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| s Artlflual mteII]gence W|II be transformatlonal technology for
|mprovmg how We care for our patlents

The democr a_t_ization 'Of'AJr*W-iILac_ce-';l'-erate'th-e advancement
= __'o'f_. A'I~'i.rl‘.;'5"h'ea*th:¢far.é_and'fa-didldgists Sh-o_uld play a leading role

. PhyS|C|ans and medlcal speualty SOC|et|es can facilitate the
development deployment:vand clinical use of Al by fostering
an ecosystém between dlsparate stakeholders including
publlc prlvate partnershlps W|th regulatory agencies
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HEALTHCARE ECOSYSTEM

Healthcare Ecosystem
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Radiology Al Ecosystem
* Patients
* Radiology professionals
* Researchers and academic centers
* Industry developers
 Governmental agencies
* Hospitals and health systems
* Insurers and third-party payers
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CONCEPT To CLINICAL PRACTICE — RADIOLOGY Al ECOSYSTEM

The Radiology Al Ecosystem
Ideas to Clinical Practice

Define standard methods to
integrate and monitor, Al
models in clinical practice
using real world evidence

VALIDATION
AND CLINICAL
DEPOYMENT

PERFORMANCE
MONITORING

Define standards for
use cases considering
clinical needs and
technical capabilities

TRAINING,
TESTING,
LIDATION

N\ J

Define standardized
methods for Al model
validation consistent with

regulatory processes

N

Define standard methods to
aggregate and annotate
data for Al model training
and testing




ARTIFICIAL INTELLIGENCE: SCIENCE To CLINICAL PRACTICE

The Radiology Al Ecosystem
° Ideas To Clinical Practice

DATA SCIENCE
INSTITUTE"
AMERICAN COLLEGE OF RADIOLOGY

DATA SCIENCE INSTITUTE"
& AMERICAN COLLEGE OF RADIOLOGY

ACR Strategic Plan For Data Science
VALIDATION .
PERFORMANCE AND CLINICAL Advance data science as core to
DEPLOYMENT clinically relevant, safe and effective

radiologic care
* Educate on the appropriate use and ethical
issues for Al in radiology
* Define the appropriate uses of Al in
TRAINING, radio|ogy
CONCEPT TESTING, . . .
CREATION * Help radiologists become global leaders in

data science




Radiology’s Value Proposition
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IMAGING 3.0: VALUE-BASED RADIOLOGY

N
Clinical Decision Support for Ordering Physicians Image Sharing
Providing >24 Million examinations per month RSNA / NIH / Vendors
IMAGING3.0" T '

| N

Structured Reporting
Incorporated in all VR reporting platforms

Registries
Radiation Exposure / Patient Outcomes / Quality

»

ant of
ives

Portfolio

Clinical Decision Support for Image Interpretation
Integrated into >75% of radiologists desktops Of IT TOO l S

Artificial Intelligence




ACR DSI| — DEVELOPING STANDARDS FOR INDUSTRY AND INSTITUTIONS

%DICOM History

Digital Imaging and Communications in Medicine

ABOUT DICOM® STAN( 1983

Selected highlights of its
.'?'l'p.\f"‘t'.' Cal
NEMA INnea 1

: ) h ‘ - e HMIMINE Y bf computed tomography (CT)
DICOM® (Digital Imaging and C
anlien o che amn . p——

o e machines generated, or to
imaging information.

DICOM®:

¢ makes medical imaging information interoperable 1963
* integrates image-acquisition devices, PACS, workstations, VNAs and printers from different manufacturers

Thoe Amorican Collooa nf Badinlaow (ACBY and the Matianal Elortricral B

ufacturers Association
* s actively developed and ma

s | THe role of the ACR DSI is not to create Al algorithms for |7 ™"
commercial use but rather to create to define the standards
that will ensure safe and effective use of Al in clinical
practice.

A 300, was released. The

tance among venaors.

1990

The first demonstration of ACR-NEMA V2.0 occured at Georgetown University in May 1990, and later that
year at the annual meeting of the Rad fi : NA




Advancing Al In Clinical Practice While Protecting
Patients From Unintended Consequences Of Al

* Algorithms are useful, safe and effective
* Clinically validated

* Transparency in algorithm output

* Monitored in practice

* Free of unintended bias

 Medicare and insurance coverage issues
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How Do WE MAKE SURE e How Do WE VALIDATE Al
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WHAT ARE THE MOST IMPORTANT
CLINICAL TASKS FOR Al?




RESEARCH NEEDS TO ADVANCE Al IN CLINICAL PRACTICE

ORIGINAL RESEARCH  SPECIAL REPORT

A Roadmap for Foundational Research on Artificial
Intelligence in Medical Imaging: From the 2018

NIH,/RSNA/ACR/The Academy Workshop
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Radiology 20195 291:781-791 @ hetps://doi.org/10.1148/radiol. 2019190613 @ (hnmmdy@

Imaging research laboratories are rapidly creating machine learning systems that achieve expert human performance using open-
source methods and tools. These artificial intelligence systems are being developed to improve medical image reconstruction, noise
reduction, quality assurance, triage, segmentation, computer-aided detection, computer-aided classification, and radiogenomics. In
August 2018, a meeting was held in Bethesda, Maryland, ar the National Institutes of Health to discuss the current state of the art
and knowledge gaps and to develop a roadmap for future research initiatives. Key research priorities include: 1, new image recon-
struction methods tha efficiently produce images suitable for human interpretation from source data; 2, automated image labeling
and annotation methods, including information extraction from the imaging report, electronic phenotyping, and prospective struc-
tured image reporting; 3, new machine learning methods for clinical imaging data, such as tailored, pretrained model architectures,
and federated machine learning methods; 4, machine learning methods that can explain the advice they provide to human users
(so-called explainable artificial intelligence); and 5, validated methods for image de-identification and data sharing to facilitate wide
availability of clinical imaging data sets. This research roadmap is intended to idenrify and prioritize these needs for academic re-
search laboratories, funding agencies, professional societies, and industry.

@RSNA, 2019

Journal of the American
College r)f Radml(‘gy

A Road Map for Translational Research on
Artificial Intelligence in Medical Imaging:
From the 2018 National Institutes of
Health/RSNA/ACR/The Academy
Workshop

Bibb Allen [r, MD", Steven E. Seltzer, MD"*, Curtis P. Langlotz, MD, PhD?, Keith P. Dreyer, DO, PhD",
Ronald M. Summers, MD, PhD’, Nicholas Petrick, PhD¥, Danica Marinac-Dabic, MD, PhD, MMSC”,
Marisa Cruz, MD', Tarik K. Alkasab, MD, PhD", Robert J. Hanisch, PhD’, Wendy J. Nilsen, PhD",
Judy Burleson, BSW, MHSA', Kevin Lyman, BS", Krishna Kandarpa, MD, PhD"

Abstract

Advances in machine learning in medical imaging are occurring at a rapid pace in research laboratories both at academic institutions and
in industry. Important artificial intelligence (Al) tools for diagnostic imaging include algorithms for discase detection and classification,
image optimization, radiation reduction, and workflow enhancement. Although advances in foundational research are occurring rapidly,
translation to routine clinical practice has been slower. In August 2018, the National Institutes of Health assembled multiple relevant
stakeholders at a public meeting to discuss the current state of knowledge, infrastructure gaps, and challenges to wider implementation.
The conclusions of that meeting are summarized in two publications that identify and prioritize initiatives to accelerate foundational and
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New Image
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New Image
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Fig 1. As in other industries, Al development in medical imaging includes both foundational and translational research activities.
The foundational portion of the National Institutes of Health Workshop considered research priorities to accelerate and improve
the development of Al algorithms for medical imaging [8]. The translational portion of the workshop considered medical imaging
use cases for algorithm development and how these applications will be validated, deployed, and monitored in routine clinical
practice. The diagram shows how foundational and translational research activities are connected. Foundational research leads to
new image reconstruction and labeling methods, new machine learning algorithms, and new explanation methods, each of which
enhance the data sets, data engineering, and data science that lead to the successful deployment of Al applications in medical
imaging. Al = artificial intelligence; EMR = electronic medical record; Recon = reconstruction. The figure was developed by the

Engineering Concepts

2. Data

LAl

New Machine
Learning Methods

3. Data
Science Applications £

Algorithms

Translational Research

Aoidag

/

AI DEVELOPMENT IN MEDICAL IMAGING

authors for publication in both Radiology and JACR. This figure also published in reference 8.

Radiology Al Ecosystem
e Structured use cases

* Data access

e Patient safety

* Clinical integration




FDA Discussion Paper on Continue FDA Software Precertification Program

— N

Data selection and
management

\WilaTal> 3 1N1NE
-

o Performance evaluation
o Clinical evaluation

Culture of
Quality and
Organizational

Excellence /

Premarket Review of SaMD Pre-
Assurance of | Specifications and

Safety and Algorithm Change
Effectiveness Protocol

Legend

l Al Model Development ' Proposed TPLC Approach
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FDA Discussion Paper on Continue FDA Software Precertification Program
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Figure 2: Overlay of FDA's TPLC approach on Al/ML workflow
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Define-Al

Al-LAB DEFIN @

2 OReset

ACR DSI
STRUCTURED Al
USE CASES

| Llanguageto

rﬂ Machine

?fi Language

:8 RadElement.org WHAT ARE THE MOST IMPORTANT Common Data Elements

CLINICAL TASKS FOR Al?



“Good Machine Learning Practices”

Structured Al Use Cases Fa

 Standardized inputs and outputs

e Common data elements NsTIROTE
Define-Al

* Defined pathways for clinical integration

§ OResn
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ARTIFICIAL INTELLIGENCE: PROTECTING PATIENTS AND THE PUBLIC
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DATA AVAILABILITY FOR Al DEVELOPMENT

* Single institution data

* Diversity and bias




FACIAL RECOGNITION UNDERPERFORMS IN WOMEN AND WOMEN AND MEN OF COLOR

s E-| GenderShades
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Intelligence Has a Race Problem, f'i
and We Need to Fix It

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

A . Has a Race Problem

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

k. | B June 26, 2018, 4:00 AM CDT W Corrected June 26, 2018, 10:20 AM CDT E MIT chearcl]cr [\lOtificial
3
“»

By Lizette Chapman and Joshua Brustein
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VALIDATING Al FOR CLINICAL USE

. . 28 = L Korean Journal of Radiology
Original Article | Artificial Intelligence

eISSN 2005-8330
https://doi.org/10.3348/kjr.2019.0025

Korean J Radiol 2019;20(3):405-410 M) Check for updates

Design Characteristics of Studies Reporting the
Performance of Artificial Intelligence Algorithms for
Diagnostic Analysis of Medical Images: Results from
Recently Published Papers

Dong Wook Kim, MD'*, Hye Young Jang, MD**, Kyung Won Kim, MD, PhD?, Youngbin Shin, MS?,
Seong Ho Park, MD, PhD?

'Department of Radiology, Taean-gun Health Center and County Hospital, Taean-gun, Korea; *Department of Radiology and Research Institute of
Radiology, University of Ulsan College of Medicine, Asan Medical Center, Seoul, Korea

Objective: To evaluate the design characteristics of studies that evaluated the performance of artificial intelligence (AI)
algorithms for the diagnostic analysis of medical images.

Materials and Methods: PubMed MEDLINE and Embase databases were searched to identify original research articles
published between January 1, 2018 and August 17, 2018 that investigated the performance of Al algorithms that analyze
medical images to provide diagnostic decisions. Eligible articles were evaluated to determine 1) whether the study used
external validation rather than internal validation, and in case of external validation, whether the data for validation were
collected, 2) with diagnostic cohort design instead of diagnostic case-control design, 3) from multiple institutions, and 4)
in a prospective manner. These are fundamental methodologic features recommended for clinical validation of AI
performance in real-world practice. The studies that fulfilled the above criteria were identified. We classified the publishing
Jjournals into medical vs. non-medical journal groups. Then, the results were compared between medical and non-medical
journals

Results: Of 516 eligible published studies, only 6% (31 studies) performed external validation. None of the 31 studies
adopted all three design features: diagnostic cohort design, the inclusion of multiple institutions, and prospective data
collection for external validation. No significant difference was found between medical and non-medical journals.
Conclusion: Nearly all of the studies published in the study period that evaluated the performance of Al algorithms for
diagnostic analysis of medical images were designed as proof-of-concept technical feasibility studies and did not have the
design features that are recommended for robust validation of the real-world clinical performance of AI algorithms.
Keywords: Artificial intelligence; Machine learning; Deep learning; Clinical validation; Clinical trial; Accuracy; Study design;
Quality; Appropriateness; Systematic review; Meta-analysis

Validating Al For

Clinical Use
* 516 eligible studies from
the literature
* 6% performed external
validation




VALIDATING Al FOR CLINICAL USE

THE LANCET

A comparison of deep learning performance against
health-care professionals in detecting diseases from medical
imaging: a systematic review and meta-analysis

Xiaoxuan Liu*, Livia Faes*, Aditya U Kale, Siegfried K Wagner, Dun Jack Fu, Alice Bruynseels, Thushika Mahendiran, Gabriella Moraes,

Mohith Shamdas, Christoph Kern, Joseph R Ledsam, Martin K Schmid, Konstantinos Balaskas, Eric | Topol, Lucas M Bachmann, Pearse A Keane,
Alastair K Denniston

Implications of all the available evidence

Deep learning models achieve equivalent levels of diagnostic
accuracy compared with health-care professionals.

The methodology and reporting of studies evaluating deep
learning models is variable and often incomplete. New
international standards for study protocols and reporting that
recognise specific challenges of deep learning are needed to
ensure quality and interpretability of future studies.

Our review found the diagnostic performance of
deep learning models to be equivalent to that of
health-care professionals. However, a major finding
of the review is that few studies presented
externally validated
results or compared the performance of deep
learning models and health-care professionals using
the same
sample. Additionally, poor reporting is prevalent in
deep learning studies, which limits reliable
interpretation of
the reported diagnostic accuracy.



ARTIFICIAL INTELLIGENCE: CONCEPT TO CLINICAL PRACTICE

ACR DS How Do WE VALIDATE Al
sl ALGORITHMS FOR CLINICAL
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Protecting Patients And The Public

DATA SCIENCE
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Certify-Al ACR Certify-Al

* Ensuring algorithms perform as expected
* Patient safety — FDA and regulatory issues
* Independent validation of algorithm performance

Multicenter data to ensure diversity and generalizahility to
routine practice




ACR DSI INITIATIVES

“Premarket Assurance of Safety and Effectiveness”

Algorithm Validation ra.

* Diverse validation data sets
- Multiple institutions BN
- Diverse patient demographics Certify-Al

- Diverse imaging equipment

* Built according to the use case

* Reasonable costs for developers as
compared to reader studies

* Access to diverse data for validation e |




FDA MEDICAL DEVICE DEVELOPMENT TOOLS

“Premarket Assurance of Safety and Effectiveness”

FDA MDDT program PNEUMOTHORAX DETECTION

Purpose Detection of pneumothorax on chest radiograph
* “The FDA's Medical Device Development Tools o .

(MDDT) program is a way for the FDA to qualify ContyA1D THoRO1
tools that medical device sponsors can use in the
development and evaluation of medical devices”

REFERENCE DATASET

Sample Size Requirements The images from a sample of 1730 subjects is required in
order to construct 95% Cls with a precision of +0.02. Each

e “Qualification means that the FDA has evaluated a2 i gl e

10% of subjects.

the tool and concurs with available supporting 70

# of facilities contributing
Reference Standard Expert review by a panel of 3 radiologists independently

evidence that the tool produces scientifically- ipeig e images In the et st s il s

available follow-up imaging. The majority decision of the 3

i H radiologists regarding presence/absence of pneumothorax

p I a u S I b | e m ea S u re m e ntS a n d WO rks a S I nte n d ed and presence/absence of a chest tube, and the mean of the
3 radiologists’ measurements of pleural separation and

within the specified context of use” ek wll e o et

Prevalence 46% prevalence of suspected pneumothorax

FDA — ACR MDDT Demonstration
e s
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Figure 2: Overlay of FDA's TPLC approach on Al/ML workflow
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Al Is WORKING IN THE MONITORING VALIDATION ALGORITHMS FOR CLINICAL
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FDA REVIEW AND SURVEILLANCE — REAL WORLD DATA

INFORMATION
FLOW i

Expedited
Access
Pathway

Podtatokat
Survelliatios
System

Premarket
Review

Benefit
Risk

>

TIME TO MARKET

Courtesy Greg Pappas, FDA



ARTIFICIAL INTELLIGENCE: CONCEPT TO CLINICAL PRACTICE

How Do WE MAKE SURE ACR DSI A
Al Is WORKING IN THE MONITORING
SERVICE
REAL WORLD?

Protecting Patients And The Public DATA SCIENCE
O o o

Assess-Al
ACR Assess-Al

* Ensuring algorithms perform as expected in clinical practice
* Patient safety — FDA and regulatory issues

* Real world / real time monitoring of algorithm performance

* Radiology professionals providing feedback to developers and
regulatory agencies to ensure safe use of Al

NRDR

Al

ARTIFICIAL INTELLIGENCE
REGISTRY™

AMERICAN COLLEGE OF RADIOLOGY
DATA SCIENCE INSTITUTE




SAMPLE ASSES-Al REPORT

A C Rdart™ Data archive & research toolkit

HOME IMAGE PIPELI

NE MY WOR

REGISTRY DATA SEARCH

Please select project to load dashboard Assess Al Demonstration Samp[e Data

7 Assess Al

Use Case: TBI-RADS Acc #: TOUCH-XXX -+
Gender Demographic Region Geographic Developer (anon)

8 s s
o -3 3
£

M ufacturer
[
! ,
|
5 s as g 32
s s
b 2




MONITORING ALGORITHM PERFORMANCE IN CLINICAL PRACTICE — REAL WORLD DATA

@A C Rdart"" data archive & research toolkit

HOME

DISCOVER v

REGISTRY DATA SEARCH

MY WORKSPACE

Select project to load dashboard

% Refresh

Al vs Radiologist (Months)

Value in Months

BUSINESS REPORTS

DSI- RSNA Demo

ﬁ" Pause

DOWNLOAD  DASHBOARD

DSI Demo

ACR Assess Report for Vendor: AlSolutions Version: 1.3
Facilities with TOUCH-AI0012 (Bone Age)

Category distance
Off by 2+
=rs Off by 1
Agreement by Facility :f:'\"ri‘.:\r'w

City Facility
Atlant [

Birmir
Bostor E
N

Number of Records

Agreement by
Age Group

0-<5yrs

10-<15yrs

S5-<10yrs

15+yrs

n = 2405 DATA SCIENCE INSTITUTE"
Kappa =.74 I8 AMERICAN COLLEGE OF RADIOLOGY




ACR DSI INITIATIVES

“Real World Performance Monitoring”

Practice
* Al registries

 Capture algorithm performance
from practicing radiologists

Algorithm Monitoring In Clinical %

DATA SCIENCE
INSTITUTE"
MERICAN COLLEGE OF RADIOLOGY

Assess-Al

e Capture meta-data about the .

examination e —— '@

* Feedback to developers / FDA - =9

* Working with FDA to capture data i
i - .




INTEGRATING Al INTO ROUTINE CLINICAL PRACTICE

Full Initial Lung
Cancer Screening Al

Al Qutput Rad Report Registry

XML / JSON Performance

Imaging Visualization Lung RADS 3 EHR Analytics And
Reporting g AndReporting 7 mm nodule Registry Quality

Framework / User Interface i Other Improvement

Template Registries

Cloud / On-prem

=) Algorithm
Modality 2 Performance
PACS .

Assessment

Transcription
2 L 5 Regulators

g [ ]
o
L] o -9
L 2 2 [ ]
-
Detect and Quantify and Classify
Localize Characterize

Al IN CLINICAL PRACTICE WITH REGISTRY REPORTING FOR MONITORING WITH REAL-WORLD DATA
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FDA Discussion Paper on Continue FDA Software Precertification Program

Data selection and

\WilaTel 3 1NlNg
.

management
DATA SCIENCE
INSTITUTE" Cult.ure of
AMERICAN COLLEGE OF RADIOLOGY Quallty a nd
Define-Al | > o Performance evaluation Organizational

o Clinical evaluation Excellence

Premarket | Review of SaMD Pre-
[ Assurance of ' Specifications and
Safety and Algorithm Change
DATA SCIENCE Effectiveness | Protocol
msmlcl:rlq?t;ﬂc—,[ })-FJ ;!\-D%):OG\‘ ; NV
Certify-Al Model monitoring

o Logand track

Legend Real-World Perfonnance'
: 1 DATA SCIENCE
Monitoring INSTITUTE"
| Al Model Development I proposed TPLC Approach AMERICAN COLLEGE OF RADIOLOGY
S———————_..—.. v Assess-Al

Al Production Model

Figure 2: Overlay of FDA's TPLC approach on Al/ML workflow



ACR ASSETS FOR IMPLEMENTING THE DSI TooOLKIT

INFRASTRUCTURE




ASSETS FOR ACR TOOLKIT
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Radiologists are leaders in imaging informatics and in applying technological advances to practical medical use. The ACR is at ACR CONN ECT
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VENDOR NEUTRAL INTEGRATIONS

Medigal MmFKS_j
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ACR Informatics

& www.acrinformatics.org/home

=

A C Rconnect™

Communication Services

A unified communication platform that
facilitates information flow between
vendors, individuals, and the
community with ACR products and
services

MZmModal
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—— SINCE 1914

&AC Rcommon™ FIALC Rassist™

Standard Terminology Structured Content

A collection of common radiology Framework designed to provide

terms and i that tructured clinical guidance to

facilitates interaction with ACR radiologists that allows the content to

products and services be incorporated into the radiology
workflow
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Clinical Decision Support

ACRselect comprises both the platform
to manage and deliver an imaging
Clinical Decision Support system, and
the evidence-based content
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ASSETS FOR ACR TOOLKIT

PATIENT DATA STAYS ON PREM USE CASE DEVELOPMENT
DISTRIBUTED VALIDATION Al EDUCATION

ACR

RADIOLOGY
FEDERATED LEARNING QUALITY 15 DUR IMAGE MODEL EVALUATION

CONNECTING THE Al ECOSYSTEM
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Trusted Relationships
Public Private Partnerships




