field Test Points

Courtesy of Michael Goldbaum MD




Types of Machine Learning Tasks
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Machine Learning Applications:

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(From: FDA draft guidance Aug 2016)

Significance of the information provided by the
SaMD to the healthcare decision

Drive Clinical Inform Clinical
Management Management

Treat or Diagnose

gure 3 — SaMD N12 components of "significance" of

SaMD output (See Section 8.1 of this document)




Machine Learning in Ophthalmic
Diagnostics 1990-2017

Early Applications in Ophthalmology
early 1990s and 2000s

Supervised
A To detect glaucomatous visual field damage
A To detect retinal disease and retinal lesions




Interpretation of Automated Perimetry for Glaucoma
by Neural Network

Michael H. Goldbaum,* Pamela A. Sample,* Halbert White,§ Brad Coté*
Paul Raphaelian,* Robert D. Fechtner,{ and Robert N. Weinrel*

I0VS 1994;35:3362-3373

Purpose. Neural networks were trained to interpret the visual fields from an automated plerime-
ter. The authors evaluated the reliability of the trained neural networks to discriminate be-
wween normal eyes and eyes with glaucoma.

Methods. Inclusion criteria for glaucomatous and normal cyes were the in cular pressure
and the appearance of the optic nerve; previous visual fields were not used. The authors
compared the backpropagation learning method used by automated neural networks to those
used by two specialists in glaucoma to classify the central 24° automated perimetric visual
fields from 60 normal and 60 glaucomatous eyes

Results. The glaucoma experts and a trained two-layered network were each correct at approxi-
mately 67%. The average sensitivity of this test was 59% for the two glaucoma specialists and
65% for the two-layered network. The corresponding specificities were 74% and 71% for the
specialists and the two-layered network, respectively. The experts and the network were in
agreement about 74% of the time, which indicated no significant disagreement between the
methods of testing. Feature analysis with a one-layered network determined the most im-
portant visual field positions.

Conclusions. The authors conclude that a neural network can be taught to be as proficient
as a trained reader in inte i sual fields for glaucoma. Invest Ophthalmol Vis Sci.

Presented at ARVO 1990

1990s:
Detection of glaucomatous visual field damage

Interpretation of Automated Perimetry for Glaucoma
by Neural Network

Michael H. Goldbaum,* Pamela A. Sample,* Halbert White,§ Brad Coté*
Paul Raphaelian,* Robert D. Fechtner,{ and Robert N. Weinrel*

I0VS 1994;35:3362-3373

Purpose. Neural networks were trained to interpret the visual fields from an automated plerime-
ter. The authors evaluated the reliability of the trained neural networks to discriminate be-
wween normal eyes and eyes with glaucoma.

Methods. Inclusion criteria for glaucomatous and normal eyes were the intraocular pressure
and the appearance of the optic nerve; previous visual fields were not used. The authors
compared the backpropagation learning method used by automated neural networks to those
used by two specialists in glaucoma to classify the central 24° automated perimetric visual
fields from 60 normal and 60 glaucomatous eves.

Concl usi ons: néawokk canebe tawght to be as proficient
as atrained reader in interpreting visual fieldsforg | au c o ma.

specialiss and the two-layered network, respectively. 1Ne experis and th€ Network were in
agreement about 74% of the time, which indicated no significant disagreement between the
methods of testing. Feature analysis with a one-layered network determined the most im-
portant visual field positions.

Conclusions. The authors conclude that a neural network can be taught to be as proficient
as a trained reader in interpreting visual fields for glaucoma. Invest Ophthalmol Vis Sci.

Presented at ARVO 1990




1990s and 2000s (selected examples):

Detection of glaucomatous damage and progression

T o
Neural Networks to Identify Glaucoma
With Structural and Functional Measurements
L. BRIGATTI, MD, D. HOFFMAN, BA,,

AND ). CAPRIOLI, M.D.

1996: 121:511-521

CLINICAL SCIENCES

Automatic Detection of Glaucomatous Visual Field
Progression With Neural Networks

Luca Brigaiti, MD; Kouros Nouri-Mahdavi, MD; Marc Weitzman, MD; Joseph Caprioli, MD

Arch Ophthalmol 1997: 115:725-728

Effects of Input Data on the Performance of a Neural
Network in Distinguishing Normal and Glaucomatous
Visual Fields

Boel Bengtsson, Dimitrios Bizios, and Anders Heifl

I0VS 2005: 46:3730-3736

Glaucoma risk index: Automated glaucoma detection from color fundus images

dbe

Ridiger Bock™*®*, Jorg Meier?, Liszl6 G. Nyl‘, Joachim Homegger*®, Georg Michelson

Medical Image Analysis 2010:14:471-481

1990s and 2000s (selected examples
Detection of retinal lesions and diabetic retinopathy

Detection of Blood Vessels in Retinal Images Using

p i ; Automatic Detection of Red Lesions in Digital Color
Two-Dimensional Matched Filters =

Fundus Photographs

SUBHASIS CHAUDHURL, stuoex vun, SHANKAR CHATTERIEE, wesmex, i Meindert Niemeijer*, Brum van Gianeken, Member, aber, IEEE, Maria §. A, Sultorp-Schulien,
NORMAN KATZ. MAI ON. Axn MICHAEL GOLDBA and M

IEEE Trans Med Imaging 1989;8:263-9 IEEE Trans Med Imaging 2005;24:584-592

Automatic detection of diabetic retinopathy using an

artificial neural network: a screening tool. Automated Detection and Differentiation of Drusen,
Exuda and Cotton-Wool Spots in Digital Color

GG Gardner, D Keating, TH Willlamson and A T Elliott Fundus Photographs for Diabetic Retinopathy Diagnosis
Metndert Ntemetfer,'** Bram van Gtnneken,'>> Stepben R. Russell**

Br J Ophthalmol  1996; 80 937-938 Marta S. A. Suttorp-schulten,” and Micbael D. Abramoff>3*

AUTOMATED DIAGNOSIS AND IMAGE UNDERSTANDING WITH OBJECT EXTRACTION, OBJECT 10VS 2007;48: 2260 -2267
CLASSIFICATION, AND INFERENCING IN RETINAL IMAGES

; A0 B, Biword Hhnce and Ramesh Jotn Automated grading for diabetic retinopathy:
Proceedings: IEEE Intl Cong of Image Processing:1996;695-598 a large-scale audit using arbitration by clinical experts

. " . — Alan D Fleming," Keith A Goatman,' Sam Philip,” Gordon J Prescott,” Peter F Sharp,'
Automated detection of microaneurysms in digital red- John A Olson”

free photographs: a diabetic retinopathy screening Br J Ophthalmol 2010:94:160661610

tool 1. H. Hipwell*, F. Strachant, ). A. Olsont, K. C. McHardyt, P. F. Sharp* and
). V. Forrester§
Diab Med 2000;17:588-599 Rcunop_ulh_\ .()nl!nc Challenge: _Aulo‘m_zluc
Detection of Microaneurysms in Digital
Screening for diabetic retinopathy using computer based Color Fundus Photographs
image analysis and statistical classification

Bernhard M. Ege ** . Ole K. Hejlesen *, Ole V. Larsen *, Karina Moller *,
Barry Jennings ®, David Kerr ®, David A. Cavan®

Comp Methods and Prog in Biomedicine 2000;62:165i 175 |IEEE Trans Med Imaging 2010;29:185-194




Computer-aided diagnosis of diabetic retinopathy: A review

Muthu Rama Krishnan Mookiah “*, U. Rajendra Acharya®”, Chua Kuang Chua“,
Choo Min Lim?, E.Y.K. Ng¢, Augustinus Laude ¢

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

Lesion Detection Literature Review:
Segmentation of microaneurysms and hemorrhages.

Authors

Segmentation of MA

Computer-aided diagnosis of diabetic retinopathy: A review

Muthu Rama Krishnan Mookiah **, U. Rajendra Acharya®”, Chua Kuang Chua*“,
Choo Min Lim?, E.Y.K. Ng°¢, Augustinus Laude ¢

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

Literature review:
Automated diabetic retinopathy detection methods




Unsupervised Learning in
Ophthalmic Diagnhostics

Unsupervised algorithms can detect glaucomatous visual
field patterns and progression without labeled data

Cluster Mean Al A2 A3 Ad AS Axes

PATTERNS OF GLAUCOMATOUS VISUAL FIELD LOSS IN SITA FIELDS AUTOMATICALLY N e i B B 250
IDENTIFIED USING INDEPENDENT COMPONENT ANALYSIS - w I

BY Michael H. Goldbaum MD. * Gil.Jin Jang PhD, Chas Bowd PhD, Hao PhD, Linda M. Zangwill Ph, Jeffrey

MD, Chnstopber Girkia M| y-Pung Jung PAD, Rebert N. Welnreb MD, AND Panels A Sumple PAD 5 T ) - il "~

Trans Am Ophthalmol Soc 2009;107:136-175

Patterns of functional vision loss Anpmas Neiisesne Mo D68 o
in glaucoma determined with i
archetypal analysis

Tobias Elze'?, Louis R. Pasquale’*, Lucy Q. Shen’, Teresa C. Chen

J R Soc Interface 2015;12: 20141118.

Unsupervised Gaussian Mixture-Model With Expectation
Maximization for Detecting Glaucomatous Progression in
Standard Automated Perimetry Visual Fields

Siamak Yousefi', Madht B rian?, Michael H. Goldbaum’, Felipe
A. Medeiros', Linda M. Zangwill', Robert N. Weinreb', Jeffrey M. Liebmann®,
Christopher A. Girkin®, and Christopher Bowd'

TSVT 2016;5:1-19

n= 1316 subjects (1976 eyes)




Tremendous Progress in Last 3 Years

A Deep learning
A Availability of large datasets

A Computational power

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 21, NO. 1, JANUARY 2017 EkB CVOE’K’ESO(
—— e -—v———lr‘._, s

Deep Learning for Health Informatics

Daniele Ravl, Charence Wong, Fani Deligianni, Melissa Berthelot, Javier Andreu-Perez, Benny Lo,
and Guang-Zhong Yang, Fellow, IEEE
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Fig. 1. Distribution of published papers that use deep learning in subar-
eas of health informatics. Publication statistics are obtained from Google
Scholar; the search phrase is defined as the subfield name with the exact
phrase deep learning and at least one of medical or health appearing,
e.g., “public health” “deep learning” medical OR health.




Deep Learning
Can be supervised or unsupervised

A Deep learning models highly complex relationships within data

A These models can understand complex patterns within images

Courtesy of Michael Abramoff, MD, PhD

Deep Learning with Convolutional Neural Networks
Segmentation and Object Detection (Features/Lesions etc.)
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Classification of Disease (e.g. Diabetic Retinopath

Courtesy of Michael Goldbaum, MD




