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Al presents a once-in-a-generation
opportunity to dramatically improve
patient care and lower the costs of
high quality healthcare.



Not because Al is going to create a
genius robot that is a far superior
replacement to the radiologist.




But, to quote Stanford Al researcher
Sebastian Thurn:

“[The way] machines made the
human muscle 1000 times stronger,
Al is going to make the human brain

1000 times smarter”




Hype that can’t

inertia live up to reality

Complex Al and

medical informatics
Fear of change

M|sal|gr.1ment.of Decentralized
financial incentives

healthcare

The path doesn’t look like an
expedition party climbing Mt. Everest.



X-Ray as a Case Study
in Rapid Adoption

Innovation in healthcare can be lightning fast but often
fraught with errors and missed opportunities that cost lives.









Diagnostic Imaging History
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No innovation is without risk or
unintended consequences
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Apple Ecosystem

Third-party Applications and
Services

Infrastructural Components

Applications and
Services
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APPLE \ BUSINESS \ TECH

Apple is now a $1 trillion company

A billion dollars isn't cool. You know what's cool? A trillion dollars’

By Chaim Gartenberg | @cgartenberg | Aug 2, 2018, 11:53am EDT
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Primary Beneficiary Other Beneficiaries

Apple’s Shareholders Apple’s Users, Partners
and Employees

Al in Medical Imaging Ecosystem
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Primary Beneficiary Other Beneficiaries

Patients Those who serve the patients
(Providers and Provider Organizations,
Vendors, Insurers, Regulators,
Associations/Societies)



Our Role as Physicians

Prevent illness

Help sick patients get healthy as soon as possible

Stabilize & manage patients with chronic conditions




The US Healthcare System’s Response: The Quadruple Aims

Improving the work life of
those who deliver care

Improving the health
of populations

Doing Better With Less...

... Through Medical Imaging.

Improving the individual
experience of care

Reducing the per capita
costs of care



Imaging 3.0: Value-Based Radiology

Imaging 3.0 is a vision and game plan “Our goal is to deliver all the imaging care that is
for providing optimal imaging care. beneficial and necessary and none that is not.”

3 Key Actions:

Culture Portfolio Alignment of
Change of IT Tools Incentives




Radiologists: Medicine’s earliest (and best known) data scientists

Improving care for 100+ years
by embracing new technologies

and approaches to medicine.

Since 1895, to name just a few
innovations we’ve adopted...

X-Ray

Contrast Agents

Ultrasound

Nuclear Medicine

Computed Tomography (CT)

Magnetic Resonance Imaging (MRI)

Interventional Radiology (IR)

Evidence-Based Clinical Guidelines

Picture Archiving and Communications Systems (PACS)
Computerized Voice Recognition and Transcription
Electronic Health Records

Value-Based Medicine

Artificial Intelligence & Data Science



The Imaging Lifecycle

Appropriateness
Determination and
Patient Scheduling

Imaging Protocol
Optimization

Data Mining
Referring Physician & Business

Intelligence

Imaging Modality
Operations

Interpretation and

Communication .
Reporting




Financial Power: Corporate Valuations by Sector
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Financial Power: Corporate Valuations by Sector
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Data Science and Artificial Intelligence: A Rapidly Emerging Megatrend in Business and Society

Business
Review
Meet

Your New
Employee

How Lo manay

Artificial Intelligence
is here. But it's nothing
like we expected.

Real Substance
and Impact?

Yes.
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SCIENCE IN THE
PETABYTEERA




Medscape uesdsy, august 7. 2016

NEWS & PERSPECTIVE DRUGS & DISEASES CME & EDUCATION ACADEMY VIDE!
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Big Data Bust: MD Anderson-Watson Project Dies

Top Cancer Center Spent $62M

Nick Mulcahy
February 22, 2017

0 | Read Comments

After 4 years of spiralling costs that now total at least $62 million, a grandiose
big-data project that was a collaboration between MD Anderson Cancer
Center and IBM's Watson artificial intelligence system is over. The details
emerged in a 48-page audit report from the University of Texas System that
surfaced last week in news stories.



Home Cases CME

Will Al soon put radiologists out of a job?
By Erik L. Ridley, AuntMinnie staff writer

11, 2016 — Are radiologists r
Led recen_tly by a CEO




Radiologists who use Al will
replace those who don’t.



Possible Applications of Al in Medical Imaging

Image interpretation
Quantification of findings
Quantified comparison between multiple studies

Multiparametric analysis across multiple modalities

Volumetric analysis

Textural analysis

Automation of Region Of Interest targeting and
measuring




Possible Applications of Al in Medical Imaging

Patient care and safety

Detection and prioritization of potentially critical
results

Radiation dose optimization

Pre-test probability assessment of patient risk of
positive findings and contrast reactions

Cancer and mammography screening
Automatic protocoling of studies from EMR data



Possible Applications of Al in Medical Imaging

Practice optimization for productivity and quality

Automated transcription of audio narration

Automated population of structured reports

Optimization for case assignment across teams

Increased accuracy of coding

Smarter PACS hanging protocols and synchronization protocols

Communication and tracking of primary and incidental findings

Decreased patient waiting times

Quality improvement in scanning

Prediction and prevention of missed patient appointments

Preventing imaging machine outages




Improving Diagnosis In Health Care

IMPROVING
DIAGNOSIS IN
HEALTH CARE

~
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Radiologist Relevance In Error Reduction

Where Failures in the Diagnostic Process Occur

Failure of Engagement Fallure in Information Gathering Fallure to Establish an Explanation for the Health Problem
Fallure in Information Integration Fallure to Communicate the Explanation
Failure in Information Interpretation
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Introducing the team of the Radiology Professional + Al

A Long Term Receiver Operating Characteristic (ROC) Curves

Goal for 1
Radiology

Sensitivity

0 Specificity



Diagnostic Imaging, Al & Population Health
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Diagnostic Imaging, Al & Population Health

Detection

Asymptomatic

Pre-symptomatic

Symptomatic

Disease progression




A challenge to radiologists embracing Al in practice is
that we don’t really understand how Al arrives at a
particular conclusion.



What'’s in the black box?

Explicability

Neonatal
Intraventricular
Hemorrhage

Why is the algorithm effective?
What’s inside the black box?




What'’s in the Black Box?
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Cover | Robotics | Artificial Intelligence
TheUpshot
Can We Trust Robots?
Robots will soon have the power of life and death over | -
human beings. Are they ready? Are we? When Algorithms Discriminate
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A.l. Has a Raoe Problem

@® Facial recognition software still gets confused by darker
skin tones.

By Lizette Chapman and Joshua Brustein

MIT Researcher: Artificial

Intelligence Has a Race Problem,
and We Need to Fix It

The next generation of Al is poisoned with bias against dark skin,
Jov Buolamwini says.




Some rewards that computer has a hard time weighing:

*  The patient’s prior radiation dose exposure is unknown, which

can this impact a decision of CT vs. MRI?

*  Does the patient have to drive 3 hours to get to a more advanced
imaging machine?

*  Does the patient have claustrophobia that makes it hard to go in

certain machines?

e The patient is losing her insurance at the end of the month, so a

follow-up exam in the future may not be feasible.

*  The patient suffers from multiple, co-morbid conditions so how

sure can we be that any one condition is the cause of the finding?

*  How much might we learn from an immediate follow-up study
and what are the cost-benefit factors of how this might impact

decisions about the course of treatment?



Using Representative/Diverse Training Data: Multiple Dimensions of Image Variation
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Anatomy Patient demographics Pathology Modality

(e.g., body part) (e.g., gender, age) (e.g., degree of tear) (e.g., X-Ray, MRI, CT,
PET, Ultrasound)




Using Representative/Diverse Training Data: Multiple Dimensions of Image Variation

Modality-specific variations

- * MRI - For example: * CT-For example:
O e Techniques * Exposure parameters
k é’ (Pulse Sequences, Field of View) e Slice thickness
M~ * Anatomic planes * Number of detectors
(axial, sagittal, coronal) * Equipment variation
* Equipment variation
Modality (Manufacturer, Product Version and
(e.g., X-Ray, MR, CT, Firmware/Software Version, Field
PET, Ultrasound) Strengths, Signal-to-Noise Ratio)



Goal of Image Interpretation

The Triangulation Approach to Radiographic Diagnosis

GAMUTS IN
RADIOLOGY

Correlation of radiographic findings and Gamut with patients’
clinical and lab findings to arrive at the most likely diagnosis

Step #3



www.gamuts.net contains:

4,600

Unicue imaging fndines 5 7 ) O O O

I 3 O O o Linkages between findings and conditions

Unique conditions that cause findings
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What will it be like when Al is
an indispensable tool for radiology professionals?
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Case Study for Al Adoption in Imaging

* Partnered with company developing algorithms looking for five
findings on chest, abdomen, and pelvis CT scans:
1) coronary calcium scores, 2) pulmonary emphysema, 3) liver
steatosis, 4) spine compression fractures, and 5) bone mineral
density

* Automatically scans images when received by the PACS and notifies
radiologists when they enter the case with a green light/red light
indicator if it identifies something

* Phased testing and adoption to obtain confidence in software and
buy-in from clinicians

* Benefits found with:

* Incidental findings that can be overlooked

* Potentially problematic bone mineral density readings that

are too early stage to be identified by the human eye



Case Study for Al Adoption in Imaging
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“It’s like having an extra set of
eyes to help us provide additional
information to referring physicians

for optimal patient care.”

— Dr. Arun Krishnaraj
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Deep Learning: A Modern Approach
to Early Breast Cancer Detection

Connie Lehman MD PhD

Professor of Radiology

Harvard Medical School
Director of Breast Imaging
Massachusetts General Hospital



Wide Variation in Radiologists” 1
Assessment of Mammograms as “Dense” " ]
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Figure 2. Paired unadjusted and multivariable-adjusted percent of patients with dense breasts (heterogeneously or

extremely dense), by radiologist.
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High-Risk Breast Lesions:

A Machine Learning Model t
~athologic Upgrade anc
-xcision’
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Purpose: To develop a machine learning model that allows high-
risk breast lesions (HRLs) diagnosed with image-guided
needle biopsy that require surgical excision to be distin-

guished from HRLs that are

at low risk for upgrade to

cancer at surgery and thus could be surveilled.

20
=
g
r




Reducing Overtreatment: High Risk Lesions
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How can we make Al an indispensable tool for radiology
professionals, referring physicians and patients?




ACR Data Science Institute: Participation

Industry vendors

Data scientists

Physicians

Informaticists

Patient advocates
Healthcare executives
Regulators and policy makers
Insurers

Patients



The ACR: Leading the Way

2017 ACR
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The Tragedy of the Commons
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ACR Data Science Institute: Participation
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ACR DSI Mission

Establish industry relationships by providing

Ensure the value of radiologists as Al evolves credible use cases, help with FDA and other
through the development of appropriate use government agencies, and pathways for
cases and workflow integration clinical integration

)

N

Protect patients through leadership roles in Educate radiologists, other physicians and all
the regulatory process with government stakeholders about Al and the ACR’s role in
agencies and validation of algorithms data science for the good of our patients




Clinical Data Science: Considerations

Use cases

Ethical Content

Legal Compute

Commercialization Implementation

DATA SCIENCE

. INSTITUTE"
Ed ucation AMERICAN COULEGE OF RADIOLOGY Reg u I ato ry

Standards Validation

Economics



Building Al

Clinical Al
Use Models

«<———  CLINICAL PRODUCTS - * *

Clinical | Mechanisms to integrate and

Standardized methods

Use r_ng;:gr;egll r\;\/co)crzllzlse;(rg)zlrlirgrc]ilepractlce for Al model validation | A!Models
Al
NEEDS DEVELOPMENT ALGORITHMS
CYCLE
Al Use | Bring great ideas and clinical Standardized methods to
Case | needs together annotate, or aggregate, datafor | (i,ic5l Data

Al model training and testing

Al Use Clinical
%l?‘; %l? Case Data
.- ,. > IDEAS




Protecting Patients From
Unintended Consequences Of Al

Algorithms useful, safe and effective
Clinically validated

Transparency in algorithm output
Monitored in practice

Free of unintended bias

Medicare and insurance coverage issues




Moving Clinically Effective Al Use Cases To Clinical Practice: Radiology Al Ecosystem

The Radiology Al Ecosystem
Ideas To Clinical Practice

ACR Assist-AlI™ Al model
Clinical Deployment DATA SCIENCE -

Directory Directory INSTITUTE"

. . ERICAN COLLEGE C OLOG
(Public) (Public) AMERICAN COUEGE OF RADIOLOGY

ACR DSI
A:elri?rmsanrf/? Algorithm
alytics service Validation

NRDR . : ’ HH
Al Registry Service Radiology’s Value Proposition

ACR DSI

e Trusted partnerships with industry and regulators

Testing/ * Ensure patient safety
ACR DSI Training . . ) .
Data Science Datasets * Increase radiology professionals’ value in healthcare
Panels Directory
(Public)
ACR DSI
ACR DS Dataset Use Case Development

yse Case Authoring

Directory il * Use case authoring platform
ublic 5
(Public)  Human language to machine language




Common Data Elements

RadElcant‘Org About this site AP Documentation

Al Data

e ACR LI-RADS: Liver Imaging Reporting and Data System (12 elements)

E I m n t ¢ ACR TI-RADS: Thyroid Imaging Reporting and Data System (2 elements)
DATA SCI ENQ E e e S e Annotation and Image Markup (AIM) (12 elements)
AMERIICI.:I\J%;:EI(;IE- {L}}J ID%LDGY e C-RADS: CT Colonography Reporting and Data System (5 elements)
e CAD-RADS: Coronary Artery Disease Reporting and Data System (1 element)
e CAR/DS Adrenal Nodule (@ elements)

e CT Stroke (4 elements)

e Glasgow Coma Scale (GCS) (4 elements)
ﬁ'mm * MR Rectal Tumor Imaging (16 elements)
e Neck Lymph Nodes (1 element)

e Pediatric Bone Age (3 elements)
e SAR: MRI Primary Rectal Cancer Staging (22 elements)
e Traumatic Brain Injury (35 elements)

®0 RadElement.org RSNAUTESTTS



Standard Specifications For Data Access

Making Datasets For Al Training
Available To Developers Specifications For Data Access

» Standardized definitions and data elements allow multiple
institutions to use these standards to create datasets that
ACR Assist-AIT Al model developers can use for algorithm training and testing.

Clinical Deployment
Directory Directory

(Public) g * Specifications include standardized tools and methods for
berformance ACR DSI image annotation.

. ) Algorith
Analytics Service gorithm

NRDR Validation * Using multiple sites as data sources for these datasets
Al Reglstry ;s provides technical, geographic and patient diversity to
prevent unintended bias in algorithm development.

ACR DSI

B, Testing/ . . . . . . . . .
ACR DS| e * Allows more individuals and institutions to participate in Al

Data Science Datasets

Panels Directory dEVEIOpment.
ACR DS| ACR DS| 01  The ACR DSI will house a freely available public directory of

Dataset
Use Case

S Authoring institutions that have created these datasets around ACR

(Public) Utilities . .
(Public) DSI Use Cases to inform the developer community.




Validating Al Algorithms

ACR Data Science Institute
Certified Algorithms

ACR DSI ACR DSI
Performance Specialty society Algorithm

Analytics Service e . e
yNRDR certification of Al Validation
Al Registry algorithms provides service
an “honest broker”

partnership with

radiology, developers Testing/
ACR DSI gy, P Training
Data Science and government Datasets

Panels regulators Directory
(Public)

Authoring
Utilities
(Public)

Directory
(Public)

Specifications For Algorithm Validation

* Centralized assessment of algorithm performance will be
performed according to the statistical metrics metrics
specified in the use case using novel datasets.

* These validation datasets are created at multiple
institutions to ensure geographic, technical and patient
diversity within the validation dataset.

* Multiple readers and guidelines for data quality to ensure
“ground truth” consistency between sites, consistent
metrics for measuring performance across sites and
standards to protect developers’ intellectual property,
ensure patient privacy and diminish bias.

* Reports are generated for developers




Monitoring Algorithm Performance In Clinical Practice

ARTIFIEIAL INTELUGENCE
REGISTRY"
AMERICAN COLLEGE OF RADIDLOGY

Al » ACR DSI
' 4

ACR Assist-AI™ Al model
Clinical Deployment
Directory Directory

(Public) (Public)
ACR DSI

ACR DSI
Performance CR DS

Algorithm
Validation
Service

Analytics Service
NRDR
Al Registry

Al Monitoring Program

* Patient safety and FDA surveillance

e Algorithm transparency and radiologist acceptance
* Developer improvements

Specifications For Monitoring In Clinical Practice

Data elements in each use case specify how the algorithm will be
monitored in clinical practice.

Radiologist input is gathered as the case is being reported, and if
the radiologist does not incorporate the algorithm inferences into
the report, this change is captured in the background by the
reporting software. If the radiologists agrees changes the output of
the agrees with algorithm, this is also noted and transmitted to the
registry.

Specified metadata about the exam such as equipment vendor,
slice thickness and exposure exposure are also transmitted to the
registry.

Algorithm assessment reports include algorithm performance
metrics and the exam parameters affecting the algorithms’
performance.

These reports are used by the developers to report to the FDA and
for algorithm improvement.



Monitoring Algorithm Performance In Clinical Practice
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Raw Data From

Reports And Al Algorithm

Assessment Reports

Raw Data Captured In
Reporting Software

Modalities
Aggregated In
Registry

And Transmitted To
An Al Registry

For Each Developer
And Site

Working Example of Monitoring Algorithm Performance Using An Al Data Registry

* This example is from a pediatric bone age classification algorithm. The reporting software, PACS or the modality transmits
information about the radiologist’s agreement or disagreement with the algorithm along metadata about the examination to
the Al data registry.

* The raw data are complied in the registry and reports are aggregated and developer specific reports are generated for
developers for use in FDA post-market surveillance reports and to improve the algorithm.

* Site reports are provided to provide Al performance metrics to the clinical practices.



Monitoring Algorithm Performance In Clinical Practice

INFORMATION FLOW

Expedited Access “Real World”
Pathway Data
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ipIY U.S. FOOD & DRUG

Validating Al Algorithms — Regulatory Collaborations

Office of Science And
Engineering Labs

AtoZIndex | Follow FDA | En Espafiol

ADMINISTRATION

FDA Center For Devices And Radiological Health

ipZY U.S. FOOD & DRUG

ADMINISTRATION

AtoZIndex | FollowFDA | En Espafiol

Home | Food | Drugs

About FDA

Medical Devices | Radiation-Emitting Products | Vaccines, Blood & Biologics | Animal & Veterinary | Cosmetics | Tobacco Products

Home > About FDA > FDA Organization > Office of Medical Products and Tobacco > About the Center for Devices and Radiological Health > CDRH Offices

Division of Imaging, Diagnostics, and Software

Office of the Center Director

CDRH Offices: Office of
Communication and Education

CDRH Offices: Office of
Compliance

CDRH Offices: Office of
Management

CDRH Offices: Office of Science
and Engineering Laboratories

Office of Device Evaluation

Office of In Vitro Diagnostics and
Radiological Health

Office of Surveillance and
Biometrics

Resources for You

Reliability

f shane in LNKEDIN = @ PINIT | & EMAIL | & PRINT

Phone: (301) 796-2767
Email: CDRH-OSEL-DIDSR-VMAIL@fda.hhs.gov

The Division of Imaging, Diagnostics and Software Reliability (DIDSR) participates in the Center's mission of
protecting and promoting public health by identifying and investigating issues related to medical imaging,
computer-assisted diagnostics, and software reliability. The division accomplishes this through activities
supporting the OSEL mission.

Home | Food | Drugs

About FDA

Medical Devices | Radiation-Emitting Products | Vaccines, Blood & Biologics | Animal & Veterinary | Cosmetics | Tobacco Products

Home > About FDA > FDA Organization » Office of Medical Products and Tobacco » About the Center for Devices and Radiological Health > CDRH Offices

CDRH Offices

Office of the Genter Director

CDRH Offices: Office of
Communication and Education

CDRH Offices: Office of
Compliance

CDRH Offices: Office of
Management

CDRH Offices: Office of Science
and Engineering Laboratories

» Office of Device Evaluation

Office of In Vitro Diagnostics and
Radiological Health

Office of Survelllance and
Biometrics

Office of Device Evaluation

f sHare in LNKEDIN | @ PINIT | 5 EMAIL | & PRINT

What We Do

« Premarket Notifications (510(k))
« Premarket Approval Applications (PMAs) and Supplements

« Humanitarian Device Exemptions (HDEs)

« Investigati

» Product Development Protocols (PDPs)

ODE is responsible for the program areas through which medical devices are evaluated or cleared for clinical trials
and marketing. This page provides summary information about the major programs administered by ODE and
includes a brief description of the premarket approval, preduct development protocol, humanitarian device
exemption, investigational device exemption, and premarket notification programs.

Premarket Notifications (510(k))

At least 90 days before placing a medical device into commercial distribution, a person required to register must
submit to FDA a premarket notification, commeonly known as a "510{k)." The exception to this is if the device is
exempt from the 510(k) requirements of the Act by statute or regulation. In addition to other information
concernina the device. e.a.. a description of the device. a 510(k) summary or a 510(k) statement. the 510(K)




Integrating Al Into Clinical Workflow: DSI Use Case Implementation

Full Initial Lung
Cancer Screening Al

XML Reporting
Framework
(CARDS)

Cloud / On-prem
Modality
PACS
Transcription

Al Output

Rad Report

Visualization Lung RADS 3 EHR

7 mm nodule Registry
..... Other

And Reporting
ul

Algorithm
"' Performance
Assessment

Registry

Performance
Analytics And
Quality
Improvement
Registries

N N

9 a o 9 a o

w » . o ® ¢ L R
< » R L » L]

- -

Detect and Quantify and

Localize Characterize

Classify




The Importance Of Transparency




ACR DSI Activities And Relationships: Industry

Moving Al From Concept To Clinical Practice

Validation Implementation Regulatory Safety

DSI and Healthcare Al Industry

Services to assist industry deliver successful Al solutions to clinical practices
e Al Use Case Development (ACR TOUCH-AI)

* Al model Certification (ACR CERTIFY-AI)

e Al model Integration (ACR ASSIST)

* Al model Assessment (ACR DSI ASSESS and ACR Al REGISTRY)




— % ACR DSI Use Cases
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USE CASES Al

Use Case Prioritization

Solvable by
artificial
intelligence

Highest
clinical value



ACR Data Science Institute Use Case Development: Data Science Subspecialty Panels

TBI-RADS | Lung-RADS
- 1
"Proot of concept™ *Proof of concept”
Workgroup ! Jorkgroup
Common Use Case Framework: TOUCH-AI
(Technically Oriented Use Cases for Healthcare-Al)

1
LI-RADS |

Workgroup
1

ACR D5l Use Case Creation Process

. Abdominal TSI _
Breast Imaging Meuroimaging Thoracic Imaging 9 Pediatric Imaging
. ; Imaging . E .

Al LUSE CASE Al USE CASE Al USE CASE Al USE CASE ! ¥ Al USE CASE
PAMNEL PAMEL PANEL FANEL PAMEL PAMNEL

Data Science Subspecialty Panels

Musculoskelatal

Quality, Safaty
Imaging

Cardiac Imaging

Al USE CASE Al USE CaSsE R | LISE Cak Al USE CASE
FAMEL PANEL 2 PANEL




Summary Of ACR DSI Objectives

e Useful
« Safe and effective in clinical practice

* Performance monitored and
improvements made based on real
world data

* Transparent

* Ensure diversity and preventing
unintended bias



“The future is already here.
[t’s just not evenly distributed.”



