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Take-Homes – AI and Medicine

• New era 

• Challenges for AI system development and integration

• Opportunities for:

• Research

• Entrepreneurship

• Bringing value for our patients 

• You can do it!
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Talk Outline
Introduction

What is Ophthalmology

“Classical ophthalmology”

“The Times They Are A-Changin” 

AI tools in the clinic 

Development of new AI tools in Ophthalmology  
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Ophthalmology
• Common diseases

• High impact (QUALY)

• Cutting-edge technologies (gene therapy, stem cells, AI)
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EducationResearch

Clinic

Old Paradigm
Outreach
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“Classical Ophthalmology”
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Current Practice
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Optical Coherence Tomography

• Use light reflectance to illustrate structure
• Common use in Ophthalmology for retinal 

and anterior segment diseases
• Typical exam: 37-49 sections/eye
• Pt. often perform several OCT exams/year
• ~30 Million OCT exams performed 

worldwide every year (2017)

nvAMD

normal



Date of download: 11/12/2022 The Association for Research in Vision and Ophthalmology Copyright © 2022. All rights reserved.

From: Foreword: 25 Years of Optical Coherence Tomography
Invest. Ophthalmol. Vis. Sci.. 2016;57(9):OCTi-OCTii. doi:10.1167/iovs.16-20269

Figure Legend: 
OCT publication volume according to research area. Ophthalmology has the largest volume of publications, attesting to 

the wide acceptance and impact of OCT in our field. OCT technology continues to make advances and applications in 
many medical specialities are being developed. Compiled from PubMed abstract search. Image courtesy of Eric 
Swanson, www.OCTNews.org.



Color Fundus Photography

• Identify/document retinal findings-
DR, AMD, retinal detachment, ROP
• Performed using variety of 

techniques
• Conventional (30-60 degree)
• Ultrawide field (200 degree)
• Cell phone



Hadassah Ophthalmology
• Since 1918

• Time to modernize paradigms
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Education
Online, simulators

Research
Digital health, gene 

therapy

Clinic
AI-based care

New Paradigm Outreach
Innovation,

tele-ophthalmology
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Why We Need AI
• Pt/MDs ratio
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Changing Paradigms 

Task Past Current/Future

Produce data Challenging Easy

Analyze data Easy Challenging
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AI in Ophthalmology
Two main categories:

• Ophthalmic data analysis

• Ophthalmic image analysis

→Detection and grading of disease

→Automated image segmentation

Goals: Identify and predict
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The AAO IRIS® Registry (Intelligent Research in Sight)

• World’s largest specialty clinical data registry 

(Sept. 2020)

• De-identified data on over 349.37 million patient 

visits from 59.99 million unique patients

• Enables big-data studies
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AI for Ophthalmic Image Analysis
• Input: color fundus images (Poplin et al., 2018)

• Predicted characteristics:

• Age, gender, smoker/non-smoker, 

HbA1c, BMI, BP

19Poplin, R., Varadarajan, A.V., Blumer, K. et al. Prediction of cardiovascular risk factors from retinal fundus photographs via deep learning. Nat Biomed Eng 2, 158–164 (2018).



AI for Ophthalmic Image Analysis

20Poplin, R., Varadarajan, A.V., Blumer, K. et al. Prediction of cardiovascular risk factors from retinal fundus photographs via deep learning. Nat Biomed Eng 2, 158–164 (2018).



DeepMind (Google)
• Developing an AI product capable of diagnosing 50 retinal pathologies 

based on OCT scans

• Identify retinal diseases with 94% accuracy

• Referral suggestions on par with retinal experts 

• Explanation of how decision was made – no ‘black box’

21De Fauw, J., Ledsam, J.R., Romera-Paredes, B. et al. Clinically applicable deep learning for diagnosis and referral in retinal disease. Nat Med 24, 1342–1350 (2018).



DeepMind (Google)
• Early warning system for conversion to nvAMD: OCT 

→ risk for nvAMD within 6 months

• Combined models based on 3D OCT and 

corresponding  automatic tissue segmentation

• Automatic tissue segmentation identified anatomical 

changes before conversion

• Predicted better than five out of six experts

22Yim, J., Chopra, R., Spitz, T. et al. Predicting conversion to wet age-related macular degeneration using deep learning. Nat Med 26, 892–899 (2020).



DeepMind (Google)

23Yim, J., Chopra, R., Spitz, T. et al. Predicting conversion to wet age-related macular degeneration using deep learning. Nat Med 26, 892–899 (2020).

Clinical setup and proposed system

Example of a correct prediction by the AI system



Quantification of Atrophy
• Objective quantification of retinal atrophy associated with AMD

• Based on the classification of light scattering patterns with a 

custom column-based convolutional neural network (CNN)

24Szeskin A, Yehuda R, Shmueli O, Levy J, Joskowicz L. A column-based deep learning method for the detection and quantification of atrophy associated with AMD in OCT scans. Med Image Anal. 2021



AI for DR screening, prediction and 
management

Curr Opin Ophthalmol 2020, 31:357–365



Key components for AI-assisted DR tele-
screening

Curr Opin Ophthalmol 2020, 31:357–365



Summary of AI algorithms for DR screening



IDx-DR
• First FDA-approved autonomous diagnostic system

• Detects DR and ME

• Input: color fundus images

Output: negative/referable/vision threatening

28Xu, Feng, D.; Mi, H. Deep Convolutional Neural Network-Based Early Automated Detection of Diabetic Retinopathy Using Fundus Image. Molecules 2017, 22, 2054



https://youtu.be/zF2uhO7Wuag 29

https://youtu.be/zF2uhO7Wuag


Autonomic AI based DR Screening
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• Challenges?



Our Wild Journey into the New Era

Hadassah Ophthalmology AMD AI project
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Implementing AI tools 
in the clinic

Developing AI models

Data sharing and 
analysis

Data preparation

Data generation and 
extraction

Regulatory approval

Preliminary work
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Gonzales-Gonzalo et al., PRER 2022
33

Stages in the AI design pipeline and the 
stakeholders involved in AI for 
ophthalmic care. The AI design pipeline 
is not meant to be fixed, but cyclic, 
making it possible to address challenges 
at previous stages when necessary.

AI Systems in Ophthalmic Practice



Challenges - Research

• Accessing EMR/imaging data

• Downloading data - generating DB

• Anonymization according to the MOH guidelines

• Regulatory approvals - ethics, data committee

• Computation resources - cloud/on site
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Challenges - Interdisciplinary Collaboration
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Challenges - Integrating AI into the Clinic
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• Regulatory approval

• Technical challenges

• The business case



Clinical and technical challenges in building and 
deploying DL techniques from ‘bench to bedside’



OCT devices, protocols, resolution, format,…



Our Project Results (so far)
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Anomaly Detection Results
Developing a novel state-of-the-art model using localization self supervised

DL algorithm for detecting retinal diseases and biomarkers

Collaborators: Ron Abutbul, Yedid Hoshen
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Anomaly Detection Results  
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Collaborators: Ron Abutbul, Yedid Hoshen



Localization results:

CNV

DME

DRUSEN
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Collaborators: Ron Abutbul, Yedid Hoshen









In collaboration with Meirav Galun, Danny Harari, Shimon Ulman; The Weitzman Institute of Science 



In collaboration with Meirav Galun, Danny Harari, Shimon Ulman; The Weitzman Institute of Science 



OCT-Transformer architecture.
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Classification F1-Score Results on the Hadassah dataset; our 
models compared to previous method SliverNet. Synthetically composed volume and its corresponding attention 

heat-map. The brighter the color the higher the attention-score, 
with black and white at the ends and shades of red in between. 

Attention Based Classification of DR

Collaborators: Meirav Galun, Danny Harari, Dan Segev



DL Methods Results
• Goal #1 (predict AMD stage from volume OCT/IR):

• Model: Based on Timesformer -> Video with Transformers 

(same as large language models)
https://arxiv.org/pdf/2102.05095.pdf

https://github.com/facebookresearch/TimeSformer

Annotations: AMDstage, Dry St, Drusen, age

Timesformers AMD stage (3-9 classes)
Confidence

Full OCT scan

IR 
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Collaborators: Intel

https://arxiv.org/pdf/2102.05095.pdf
https://github.com/facebookresearch/TimeSformer


Tabular data

Machine learning model

Time to wet class:
0-4 Months
5-18 Months
>18 months
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Collaborators: Intel

• Goal #2 (predict time to converting to neovascular disease):

• Model: Under development.
• Tring XGBosst, Random-Forest

• In the future:  Vision+Tabular

DL Methods Results



Purple – neovascular AMD
Yellow – non-neovascular AMD

Progression in the CNN layers more 
easily separates and better predicts 
better the different AMD stages 
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Collaborators: Intel

DL Methods Results



Take-Homes
• New era

• Challenges for AI integration in the clinic/outreach setting

• Opportunities for:

• Research

• Entrepreneurship

• Bringing value for our patients 

• You can do it!
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Thank you for your 
attention!

• Dr. Liran Tiosano, 
tiosano@hadassah.org.il

• Prof. Jaime Levi, 
ljaime@hadassah.org.il

• Prof. Itay Chowers, 
chowers@hadassah.org.il
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