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COURSE OBJECTIVES

In this course, the attendee will

• Learn the evolution of artificial intelligence and why that descriptor may be 
a misnomer

• Appreciate the basis for image analysis by automation

• Appreciate the application of automated image analysis to diabetic 
retinopathy, age-related macular degeneration and other fundus 
abnormalities

• Understand the accuracy of automated image analyses
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What is artificial intelligence?

“If you wish to converse with me, define your terms.”  -Voltaire
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Artificial Intelligence 
Defined

https://www.lexico.com/en/definition/artificial_intelligence.  Accessed August 8, 2019
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A brief history of AI
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https://www.lexico.com/en/definition/artificial_intelligence
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TURING 
MACHINES

Algorithms

“Analytics”
https://plato.stanford.edu/entries/turing-machine/

https://www.turing.ac.uk/news/enigma-machine-goes-display-
alan-turing-institute

First described by Alan 
Turing 1936–7, are simple 
abstract computational devices 
intended to help investigate the 
extent and limitations of what 
can be computed. 
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TURING 
MACHINES

Algorithms

“Analytics”

https://plato.stanford.edu/entries/turing-machine/

Turing’s ‘automatic machines’, as he 
termed them in 1936, were 
specifically devised for the computing 
of real numbers. They were first 
named ‘Turing machines’ by Alonzo 
Church (1937). Today, they are 
considered to be one of the 
foundational models of computability 
and computer science
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ALGORITHMS

ANALY TICS
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EVOLUTION OF ARTIFICIAL INTELLIGENCE

Ø1956 – “Artificial intelligence” coined 
by John McCarthy on the premise 

• …that every aspect of learning or any 
feature of intelligence can be so precisely
described that a machine can be made 
to simulate it.    [binary decisions, 1 or 0]
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1959 – “Machine learning” created by 
Arthur Samuel 

• focuses on the learning feature of 

intelligence by developing algorithms that 
extract generalized principles  from data.

• ML differs from other automated approaches that 

required that the descriptive rules be defined 
by human experts and implemented by 
programmers

EVOLUTION OF ARTIFICIAL INTELLIGENCE
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What is an algorithm?
1 1
4 6 3 7 8

+2 5 9 2 1

7 2 2 9 9
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https://plato.stanford.edu/entries/turing-machine/
https://plato.stanford.edu/entries/turing/
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Let’s do something more complex

4 6 3 7 8 2 5 9 2 1   =÷
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Let’s do something more complex

4 6 3 7 8 2 5 9 2 1   =÷ 1.789

Rules for long division . . .

46378 ÷ 25921 =

2 5 9 2 1 4 6 3 7 8
1.7…

2 5 9 2 1
2 0 4 5 7 0
1 8 1 4 4 7
2 3 1 2  3 0
…
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Regression analysis of “big 
data” to produce  
THE Algorithm

The year was 1973. . .

15

CONTEMPORARY 
EXAMPLES OF AI  

Artificial Intelligence 
or 

Always Intruding?

“inspired by 
your 

browsing”

“Based on 
your zip 
code”

Google 
translate

Voice-
generated 

text
Auto-fill text

Sports-related 
applications 
(“analytics”)

J F G I

“google” as a verb!”
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“Analog” Driving Algorithm

17 18
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Automation levels for vehicles

Source: The authors, informed by Automated Vehicles for Safety. U.S. Department of Transportation, National Highway Traffic 
Safety Administration. Accessed February 7, 2022. https://www.nhtsa.gov/technology-innovation/automated-vehicles-safety.
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Automation levels for vehicles

Concept

Explanation

Source: The authors, informed by Automated Vehicles for 
Safety. U.S. Department of Transportation, National 
Highway Traffic Safety Administration. Accessed February 7, 
2022. https://www.nhtsa.gov/technology-
innovation/automated-vehicles-safety.
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Tesla Driving Algorithms

21

ADS for some circumstances

Later the screen shows that 
the cars are closer together 
and passing the truck. 

Analog view = brake lights.
Automated driving system

22

ADS for some circumstances

ADS for some circumstances

23

Norden JG, Shah NR.  What AI in healthcare can learn from the long road to autonomous vehicles.  NEJM Catalyst
Accessed March 10, 2022.
https://catalyst.nejm.org/doi/pdf/10.1056/CAT.21.0458

Autonomous vehicle prototype
Pittsburgh, PA September 2016

24
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E X A M P L E  O F  A  H E A LT H C A R E  
A L G O R I T H M  A C C O R D I N G  T O  

W A T S O N

25

https://www.explainxkcd.com/wiki/imag
es/1/15/watson_medical_algorithm.png
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Elementary,
my Dear Watson

An algorithm for 
patient care

Templates
Patterns 

(End point.  Yikes!!!)

https://www.explainxkcd.com/wiki/images
/1/15/watson_medical_algorithm.png
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W H AT  
H E A LT H C A R E  

C A N  L E A R N  
F RO M  

AU T O N O M O U S  
D R I V I N G

Norden JG, Shah NR.  What AI in healthcare can learn from the long road to 
autonomous vehicles.  NEJM Catalyst
Accessed March 10, 2022.
https://catalyst.nejm.org/doi/pdf/10.1056/CAT.21.0458

AI categories and terminology
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W H AT  
H E A LT H C A R E  

C A N  L E A R N  
F RO M  

AU T O N O M O U S  
D R I V I N G

Norden JG, Shah NR.  What AI in healthcare can learn from the 
long road to autonomous vehicles.  NEJM Catalyst
Accessed March 10, 2022.
https://catalyst.nejm.org/doi/pdf/10.1056/CAT.21.0458
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How would 
you, as a 
clinician, 
manage this 
patient?

22 WM
•presents with 2-day history 

of a unilateral floater
•non-contributory medical, 

allergy, family histories
•UCVA 20/20

30
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22 WM
• 2-day history of a unilateral 

floater
• non-contributory medical, 

allergy, family histories
• UCVA 20/20

• Initial differentials
• PVD (not myopic)
• Post-trauma (denies)
• Retinal tear
• Inflammatory etiology
• Infectious etiology

31

22 WM
• 2-day history of a unilateral floater

• non-contributory medical, allergy, family 
histories

• UCVA 20/20

Clinical observations:
Granuloma 
+ indistinct disc margin =
Neuroretinitis!

(Clinician’s machine-learning 
conclusion)

Etiology?  Kitten as vector for B. Henselae infection
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Requires human intervention

Schm idt-Erfurth U, Sadeghipour A, Gerendas BS, Waldstein SM , Bogunović H.
Artificial intelligence in retina. Prog Retin Eye Res. 2018 Nov;67:1-29.

Diagnostic 
conclusion

• Further history
• Fundus photo features
• Order additional testing?

33

Machine learning aids in diagnosis
Deep learning can make the diagnosis

Schm idt-Erfurth U, Sadeghipour A, Gerendas BS, Waldstein SM , Bogunović H.
Artificial intelligence in retina. Prog Retin Eye Res. 2018 Nov;67:1-29.

Diagnostic 
conclusion

Diagnostic 
conclusion

Requires human intervention

Automates the diagnostic process

35

What if erroneous 
information is 
generated?

(False positives/negatives)

Apple watch -
Did you fall?

I was shaking the 
sunscreen to the end of 
the tube.

36

Additional terminology
Machine Learning (ML)

Deep Neural Networks (DNN) / Deep Learning

Convolutional Neural Networks (CNN)

Redundancies!

37
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What is the 
difference 
between 
classic 
machine 
learning and 
deep 
learning?

Classic machine 
learning 
• Learning to play 

checkers

• Learning to win at 
checkers

Deep learning
• Learning to play 

chess, then

• Learning to beat 
a grand-master 
at chess

Can you see the danger here?

38

Diabetic 
retinopathy -
The “poster child” for 
the application of AI?

39

Solomon SD, Goldberg MF  ETDRS Grading of Diabetic Retinopathy: Still the Gold Standard? 
Ophthalmic Res. 2019 Aug 27:1-6.

© 2019 S. Karger AG, Basel

Standard photographs 1, 2A

2B

• Mild
• Moderate,
• Severe
• Very Severe

Proliferative (non-and high risk)

40

Another algorithm for 
diabetic retinopathy 
staging 

Relationship to ETDRS 

The diabetic retinopathy 
disease severity scale 

DRSS
(note detailed descriptions and levels)

41

Automated algorithm 
for diabetic retinopathy

Trains machines in 
image reading

Focus on this segment

42

Automated algorithm 
for diabetic retinopathy

Training image reading

Focus on this

Consider how tedious it would be to do this on each fundus photo of a patient with diabetes. 
It’s easier to have a machine decide on the 1’s and 0’s

43
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Why would such 
an exacting 

staging system 
have any 

significance?

44

Conclusions 
(post-hoc analysis of RIDE and RISE data)

• 58.6% of patients treated for DME with ranibizumab showed 
at least a one-step (not level) improvement @ 24 months.

• 40% had no improvement and 3.2% had regression.

• Patients with stability or improvement (98.6%) had 
BSCVA gains of 15.1, 14.2, 11.3 and 11.2 ETDRS letters 
for 3-, 2-, 1- and No-step (not level) improvement.

Clinically significant improvement in staging and performance!

Ip MS, Zhang J, Ehrlich JS. The Clinical Importance of Changes in Diabetic Retinopathy Severity Score.
Ophthalmology. 2017 May;124(5):596-603.

45

Ø Classification

Ø Segmentation

ØPrediction

*

46

Evolution of automated analysis 
for diabetic retinopathy

Autonomous artificial intelligence in a setting of 
non-contact patient care

47

Remote screening for NPDR
• Joslin Vision NetworkTM (JVN) 1,2   2001-2003
• Compared seven standard field 35-mm 

stereoscopic color fundus photographs 
(ETDRS) using nonmydriatic digital-video 
color retinal images with favorable results. 3

1. Bursell SE, Cavallerano JD, Cavallerano AA, Clermont AC, Birkmire-Peters D, Aiello LP, Aiello LM. Stereo non- mydriatic digital-video 
color retinal imaging compared with Early Treatment Diabetic Retinopathy Study seven standard field 35-mm stereo color photos for 
determining level of diabetic retinopathy. Ophthalmology. 2001;108(3): 572–85.

2. Cavallerano AA, Cavallerano JD, Katalinic P, Tolson AM, Aiello LP, Aiello LM, Joslin Vision Network Clinical Team. Use of Joslin Vision 
Network digital-video nonmy- driatic retinal imaging to assess diabetic retinopathy in a clinical program. Retina. 2003;23(2):215–23.

3. 3. Bursell SE, Cavallerano JD, Cavallerano AA, Clermont AC, Birkmire-Peters D, Aiello LP, Aiello LM; Joslin Vision Network Research 
Team. Stereo nonmydriatic digital-video color retinal imaging compared with Early Treatment Diabetic Retinopathy Study seven 
standard field 35-mm stereo color photos for determining level of diabetic retinopathy. Ophthalmology. 2001 Mar;108(3):572-85. 

48

Remote screening for NPDR

Key conclusions:
• Image evaluation by trained readers comparable to 

standard (7-field) dilated images
• NPDR level assessed accurately
• The protocol identified those requiring 

management of significant vision-threatening 
conditions
• It is an appropriate tool for enhancing access to 

recommended eye examinations
• It is NOT a replacement for comprehensive eye 

evaluations

49
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Every silver lining has a cloud . . .

Advantages 
• Greater adherence to follow-up 

ophthalmic (dilated fundus 
examination) and endocrinologic 
care. 
• Improved characterization of 

early fundus changes*

Potential barriers
• Obtaining optimal gradable 

images (media opacities, small 
pupil, 
• Presence of co-morbidities (e.g., 

AMD, glaucoma)

*Ophthalmoscopy fails to detect about half of microaneurysms confirmed by trained readers. [Recall OHTS]

Conlin PR, Fisch BM, Cavallerano AA, Cavallerano JD, Bursell SE, Aiello LM. Nonmydriatic teleretinal imaging improves adherence to 
annual eye examinations in patients with diabetes. J Rehabil Res Dev. 2006 Sep-Oct;43(6):733-40. 

Kinyoun JL, Martin DC, Fujimoto WY, Leonetti DL. Ophthalmoscopy versus fundus photographs for detecting and grading diabetic 
retinopathy. Invest Ophthalmol Vis Sci. 1992 May;33(6):1888-93.
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Some Recent Advances in Assessing NPDR 

• 7-field fundus photography (Gold Standard - posterior pole)

• Ultrawide fundus photography (for Predominantly 
Peripheral Diabetic Retinopathy PPDR)   2015-2016

Silva PS, Horton MB, Clary D, et al.. Identification of Diabetic Retinopathy and Ungradable Image Rate with Ultrawide Field Imaging in 
a National Teleophthalmology Program. Ophthalmology. 2016 Jun;123(6):1360-7. doi: 10.1016/j.ophtha.2016.01.043. Epub 2016 
Mar 2.

Silva PS, Dela Cruz AJ, Ledesma MG, et al. Diabetic Retinopathy Severity and Peripheral Lesions Are Associated with Nonperfusion on 
Ultrawide Field Angiography. Ophthalmology. 2015 Dec;122(12):2465-72. doi: 10.1016/j.ophtha.2015.07.034. Epub 2015 Sep 6.

Silva PS, Cavallerano JD, Haddad NM, et al. Peripheral Lesions Identified on Ultrawide Field Imaging Predict Increased Risk of Diabetic 
Retinopathy Progression over 4 Years. Ophthalmology. 2015 May;122(5):949-56. doi: 10.1016/j.ophtha.2015.01.008. Epub 2015 Feb 
19

• And most recently . . . A u t o m a t e d assessment 
of diabetic retinopathy.

51

Into the periphery - revealing an unmet need
• Recognition of the relative inaccessibility but significance of 

predominantly peripheral diabetic retinopathy (PPDR) lead to further 
refinements in diagnostic imaging. 
• 80% coverage,
• PPLs as sentinels for progression of NPDR,
• substantially increased image readability, 
• visualization of significantly more retinal abnormalities, 
• more accurate characterization and quantitation of total retinal 

nonperfusion 

Which can lead to improved outcomes for managing NPDR in general 
and diabetic macular edema (DME) in particular.

Ashraf M, Shokrollahi S, Salongcay RP, Aiello LP, Silva PS. Diabetic retinopathy and ultrawide field imaging. Semin Ophthalmol. 
2020 Jan 2;35(1):56-65.

52

Contemporary Remote Triage 
Strategies

53

Medscape October 19, 20?

“The Future of Teleretinal Imaging for 
Diabetic Retinopathy Screening”

54

Medscape 
October 19, 2016
“The Future of Teleretinal Imaging 
for Diabetic Retinopathy Screening”

Hurdles to navigate
• Patient acceptance
• Standardization of imaging and 

grading protocols
• Reimbursement policies
• Establishment of time-efficient 

infrastructure Ogunyem i O, George S, Patty L, Teklehaim anot S, Baker R. Teleretinal
screening for diabetic retinopathy in six Los Angeles urban safety-net 

clinics: final study results. AM IA Annu Sym p Proc. 2013 Nov 
16;2013:1082-8.

55
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I Dx-DR is FDA cleared

56

Breaking News! 

year
2019

57

Foundation 
for FDA 
clearance

2016

58

The algorithm – 3 categories of disease
Used a training base of 10,000 – 1.25M images and convolutional neural networks (CNN) 

Using the previously reported ICDR and ME gradings, four levels of 
disease for each subject (per DRSS):

ØDR – ICDR level 0 (no DR) or 1 (mild DR), and no ME

Ø Referable DR (rDR) – ICDR level 2 (moderate 
nonproliferative DR), 3 (severe nonproliferative DR), 
4 (proliferative DR), or ME

Abram off M D, et al. Im proved Autom ated Detection of Diabetic 
Retinopathy on a Publicly Available Dataset Through Integration of Deep 

Learning. Invest Ophthalm ol Vis Sci. 2016;57:5200–5206. 
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The algorithm – 3 categories of disease
Used a training base of 10,000 – 1.25M images and convolutional neural networks (CNN) 

Using the previously reported ICDR and ME gradings, four levels of disease for 
each subject (per DRSS):

ØVision threatening DR (vtDR) – ICDR level 3 (severe 
nonproliferative DR), 4 (proliferative DR), or ME. A new 
disease category for this study, to evaluate the 
performance on this category of disease.

Ø Macular edema, the adjudicated reference standard for 
the presence of ME. A new, separate category for this 
study, all subjects with ME appear in both vtDR and rDR.

Abram off M D, et al. Im proved Autom ated Detection of Diabetic 
Retinopathy on a Publicly Available Dataset Through Integration of Deep 

Learning. Invest Ophthalm ol Vis Sci. 2016;57:5200–5206. 
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Tabular results, 
for any statisticians in the audience

Abram off M D, et al. Im proved Autom ated Detection of Diabetic Retinopathy on a Publicly Available Dataset Through 
Integration of Deep Learning. Invest Ophthalm ol Vis Sci. 2016;57:5200–5206. DOI:10.1167/iovs.16-19964

What does
AUC mean?

(“…if it ’s not 
>90% nobody
will read it.”)

61
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Fast forward . .  .2022

At my local CVS

62

From 
Optometry
Times

63

Where do we go from here?

“The era of subclinical diagnosis has begun and a 
novel approach to interpretation is required.”

Schmidt-Erfurth U, Sadeghipour A, Gerendas BS, Waldstein SM, Bogunović H.  Artificial intelligence in retina. Prog Retin Eye 
Res. 2018 Nov;67:1-29.

Ø If we are to retain control over our future, we will have to 
learn to harness output from intelligent algorithms and apply 
AI in a constructive manner (Safe, Efficacious and Equitable, 
SEE).  

ØWill home-based monitoring and imaging platforms equipped 
with AI be the next big step in retina?

64

Durability & Longevity 
With cautions…(Peterson , ED. Machine Learning, Predictive Analytics, and Clinical 

Practice: Can the Past Inform the Present? 2019 JAMA)

Ø The widespread availability of EHR data and the latest ML analytic 
techniques offer unique opportunities for achieving better health 
outcomes. 

Ø Combined, data and ML will likely facilitate the development of 
numerous predictive analytic tools in medicine. 

Ø However, before such advances can transform how clinical decisions 
are made, the challenges of effective application will need to be 
overcome.

Published Online: November 22, 2019. 
doi:10.1001/jama.2019.17831
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Demands of AI for healthcare

•Decrease costs without increasing burden on 
providers (like EHRs ?).

• Improve quality without imparting bias or 
violating privacy. 

66

Accurate outcomes, etc

“Regulatory and professional bodies should 
ensure the advanced algorithms meet accepted 
standards of clinical benefit, just as they do for 
clinical therapeutics and predictive biomarkers”

e.g., Does the algorithm apply equally to all clinical 
settings?  

Parikh RB, Obermeyer Z, Navathe AS. Regulation of predictive analytics in 
medicine. Science 2019;363(6429):810-2.

67
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SEE paradigm - Safe, Efficacious 
and Ethical 

Channa R, Wolf R, Abramoff MD. Autonomous Artificial Intelligence in Diabetic Retinopathy: From 
Algorithm to Clinical Application. J Diabetes Sci Technol. 2021 May;15(3):695-698. doi: 
10.1177/1932296820909900. Epub 2020 Mar 4. PMID: 32126819; PMCID: PMC8120059.
CopyDownload
.nbibFormat: AMA APA MLA NLM 
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S E E   (+) truthful claims, privacy and security 1,2

•Safety - “First, do no harm.” -Hippocrates 
•Employs the Sensitivity metric (how many with the 

disease are correctly identified) 
• Early computer-assisted mammograms were less accurate for 

malignancy detection than non-computer-assisted. Fenton JJ, Taplin SH, 
Carney PA, et al. Influence of computer-aided detection on performance of screening 
mammography. N Engl J Med. 2007;356(14):1399-1409.

•AI will not replace the clinical examination but 
will be complementary to the clinician

1. Channa R, Wolf R, Abramoff MD. Autonomous Artificial Intelligence in Diabetic Retinopathy: From Algorithm to Clinical Application. 
J Diabetes Sci Technol. 2021 May;15(3):695-698.
2. Augmented Intelligence in health care.  AMA Foundational Policy Annual 2018. 
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S E E (+) truthful claims, privacy and security 1,2

•Efficacy 
•Uses the Specificity metric (how many normal 
are correctly identified)

1. Channa R, Wolf R, Abramoff MD. Autonomous Artificial Intelligence in Diabetic Retinopathy: From Algorithm to Clinical Application. J 
Diabetes Sci Technol. 2021 May;15(3):695-698.
2. Augmented Intelligence in health care.  AMA Foundational Policy Annual 2018. 
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S E E (+) truthful claims, privacy and security 1,2

•Equitable
•Is the algorithm applicable to all using the 
“diagnosability” and “bias” metrics.
•Valid vs. uninterpretable result
• Stratification of sensitivity and specificity by race, 

ethnicity and age to identify differences that lead 
to bias in generalizing results.

1. Channa R, Wolf R, Abramoff MD. Autonomous Artificial Intelligence in Diabetic Retinopathy: From Algorithm to Clinical Application. J 
Diabetes Sci Technol. 2021 May;15(3):695-698.
2. Augmented Intelligence in health care.  AMA Foundational Policy Annual 2018. 
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W E  H AV E  
E N T E R E D  T H E  
E R A  O F  “ N O -

T O U C H ”  
PAT I E N T  

E X A M I N AT I O N

and  i t  ha s  been  
a c ce l e r a t ed  by  
the  pandemic

The Mayo Clinic Jacksonville set a 
strategic benchmark of 30% of 
eligible visits being online by 2030.

At the beginning of 2022, 60% of 
eligible visits were being 

conducted online! 

Klaas J. Wierenga, M.D.  Personal communication March 8, 2022
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Artificial 
Intelligence 

is 
transforming 

medicine

will allow 
telemetric 

data analysis

is making 
inroads in 

the 
ophthalmic 

space

is here to stay in 
our daily lives 
and practices

will be as transformative for 
optometry as the last few 

decades of scope-of-practice 
expansion  

73
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Thank you

74


