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Artificial intelligence is changing our lives

amazon || NETFLIK

Recommendation Engines

Object Detection

Smart Phone EKG measurements
Al interpretation

Personal Sensors and Medical Tests




Al will transform health care

Deep Learning—A Technology
With the Potential to Transform Health Care
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Al will transform health care

m Deep Learning—A Technology First FDA approval
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Al of Retinal Images is Making Headlines
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Google hopes Al can predict heart disease by looking at
retinas

usatopay | USA TODAY February 19, 2018

ARTICLES
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Prediction of cardiovascular risk factors from
retinal fundus photographs via deep learning

ll‘y:ln Poplin*';, Avinash V. Varadarajan™, Katy Blumer', Yun Liu', Michael V. McConnell® :
Greg 5. Corrade’, Lily Peng™" and Dale B, Webster 2 0 1 8

Actual 57 6 yaans Achsal. lemake
Predcied 581 years Predcted female

Prediction Accuracy

Age: + 3.3 yrs

Acthual- 28.3 kg m

Gender: 97% oo oy Ll

Systolic BP: +11.2mmHg




Deep Learning Analysis of Fundus
Photographs Accurately Detects Glaucoma

SCIENTIFIC REP{%}RTS

Performance of Deep Learning
Architectures and Transfer Learning
for Detecting Glaucomatous Optic
Neuropathy in Fundus Photographs

Mark Chistopher, Alram Belghith ', Christopher Bowd®, Jame A. Proudfoot®,
Miichuse | H . Goldbaum®, Robert N. Weinreb'!, Christopher A Girkin®, Jeffrey M. Liobmam* &
Limada M. Z argwdl I°
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Overarching Research Goals

* Improve our understanding of the complex
relationship between structural and functional

change over time in the aging and glaucoma eye

Develop computational, machine learning and
statistical techniques to improve glaucomatous
change detection




Glaucoma Background

Normal Vision Glaucoma

Glaucoma

Images courtesy of the National Eye Institute




* Small white flash on
white background.

* How bright must it be for
you to see it?

ra

Humphrey Visual Field Analyzer




Visual Field Test
Showing Peripheral Vision Loss
in Black

X%y

Humphrey Visual Field Analyzer




Background: Glaucoma is a disease associated
with progressive retinal ganglion cell loss with
characteristic optic disc and visual field damage

Visual Field Test

Photograph of the back of the eye Showing Peripheral Vision Loss
in Black

Mean Deviation (MD)
-10.8 dB
reflects severe
glaucoma




Background: Glaucoma causes characteristic
structural and functional changes

Moderate

MODERATE SEVERE
OPTIC NERVE OPTIC NERVE

NORMAL
RETINA




Historically, optic disc evaluation has been
subjective with descriptions of change
primarily qualitative




Tremendous Advances in Imaging
Optical Coherence Tomography (OCT)
Instruments




Virtual Histology
3D Window into the Retina

Nerve Fiber Layer Optic
Disc
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SDOCT Optic Nerve Head Scan

Signal Strength: 6/10

ONH and RNFL OU Analysis:Optic Disc Cube 200x200

R ro— I o Rim Information

Cup Information

Disc Information

Disc Center (-0.33,-0.33) mm Disc Center (-0.12,0.03) mm
Extracted Horizontal Tomogram Extracted Horizontal Tomogram

RNFL Information
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Imaging instruments show change that is
difficult to detect in photographs

Photograph




Progression Detection Example:
Spectral Domain Optical Coherence
Tomograph
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The Glaucoma Continuum (circa 2004)
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Adapted From: Weinreb RN et. al. Am J Ophthalmol 138: 458-467, 2004.



What is Detectable is Changing
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Adapted From: Weinreb RN et. al. Am J Ophthalmol 138: 458-467, 2004.



What is Detectable is Changing
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Outline: Use of Research IT
1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)

— Servers for document sharing

2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)

—  Supports numerous multicenter NIH, industry and foundation studies.
FileMakerPro databases
I

Servers for curated data sharing among staff, investigators and trainees
Software

3. Computational Ophthalmology Core

—  Custom segmentation software

— Artificial intelligence/ Deep learning strategies to detect glaucoma
—  Triton Shared Computing Cluster (TSCC) GPU and CPU




Hamilton Glaucoma Center Clinical
Research Team

Clinical Research Coordinators:

Eunice Williams-Steppe MS
(supervisor)
Tess Acera

Veronica Rubio
Walter Siqueiros Garcia




UCSD Funded Clinical Cohort Studies
and Co-investigators

Diagnostic Inne

DIGS

D R®

in Glaucoma Study =283 2002- present (NIH)

1995 — present (NIH) Lamina Focus 2017-present
Myopia and Glaucoma Focus 2017-present
M Fazio, CA Girkin, LM Zangwill

LM Zangwill (P1) (co-Pls)

FA Medeiros, RN Weinreb JM Liebmann, PA Sample, RN Weinreb
C Bowd, A Belghith, PA Sample

/\ BrightFocus
L Fr.'.-u ndat ion

Ocular Hypertension Treatment Study
20-year follow-up (NIH) | 2017-2019
2015-present added OCT Lamina and OCTA Focus
LM Zangwill (PI) LM Zangwill (PI)

CSLO Ancillary Study (1995-2010)




Diagnostic Innovations in Glaucoma Study

African Descent and Glaucoma Evaluation Study 5

Glaucoma Patients

Examine Z-y \

Subjects

Stable Progressing Aging
Glaucoma Glaucoma Changes




Identify fast progressing eyes early

Glaucoma Patients

Examine Z-y \

Stable Progressing
Glaucoma Glaucoma

/\

Fast Slow
Progression Progression

Healthy
Subjects

Aging
Changes




Why is knowing the rate of glaucomatous
change important?

Vision
Impairment

I
e
I

early

Stage of Disease
Adapted from Garway-Heath




OCT to measure rate of RNFL loss

Rates of Retinal Nerve Fiber Layer Thinning
in Glaucoma Suspect Eyes

Artsiya Miki, MD, PhD,'+* Felipe A. Medewos, MD, PhD," Robert N. Wemreb, MD,' Sonia Jain, PhD,’
Feng He, MS,” Lucie Sharpsten, PhD,” Nawa Khachatryan, MD, PhD,” Na'ama Hammel, MD,
Jeffrey M. Liebmann, MD, ™" Christopher A. Girkin, MD,” Pamela A. Sample, PhD, Linda M. Zangwil, PhD"

Ophthalmol 2014: 121:1350-1358

Miki et al Ophthalmol 2014




ADAGES/DIGS Glaucoma Suspects
Spectralis OCT

Glaucoma Suspects
No Repeatable
Visual Field Damage
(n=469 eyes)

Median follow-up: 2.5 yrs.
Median no. OCT exams: 4.7 / \

Miki et al Ophthalmol 2014



ADAGES/DIGS Glaucoma Suspects

Glaucoma Suspects
No Repeatable
Visual Field Damage
(n=469 eyes)

Median follow-up: 2.5 yrs.
Median no. OCT exams: 4.7 / \

No Visual Field Visual Field
Damage Damage
(n=420) (n=49)

Miki et al Ophthalmol 2014

Spectralis




Rate of average SDOCT RNFL Loss is 2x faster in
eyes that developed VF Damage

Glaucoma Suspects
No Repeatable
Visual Field Damage
(n=469 eyes)

Median follow-up: 2.5 yrs.
Median no. OCT exams: 4.7 / \

No Visual Field Visual Field
Damage Damage
(n=420) (n=49)

| }

-0.63 pml/year -1.36 pml/year

2x faster (p=0.0003)

Miki et al Ophthalmol 2014




Case. Developed VF damage

Visual Field




Case 1. RNFL slope -1.70pum/year
Developed VF damage
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Challenge: Glaucomatous change
or aging change?
Instruments can’t differentiate on their own

Healthy
Subjects

Examine Z-y \ l

Glaucoma Patients

Stable Progressing Aging
Glaucoma Glaucoma Changes

1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)
—  EPIC for scheduling patients

— ACTRI supported RedCAP for data entry/management
—  Servers for document sharing (IRB, Forms, )




Outline: Use of Research IT

1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)
—  EPIC for scheduling research patients
— ACTRI supported RedCAP for data entry/management
—  Servers for document sharing

2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)

Supports numerous multicenter NIH, industry and foundation studies.
FileMakerPro databases

Image review stations and servers for image QC and data distribution
ACTRI supported RedCAP and Vellos for data entry and management;
Servers for curated data sharing among staff, investigators and trainees
Software

Computational Ophthalmology Core
Custom segmentation software
Artificial intelligence/ Deep learning strategies to detect glaucoma
Triton Shared Computing Cluster (TSCC) GPU and CPU
AWS / Servers




Outline: Use of Research IT

1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)
—  EPIC for scheduling research patients
— ACTRI supported RedCAP for data entry/management
—  Servers for document sharing

2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)

—  Supports numerous multicenter NIH, industry and foundation studies.
FileMakerPro databases
I

Servers for distributed data sharing among staff, investigators and trainees
Software

3. Computational Ophthalmology Core

—  Custom segmentation software

— Artificial intelligence/ Deep learning strategies to detect glaucoma
—  Triton Shared Computing Cluster (TSCC) GPU and CPU
—  AWS/ Servers




Hamilton Glaucoma Center Imaging Data
Evaluation and Analysis (IDEA) Reading
Center Team

Coordinators:

Keri Dirkes MPH
(supervisor)

Maria Hunsicker
Suzanne Vega MPH

CENTER

-
— ; a T — T ———————
AW Imaging Data Evaluation & Analysis Center
Lol Hamikon Glwcoma Center, University Calfornia San Diego




IDEA Center Role: Imaging Instruments

Perform centralized data processing and analysis for study
sSponsors

Certify image acquisition operators
Monitor quality
Provide feedback to study center personnel

Determine diagnostic classification (if required by study
protocol)

|dentify progression

< CENTER

- Ny —-—
' N\ Imaging Data Evaluation & Analysis Center
L Hamikon Glaucoma Center, University Calfornia San Diego




Reading Centers for NIH and
Industry Studies (2019)

National Eye Institute Funding:

Diagnostic Innovations in Glaucoma Study (DIGS): Myopia
African Descent in Glaucoma Evaluation Study (ADAGES IV): Lamina

Ocular Hypertension Treatment Study (OHTS) 20 yr follow-up

biagnosis and Monitoring of Glaucoma with OCTA

Structural Change in Glaucoma

Brightfocus Foundation Funding
“‘Role of Microvasculature in the Pathophysiology of Glaucoma”

Industry Funding
-Heidelberg Engineering: ANTERION Imaging Agreement Study
-Pfizer




Reading Center Pipeline

Receive monthly Spectralis Examlist data spreadsheet
and logs from sites.

|

Is Data Accurate?
(DOB Pt IDs, gender)

Yes x\lo

Reading Center requests Create Examlist Report and Receive corrected
images to be sent. email to sites. Examlist from sites

v

* Review Images
* Fix segmentation failures
« Change BMO etc.

v

2nd review any questionable images

\

Create and send Quality Control Reports to sites.

v
Data Management:
Export scan data from RC review station and quality control information from RC FMP database.
RNFL data files are then run through python script to separate data by study.
Manually join all other data files to QC files, if available.
Place reviewed and unreviewed data files on the Glaucoma Research public.




Over 200,000 OCT Images reviewed!

Over 100,000 visual fields reviewed!

Curated data sharing on secure servers for analysis




Outline: Use of Research IT
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2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)
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Hamilton Glaucoma Center
Computational Ophthalmology Team

Akram Belghith, PhD
Christopher Bowd, PhD
Mark Christopher, PhD

Jade Dohelman
Michael Goldbaum, MD

Sasan Moghimi, MD

Linda M. Zangwill, PhD




Deep Learning Analysis of Fundus
Photographs Accurately Detects Glaucoma

SCIENTIFIC REP{%}RTS

Performance of Deep Learning
Architectures and Transfer Learning
for Detecting Glaucomatous Optic
Neuropathy in Fundus Photographs

Mark Chistopher, Alram Belghith ', Christopher Bowd®, Jame A. Proudfoot®,
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What is artificial intelligence (Al)
and deep learning?

ARTIFICIAL INTELLIGENCE

Programs with the ability to
learn and reason like humans

https://www.argility.com/argility-ecosystem-solutions/iot/machine-learning-
deep-learning/




Deep Learning:
Tremendous Progress in Last 5 Years

Computational power (GPUs etc.)
Software (Caffe, TensorFlow, Theono etc)
Large datasets

Transfer Learning

Published papers using deep
learning in health informatics
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Deep Learning with Convolutional Neural
Networks (CNNs) models complex patterns
within images

Simple Neural Network Deep Learning Neural Network

N
fi
e
i
:
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@ Input Layer Hidden Layer @ Output Layer
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N7 =
AP ANN

L\ =

Courtesy of Michael Abramoff, MD, PhD




Deep Learning with Convolutional Neural
Networks (CNNs) models complex patterns
within images

Simple Neural Network Deep Learning Neural Network

@ Input Layer Hidden Layer @ Output Layer




Deep Learning Workflow

000
00
v« W&

(supervised)

" Adjusts

Training « parameters
Lots set - network
of

- architecture /
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data -
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Deep Learning Algorithm Design
(Lesion based vs black box)

Lesion-Based Al Disease
Dietection

Ll
[l bl
-
Bynaa b
B
T
Lot e,

End-to-End Al Disease Detection

Black Box....

Courtesy of Michael Abramoff, MD, PhD
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lmproved Automated Detection of Diabetic Retinopathy
on 8 Pablicly Avallable Detsset Theough Integration of
Deep Learmning
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Good Diagnostic Accuracy:
Deep Learning to Identify Glaucoma From
Photos

Area Under Receiver Operating Characteristic Curves

AUC (95% CI) Visual Field MD (dB)

Any Glaucoma 0.91 (0.89 - 0.93) -4.1 + 6.0

Moderate to serve glaucoma 0.98 (0.96 - 0.99) Worse than -6

Methods Prediction Probabilities (Examples

- Deep CNN architecture
- Classification: normal / glaucomatous

- Optic Disc Photograph Dataset:
- 14,822 images (4,363 eyes)
- 148,220 w/ translations + OD/OS flip

- Transfer learning using ImageNet




Opening the Black Box:

Mean Occlusion Maps Showing Most Significant Regions Used

Healthy Eye Glaucoma Eye

bright pink regions:
large impact on
model predictions




OCT: Virtual Histology
3D Window into the Retina

Nerve Fiber Layer Optic
Disc
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Novel Computational Algorithms

San Diego Automated Layer Segmentation
Analysis (SALSA)

* Image Processing Pipeline

SALSA Documentation
Helease 0.1




Deep Learning of RNFL Enface OCT Scans
Improves Prediction of VF Damage Compared
to RFNL Thickness

(Christopher M et al.... Zangwill LM: ARVO 2018)

Input: Spectralis optic disc scans

Segmented w/ San Diego Automated Segmentation Algorithm
(SALSA)

7 K=

Healthy RNFL Glaucoma RNFL
thickness maps thickness maps

Train/ 3879 scans 4923 scans

Valldatlon- (968 eyes) (741 eyes)
set:
965 scans 741 scans

Test Set: (117 eyes) (89 eyes)




Deep Learning of RNFL Enface OCT Scans
Improves Prediction of VF Damage
Compared to RFNL Thickness

_(Christopher M et al.... Zangwill LM: ARVO 2018)

Input: Spectralis optic disc scans 3 Convolutional Neural Networks:

Segmented w/ San Diego Automated Segmentation Algorithm
(SALSA)

7 K=

Healthy RNFL  Glaucoma RNFL R
thickness maps thickness maps RNFL Thickness RNFL Enface

Train/
Validation
set:

3879 scans 4923 scans
(968 eyes) (741 eyes)

965 scans 741 scans

Test Set: (117 eyes) (89 eyes) « Transfer Learning (ImageNet)

« Mean RNFL thickness used as comparison




Deep Learning of RNFL Enface OCT Scans
Improves Prediction of VF Damage
Compared to RFNL Thickness

(Christopher M et al.... Zangwill LM: ARVO 2018)

Output: Prediction of Visual Field 3 Convolutional Neural Networks:
Damage

2. Quantitative Parameters: MD, PSD ]

1. Glaucomatous VF damage: Yes/No ‘ i

:
.I.
N B

RMFL Thicknass RMNFL Enface

» Transfer Learning (ImageNet)

« Mean RNFL thickness used as comparison




Deep Learning of RNFL Enface OCT Scans
Improves Prediction of VF Damage
Compared to RFNL Thickness

(Christopher M et al.... Zangwill LM: ARVO 2018)

Output: Prediction of Visual Field 3 Convolutional Neural Networks:
Damage

1. Glaucomatous VF damage: Yes/No

i
RMFL Thicknass

AUC=0.82 AUC=0.88 AUC=0.81




Deep Learning of RNFL Enface OCT Scans
Improves Prediction of VF Damage
Compared to RFNL Thickness

(Christopher M et al.... Zangwill LM: ARVO 2018)

Output: Prediction of Visual Field
Damage

Mean Deviation (MD)
1. Glaucomatous VF damage: Yes/No -10.8 dB

reflects severe

2. Quantitative Parameters: MD glaucoma

Model MD R?(95% ClI) MD Mean Absolute Error (dB)

Deep Leaming Models
RNFL Thickness Map 0.63 (0.57 - 0.68) 2.8(2.6-3.0)
RNFL Enface Image 0.70 (0.64 - 0.74) 25(2.3-2.7)
CSLO Image 0.48 (0.41 -0.54) 3.1(29-34)
Thickness
Mean RNFL thickness 0.40 (0.35-0.44) J.8(3.6-4.1)

Circumpapillary RNFL 0.45 (0.40 - 0.50) 3.7(3.4-3.9)
thickness




Research IT used

TSCC Triton Shared Computing Cluster (TSCC)
CPU and GPU Clusters

Amazon Web Services
20+ TB servers

Software licenses etc.




Outline: Use of Research IT

1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)
—  EPIC for scheduling research patients
— ACTRI supported RedCAP for data entry/management
—  Servers for document sharing

2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)

Supports numerous multicenter NIH, industry and foundation studies
FileMakerPro databases

Image review stations and servers for image QC and data distribution
ACTRI supported RedCAP and Vellos for data entry and management
Servers for distributed data sharing among staff, investigators and trainees
STWEE

3. Computational Ophthalmology Core
—  Custom segmentation software
— Atrtificial intelligence/ Deep learning strategies to detect glaucoma
—  Triton Shared Computing Cluster (TSCC) GPU and CPU
—  AWS / Servers




Hamilton Glaucoma Center Investigators
welcome new students, postdocs, and
collaborators

Akram Belghith, PhD
Christopher Bowd, PhD
Andrew Camp, MD
Mark Christopher, PhD
Huiyuan Hou, MD
Elham Ghahari, MD
Michael Goldbaum, MD
Haksu Kyung, MD
John Liu, PhD
Patricia Manalastas, MD
Sasan Moghimi, MD
Rafaela Penteado, MD
Robert N. Weinreb, MD
Derek Welsbie, MD PhD
Diya Yang, MD
Adeleh Yarmohammadi, MD
Linda M. Zangwill, PhD




Thank you!

UC San Diego Hamilton Glaucoma Center
Shiley Eye Institute
Viterbi Family Department of Ophthlamology




Outline: Use of Research IT (Servers +)
1. Clinical Research IT Infrastructure (4 NIH/Fdn/Industry studies)

— Servers for document sharing

2. Reading Center IT Infrastructure (7 NIH/Fdn/Industry studies)

Supports numerous multicenter NIH, industry and foundation studies.
FileMakerPro databases

Image review stations and servers for image QC and data distribution
ACTRI supported RedCAP and Vellos for data entry and management;
Servers for distributed data sharing among staff, investigators and trainees
Software

3. Computational Ophthalmology Core
—  Custom segmentation software

— Artificial intelligence/ Deep learning strategies to detect glaucoma
—  Triton Shared Computing Cluster (TSCC) GPU and CPU




111,884 Spectralis Scans Acquired
(AL, NY and SD received through Dec 2018)

GMPE Posterior Pole OCTA

From August 2014
Macula ONH
All All

# scans 3202 3283 648 703

# Participants (# eyes) 701 (1354) 688 (1211) ~314

Years of follow-up 25% 3+ 25% 3+
. z 0.5 (2.9 0.5 (2.9
median (IQR) (2.9) years f-up s years f-up

# of visits, median (IQR) 4.0 (4.0) 4.0 (5.0)

Pre-GMPE RNFL Circle ONH Cube Macula Cube ONH EDI

Healthy/ Healthy/ Healthy/ Glaucom Healthy/
All Suspect Glaucoma All Suspect Glaucoma All Suspect a All Suspect Glaucoma

# scans 29309 7032 22150 8230 1870 6360 9864 1985 7637 5475 1259 4216
# Participants (# eyes) 771 (1499) 282 (558) 473 (910) 732 (1418)272 (537) 460 (881) 726 (1402) 255 (501) 455 (870) 651 (1250) 226 (444) 425 (806)

Years of follow-up,
median (IQR) 3.2(6.1) 0.0(39) 4.8(43) 28(47) 0.1(34) 3.9(3.1) 29(5.3) 0.0(25) 42(3.7) 21(3.4) 0022 28(24)

# of visits, median (IQR) 5.0 (9.0) 2.0(4.0) 80(8.0) 5.0(8.0) 2.0(4.0) 6.0(7.0) 5.0(8.0) 1.0(4.0) 7.0(70) 4.0(6.0) 1.04.0) 5.0(5.0)




111,884 Spectralis Scans Acquired
(AL, NY and SD received through Dec 2018)

Pre-GMPE RNFL Circle ONH Cube Macula Cube ONH EDI

Healthy/ Healthy/ Healthy/ Glaucom Healthy/
All Suspect Glaucoma All Suspect Glaucoma All Suspect a All Suspect Glaucoma

# scans 29309 7032 22150 8230 1870 6360 9864 1985 7637 5475 1259 4216
# Participants (# eyes) 771 (1499) 282 (558) 473 (910) 732 (1418)272 (537) 460 (881) 726 (1402) 255 (501) 455 (870) 651 (1250) 226 (444) 425 (806)

Years of follow-up,
median (IQR) 3.2(6.1) 0.0(39) 4.8(43) 28(47) 0.1(34) 39(3.1) 29(53) 00(25) 42(3.7) 21(34) 00(22) 28(24)

# of visits, median (IQR) 5.0 (9.0) 2.0(4.0) 80(8.0) 5.0(8.0) 20(40) 6.0(7.0) 5.0(8.0) 1.0(4.0) 7.0(70) 4.0(6.0) 1.0(4.0) 5.0 (5.0)




Virtual Histology of the Retina

SD-OCT Spectralis circular
scan centered on the ONH

BM

Choroid

SD-OCT Spectralis volume
scan centered on the fovea

BM

Choroid






