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Al in RT

* Autosegmentation
Legend
° Autoplanning (Adaptive) radiotherapy
workflow
* Radiation physics quality
ass u ra n ce : Automated Automated
Segmentation Planning
* Respiration motion management
- personalized PTV G e pestmest Jesnest Mo
lanning elivel
- Markerless tumour tracking
* Predicitve analytics:
- Image guidance Skl

- Response modeling

Vandewinckele L, Claessens M et al. Radiother Oncol, 2020
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Outline

* Alin RT 28
- Standardization, safety and quality \\ \
e Al for QA: some examples 'a\&(\
- Reducing variation and improving plan quality
- Predictive intelligence

* QA of Al: some examples
- Independent autosegmentation
- Recommendations on implementation and QA of Al
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Efficiency, Standardization, Quality & Safety

/ Do we need state-of-the-
art mainstream
equipment for many
patients or dedicated
equipment for a few?

/ * Do we need
standardized treatment
or individualized
treatment tailored to the

\_ patient?

—

Not necessarily the same question

Not necessarily a contradiction
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Efficiency, Standardization, Quality & Safety
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CONTROL
HAZARD
MEASURES IDENTIFICATION

WHAT IS AVIATION SAFETY?

Lufthansa Group airlines to standardize A320 fleet

Uniform specification for all aircraft of the Airbus A320 family, which will be delivered to the Lufthansa Group from 2019 onwards
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Global Journal of
Information Technology

Volume 05, Issue 2, (2015) 56-61
http://sproc.org/ojs/index.php/gjit

ScencePrkResearth, Orgonzton & Counselng

Assessing productivity to address safety concerns for
information technology and promoting global standardization
within aviation practices

== " _IAORN JOURNAL

OFFICIAL VOICE OF PERIOPERATIVE NURSING

Patient Safety First
Using Aviation Safety Measures to Enhance Patient Outcomes
Russell M. Rivers, Diane Swain RN, William R. Nixon

[First published: 01 January 2003 | https://doi.org/10.1016/50001-2092(06)61385-9 | Citations: 18

Read the full text > T POF | TOOLS < SHARE

ABSTRACT

Recent media reports have put a spotlight on the increasing number of medical errors
occurring in US health care institutions. In contrast to health care's increasing error rate,
the aviation industry is experiencing a decreasing error rate. Could the safety techniques
used in the aviation industry be applied to health care? This article explores that
question. The dynamics of the surgical suite are not unlike those of the cockpit of an
airplane; therefore, perioperative services was selected to pilot test the aviation model of
safety training. AORN J 77 (Jan 2003) 158-162.

iridium

pzorg in radiotherapie|




Outline

* Alin RT P
- Standardization, safety and quality \\ \
e Al for QA: some examples '?\\’(\
- Reducing variation and improving plan quality
- Predictive intelligence

* QA of Al: some examples
- Independent autosegmentation
- Recommendations on implementation and QA of Al

.......
.......

RO TSR
o' o g enetwerk
iridium
s 1.
. . ee



Automated planning: an example (1)

Wang et al. Radiation Oncology (2017) 12:85 Lo
DOI 10.1186/513014-017-0822z Radiation Onco'ogy
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Automated planning: an example (2)

* Autoplanning can reduce variation between non-experienced and experience
planners, and improve overall quality and consistency.

* Typically, “comparative” studies are performed by different (human) planners
under different conditions (eg available planning time, experience).

 Erasmus MC'’s iCycle is nice example of how automated planning can be

used to generate non-biased, objective plans to compare different treatment
delivery techniques: “bias free technique comparison”
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Automated planning: an example (2)

e Gastric cancer: improving quality and consistency

(a) (b)
manVMAT autoVMAT P

Left Kidney
e Right Kidney

Liver
e Spinal Cord

= manVMAT - autoVMAT
100

Volume (%)

0 10 20 30 40 50

Dose (Gy)

teer. Figure 4.1: a) Comparison of dose distributions for the manVMAT (left) and autoVMAT plans
sfefent e (right) for patient 8 on the axial, coronal and sagittal planes, b) Dose-volume histograms for the
e manVMAT (solid lines) and the autoVMAT (dashed lines) plans of this patient.
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Automated planning: an example (2)

e Gastric cancer: improving quality and consistency

12

8 W PTVVI5%
mCIX 100
M Spine Dmax

Heart Dmax
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absolute difference (%, Gy)

M L.Kidney D50%

Patient number

8 M L.Kidney D60%

ANTCP (%)

12 M R. Kidney D30%
M R. Kidney D50%

Patient number

Figure 4.2: Differences in dosimetric plan parameters between autoVMAT and manVMAT plans
for each of the 20 study patients. Positive values are in favor of the autoVMAT plans.
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Automated planning: an example (2)

Table 6.2: Pair-wise comparisons of planning strategies.

e Cervical Cancer: T

p-value p-value p-value p-value p-value
a NS 6]4) .031 713) NS 713) 006 [CIY] .002 (10]0)
_ exploring treatment options b 037 @y 004 ©n 002 (10]0) .008 @y 002 10]0)
20DMIC ¢ 002 (10]0) 002 (100 .004 (10]0) .002 (10]0) 002 (100
d .01 ®]2) 2006 [CI8)) 002 100 002 10]0) 002 (10]0)
Comparison of VMAT and IMRT for Cervical Cancer e Ns ®|2) NS 4E) 002 (10]0) 002 100 002 10]0)
a 1.1/15.2 NS 6]4) NS (515) NS ®]2) .002 (10]0)
- b 2.6/50.0 NS ®]2) 006 O .02 8]2) .002 10[0)
20DMLC 2VMAT Clinical oG 12DMILC ¢ 0.6/20.9 .002 (10]0) .006 O .004 [E1R)] .002 (10]0)
ey d 0.5/43.0 NS @13) .004 O .004 (10]0) .004 @
e 0.3/42.1 NS @3) .002 (10]0) .004 (10]0) .002 (10]0)
a 12/15.3 0.1/15.8 .01 3|7 NS @13) 002 (10]0)
43 Gy b 4.8/51.1 22/52.3 027 8]2) NS @13 004 [CIRY)
9DMLC c 13/21.2 0.7/21.5 NS 713) NS @13 .004 [CIRY]
d 0.8/43.1 0.2/43.4 NS 8]2) 049 ®]2) .006 [CIRY)
° 0.5/42.2 0.2/42.4 .004 [CIRY) 002 10]0) .002 (10]0)
a 0.2/14.8 -0.9/15.3 -1.0/15.4 012 [CIRV] .002 (10]0)
9 b 9.0/53.2 6.4/54.4 4.2/55.5 NS (5]5) .01 8]2)
ek 2VMAT c 17/21.4 11/21.7 0.5/22.1 027 [CIpY] .002 (10]0)
d 1.2/433 0.6/43.6 0.4/43.7 NS 713 .037 8]2)
e 1.3/42.6 1.0/42.8 0.8/42.9 NS ®]2) 014 [CIRY]
a 1.3/154 0.3/15.9 0.2/16.0 1.2/15.5 .004 ©|n
b 9.6/53.5 7.1/54.8 4.9/55.9 0.7/58.0 .002 (10]0)
23 Gy VMAT c 2.1/21.6 1.5/21.9 0.9/22.3 0.4/22.5 .002 (10]0)
d 1.5/43.5 1.0/43.8 0.8/43.9 0.4/44.1 NS 713)
e 1.8/42.9 1.5/43.0 1.3/43.1 0.5/43.5 NS 713)
Figure 6.1: Axial slices for patient 8 showing the differences in dose distribution between 20DMLC,
2VMAT, and clinical plans. The shown isodose lines are 30%, 40%, 50%, 60%, 70%, 80%, 95% and & Ales 3173 SOIES 10,365 2ai114
b 17.4/57.4 14.8/58.6 12.6/59.7 8.4/61.8 7.7162.2
107% Of me prescribed dose’ respeCﬁvely- Clinical [ 4.5/228 3.9/23.1 3.3/235 2.8/23.7 24/239
d 1.9/43.7 1.4/44.0 1.2/44.1 0.8/44.3 0.4/445
[ ] 2.5/43.2 2.2/434 2.0/435 1.2/439 0.7/44.1
iri d i u ﬁ(‘ meam'm'm NS = no statistically significant difference ie. p:> 05.
yparison (table cell), going from top to bottom, data refer to (a) SB Visy, (b) SB Visgy, (€) SB Dyean, (<) Bladder Dyyeqn, and (€) Rectum Dyeqn. Below

the table diagonal, the “A/B” in the cells refer to A: plan parameter value for the strategy along the vertical axis minus the parameter value for the strategy along the
horizontal axis, averaged over the 10 patients in the study, B: average of the patient-mean OAR parameter values in the two compared strategies. Cells above the
diagonal show p-values and “(n|m)": for n patients, the strategy indicated at the horizontal axis has lowest OAR dose, while for m patients the strategy mentioned at

Courtesy A. Sharfo D. Verellen - 2021 the vertical axis is superior.
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Predictive intelligence in QA
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Predictive intelligence in QA

* Machine specific QA + Patient specific QA
* Pre-treatment patient specific QA:

= Assessment of dosimetric accurcy in phantoms or pre-
treatment CT

= |GRT for corrections in patient set-up and motion
management

* In vivo dosimetry (IVD):
= (Residual) set-up errors
= Intra fraction anatomical variation
= Linac output errors
= Planning errors
« EPID IVD:
= 3D dose reconstruction on planning CT and CBC




QA @ Iridium Network

* Patient specific QA

- QA/QC of the stereotactic unit includes:
= Daily QA of output and coincidence of imaging/treatment isocentre,
= Weekly calibration of CBCT and SGRT IGRT components,
= Quarterly E2E testing with dedicated SBRT phantom (thorax phantom, CIRS).

- Patient-specific pre-treatment QA and in vivo dosimetry are performed for every
patient using the PerFraction platform (Sun Nuclear), which includes:

Actions

Activate Patient

Lung R < @.OOOQ >

Edit Patient Information
/ T Delete Patient

= |[ndependent MU calculatlon
= Dose transmission measurements pre-treatment,
rrrrrrrrrrrrrrrrrrrr = Dose transmission measurements, during treatment (in vivo)




QA @ Iridium Networ

“ 20 Anaiysis « 30 Analysis
Gamm - oes) B ot )
o7 ) 2 e 2 N, =
o
Searen Racus () . _— = - o Pass o 14
Image Source
Fracton 1 (12 eb 2016 1 Causiaon

* Patient specific QA

6 MV
DVH ()
STR TURE NAMI N MAX AN
v 7,97 Gy 01 Gy
v W Esophagu: 1,50 Gy 0,25 Gy
7 W GreafVessels 0,01 Gy 1,84 Gy 0,21 Gy
v W Heart 0,01 Gy 2,02 Gy 0,17 Gy
v Lungs 0,01 Gy 13,75 Gy 0,75 Gy
v | PTV 10,41 Gy 13,75 Gy 12,74 Gy
? W SpinalCord_05 0,00 Gy 2,26 Gy 0,18 Gy
BODY 0,27 G -
Overall Gamma
FAILED ) FAIL
PASSING RATE (%) TOTAL
LOW LOW
: 0,00 1,93 1,0 1.321,0 68.293,0

Delivered ﬁ Difference m Expected m

eSBRT 2021 - D. Verelle



QA @ Iridium Network

* A retrospective analysis of 63636 EPID IVD measurements on 10652 patients,
divided into 3 year-periods (2018 - 2021).

FAILED MEASUREMENTS

16,0%

14,0%
*  Difference between old and new generation treatment machines
* Introduction of SGRT on failures due to positioning

3,5% * Introduction of ultra-hypofractionated breast treatment:

*  Failures due to positioning: 5.9% -> 2.6%

*  Failures due to anatomical variation: 1.9% -> 0.2%

12,0% , | | 3,3%
10,0%
8,0%
6,0%
4,0%

2,0%

0,0%
1st year 2nd year 3rd year

® technical problems ® planning problems M positioning problems ® anatomic changes

* Transit EPID IVD can be a powerful tool to evaluate and assess possible impact of adaptations to
the clinical workflow and a guide for improvements.

Bossuyt E. et al. (Submitted ESTRO2022)

eSBRT 2021 - D. Verelle



Patient specific QA and Al

[- The "Don’t cry wolf” problem]

' 'v,. '|Aesop’s Fables

- Automation is nice (needed), but the challenge is finding a good balance between
false positive and false negative results

 Don’t use universal tolerance levels, rather TL based on centre-
specific analysis.

Local procedure of patient set-up and immobilization
Local treatment technique
Local IGRT and motion management procedures

aaaaaaaaaaaaaaaaaaa

QA: quality Assurance, TL : Tolerance Levels
eSBRT 2021 - D. Verelle



Predictive intelligence in QA: an example

(@) AdaBoost RF XGBoost
== Use a one-class classifier by recognizing that there is

one class in the data (say normal perfor- mance),
while everything else is considered an outlier or an anomaly

Current
RT plan

One-class SVM

X2

-~

Prodicted gamma

Predicted gamma

S
e oA

Archive of radiotherapy
plans and delivery data

———

086 086 086
09 095 1 ) 035 1 ) 035 1 Featur raction
Measured gamma Measured gamma Measured gamma GATIE Sxtrac °. Pre-processing Train anomaly detector Error Review
(dose-volume metrics, [— N —
2 (normalization) (One-class SVM) detected RT plan
bema energies, MU, etc)

(®) AdaBoost RE XGBoost
w0 g w0

Figure 10.7
An error detection system for radiotherapy. Left: application to RT planning. Right: SVM one-class formalism, where a hyperplane in the

feature space [x1, x2] separates correct samples (closed circles) from outliers (open circles) by maximizing distance from the origin.
SVM: support Vector Machine

Number of fields
Number of fields
Number of fields

El Naga |, et al. Machine Learning in RT: What have we learned so far
(in The Modern Technology of Radiation Oncology)

05 o 005 005 o 005 0.0 o
Predicted - Measured Predicted - Measured Predicted - Measured

. netwerk
|r|d Figure 10.14
Jopaorginias ommpm IMRT QA portal dosimetry results were analyzed to evaluate how

predicted results compared with measured results for the gamma
passing rate. From (Lam et al. 2019).

D. Verellen - 2021




Efficiency, Standardization, Quality & Safety

* A huge database and a wealth of information

P 30 ) radiation technology
N~

G Z A 3 SunCHECK‘“)

SunCHECK™
SunCHECK reference site |

GZA Ziekenhuizen
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Outline

* Alin RT >
- Standardization, safety and quality \\ \
e Al for QA: some examples '?\\’(\
- Reducing variation and improving plan quality
- Predictive intelligence

* QA of Al: some examples
- Independent autosegmentation
- Recommendations on implementation and QA of Al
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Who’s guarding the guardians?

* For treatment planning systems it is custom (compulsary) to perform
and independent dose calculation

 What about autosegmentation and autoplanning?

Proposed workflow of QA for auto-segmentation

: online workflow

I : offline workflow

= H adaptations needed (from small to scratch)
: no adaptation necessary

Online workflow

Co- Contou Treat
9 1 Online r ment
CT Simulation H:B:;:;:ET segmentation Adjustments Planning

(in-house or cloud-based) s

Offline automated QA
NI IR ‘ ‘ -

s

lrlf’luqr[\ Claessens M, et al. Automated detection of online auto-segmentation deviations
* ey by use of an independent segmentation algorithm, PMB 2021 (submitted)

D. Verellen - 2021




Recommendations on implementations and QA

EST R 0 About E-Library Corporate Members @
—

Membership Courses Workshops

Radiotherapy and Oncology 153 (2020) 55-66

Contents lists available at ScienceDirect

Radiotherapy

Radiotherapy and Oncology

journal homepage: www.thegreenjournal.com -

Workshops Review Article

Home: = Workshops' = 3rd ESTRO Fityslcs workshop=sclence In'development Overview of artificial intelligence-based applications in radiotherapy: |

- . . ; . e
3rd ESTRO Physics workshop - Science in i Recommendations for implementation and quality assurance b
LOTDN

development For this year the toplcs offered are: Liesbeth Vandewinckele >, Michaél Claessens “*!, Anna Dinkla ®'*, Charlotte Brouwer f, Wouter Crijns *,
25 October 2019 - 26 October 2019 1. Computational methods for clinical target volume definition Dirk Verellen “¢, Wouter van Elmpt#

Budapest, Hungary Chairs: Jan Unkelbach & Ben Heijmen

2. Multi-source data fusion for decision support systems in radiation oncology:
and clinical
( f artificial

Chairs: Wouter van Elmpt & Dirk Verellen

4. linical appli
(in collaboration with AAPM)
Chairs: Vania Batista & Hania Al-Hallaq

5. Plan Quality dose distribution and
Chairs: Christian Renn Hansen & Lamberto Widesott

metrics

iridium

opzorg in radiotherapie

D. Verellen - 2021



Recommendations on implementations and QA

1. Training / Model
Validation
4
o
s Adapt model to
v clinical needs
= Qualitative
g - i
€
o
gl
E
8 —
- N\
a 2. Test
2
o Get final - Qualitative  SERERESERE N
.g H analysis
S performance on H
&|| independent dataset L '““'“'J .3

Legend

\
(&

Use model in clinic
workflow

Implemented workflow

=
o

:Normal flow

Model Monitoring
* User interaction
* Routine QA

+ Case specific QA

N =

: Update model

.
I r| d . netwerk ..... : Update model
(if necessary)

oaznrq\ rad othcrapm e
: Clinical flow

[ Implementation & Quality assurance ] (




o Hetwerk Claessens M et al. Quality Assurance for Al-based applications in radiation therapy. Seminars in Radiation Oncology, March 2022.

ium

Topzorg in radiotherapie

Recommendations on implementations and QA
> — > > = > > - > > = > > = > > E Case-specific QA

*  Per patient or
Automated Automated Synthetic CT Automated Automated Automated .
registration segmentation Y! planning patient QA machine QA mac h ine

*  Supervision of output
* Al-based QA tools

Model re- Al-based RT -
commissioning application output I
I
I
Legend |
c Case-specific QA |
(Adapti‘\ﬁl':)rl:;i:::henpv ] 'g '% - 1 Routine QA
Q= | .
E : . Regt-llar supervision
g é_.l *  Monitor for
I
[ QA for Al workflow ] I unexpected changes
®:rion | | FRoutinear f---—-—--- ' «  Reference test
(D):Pass an dataset
- - - —: Performed regularly é é
: Performed for every Al-based RT —_—

application output

D. Verellen - 2021




Conclusions

* Machine learning, with its powerful arsenal of data predictive
analytics, offers the potential to:
- allow better automation of routine tasks
- improved efficiency

- enhanced decision-making support to the complex processes of treatment
planning, quality assurance, and radiation delivery.

- Improve quality and increase consistency in delineation and treatment planning

e Al can amplify detection levels and prediction accuracy of
potential failure or deviation from intent.
- Either through machine internal sensors and logs (measuring speeds, positions,
rates, etc.) or external devices (measuring dose or surrogates, posi- tions, etc.)
* Al has the potential to foresee stray behaviours with high
selectivity allowing efficient triage for problem solving as well as
pre-emptive actions.

Franquin

L eiseie. - This will improve machine uptime, reliability
iridiuim There is Al for QA but also QA for Al

D. Verellen - 2021
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