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Retina Macula Fovea
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Swollen Optlc‘ _

Nerve = Optic nerve disease

= Blindness

Brain disease
= Disability, death

= Elevated intracranial
pressure

= Brain tumor, bleed, clot

= Blindness from chronic optic
nerve swelling (papilledema)

The eye is a window to the brain



Direct Ophthalmoscopes are Everywhere!
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. Essentials!

Ophthalmoscopy Standard of care
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Ophthalmoscopes mandatory in
most clinical settings!

Learning how to use an ophthalmoscope
is part of the basic curriculum in most
medical schools



Direct ophthalmoscope = an old tool...

= 1850: German
physician Hermann
von Helmholtz, who
devoted much of his
career to studying the
eye and the physics of
vision and perception,
demonstrates his
ophthalmoscope to
the Berlin Physical
Society. This invention
revolutionizes , \. 7 :
ophthalmology. - o & e iory] [EMORY
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THE DISEASES OF

THE NERVOUS SYSTEM.
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SECOND SERIES.

= 1881: French

neurologist Jean-
Martin Charcot adopts
the ophthalmoscope
to diagnose neurologic
disorders: "Now in this
difficulty, the
ophthalmoscopic art
came to give us its
decisive aid”.

The eye officially
becomes a “window to
the brain”.



1850=-—- 2021

= Modern direct
—— ophthalmoscope not

g much better than the
D \U old one...

observer's eye

and ot Thamimaion oy o ot o s by e s e = Modern non-

‘ ‘ e Do e e e ophthalmology
trained doctors not

comfortable with the

U direct
ophthalmoscope

- o = Modern doctors
prefer more modern

1T
2 O 2 1 Observer Subject

hole irg

viewing aperture (hole)

45" mirror lenses

cone of illumination 45" mirror  p il
light rays

lens 2

lens 1

illumination aperture
adjustment
lens wheel miniature lamp -
ottt L ways of looking at
Drawing of a modern, direct opthalmoscope showing kcy features. —_— s];::::.}.;d structure of the direct ophthalmoscope showing the illumination and viewing Wallace H. Coulter t h e b ra i n
Department of
| | Biomedical
Engineering




From Post-mortem Autopsy To Modern Neuroimaging

Autopsy

Ophthalmoscopy
1850

X-Ray
1885

1918
Phneumo
encephalography

1949

Cerebral Ir .
angiography

Computed
tomography
1971

Magnetic
resonance
imaging
1977-1984



Normal brain imaging does not rule out brain disease,

especially elevated intracranial pressure

.
e it e sose w0 | @ Cerebral venous thrombosis

Cerebral Venous Sinus Thrombosis in the = Meni ng ItiS
COVID-49 Pandemic = Idiopathic intracranial

Chaitanya B. Medicherla, MD, Rachel A. Pauley, MD, Adam de Havenon, MD,

Shadi Yaghi, MD, Koto Ishida, MD, Jose L. Torres, MD h YpeE rtension
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Background: Recent studies ha| m = -
increased thromboembolic events i REVIEW j Ghook ke upciiaes
virus Disease 2019 (COVID-19).

thrombosis (CVST) is a form of thrg . . . .
been observed as a neuro-ophthal COVID-19 vaccines and thrombosis with thrombocytopenia syndrome

COoVID-19.

Muthada: Review of the scientific | Chih-Cheng Lai*, Wen-Chien Ko® Chih-Jung Chen®, Po-Yen Chend, Yhu-Chering Huangs, Ping-Ing Lee® and Po-
Results: In this article, we repor R H hia

epidemiclogy, clinical presentation en Hsuen™

pathophysiclogy, and management

19. “Department of Internal Medicine, Kachsiung Veterans General Hospital, Tainan, Taiwan; "Department of Medicine, College of Medicine, Mational
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disease presentation, pathogenesi
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A tale too often told

= 28 year old obese woman goes
to an Emergency Department
with severe headaches, nausea
and vomiting

o Normal examination

= Sent home with a diagnosis of
“migraine”




= 2 weeks later: decreased vision in
both eyes - Goes back to same
Emergency Department

= Head CT normal

= Sent home with an outpatient
Neurology appointment

» 3 weeks from onset: vision and
headaches worse

= Neurologist: "Normal examination”
= Sent to Ophthalmologist...



Bilateral optic nerve edema with headaches =

Elevated intracranial pressure (papilledema)

No Light Perception Light Perception
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Missed papilledema

Welcome or Apply Now y My Bill

OMIC

OPHTHALMIC MUTUAL

= == = Devastating outcome
== (blindness)

= Enormous cost to society

Risk << Back Share |  prnt
Management

Pseudotumor Cerebri in Young Female
Main Page I

Ryan Bucsi, OMIC Senior Litigation Analyst
Seminars and Courses

|} u u
Case summary
Educational Alliances
§ A23-year-old female presented to the emergency room with blurred vision and was advised to see the OMIC-insured
Hotline ophthalmologist the following day for examination. She did not keep the appointment, but five days later called the insured's

office to complain of decreased vision and was advised to come in. On initial examination, the patient’s visual acuity was
20/125 OD and 20/50 OS. The pupils were reactive with trace evidence of an afferent papillary defect. A visual field test was

Digests, Alerts, and Bulletins

e not performed. The OMIC insureds diagnosis was significant bilateral likely secondary to Based
on the patients size (4°11” and 150 pounds), the insured prescribed 1000 mg of Diamox to be taken daily. He also referred
Practice Administration the patient to a neurologist for a lumbar puncture. Upon the advice of the neurologist, the patient did not start the Diamox
until after the lumbar puncture. The ophthalmologist advised the patient that the pressure was 36 (normal <25) and instructed
e — her to start the Diamox Approximately three weeks later, the patient retumed to the OMIC insured and his partner, another
OMIC-insured ophthamologist, for an examination. Visual acuity was count fingers OU. A positive finding of afferent papillary
Consent Forms in Spanish defect OD was again noted. A constricted visual field based on a confrontational field test revealed a significantly limited

visual field OU. The patient was diagnosed with pseudotumer cerebri and Diamox was increased to 1500 mg daily. The . - -
Recommendations OMIC insureds documented that if no improvement was seen in the next week, the patient would be referred to a neuro-
s st e e e M Stewarts acted for a client, RM, who received a settlement of £4.3m following an
Cyber Liability Res 1y Into |rr|ugi P g ad asymptomatic but
e Ui al dis} @v uch lo a 7] e o an accelerated
Didse N Significant 108 of vision. The FRUent Taerueny two o erve
TWBE!tS by @MyOMIC ¥ visual acuity was hand motion at 1.5 feet OD and 6/200 OS.

: online video mediation. The claim arose from a delay in treating a cerebral venous

omic
@uyomic Plaintiffs experts opined that both OMIC insureds failed to appropriately diagnose and manage the patients pseudatumor
Don't miss this! cerebri and violated the standard of care by failing tc refer the patient to a neuro-ophthalmelogist for evaluation of

sinus thrombaosis (CVST), which caused raised intracranial pressure.

Stunkel L, Sharma RA, Mackay DD, Wilson B, Van Stavern GP, Newman NJ, Biousse V. Patient Harm Due to
Diagnostic Error of Neuro Ophthalmologic Conditions. Ophthalmology. 2021 Mar 11:5S0161-6420(21)00193-7



Why is ophthalmoscopy rarely performed in the ED

and Neurology Clinics ?

= Limited training

= Difficult without pupillary dilation

= Direct ophthalmoscope difficult to use and limited view
= Inability to recognize the findings
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Fundus photography

VS.
Ophthalmoscopy
Trial Outcomes
in the Emergency Department *"_ﬁ‘ﬁi“p‘i&%‘%}
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= Easy for non-ophthalmic trained
individuals to use

= No pu

= Able to take ¢
the posterior

= Reveals unrecognized findings in ED

Bruce BB, Lamirel C, Wright DW, Ward A, Heilpern KL, Biousse V, Newman NJ Biousse V, Newman NJ.
Nonmydriatic ocular fundus photography in the emergency department. N Engl J Med 2011; 364: 387-9

= Non-mydriatic fundus cameras

dillary ¢

ilation

uality photographs of
Dole




FOTSEBW “Relevant” Findings

= Patients with:

Optic disc Isolated

= Headaches ed et heme

¥
= Severe hypertension

= Focal neurologic symptoms Grade

)
= Visual loss IL/ TV A

= Compare ED providers’ detection rate
for relevant findings

- ’ - al \fasc. Optic disc
= Should change patients’ care in oo sion pguor
the ED




FOTSEBW “Relevant” Findings

= Patients with:

= Headaches Sg’;ﬁ:?ﬁc
= Severe hypertension e | e
= Focal neurologic symptoms Grade

= Visual loss .

End organ damage
High rate of readmission

= Compare ED providers’ detection rate 4 within 30 days

for relevant findings - Stroke 5 Tumor

S@ifal Vasc. Optic disc
occlusion pallor

= Should change patients’ care in
the ED




FOTSEDBW General Methods

Phase 1 Phase 2 Phase 3
Ophthalmoscopy alone Photograhs Phsgzig‘:g: g
ED 1734 photos 1503 photos | 2347 photos
320 patients / 354 patlents 587 patients
Neuro- Fundus Photography Readings

Ophthalmologist within 24 Hours




FO®T<EDW] Relevant Findings in 11.8%

Figure 4 Pie chart shows the distribution of the 153 (11.8%) relevant findings observed among 1,291 patients enrolled in
the 3 phases of the Fundus Photography vs Ophthalmoscopy Trial Outcomes in the Emergency Department
(FOTO-ED) study

S Intraocular
Sy hemorrhage, 36
% (23.5%)

Optic disc
edema, 39
(25.5%)

1/9 patients in ED with headache,
severe hypertension, focal neurology

deficit, or visual loss has ocular
fundus findings that should change
acute management/disposition

Grade Ill/IV
hypertensive

retinopathy, 25 Optic disc

(16.4%) pallor, 43
Retinal vascular (28.1%)
occlusion, 10 . .
(6.5%) Biousse V, Bruce BB, Newman NJ. Ophthalmoscopy in the 21st century:

The 2017 H. Houston Merritt Lecture. Neurology 2018; 90: 167-75



FT@—E«Bﬂﬁ Non-Mydriatic Fundus Camera in ED

Phase 11
ED Examination Direct Non-mydriatic

Method »ophthalmoscopy photography

# of patients’ fundi
viewed by ED-MD

# of abnormalities
detected by ED-MD

Bruce BB, Lamirel C, Wright DW, Ward A, Heilpern KL, Biousse V, Newman NJ Biousse V, Newman NJ.
Nonmyderiatic ocular fundus photography in the emergency department. N Engl J Med 2011; 364: 387-9



FT@—E«Bﬂﬁ Non-Mydriatic Fundus Camera in ED

Phase 11
ED Examination Direct Non-mydriatic

Method »ophthalmoscopy photography

# of patients’ fundi o
viewed by ED-MD ¢ 48/350 (14%)

# of abnormalities
detected by ED-MD

Bruce BB, Lamirel C, Wright DW, Ward A, Heilpern KL, Biousse V, Newman NJ Biousse V, Newman NJ.
Nonmyderiatic ocular fundus photography in the emergency department. N Engl J Med 2011; 364: 387-9



FT@—E«Bﬂﬁ Non-Mydriatic Fundus Camera in ED

Phase 11
ED Examination Direct Non-mydriatic

# of patients’ fundi
viewed by ED-MD

# of abnormalities o
detected by ED-MD 0/44 (0%)

Method /phthalmoscopy photography

48/350 (14%)

Bruce BB, Lamirel C, Wright DW, Ward A, Heilpern KL, Biousse V, Newman NJ Biousse V, Newman NJ.
Nonmyderiatic ocular fundus photography in the emergency department. N Engl J Med 2011; 364: 387-9
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FT@—E«B[lﬁ Non-Mydriatic Fundus Camera in ED

Phase II

ED Examination Direct Non-mydriatic ‘
Method »ophthalmoscopy photography £

# of patients’ fundi
viewed by ED-MD

# of abnormalities
detected by ED-MD

48/350 (14%) \ 239/355 (68%)

0/44 (0%) 16/35 (46%)

ED providers correctly identified 86% of normal fundi as normal on fundus photos

Bruce BB, Thulasi P, Fraser CL, Keadey MT, Ward A, Heilpern KL, Wright DW, Newman NJ, Biousse V. Diagnostic accuracy and use of
nonmydriatic ocular fundus photography by emergency physicians: phase II of the FOTO-ED study. Ann Emerg Med 2013; 62: 28-33
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STOP TEACHING
OPHTHALMOSCOPY TO
MEDICAL STUDENTS?

Mackay DD, Garza PS, Bruce BB, Newman NJ, Biousse V. The demise of direct
ophthalmoscopy: A modern clinical challenge. Neurol Clin Pract 2015; 5: 150-7



STOP TEACHING OPHTHALMOSCOPY

OPHTHALMOSCOPY TO SHOULD HAVE BEEN DONE ON
MEDICAL STUDENTS? DAY 1!

No Light Perception Light Perception




STOP TEACHING OCULAR FUNDUSCOPIC
OPHTHALMOSCOPY TO EXAMINATION

MEDICAL STUDENTS? SHOULD HAVE BEEN DONE ON DAY 1!

No Light Perception Light Perception




Teaching Ophthalmoscopy to Medical Students:

TOTEMS

= Medical students: Year 1 (n=138)

= Direct ophthalmoscope vs
photograph interpretation

= On humans and simulators

Kelly LP, Garza PS, Bruce BB, Graubart EB, Newman NJ, Biousse V. Teaching ophthalmoscopy
to medical students (the TOTeMS study). Am J Ophthalmol 2013; 156: 1056-61



Teaching Ophthalmoscopy to Medical Students:

TOTEMS - am . Ophthalmol 2013

= M1s performed significantly better identifying fundus
features with photographs (p<0.001) than on simulator

= 85% correct answers on photographs
= Fundus photographs: easiest and least frustrating

= 70% preferred photographs to simulators for ocular
fundus assessment

= 499% said they would attempt direct ophthalmoscopy
during clinical rotations over the next year



1 Year Retention Study (Medical Students Year 2):

TOTEMS 11

= M2s again more accurate interpreting ocular fundus
photographs than simulators (p<0.001)

= Self-reported median frequency of ophthalmoscopy over

n . 0 o - .
previous year: < 10% 2 100% Primary Reasons Fundus
§ 80% - Exam Not Performed
-'G; o,
5 60%
X g% 4 %7
77% 42% would not 20% - 57
uncomfortable with perform 0% -
ophthalmoscopy ophthalmoscopy 0 , , S
during general exam Discomfort Discouraged by / Insufficient Time
preceptor,

Mackay DD, Garza PS, Bruce BB, Bidot S, Graubart EB, Newman NJ, Biousse V. Teaching ophthalmoscopy to medical students
(TOTeMS) II: A one-year retention study. Am J Ophthalmol. 2014; 157: 747-8



Is More Important

ILELR L

FOTO_ED training

&« C f https://bcubed.hypermart.net/fotoed/questions.php

Read the instructions  Exit

-45 minutes online
tutorial with pre- o
and post self figin: dmachs

contact Dr. Beau Bruce at 404-778-5360 or bbbruce@emory.edu

Drodlems, 8 y.
as S e SS m e n t Ceep in mind: if y ou want to zoom in, click on the picture; if you want to zoom out, click outside the picture.

Session : Pre-test

atient presented with acute headache. Blood pressure was 150/90 mmHg.

-Traditional
ophthalmoscopy
workshop coupled
with fundus
photographs
interpretation




FT:@—EBIlﬁ Non-Mydriatic Fundus Camera in ED

Onsite interpretation
by ED provider
(Phase II)

Onsite interpretation
by ED provider after
training (Phase III)

ED/NeuFoIogy

Bruce BB, Biousse V, Newman NJ. Nonmydriatic ocular fundus photography in neurologic emergencies.
JAMA Neurol 2015; 72: 455-9



FT:@—EBIlﬁ Non-Mydriatic Fundus Camera in ED

Onsite interpretation
by ED provider

ED/NeuFoIogy

(Phase II) 1

Onsite interpretation
by ED provider after
training (Phase III)

Phase III FOTO-ED: No improvement of

ED providers’ performance after training

Bruce BB, Biousse V, Newman NJ. Nonmydriatic ocular fundus photography in neurologic emergencies.
JAMA Neurol 2015; 72: 455-9



FT@—EBIIﬁ Non-Mydriatic Fundus Camera in ED

= Liability:

Onsite interpretation

by ED provider /
neurologist with
ophthalmology
consultation if
abnormal or unsure

Remote
interpretation by
ophthalmologist

(tele-ophthalmology/

teleconsultation)

= ED and neurologists do not khow how to interpret photos

= Ophthalmologists need clinical information
= Billing

EMORY
LAW

EMORY

GOIZUET.

BUSINESS




FT:@—E«B[lﬁ Non-Mydriatic Fundus Camera in ED

Onsite interpretation
by ED provider /
neurologist with
ophthalmology
consultation if
abnormal or unsure

Remote
interpretation by
ophthalmologist
(tele-ophthalmology/
teleconsultation)

ED/NeuFoIogy




FT:@—EBIlﬁ Non-Mydriatic Fundus Camera in ED

Onsite interpretation
by ED provider /
neurologist with
ophthalmology
consultation if

. - ® abnormal or unsure
ED/NeuFology % erpretation by

Pophthalmologist
(tele-ophthalmology/
teleconsultation)
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Artificial intelligence and deep learning

In ophthalmology

Daniel Shu Wei Ting," Louis R Pasquale,? Lily Peng,® John Peter Campbell,*

AaronY Lee,” Raiiy Raman,” Gavin Siew Wei Tan,' Leopold Schmetterer,
Br J Ophthalmol 2018

Pearse A Keane,"” Tien Yin Wong'

ABSTRACT

Artificial intelligence (Al) based on deep leaming (DL}
has sparked tremendous global interest in recent years.
DL has been widely adopted in image recognition,
speech recognition and natural language processing,
but is only beginning to impact on healthcare. In

1,789

ocular 1maging, prncpally fundus photographs
and opncal coherence tomography (OCT). Major
ophthalmic diseases which DL techniques have been
used for include diabetic retinopathy (DR),**

glaucoma,"" ** age-related macular degeneration
(AMD)** *" ** and retinopathy of premaruriry

Deep Learning is already
changing everything in
ophthalmology!

results, medicolegal issues, and physician and patient
acceptance of the Al "black-box" algonithms. DL could
potentially revolutionise how ophthalmology is practised
in the future. This review provides a summary of the
state-of-the-art DL systems described for ophthalmic
applications, potential challenges in dinical deployment
and the path forward.

middle-income countries. The use of DL, coupled
with telemedicine, may be a long-term solution
to screen and monitor patients within primary
eye care serangs. This review summarises new DL
systems for ophthalmology applications, potennal
challenges in clinical deployment and potennal
paths forward.

Severe NPDR

Severe NPDR

Advanced AMD Advanced AMD

Diabetic Macular Oedema Diabetic Macular Oedema

{Heat Map)

Figure 2 Some examples of heat maps showing the abnormal areas in the retina. (A) Severe non-proliferative diabetic retinopathy (NPDR); (B)
geographic atrophy in advanced age-related macular degeneration (AMD) on fundus photographs''; and (C) diabetic macular oedema on optical
coherence tomography.

f U.S. Department of Health and Human Services

U.S. FOOD & DRUG

ADMINISTRATION

Home | Food | Drugs | Medical Devices | Radiation-Emitting Products | Vaccines, Blood & Biologics | Animal & Veterinan,
News & Events

Home > News &Events > Newsroom > Press Announcements
FDA News Release

FDA permits marketing of artificial intelligence-
based device to detect certain diabetes-related
eye problems

f sHARE in UNKEDIN | @ PINIT | 5 EMAIL | & PRINT
For Immediate April 11, 2018
Release

Release

Espafiol

The U.S. Food and Drug Administration today permitted marketing of the first medical
device to use artificial intelligence to detect greater than a mild level of the eye
disease diabefic retinopathy in adults who have diabetes

Diabetic retinopathy occurs when high levels of blood sugar lead to damage in the
blood vessels of the retina, the light-sensitive tissue in the back of the eye. Diabetic
retinopathy is the most common cause of vision loss among the mere than 30 million
Americans living with diabetes and the leading cause of vision impairment and



Artificial Intelligence And Deep Learning

Al/DL
_|_
Question

Output
(Yes/No)

Department of
Biomedical
Engineering




Artificial Intelligence And Deep Learning:
Many applications in ophthalmology

AI/DL
Diabetic
retinopathy
?

Al/DL
Diabetic
retinopathy
?




Google’s Al can see through your

Female or

eyes what doctors can’t

Susan Ruyu Qi
Nov 26, 2018 - 2 min read w 0 K [

Male Gender?




Original Age Gender
ARTICLES nagre . .
itpes/Ado g/ 01038/sA155-008. 01950 biomedical engineering .

Actual: 57.6 years Actual female
Predicted: 59.1 years Predicted: female

Prediction of cardiovascular risk factors from -

retinal fundus photographs via deep learning
Ryan Poplin*4, Avinash V. Varadarajan, Katy Blumer’, Yun Liu', Michael V. McConnell??,

Greg S. Corrado’, Lily Peng™** and Dale R. Webster' Kl i S e it S et !

Traditionally, medical discoveries are made by observing associations, making hypotheses from them and then designing and SBp DEP
running experiments to test the hypotheses. However, with medical images, observing and quantifying associations can often
be difficult because of the wide variety of features, patterns, colours, values and shapes that are present in real data. Here, we
show that deep learning can extract new knowledge from retinal fundus images. Using deep-learning models trained on data

from 284,335 patients and validated on two independent datasets of 12,026 and 999 patients, we predicted cardiovascular

risk factors not previously thought to be present or quantifiable in retinal images, such as age (mean absolute error within 3.26

years), gender (area under the receiver operating characteristic curve (AUC) =0.97), smoking status (AUC =0.71), systolic

blood pressure (mean absolute error within 11.23 mmHg) and major adverse cardiac events (AUC =0.70). We also show that pﬁﬁagﬁ:m& pgd@:;?ﬁegmgg
the trained deep-learning models used anatomical features, such as the optic disc or blood vessels, to generate each prediction. e o)

Nature Biomedical Eng| (2018) 2: 158



Five Important Rules in Al (Daniel Ting, MD PhD)

= 1-Right question

= 2-Right data

= 3-Right partners

= 4-Right concepts and methods
= 5-Right enabler



Artificial Intelligence and Deep Learning

= Large data sets of images associated with definite
diagnosis (made by humans) — reference standard (ground truth)

= Training data set (tell the machine what is what; then
the machine will teach itself): train until machine
performant enough — randomly presented batches

= Validation data set (confirm that the machine can
answer the question reliably) — parameter selection/tuning

= External validation (test the machine on different data
sets) — different centers/cameras/populations (generalization of findings)
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Optic nerve photographs and Al

Onsite
interpretation by
non-
ophthalmology
trained provider




The Brain and Optic Nerve Study

with Artificial Intelligence (BONSAI)

Dan Milea MD PhD, Valérie Biousse MD, Nancy J Newman MD,
Raymond P Najjar PhD, Caroline Vasseneix MD,

Jiang Zhubo MSc, Yong Liu PhD, Daniel Ting MD PhD,

Tien Yin Wong MD PhD, for the BONSAI Group

g
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Five Important Rules in Al (Daniel Ting, MD PhD)

= 1-Right question: papilledema or not?

= 2-Right data: fundus photographs from 25
international centers (large number, diverse data)

= 3-Right partners: expert neuro-ophthalmologists
(international group) and AI team (Singapore)

= 4-Right concepts and methods: excellent clinical
and digital operational flow

= 5-Right enabler: implementation, outcome,
commercialization (pending @Singapore)



BONSAI Group:
25 Centers, 70 investigators, 19 Countries
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BONSAI Deep Learning System

Automatic classification of optic discs

Segmentation task Classification task

R 4

3
M
&- DenseNet 201

\ k . Classifier

& DenseNet 121 .’\ -

Normal

Papilledema

Other
abnormalities

= 1) Quality check
= 2) Is the disc normal vs abnormal?

= 3) Is the abnormal disc papilledema (raised ICP) vs other?




BONSAI Deep Learning System

Automatic classification of optic discs

Training and validation:

= 15,846 ocular fundus photographs 14,341 photographs
(80/20%)
= 9769 normal from 19 centers

= 2508 papilledema

i - External validation:
= 3569 other disc abnormalities 1505 photographs

from 3 centers




BONSAI Deep Learning System

Automatic classification of optic discs

= Fundus Photography with AI as diagnostic aid in
non-ophthalmic settings (no clinical information):

RESULTS

Filename:




BONSAI Deep Learning System

RESULTS

B81COE4A-CD02-4F26-8E66-
D318110326C3.jpeg

Filename;

= Fund
non

Analysis:

b6C3.jpeg

probability of normal:|0.4%

probability of pap: [ 99-1%

probability of other abnormal:|0.5%




Discrimination of:

Normal Discs vs. Discs With Papilledema

= Area under curve (AUC)
for the detection of
papilledema of 0.96
(95% CI, 0.95 to 0.97)

= Sensitivity of 96.4%
(95% CI, 93.9 to 98.3)

= Specificity of 84.7%
(95% CI, 82.3 to 87.1)

= All centers == Bangkok, Thailand === Copenhagen, Denmark
Freiburg, Germany === Rochester, MN, United States Tehran, Iran
A Normal Disks B Disks with Papilledema
104 1.0 -
0.9+ 0.9
i
0.3+ 0.8 ||
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Figure 1. Performance of the Deep-Learning System for the Detection of Normal Disks and Disks with Papilledema
in the External-Testing Data Sets.
The external-testing data sets included ocular fundus photographs from five centers with diverse ethnic back-
grounds. As shown in Panel A, the deep-learning system discriminated normal optic disks from abnormal ones,
with areas of the receiver-operating-characteristic curve (AUCs) that ranged from 0.96 to 0.99 and an overall AUC

of 0.98 (95% Cl, 0.97 to 0.98). As shown in Panel B, the deep-learning system discriminated disks with papille EMORY
from normal disks and disks with nonpapilledema abnormalities, with AUCs that ranged from 0.93 to 0.98 and
OVEI'E!H AUC 01(096 (95% C|, 0.95 to 097) ROLLINS
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Photograph

Quality check

Cropping
Disc centered

Heat map
generation

Analysis

Probability

Severe papilledema in a white patient
Diagnostic prediction by the DLS: papilledema 99.99%,
normal: <0.01%, other; <0.01%

Severe papilledema in an African-American patient
Diagnostic prediction by the DLS: papilledema 99.99%,
normal: <0.01%, other: <0.01%

Non-arteritic anterior ischemic optic
neuropathy in a white patient

Diagnostic prediction by the DLS: Other 99.98%,
normal <0.01%, papilledema 0.02%

Optic atrophy in an Asian patient
Diagnostic prediction by the DLS: other 99.99%,
normal 0.01%, papilledema <0.01%

Optic nerve drusen in a white patient
Diagnostic prediction by the DLS: other 99.96%,
normal 0.03%, other <0,01%
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Artificial Intelligence to Detect Papilledema
from Ocular Fundus Photographs

D. Milea, R.P. Najjar, Z. Jiang, D. Ting, C. Vasseneix, X. Xu, M. Aghsaei Fard, P. Fonseca, K. Vanikieti, W.A. Lagréze,
C. La Morgia, C.Y. Cheung, S. Hamann, C. Chiguet, N. Sanda, H. Yang, L). Mejico, M.-B. Rougier, R. Kho,
Thi H.C. Tran, S. Singhal, P. Gohier, C. Clermont-Vignal, C.-Y. Cheng, |.B. Jonas, P. Yu-Wai-Man, C.L Fraser,
JJ. Chen, 5. Ambika, N.R. Miller, Y. Liu, NJ. Newman, T.Y. Wong, and V. Biousse, for the BONSAI Group*

AESTRACT

BACKGROUND
Nonophthalmelogist physicians do not confidently perform direct ophthalmos-
copy. The use of artificial intelligence to detect papilledema and other optic-disk
abnormalities from fundus photographs has not been well studied.

METHODS
We trained, validated, and externally tested a deep-learning system to classify
optic disks as being normal or having papilledema or other abnormalities from
15,846 retrospectively collected ocular fundus photographs that had been obtained
with pharmacologic pupillary dilation and various digital cameras in persons from
multiple ethnic populations. Of these photographs, 14,341 from 19 sites in 11 coun-
tries were used for training and validation, and 1505 photographs from 5 other
sites were used for external testing. Performance at classifying the optic-disk ap-
pearance was evaluated by calculating the area under the receiver-operating-
characteristic curve (AUC), sensitivity, and specificity, as compared with a reference
standard of clinical diagnoses by neuro-ophthalmologists.

RESULTS
The training and validation data sets from 6779 patients included 14,341 photo-
graphs: 9156 of normal disks, 2148 of disks with papilledema, and 3037 of disks
with other abnormalities. The percentage classified as being normal ranged across
sites from 9.8 to 100%; the percentage classified as having papilledema ranged
across sites from zero to 59.5%. In the validation set, the system discriminated
disks with papilledema from normal disks and disks with nonpapilledema abnor-
malities with an AUC of 099 (95% confidence interval [CI], 0.98 to 0.99) and
normal from abnormal disks with an AUC of 0.99 (95% CI, 0,99 to 0.99). In the
external-testing data set of 1505 photographs, the system had an AUC for the
detection of papilledema of 0.96 (95% CI, 0.95 to 0.97), a sensitivity of 96.4% (95%
CI, 93.9 to 98.3), and a specificity of 84.7% (95% CI, 82.3 to 87.1).

COMNCLUSIONS
A deep-learning system using fundus photographs with pharmacelogically dilated
pupils differentiated among optic disks with papilledema, normal disks, and disks
with nonpapilledema abnormalities. (Funded by the Singapore National Medical
Research Council and the SingHealth Duke-NUS Ophthalmology and Visual Sci-
ences Academic Clinical Program.)

M ENGL | MED 382]18 MEJM.ORC APRIL 30, 2020
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Al for the Eye — Automated Assistance for Clinicians

Screening for

Isaac Kohane,

Accurate assessment of the optic-nerve head, the
optic disk, by funduscopy is an important, cost-
effective, and noninvasive diagnostic tool for a
variety of ocular, neurologic, and inflammatory
conditions. Unfortunately, reliable funduscopic
assessment is challenging for clinicians working
with undilated pupils'; even after mydriatic dila-
tion, nonophthalmologists have considerably
lower accuracy® than neuro-ophthalmologists in
detecting optic-disk disorders, including papill-
edema. Could computer programs examining
digital funduscopic images perform at the level
of neuro-ophthalmologists in classifying disor-
ders of the optic disk? The authors of the study
now published in the Journal® were encouraged
by previous studies for the detection of diabetic
retinopathy* to undertake an international study
to answer this question. In doing so, they ad-
opted a retrospective study design that will be-
come increasingly familiar to readers of medical
journals because of the tsunami of machine-
learning investigations applied to medical data.’

The fuel that has powered the recent success
of machine learning has been the availability of
two aspects of “big” data. The first is large data
sets. Usually the largest and most representative
data sets perform the best, and in the current
report, a training set of 14,341 funduscopic im-
ages that included the full circumference of the
optic nerve was obtained from persons of differ-
ent ethnic groups across 11 countries. The study
required a large range of normal and abnormal
funduscopic findings, including cases of papill-
edema, with enough geographic variation to en-
sure generalizability and to avoid bias.® In addi-
tion to the training and validation sets, the

Papilledema
M.D., Ph.D.

investigators used an external set of 1505 im-
ages from 5 countries to test the trained algo-
rithm. (In the absence of institutional-review-
board or data-sharing infrastructure, obtaining
the images from each site may have been an
undertaking of greater magnitude than the ma-
chine-learning effort at the heart of this study.)

The second aspect driving success in machine
learning has been the availability of labels that
describe the data so that in a supervised learn-
ing approach the algorithm may define those
characteristics of the raw data that best corre-
spond to the labels. In this investigation, experts
at each clinical site were required to accurately
label whether the funduscopic images were ab-
normal and whether the abnormalities were due
to papilledema using both the image and con-
textual clinical data. Not only does this entail
a substantial effort in expert labeling of thou-
sands of images, but it also means that the
performance of these machine-learning algo-
rithms is limited to matching the performance
of the best expert consensus.

After this very extensive multinational effort,
the algorithm that was tested on the external
data set performed well in distinguishing disks
with papilledema from other disks (normal disks
and disks with nonpapilledema abnormalities).
The sensitivity was 96% and the specificity 85%.
As is usually the case, this performance was
inferior to that obtained on the internal-valida-
tion data set, which shows the importance of
having breadth and representativeness in train-
ing data for artificial-intelligence projects.

The shortcomings of this study are also in-
structive. How well the performance of the

N EWNGL ) MED 38218 NE|M.ORG APRIL 30, 2020
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Classification task
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) abnormalities

DenseNet 121

Normal

Papilledema

Other

Can the BONSAI deep learning system
perform as well [or better]
than expert neuro-ophthalmologists?




Human vs Machine

){return this.each(func RAnTIN_DURA TTION=158, C.prot

€. ERSION="3.3.7",C.T 4 e
(bg.};:::tr‘-/( "href"),d=d&&d. replace(/-*( 2=#[~\s]*$)/, ))

: " = latedTarget:e[@]

opdown-menu) "), A -a.Event( show.bs.tab ,{re )
P . T. et.b 9]});3 a o

st 3%),f=a.Event( hide.bs.tab ’{"elat-e:a::(gb_dgsest("11'"),c),this.activatE(h,h-Paf‘e"t():ﬂm‘-tlo

Itprevented()){var h=a(d);this.acti . ¢ :
‘luyer({:ynpe: "(s)hown.bs .tab",relatedTarget: 9[9]})})}}}, c.prototype. activate=function(b,d,e){func

o «d, this},a( :
ABIEE stpict”;function

is.element=a
deb.data("target”) ;if(d] ] (d=

> .active").removeClass( “actil
ia-expanded”, 10),h?(b[@].offsel
).find('[data-toggle="tab"]").
)| | 11d. Find("> .fade").lengtl

jvar d=a.fn.tab;a.fn.tab=b,a.fr -

show")};a(document) .on("click.
se strict";function b(b){retur
typeof bé&e[b]()}) pvar c=funct
»3.proxy(this, checkPosition, t

null thi
*4,this. pinnedoffset-
i i et=null, th,

R ghoxy(this

crollTop(), f this.$element offs
. e

‘bottop"

=f.top)&g’

'$618ment
n, thi it

ade"),b.parent (" .dropdo:
find("> .active™),h=e&&
)-emulateTransitionEnd
function(){return a.fn.
e).on("click.bs,tab.data
l.data("bs,affix"),f="ob
AULTS,d), this. $target=3
-CheckPositiony
affix affix-top
iy ff).g=this.$tapé
Setefunctangyct
nCtion() {if(thys
S€t();re

JL.RESET="




Human vs Machine

e ds),#WINOONFTR rn W57 §
a.fn.scrollspy =4, " Ss}trict";functlon b(b){retfl v\{ii
),sfunction(a){"use {this.elﬂnent:a(b)}:c- V7377

» b ]
[b]()})}ver c';f:f;:::(("t)arget") ;if(d] | (d=b.attr(}

; » {relatedTarget:b[@]/

. t("hide.bs.tab",{re :
St;t:r::;:de;))({var hsa(d);this.actlvate(b.close'L [tk
‘lum"({type: “shown. bs. tab",relatedra"gEt:e.lel }.)}‘ ~ ‘. /

> .active”).removeClass(“active”).end().find("[¢/8 §~ <

opdown-menu) "),

£
El

ia-expanded”, 1), h?(b[0].of fsetWidth, b. addClass (" /
).find('[data-toggle="tab"]").attr("aria-expande | .
fe°)11!1d.find("> .fade").length);g. length&&h2g. o [§ Lo
;var d=a.fn.tab;a.fn.tab=b,a.fn.tab. Constructor=c =
show')};a(document).on("click.bs.tab.data—api", i

se strict”;function b(b){return this.each(functi,

typeof béke[b]()})}var c=function(b,d){this.optj

: .pmgy(:hig.checkPosition,this)) -on("click. ps !

i "Pi""edOffset=nu11,this.checkposition( )

"(3,b,¢,d){var exths .
this. affivads .. 1'°"$taf'g‘e'c.scr*o.

Agency for
Science, Technology}

o i \3
and Research » eckPos ition,+
0 o

NI OO

b.parent

> .active”),h=e&&

ateTransitionEnd
on(){return a.fn.
'click.bs.tab.data
("bs.affix"),f="ob
d),this -$target=3
is. checkPositionw

8<=a-d)&&"bot o »
MCton() {if(thje
.;r‘e a




Human vs Machine

NO{if(this

H e

= New dataset of 800 standard digital fundus photographs

= Randomly selected from 3 neuro-ophthalmology centers
(Copenhagen, Mayo Clinic Rochester, Seoul)



Human vs Machine
= 800 fundus ph0t09raph5 presented
= 400 normal

= 201 papilledema

= 199 other disc abnormal

Randomly
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= No demographic or
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= Independent review
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= 800 fundus photographs

= One eye only

* No demographic or
= 400 norr.Ilﬂlaldema clinical information
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Human vs Machine

= 800 fundus photographs
= 400 normal

= One eye only

= No demographic or

= 201 papilledema clinical information

= 199 other disc abnormalities =

Independent review
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Human vs Machine

= 800 fundus photographs
= 400 normal

= One eye only

= No demographic or

201 papilledema clinical information

= 199 other disc abnormalities

= Independent review
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Time to classify 800 photographs— Human vs Machine

Grader | Time

N-Opl & 6l minutes
N-Op2 & 74 minutes




Time to classify 800 photographs— Human vs Machine

Grader | Time

N-Opl & 6l minutes
N-Op2 & 74 minutes
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Correct Answers — Human vs Machine

100%
90% Q
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= Identification of:

= Normal
80%
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Recognition of Normal Optic Discs—- Human vs Machine
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Identification of Papilledema- Human vs Machine
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Conclusions = BONSAI - Human vs Machine

= Classification of optic nerve appearance (normal vs

papilledema vs other optic disc abnormalities) by the
BONSAI Deep Learning System:

= Very fast (25 seconds vs >1 hour by humans)

= At least as good as two expert neuro-ophthalmologists (>25 vy
experience) without clinical information and at the eye level

(therefore, still helpful even if only one eye photograph of
good quality)

Biousse V, Newman NJ, Najjar RP, Vasseneix C, Xu X, Ting DS, Milea LB, Hwang JM, Kim DH, Yang HK, Hamann S, Chen JJ, Liu 'Y, Wong TY,
Milea D; BONSAI (Brain and Optic Nerve Study with Artificial Intelligence) Study Group. Optic Disc Classification by Deep Learning versus

Expert Neuro-Ophthalmologists. Ann Neurol. 2020, 88: 785-95



BONSAI DLS vs non neuro-ophthalmologists
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BONSAI DLS for Optic Nerve Interpretation

= Trained deep learning system with direct application
as diagnostic aid:

= => |ikely better than ophthalmoscopy or self-interpretation of
fundus photographs in ED settings and Neurology clinics

= Next step: test in real-life settings [non-ophthalmologists]

RESULTS

Filename:




Five Important Rules in AI (Daniel Ting, MD PhD)

= 1-Right question: papilledema or not?

= 2-Right data: fundus photographs from 25
international centers (large number, diverse data)

= 3-Right partners: expert neuro-ophthalmologists
(international group) and AI team (Singapore)

= 4-Right concepts and methods: excellent clinical
and digital operational flow

= 5-Right enabler: implementation, outcome,
commercialization (pending @Singapore)



FDA permits marketing of artificial intelligence-based device to detect certain diabetes-related eye problems

FDA NEWS RELEASE

FDA permits marketing of artificial intelligence-
based device to detect certain diabetes-related
eye problems
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ot For Immediate Release:  Apri 11,2018 The IDx-DR system uses the Topcon NW400 robotic retinal
camera (Topcon Medical Systems, Oakland, New Jersey)

The U.S. Food and Drug Administration today perm
device to use artificial intelligence to detect greater {

IDx-DR

diabetic retinopathy in adults who have diabetes.

IDx-DR is an Al diagnostic system that autonomously
diagnoses patients for diabetic retinopathy and maculai
edema

Diabetic retinopathy occurs when high levels of bloc
vessels of the retina, the light-sensitive tissue in the
the most common cause of vision loss among the m
with diabetes and the leading cause of vision impair With IDx-DR you get:
age adults.

. . . . . Immediate diagnostic results at the point of care
“Early detection of retinopathy is an important part

people with diabetes, vet many patients with diabete
diabetic retinopathy since about 50 percent of them
basis,” said Malvina Eydelman, M.D., director of the
Nose and Throat Devices at the FDA's Center for De
“Today’s decision permits the marketing of a novel ¢

No need for specialist overread or telemedicine
call backs

. . . . Simple user interface
can be used in a primary care doctor’s office. The FI

availability of safe and effective digital health device

»
needed health care. Seamlessly integrates into your workflow
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RESULTS

ANY nonmydriatic camera

BONSAI DLS as
webtool or software
installed on any camera
for onsite immediate
results

Probability
optic nerve:
-normal
-papilledema
-other




Thank Youl!




