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OUTLINE LETS GO FORA DRIVE

PURPOSE The reason for this Sunday drive.

BACKGROUND The road behind us,
and the road ahead.
Planning for potholes, traffic delays,

CHALLENGES and forks in the road.

VARIOUS METHODS Choosing a vehicle.

We have reached our destination:

Sl BIG(GER PICTURE | " starting line.




PURPOSE

The reason for this Sunday drive.



PURPOSEOF THIS TALK

The purpose of this talk:

A 1S NOT to tell you that auto -planning is
nappening whether you like it or not.

AISt o envision a Obe-st
nlanning Is

designed well and

Implemented appropriately,

to the benefit of all stakeholders.




PURPOSEOF THIS TALK

The purpose of this talk:

A 1S NOT to tell you how auto -planning works
and how it will be implemented.

A 1S to help you start thinking about how you
can play a role to help reach the best future
that you and your team can imagine (and
how to avoid bad futures).



PURPOSEOF THIS TALK

The purpose of this talk:
A 1S NOT to tell you how auto -planning will
end your employment.

A 1S to get excited about how auto-planning
might transform your job .



PURPOSEOF THIS TALK

A The purpose of this talk:

A 1S NOT to pretend to give all the answers.
A 1S to get you asking the critical questions.



BACKGROUND

The road behind us,
and the road ahead.



AN APT EXAMPLE (FrRoM OUTSIDERAD ONC)

ALet ds t dhke spreadsheeti!t

AThe story of oOVisi

AOA Spreadsheet Way
Backchannel (Oct 2014).

AodSpreadsheets! 6 Pl a
(Feb 2015).

A Triumph of the Nerds, documentary
series (1996).



https://backchannel.com/a-spreadsheet-way-of-knowledge-8de60af7146e
http://www.npr.org/sections/money/2015/02/25/389027988/episode-606-spreadsheets

AN APT EXAMPLE (FroMOuUTSIDERAD ONC)

Accountants in the 1970s did all their
calculations on paper.

One error would propagate and waste
all the downstream work.

Laborious work, and expensive!
(Required FTE accountants, or

contracted work at a premium rate per
hour.)

ThencameDanBr i cdhydodogsgam



AN APT EXAMPLE (FRoMOUTSIDERAD ONC)

c11 <L>» TOTAL

Cell value edited A effects on dependent cells were
updated in real time.

e e [ Ty o O Lt LY W R o I Y |



AN APT EXAMPLE (FroMOuUTSIDERAD ONC)

BIG Impact
A Increased accuracy, lower costs. Better, cheaper.

A Boon for businesses of all kinds.

A Did it eliminate jobs? YES, someThe number of
bookkeepers and accounting clerks fell; they
were replaced by spreadsheets.

A Did it make jobs? YES, better ones. The volume
of accounting work actually increased, i.e. clients
contracted out more accounting projects. They
got hooked on the power of data and running
scenarios.
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Becoming
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|S AUTO-PLANNING A NEW THING?

Catalyst: the ability to deliver intensity
modulated radiation

Computers are much better at
optimizing complex beam patterns than
humans.

C Inverse planning , i.e. asking
computer to do the complex problem
that is iImpractical to do manually.



|S AUTO-PLANNING A NEW THING?

A Beam directions selected by planner A Beam directions based on proven
A Beam shape based on BEV anatomy template or optimized as parts of a

A Beams added (and beam angles rotational arc
tweaked) until cumulative dose is ABeamds intensity 1is
deemed satisfactory computerized optimization

A Optimization continues until acceptance



|S AUTO-PLANNING A NEW THING?

Computer-aided planning is not a new
thing.

Computer-optimized plans are not a
new thing.

In this regard, auto -planning is not a
new thing .

B u tA@to -planning today Is not
automated .



INVERSEPLANNING : NOT AUTOMATED

IMRT and VMATplanning may take
a long time , more than
conventional 3D planning.

Lots of user interaction required to
A Steerthe optimizer

A Iterate-and-tweak

A Manage objectives & assess results
High variability in the quality of
output plans



A FEW RELEVANT CONCLUSIONS

There Is large variabllity in plan quality:

A For all modalities.

A For all TPS models.

A For all educational degrees and work experience.

There are very few instances of statistical
difference between sub-populations.
Therefore, as it stands today:

A Plan quality is mostly determined by planner skill.
A (And remember, this is for inverse planning.)




|LLUSTRATION FrROM2017 QADS RAN STUDY

Histogram of Plan Scores (All TPS) (N = 238)
Min: 85.98 Max: 146.88 Median: 134.13 Mean: 130.63 Std Dev: 12.69

Min 25% Med 75% Max
85.98 123.19 134.13 140.56 146.88

13

>

Frequency ---

10 120

Plan Scores (All TPS) --->
Lowest Observed Score Highest Observed Score
Modality: VMAT Modality: VMAT
TPS: Eclipse TPS: Eclipse

MLC: 120-leaf MLC: 120-leaf



GOALS #1-2 OF AUTO-PLANNING

CURREN
MODE

# Plans =

# Plans =2

Quality =

Quality =2

[ Top Limit ]

[ Top Limit ]

»

A
A
A
A

High variation

Average quality is low
Lots of low quality items
Few high quality items

(1) Lower variation

(2) Higher quality
Fewer low quality items
More high quality items



YOU HELPED 2011 AAMD PLAN CHALLENGE

e e Va@riation in external beam treatment plan quality:
p ro An inter-institutional study of planners and

planning systems
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GOALS #3-4 OF AUTO-PLANNING

$ Reduce costs

A Assumption is that virtual / automated
planning will cost less over time than
human labor.

Increase throughput

A A computerized/virtual workforce can
work around the clock (i.e. duty cycle
approaches 100%)

A Higher workload accommodated by
simply adding more processing power.



GOALS VS. STAKEHOLDERS

STAKEHOLDERS

Investors &
Executives

Higher Quality X X X X

Payors Physicians Patients

Lower Variability

Lower Cost

Higher
Throughput

X | X | X
X | X | X
X | X | X
X | X | X




THE DEBATE
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SALIENT POINTS FOR/AGAINSTTHE PROPOSITION

Arguments FOR (the prediction of full automation
within 10 years), MB Sharpe

A 0 Wi tadecade, radiation treatment planning will become fully automated
without the need for human intervention because (i) we will exploit pertinent
trends in the manufacturing and informatics industries, (ii) the precedent is
already established, and (iii) it is imperative to improving quality and
continuing advancements in care. 0

A 060 Todayé a duwmdionsaeechutomated, such as image registration, organ
delineation, and dose optimization. Using commercial tools, it is now possible
to control workflow so as to fully create, evaluate and document a plan with
minimal intervention. 0

A Generate automated plan with oO0robust g
personalize, per patient via adaptive methods.



SALIENT POINTS FOR/AGAINSTTHE PROPOSITION

Arguments AGAINST (the prediction of full
automation within 10 years), KL Moore

A

A

0 & contend that the odds of fully automated treatment planning being the
norm in ten yearso ti meumluiskelby. or at ed

(On difficulties pos e dthdoughthelashdeaadehasn g)
been for the field of autosegmentation, it strains credulity that a decade's

time would be enough to herald a universal autosegmentation platform that

not only identifies all normal anatomical structures across all imaging

modalities but also flawlessly incorporates every patient's unique clinical
circumstances into fully automated tumor volume cont our i ng. o

(A revised prediction) dcSemiautomated (i.e., computer-assisted) treatment
planning will be used in the large majority cases, with some form of
knowledge-based and/or computer -aided multicriterial optimization
removing most of the present -day human variability from the optimization
process. 0



CHALLENGES

Planning for potholes, traffic delays,
and forks in the road.



CHALLENGE[1]: CONTOURING
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Frequency

CHALLENGE[1]: CONTOURING

10+
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Histogram of Initial Volume (cc)
No 71 | Min: 0.55 | Max: 73.26 | Median: 42.46 | Mean: 42.24 | 5td Dev: 13.23
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Inter-observer variability in rectum contouring (total volume)



Frequency

CHALLENGE[1]: CONTOURING

Histogram of Initial Dice Coefficient
M. 71| Min: 0.00 | Max: 0.93 | Median: 0.67 | Mean: 0.62 | 5td Dev: 0.20
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Initial Dice Coefficient

Inter-observer variability in rectum contouring (overlap)



CHALLENGE[1]: CONTOURING

A Click to activate mouse wheel slice navigation

.i
Inter-observer variability in hippocam
- 1 AR &




Frequency

CHALLENGE[1]: CONTOURING

Histogram of Initial Volume (cc)
N: 29 | Min: 1.41 | Max: 5.98 | Median: 2.36 | Mean: 2.63 | Std Dev: 1.00
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Inter-physician variability in left hippocampus contouring (total volume)



Frequency

CHALLENGE[1]: CONTOURING

Histogram of |nitial Dice Coefficient
N: 29 | Min: 0.24 | Max: 0.70 | Median: 0.44 | Mean: 0.44 | Std Dev: 0.10
5
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Inter-physician variability in left hippocampus contouring (overlap)
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CHALLENGE[1]: CONTOURING

QUESTION:How can you automate
contouring when there is no standard

of accuracy?

QUESTION:What is the relative

gain from ever-improving
technology (plan optimization,
auto-planning, treatment delivery,
IGRT, QA etc.) if there Is rampantly
Inconsistent anatomy modeling?




CHALLENGE([2]: PLAN QUALITY M EASURES

— CLINICAL TEAM — OWe have a comprehensive |

of plan metrics and objectives

__ for this patient.
Radiation

Oncologist Each is prioritized and
weighted so that we can render ¢
an objective plan score.

Obijective Plan
Okay, now create for me the Scoring System
best plan! o Comprehensive
Design Inputs

CMD /
Treatment
Designer

Scored Plan
Fully Verified D E—

Design Outputs @




CHALLENGE([2]: PLAN QUALITY M EASURES

QUESTION: Does the auto-planning
system incorporate (for inputs and
outputs) an objective plan scoring
system so that the output quality is
iInherently verified?

QUESTION:Can you get a physician
team to agree on plan quality metrics
and objectives? That is, can you drive
consensus on: o0Whe




CHALLENGE[3]: V ALIDATION

TEST SUITE

oWe have a vast
data, covering all the types of
cases we intend to plan with the
auto-planning engine.

array of

>
We want to learn how well it

wor ks (or doesnbo
case type, so we can implement
safely and with

Output Plans

:

Input Data
Patient data and
planning goals

How did the system
perform (objective
L- comparisons of new vs. 1
current method)? /
Where did it fail?

t

€



