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The Roadmap Ahead for Big Data in ...?

« Oncology
- Radiation Oncology
» Medical Physics
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Big data at this meeting (just some of it):

Deep Learning and Applications in Medical Imaging

Deep Learning, and AT in Imaging
Machine Learning Role in Radiomics and Radiogenomics
Big Data in Radiation Oncology 1 and 2
QA For Modern Radiation Therapy

Big Data, Deep Learning, and Al in Imaging and Radiation Oncology
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Why Big Data in RT?

«  We mainly deliver medicine through numbers\data

- If we improve use of data we are very likely to improve
delivery of medicine

« The potential for improvement from Big Data in radiation
oncology is larger than in most other medical disciplines
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Example: Opportunities for improvement
Can the outcomes in low volume facilities be improved through models created
elsewhere?

« Same machines

« Same software

« Similar training

« Same certification

« Can use of data level
the playing field?

hington University School of Medicine




As Previously Discussed

2015 Big Data Workshop

August 13-14, 2015
NIH Campus, Bethesda, Maryland

ASTRO, the National Cancer Ir

socation of Physicists in Medicine (AAPM) are co-spoasoring a two-day workshop for
rtuniies for radiation oncalogy In the era of bi

1ty and incident re

safety and outcomes analysis/ CRE. Abstr
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Outcomes of the Big Data Workshop
« Opportunities

« Detection

- Diagnosis\staging e

« Imaging i A — g %

. Treatment Systems Approach Using Big Data to Improve ®

. Safety and Quality in Radiation Oncology
Safety\quality Louis Potters, MD, FACR, FASTRO,* Eric Ford, PhD,

Outcome response  Suzanne Evans, MD,’ Todd Pawlicki, PhD,  and Sasa Mutic, PhD
Efﬁciencies *Oepartment of Rodiotion Medicine, Nortbme(l Meotth and Hofstro Northwell School of Medicive,

Loke Saccess, New York: ‘Department of Sadiation Oncofogy, Universty of Washington, Seattle,
o eportment of Therapeutic Rodsolony, Vole University School of Nedicine, New Hoven.

. Obstacles etk o e T
et

+ Access to data
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Big Data Use

0 Ry
Phase 1 Phase 2
l Diferent environments
Fig. 1. Ap 1 for quality and safety research that requires hig data.

Potters et al, Int J Radiation Oncol Biol Phys, Vol. 95, No. 3, pp. 885e889, 2016
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Big Data

» Identify improvement opportunities
- Data Collection

- Data Analysis

« Tool creation

« Tool distribution\enablement

» Adoption\Consumption
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Example: Knowledge Based Planning

Benefit
—>

<— Underdose Target Overdose —>
Dose

Operating principle: High quality = Reduced Variability
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Example: Knowledge Based Planning

Variation in external beam treatment plan quality:
An inter-institutional study of planners and
planning systems

Benjamin E. Nelms PhD**, Greg Robinson CMD*, Jay Markham CMD",
Kyle Velasco CMD®, Steve Boyd CMD*, Sharath Narayan CMD®,
James Wheeler MD, PhD”, Mark L. Sobczak MD*

Conclusions

tion in plan quality]as
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http://www.ncbi.nlm.nih.gov/pubmed?term=(Nelms B[Author]) AND narayan

Example: Knowledge Based Planning (Phase 1)
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K.L. Moore, R.S. Brame, D.A. Low, S. Mutic, Quantitative Metrics for Assessing Plan Quality, Sem. Radiat. Onc

9, (2012).
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Example: Knowledge Based Planning (Phase 1)
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Moore, R.S. Brame, D.A. Low, S. Mutic, Quantitative Metrics for Assessing Plan Quality, Sem. Radiat. Oncol
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Standalone predictive DVH tool (Phase 2)

+« pDVH DICOM tool

« TPS independent

Efficient GPU use

Allows novice users to
automatically create and
evaluate pDVH models

Automatically identifies 7 e
dosimetric outliers and L
refines pDVH del.

Tan, J. et al.,, A Universal Predictive DVH Modeling
Tookkit. Oral presentation, AAPM 2013.
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Interinstitution Applicability (Phase 3)

- » FG-IMRT model predictions
" indicated possible
reductions in median
Tomotherapy doses
« Larynx - 10.5%
« Brainstem - 12.8%
« D2 of Brainstem - 20.4%
i e A - Differences due to
interinstitutional planning
techniques
« Confirmed by replanning of
six cases

bt oy 161

T

Department of Radiati
Division of Medical P
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Varian’s — RapidPlan (Phase 4)

A method for estimating DVHs

e Based on patient
geometry

e Previous knowledge
contained in a set of
existing patient cases

e Asof July 2017 -
almost 1000 licenses
purchased*

Estimated DVH

Automatic
objectives

*Varian investor report July 27, 2017
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Adoption\Consumption

« Local or global KBP model?

« Time needed to implement models

- Adoption by physicians and dosimetrists
« Model maintenance

« Alternative approaches
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Adoption\Consumption

« Systematic change in operating paradigms needed

From:
Collect, Analyze, Develop, Implement, Use, Maintain

To:
(Provide Data), Adopt, Use, Update
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Data use challenges, even when data is
available

« Proof of principle for big data benefit is currently
the main focus

« Availability of data is the typically mentioned
obstacle

» We just discussed adoption\consumption

» Acting on data and using it even when available -
potentially another problem
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IROC (RPC) Paper (2005)

4 g A

DESIGN AND IMPLEMENTATION OF AN ANTHROPOMORPHIC QUALITY
ASSURANCE PHANTOM FOR INTENSITY-MODULATED RADIATION
PY FOR THE RADIATION THERAPY ONCOLOGY GROUP
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IROC (RPC) Report (2013)

redentialing results from IMAT irradiations of an anthropomorphic head
and neck phantom

anct meck phantem was samt 10
T phamors contained two

passing.
high done gradicnt IV and the OAR. Prs
rasen for dfcreen dekvery type, trewmen plunning sysema (1F3). hncar acceleraioes. o near

Tesults: The ghassor wos iradiated 1139 Genes by 763 insteutions. from 2001 hevugh 2011 929
5 o the Mradistions passed the crseia. 156 (13.7%) iradiations faled oy the TLD <rie
v, and 33 (2.9 fasbe bt sets of crstesa. Only 9% of

ing. and softw
It o 10

Key wonds: crodentiaing. ctnical als, IMRT QA. anthropomsrphic phantoms
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IROC Data (2013)

plasaing systors, fis-

« Participating Institutions: [
. 20% failed the +/- 7% criteria Pass e () Attempes Dows DA Dore and DTA

o taited

[e—

+ 30% failed the +/- 5% criteria won o 3
) Somoas
» Reasons for Failure Sooh o

« Errors in beam data input

« Inadequate MLC modeling —
+ Inadequate beam modeling —
« 90-93% pass rates for institutions that [EE R H
had less local user input m s 2
« Tomotherapy —no user input = s o
« Varian Linac/Eclipse — Presumably golden —
beam data or the benefit of auto modeling n .
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IROC (RPC) Report (2016)

orin wnd pooe Indicators Tasaz L. In Al percentage pass roles for mverall o
for IROC Houston's anthropomorphic head and neck phantom criteria.

it Overall pass®  TLD pass

5 Tos4 s0x3

2% 6344 674

2 Viad a9

Conclusions:

* Failures are the results of
systematic dosimetric
discrepancies between the
TPS and delivered dose.

« Half of all failures are due to
systematic underdosing.
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Acting on available data

» IROC Houston is the largest QA center in the world

- Their data is likely the biggest TPS\machine performance
centric dataset available

» High quality data
- Data showing problems dating back 10+ years
« Actionable solutions still slow to develop
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Department
D

What if Big Data leads to standard data and
automatic QA?

Yaddanapudi et al, Med Phys. 2017 Jul;44(7):3393-3406.
Wexler et al, Med Phys. 2017 Apr 17. [Epub ahead of print]
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Are we ready to adopt all results of big data?
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https://www.ncbi.nlm.nih.gov/pubmed/28432806
https://www.ncbi.nlm.nih.gov/pubmed/28419482

Roadmap considerations

» Benefits of Big Data already in clinical use
+ One of the main areas of current research
« Many other proofs of principle
« New applications constantly being developed
» Constant increase in clinical practice likely
« There will likely be a reassorment of our duties
« Automated treatment planning example
+ OPPORTUNITIES TO INCREASE MEDICAL PHYSICS VALUE
« Willingness to provide data but also willingness to consume
outcomes of that data
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Roadmap considerations

Individual clinics Industry

Organization for data Development of Access to data
collection incentives for data

submission
Standardization of Data sharing and access | Provision of flexible
practices (e.g. TG-263) solutions
Evolution of clinical Development of new Decision support vs.
practices roles for medical physics automation
Model implementation Identification of highest | Identification of highest
(and development) skills | value opportunities value opportunities
Change adoption Data based innovation Pace of development
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"Just checking "
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