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Why Radiology Needs Data Science
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Why Radiology Needs
Data Science
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TR+ Clinical practice = large amounts
S of data
* Types
* [mages
* Reports
* Measurements
* Interval change
* ...more

* Where does the data go?
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The Origins of Imaging Informatics
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The First Head CT

October 1, 1971 at Atkinson-Morley’s Hospital Godfrey Hounsfield, EMI Central Research Labs




The Origin of Imaging Informatics

APPLICATIONS OF PICTURE PROCESSING, IMAGE ANALYSIS AND
COMPUTER GRAPHICS TECHNIQUES TO CRANIAL CT SCANS

H.U.Lemke, H.S.Stiehl, H.Scharnweber, D.Jackél

COMPACT Project Group, Institut flr Technische Informatik,
Technische Universitit Berlin

P\ll’thor ChOWht_ is a‘.ﬂa qan to t_lle Irmork i“ all modes of communication

nd voice communication).

which CT processing mway take place. To ensure clini= @ @ e o
cal efficacy a concept of a Medical Work Station as [ focgesn: e e
part of a distributed computing network 18 discug-  ° eribued comaning

sed. Some consideration is then given tO the phySi=  syscen ts currently boing

tut fdr Technische Informa=-

clans possible working modes within such a SyStem.  ivecsitac serlin. me prin-

_ vipws sppiivasivn va wum MAS'e is for the manage-
part of a distributéed computing network is discus msnt of weurclogical disorders and includes & sys-

z::;“s::af:;:i:‘;:;:nn;;:h:':t::n“:u:,: :h:yE:z:i- tem for the COmputerized Management, Processing and
Analysies of Computed Tomograms (COMPACT).

CH1404-3/79/0000-0341500.75 @© 1979 IEEE
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MRI images Feature extraction Analysis

4 Radiomic features

Tumor intensity
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Tumor shape
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Clinical data
Tumor texture
%
-
Wavelet filter : : |
() (A (] (AP
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Bin Zhang et al. Clin Cancer Res 2017;23:4259-4269 ' Cancer Research
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https://www.ihe.net

IHE

Standards in Radiology
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Digital Imaging and Communications in Medicine

International

AHL7FHIR

https://www.dicomstandard.org
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HOW STANDARDS PROUFERATE:
(‘555‘ A/C CHARGERS, CHARACTER ENCODINGS, INSTANT MESSAGING, ETC)

SITUATION:

THERE ARE
|4 COMPETING

STANDPRDS.

¥?! RiDICULOLS!

WE NEED To DEVELOP
ONE UNNERSAL STANDARD
THAT COVERS EVERYONE'S

SITUATION:
THERE ARE

https://xkcd.com/927/



Integrating Member Login

the Healthcare
Enterprise Search

IHE

INTERNATIONAL

Participate Education Resources Testing IHE Domains IHE Worldwide About IHE

Cardiology Technical Framework | Public Comment | Wiki Page I nte rO p e ra b | I Ity

Dental

IHE Radiology was formed in 1998 to address issues of interoperability and information sharing that impact the f H | h
ROELC quality of care in medical imaging. It has developed and documented standards-based solutions to these O e a t C a re
IT Infrastructure problems and organized testing and education to foster their adoption. IHE solutions are now available in

hundreds of commercial radiology-related information systems and are implemented in care sites around the

Pathology and Laboratory Medicine worid. SySt e I I I S

. o IHE Radiology is sponsored by the Radiological Society of North America.
Patient Care Coordination

Devices Radiology Profiles
IHE Radiology integration profiles are specified in detail in the IHE Radiology Technical Framework. These
Pharmacy profiles include:

Quality, Research and Public Health ~ Profiles for Workflow

* [SWF] Scheduled Workflow integrates ordering, scheduling, imaging acquisition, storage and viewing for
Radiology exams.

Radiology » [PIR] Patient Information Reconciliation coordinates reconciliation of the patient record when images

are acquired for unidentified (e.g. trauma), or misidentified patients.

Radiation Oncology
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Data Mining
Challenges

* Different data sources
* Systems not communicating

e Obscure schema

e Structured vs. unstructured
data

This Photo by Unknown Author is licensed under CC BY-SA


https://en.wiktionary.org/wiki/prose
https://creativecommons.org/licenses/by-sa/3.0/

Adding Structure
RadLex radiology lexicon

We recognize the benefits that come from radiologists using common language to communicate
diagnostic results. For this reason, RSNA produced RadLex®, a comprehensive set of radiology
terms for use in radiology reporting, decision support, data mining, data registries, education and
research.

RadLex provides the foundation for vital data resources used in radiology:

e The LOINC/RSNA Radiology Playbook
e RadElement Common Data Elements
e RadReport Radiology Reporting Templates

http://radlex.org



Home Metrics About Create and Uploac

RadReport Template Library

Structured templates for clear and consistentreports.

Osseous Structures and Chest Wall:

No pathologic osseous or soft-tissue process is present.

Structured

Reporting

No actionable nodule is present in the imaged portions of the thyroid lobes.

Lower Neck:

Upper Abdomen: I8 pathological process is present in the imaged portion of the upper abdomen. 4

None.

https://radreport.org/

Additional Findings:

Acute pulmonary embolism is present. Emboli are present in segmental and more proximal arteries.
v No acute pulmonary embolism is present.
Acute pulmonary embolism is present. Emboli are confined to subsegmental arteries.




ommon Data Elements

AT{SM AE:R RadElement Home About this site APl Info

Common Data Elements{CDEs) forRadiology
nodule Elements> Q

Incidental pulmonary nodules on CT

Description Incidental pulmonary nodules on CT

Contact Name Jordan Meyer

RDE&07 - Nodule diameter
RDE6 Nodule ) 3 Element Details

Name Nodule diameter

Measure largest diameters of nodule(s) in any plane, including 3D. Optional: For part solid nodule, return both the
overall diameter and solid component diameter.

Elements o nerE e Definition

Question Nodule diameter

Step Value: 0.1
Units: mm

https://radelement.org/
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Imaging 29, 530-538 (2016).
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Al & Radiology: Better Together

Better

patient
care




Use Cases for Imaging Al

Pationt 2 Pationt 3 Pationt 4

Labe 7:30 am Lab: 8 am Latj

HAP: 9 am
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Diatician and social warker discussion
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Schedule
QC optimization

Findings

detection Case triage EMR search

=1 | |

Results & Screening &

Protocoling Billing & RVUs follow-up prediction




Al “Black Box”

* “transparency, interpretability, and explainability are necessary to
build patient and provider trust” - Ethics of Al in Radiology:
European and North American Multisociety Statement, 2020




¥ A The Devil isin the | |s Data
& X

e Data selection
* Expert labeling
o Qua“ty VS. qua nt|ty Radiology:Artificial Inteligence

CurrentIssue | AllIssues | Magician's Corner | For Authors ¥ | CLAIM | Editor's Blog

(]
. B I a S Posted 7/15/2020

Combatting Bias in Medical Al Systems

by Charles E. Kahn, Jr, MD, M5
Editar, Rodiolagy: Artificial Intelligence

Those of us who see the great potential of artificial

Intelligence in radiology are eager to assure that Al systems r
work to the benefit of all of our patients, To do so, we must B I A

be aware of possibilities for error. In quality management, a T é
latent error is a failure that is “waiting to happen,” often due

to an oversight in design or execution. -

Modern Al systems are complex: they can entail hundreds of ! n A I
layers with thousands of connections. The complexity and

opacity of deep learning models can engender a variety of
systematic errors, It's well known that deep learning systems
can associate extraneous features with their intended goals. Systems that were intended to recognize

pneumothorax may, in fact, have learned to detect the presence of an associated chest tube. Other
examples abound.

Adversarial images highlight another challenge to Al. If merely rotating an image or adding a small
amount of noise can alter the Al system's output radically - changing the diagnesis of a malignant
lesion into one classed as "benign,” for example - how can we know when a system works properly?

‘With these petential errors in mind, we also must consider the often-invisible role of bias.

https://pubs.rsna.org/page/ai/blog/2020/7/ryai_editorsblog0715



Integrating Al into the Radiology Workflow
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Artlﬁual Intelllgence May Cause a
jon to the

Radiology Workforce | |
Maciej A. Mazurowski, PhD Dlsru ptlve

Abstract

The increasingly realistic prospect of artificial intelligence (AI) playing an important role in radiology has been welcomed with a mixture
of enthusiasm and anxiousness. A consensus has arisen that Al will support radiologists in the interpretation of less challenging cases,
which will give the radiologists more time to focus on the challenging tasks as well as interactions with patients and other clinicians. The
possibility of Al replacing a large number of radiologists is generally dismissed by the radiology community. The common arguments
include the following: (1) Al will never be able to match radiologists” performance; (2) radiologists do more than interpret images; (3)
even if Al takes over a large portion of the reading tasks, the radiologists” effort will be shifted toward interactions with patients and other
physicians; (4) the FDA would never agree to let machines do the work of radiologist; (5) the issues of legal liability would be
insurmountable; and (6) patients would never put complete trust in computer algorithms. In this article, I analyze these arguments in
detail. I find a certain level of validity to some of them. However, I conclude that none of the arguments provide sufficient support for
the claim that AT will not create a significant disruption in the radiology workforce. Such disruption is a real possibility. Although the
radiology specialty has shown an astonishing ability to adapt to the changing technology, the future is uncertain, and an honest, in-depth
discussion is needed to guide development of the field.

Key Words: Artificial intelligence, future of radiology, machine learning, opinion
J Am Coll Radiol 2019;16:1077-1082. Copyright © 2019 Published by Elsevier Inc. on behalf of American College of Radiology



Radiology Al: Goals

* Decrease image acquisition time
* Increase measurement accuracy
* Decrease repetitive tasks

* Facilitate reporting

* Augment expert physician reader




The Future of Al in Radiology

http://media.bemyapp.com/ai-fintech-will-bigger-impact-finance/
https://medium.com/@EvolvTechnology/3-ways-artificial-intelligence-will-impact-the-airport-2f921aaaeeb1



In Conclusion




Questions?
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