The Ghost in the Shell:
Understanding How Al can
Improve Adaptive Radiation
Therapy Workflows

Deborah Schofield, Ph.D. ‘,))




Artificial Intelligence

Alan Turing: ~ 1947
John McCarthy: 1956

Psychology » “Al is concerned with building
machines that can act & react

appropriately, adapting their

response to the demands of the

situation. Such machines should
e display behavior comparable with

Science

that considered to require
intelligence in humans.” Finlay & Dix, 1996




Subsets of Al

* Early: Hard-coded, knowledge-based approach

ML Life Cycle

Machine learning algorithmsJ

e.g., support vector machine, decision tree, k-nearest neighbors, ...

Shallow

Artificial neural networks > machine
learning

Machine J e.g., shallow autoencoders, ...
leaming

i**| Deep neural networks

. Deep

e.g., convolutionalneural networks, | >
learning

recurrent neural networks, ...

Janiesch, Zschech, & Heinrich, 2021
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Input layer

Deep Neural Networks

Hidden layers
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Output layer

Input Layer:

Required

Accepts incoming data

# of Neurons = # of training data features + 1

Hidden Layer:
Not visible to external systems

>1 hidden layer: Deep learning
Transform and model data

“Secret Sauce”

More layers, more computation time

Output Layer:

Required

Accepts data from prior layer
Produces output/result




Al in Our Everyday Use




Comparison to Medicine

Human driver monitors environment

No
automation

The absence of any
assistive features
such as adaptive
cruise control.

1

Driver
assistance

Systems that help
drivers maintain
speed or stay in
lane but leave the
driver in control.

Humans and machine doctors

2

Partial
automation

The combination of
automatic speed

and steering
control—for example,
cruise control and
lane keeping.

System monitors environment

3

Conditional
automation

Automated systems
that drive and
monitor the
environment but
rely on a human
driver for backup.

4
High

automation
Automated systems
that do everything—
no human backup
required—but only
in limited
circumstances.

Unlikely

5

Full
automation

The true electronic
chauffeur: retains
full vehicle control,
needs no human
backup, and drives
in all conditions.

Debbie Maizels




) Recent Usage of Al in Medicine

» Chest X-Rays » Electrocardiogram » Breast cancer & > Diapetic
» CT for head » Echocardiogram: Mets Retinopathy
trauma, stroke ejection fraction » Lung Cancer » Macular

» Mammography > Atrial Fibrillation > Brain Tumors Degeneration
for density » Retinal Disease

Radiology Cardiovascular e Pathology ¢ Opthalmology @

A

What about Al in radiation therapy?

“The impact of Al on adaptive therapy has the potential to be very
significant...” (K. Brock, 2019)




Why Medicine/MD’s may be Reluctant about Al
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Hidden layers
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External Beam Traditional Planning
Workflow

Imaging for
RT planning
Treatment
Planning
Emergency/Urgent Cases: Hours

tment Standard: 3-5 dayS
Complex: 5+ days

Treatment
Delivery

On-Treatment Quality
Management

x N Fractions

Post —
Treatment
Completion

Ford et al., 2012




Changes During Therapy

Slow Changes Peristaltic Tumor/OAR
e Weight loss Movement Changes

e Tumor Changes e Esophagus e Motion trajectory

e Colon e Change in relative
position
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Inter-fractional Anatomical Change

Fraction 1 Fraction2  Fraction3 Fraction 4 Fraction 5

Luterstein et al., Z‘&))




Timescale

Target or
OAR
position
change

cardiac
breathing

peristalsis

organ filling*

weight/body contour change

tumour geometric response

tumour biological response

Hunt et al.,

2018 ‘ ))>




External Beam

Patient
Assessment
° Imaging for
Off-Line
Treatment
Planning
» Days for Process

» Tx may continue

O n = LI n e P“re-'Treqtmem » Limited number of times

Verification
» Best for slow changes (weight

Treatment IOSS)
Delivery

Real-Tim
ea I e On-Treatment Quality

Management

TS ——— o xN Fractions }*

Post —
Treatment
Completion

3 Adaptive Timepoints

Ford et al., 2012




External Beam

Patient
Assessment
° Imaging for
Off-Line st
Treatment
Planning .
» ~ 20-30 min

» Tx after the process

O N- LI ne P“re-'Treqtmem » Can occur daily

Verification
» Best for more frequent
changes (internal anatomy
Delivery Changes)

On-Treatment Quality
Management

e = xMN Fractions }*

Post —
Treatment
Completion

Ford et al., 2012 ‘ ))>

Real-Time

3 Adaptive Timepoints




3 Adaptive Timepoints

Off-Line

On-Line

Real-Time

External Beam

Patient
Assessment
Imaging for
RT planning
Treatment
Planning

Pre-Treatment
Review and
ation

Treatment
Delivery

On-Treatment Quality
Management

TS ——— o xN Fractions }*

Post —
Treatment
Completion

Ford et al., 2012

» Seconds-moments

» Tx during adaptation

» Can occur daily

» Best for rapid changes (tumor
trajectory, cardiac motion)

<)

How can we compress all of this into minutes?




Image Registration & Fusion

A f ?'
] ‘wk 4 \
Kessler & Li

Rigid Fusion Deformable Fusion

Rouhani & Sappa, 2012




Automated Contouring

Lin et al., 2019
<)




Wang et al., 2019 A .
utomated Planning
Dose Physician Treatment
Constraints Plannes PSs Evaluation Plan
Dose
Prescription
Anatomy
Dose et = Physician Treatment
Constraints Planner S Evaluation Plan
Dose Kisling et al., 2019

Prescription

Anatomy

Dose

r Planner
Constraints

Dose
Prescription

Anatomy
Input: Patient CT
Dose Planner
Constraints
Dose
Prescription Segment bony Project these 3D On these BEV Define the field
anatomy using segmentations projections, borders based P 3
multiatlas into the 2D plane identify anatomic on these Y \a
Anatomy Al 2

deformable registration. of the BEV. landmarks. landmarks.




Legend

(Adaptive) radiotherapy
workflow

Al applications in
radiotherapy (ML/DL)

Automated . Automated
Segmentation S35 Planning

Treatment Treatment Treatment
Planning QA Delivery
N

Simulation Contouring

/]\

Automated Quality
Assurance




Percentage of patients Type of adaption:

having more than one plan: |22 Daily replanning

B N/A (online adaption) 22! Plan library
<25% NN Of@ protocol

B 25-50% I of ‘ad-hoc

50-75%
Bl 75-100%
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Benefits

e Improved therapeutic ratio
e Planning to a volume that
changes
e Sparing OAR’s due to
anatomical changes

Challenges

e Longer treatment times
Increased workload
Limited image quality
RTT training
Uncertainty of dose accumulation




Thank You

* Questions for all speakers will be at the end of the session




