{ :f Maastricht UMC+

Voorspellen van de uitkomst van
longkankerbehandelingen

Andre Dekker
Medical Physicist | Professor of Clinical Data Science
Maastricht UMC+ | Maastricht University | Maastro Clinic

Themadag Radiotherapie | Cataharina Ziekenhuis Eindhoven | 14.00 - 14.25 (20 + 5)

{ jf Maastricht UMC+ U2

Maastricht University



Prediction of survival
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Prediction of individual outcomes is difficult
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Potential of Real World Data & Artificial Intelligence
Learning Health Care System — Faster Innovations & Better
QOutcomes

Clinical trials, comparative
effectiveness research, molecular
and biologie data

Information-rich,
patient-focused

data
Evaluation of
outcomes

Transformation of Data
sub;equem care aggregation
elive ' l

ry evidence
generation
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General Al (outcome modeling)

approach

Model building
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Lung cancer - Survival
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Table 1

Cohort information. NSCLC: non-small cell lung cancer. SBRT: stereotactic body radiotherapy. RT: radiotherapy. CHART: continuous, hyperfractionated, accelerated radiotherapy.
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Deist, T. M. et al Radiotherapy and Oncology 144, 189-200 (2020).
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Interval

Treatment

-1V (histologically

I-IV, histo-cytologically
ipheral stage I, 2) stage 111

-1V (either clinical diagnosis
[ly confirmed)

[-IV (either clinical diagnosis
lly confirmed)

-1V

-1V

January 2008-August 2016

October 2004-May 2018

1) 2005-2016, 2) 2008-2013
2004-2017

1997-2018

1982-2018

1955-2018

1971-2018

(Chemo-)radiotherapy, surgery, chemotherapy.

Filtered for having last follow-up records in 2018 or documented
vital status.

(Chemo-radiotherapy, chemotherapy, surgery, multimodality
treatment.

1) SBRT only, 2) concurrent (chemo-)radiotherapy, surgery.
Definitive radiotherapy (55 Gy in 20 fractions, CHART, concurrent
or sequential chemo-radiotherapy or other standard/accepted
radical radiotherapy schedules) excluding SBRT or post-surgery
adjuvant RT.

First available T, N, and M staging information of lung cancer
patients treated with curative and palliative RT. Includes post-
surgery RT, (chemo-)radiotherapy, recurrences.

First available T, N, M, and overall staging information of lung
cancer patients treated with curative and palliative RT. Includes
post-surgery KT, (chemo-)radiotherapy, recurrences.

First available T, N, M, and overall staging information of lung
cancer patients. Includes surgery, (chemo-)radiotherapy.

First available T, N, M, and overall staging information of all lung
cancer patients treated with curative and palliative RT. Includes
post-surgery RT, (chemo-)radiotherapy, recurrences, SBRT.
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Predicted probability
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Lung cancer - Survival

——— DISCOVERY — TEST —
— TRAINING —— TUNING — METHODS — TESTING —
HarvardRT Radboud - Maastro
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PLoS Med 2018 15(11): €1002711.
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Lung cancer - Distant metastasis after SBRT

A
Tianjin set ~ lasso g nnf::(::;on opist Radiomics A - B
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Image acquisition ROI Identification Feature extraction
Model Training set Over-optimistic  External
@ correction validation set
(95%CI) (95%CI) (95%CI)
Shaps ¢ CT 0.819 0.804 0.786
"] A (0.745-0.892) (0.728-0.880) (0.641-0.971)
' "‘fw\ PET 0.763 0.735 0.804
L Ok — (0.678-0.848)  (0.646-0.824) (0.681-0.927)
—— o CT + PET 0.835 0.828 0.819
(0.780-0.8g1) (0.757-0.898) {0.692-0.947)
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Lung cancer — Distant metastasis
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Distant metastasis

AIC improvement with density*dose interaction

Link between
peritumoural density and
distant failure is modified

by the dose variability
outside the PTV

SD EQD?2 at distance from GTV (cm) ,

Mean CT densnyhal distance from GTV (cm) y - -
Multivariable P-value With interaction Without interaction

S Density parameter 0.042* 0.303
-index: 0.
Significantly improved model for 55% of Dose parameter 0.023* 0.703
bootstrap resamples. Density*Dose 0.025* -—--
**correcting for age, sex, tumour location, tumour motion, tumour volume.
Davey et al. Front Oncol 2022 >

‘:{ Maastricht UMC+ Maastro < Maastricht University



z note on KUE, aetermlnlsm, preva‘ence, co”ort Size, operating
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Lung cancer — Model based indications for proton therapy

Radiatiepneumonitis graad 2 2 AUC 0.63
NTCP = ——

1+e—5
Waarbij:

§=—-412+0.138 « MLD — 0.3711 = (Roken: gestopt) — 0.478 * (Roken: actief) +
0.8198 = (Pulmonale comorbiditeit) 4+ 0.6259 » (Tumor locatie) +
0.5068 * Leeftijd 4+ 0.47 * (Sequentiéle chemotherapie)

Variabelen:

MLD Gemiddelde longdosis (Gy) op basis van intekening longen — GTV.
Roken: gestopt Gestopt met roken = 1, nooit of actief roker = 0.

Roken: actief Actief roker = 1, nooit gerookt of gestopt =0.

Pulmonale co-morbiditeit COPD of andere pre-existente longziekte = 1, Geen =0.

Tumor locatie Midden-/onderkwab = 1, bovenkwab = 0.

Leeftijd >63 jaar = 1, <63 jaar = 0.

Sequentiéle chemotherapie |Ja=1,nee=0.

"/ Maastricht UMC+ Maastro

Slokdarm toxiciteit graad = 2
_1 AUC 0.73
NTCP = S
1+e—S
Waarbij:

S = —3.634+ 1.496 * In(MED) — 0.0297 = (Interval start-stop RT)

Variabelen:
MED Gemiddelde oesophagus dosis (Gy).
| Interval start-stop RT | Overall treatment time in dagen.

2-jaars mortaliteit AUC 0.64

NTCP = ——
1+e—S

Waarbij:
S = —1.3409 + 0.0590 + SQRT (GTV) +0.2635 » SQRT{MHD)

Variabelen:
GTV Volume (cm?) van GTV van tumor en klieren.
MHD Gemiddelde hartdosis (Gy).
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Performance vs Comprehensibility

Table 3 | Comparisons between human evaluations and different types of Al approaches

Approaches Model Performance Reproducibility Dependency Development Running Around- Update
comprehensibility on prior and training costs the-clock costs
knowledge  costs? availability

Human evaluation High Moderate or Moderate High High High Low High
high

Rule-based algorithms  High Moderate or  High High Moderate or Low High High
high high

Feature-based machine- Moderate or high Moderate or  High Moderate® Moderate Low High Moderate*

learning methods high

Deep artificial neural Low or moderate High High Low Moderate Low High Low

networks

Yu et al, Nat Biomed Eng 2018;2:719
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Lung cancer - Radiation pneumonitis
Tianjin (n=314+35, RP~21%), RTOGO0617 (n=184 + 198, RP e

Testset 1 e
Training set z : weight ,|:I|u-.'||||'l'| by Repeat 10 times |
c [train and validation Testset2 - | Test set 2 i
set for model \ i eloht sdiust
construction) ! 40 patients i
% Testsets | o paticss »  Testset3 i
I, _ i
O n
Cr y
A E23) g
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RD
"\_ - -/F\\_,
] ||

AUC
0.83
0.65
0.70

Attention scale
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Correlation # Causation

* Proton vs. Photon, Surgery vs. SBRT
« Explainable, unbiased Al needed
« Causal models -> human input needed  swi@e

/\2\ L%/
Smo tatus
I Treatment l'i N U"'tc',:'}l
T Treatment Effect, Y
Estimation \
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Key Messages

« Humans are not very good at predicting multifactorial outcomes
« Al can predict outcome better than humans, but when modeling consider
« Training and Validation Data, Biases, Quality
« Discrimination AND Calibration
« Actionable insights
* New insights
* Interpretability
e Causality

U2
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. . Pressure-Volume Loops in Cardiac Surgery
Who Is this?

Proefschrift

ter verkrijging van de graad van doctor
aan de Universiteit Maastricht,
op gezag van de Rector Magnificus,
Prof.dr. A.C. Nieuwenhuijzen Kruseman,
volgens het besluit van het College van Decanen,
in het openbaar te verdedigen,
op vrijdag 12 september 2003 om 14:00 uur

dnnr

André Dekker
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And then this...FaceAge project

++ n
@ 1R SDK Products Solutions Pricing Resources Support Console Sign Up

Cognitive Services

Compare Result Response JSON

Is same person: Probability very high.
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FaceAge

input

Discovery Datasets (n=58,851)

Training Dataset | IMDB-WIKI

83 56,304 famous and healthy individuals

Manually curated and focused on
older individuals

Technical Validation | UTK

2,547 healthy individuals with
matched ages and ethnicity labels

c | Clinical Experiments Eﬁ

. Maastricht UMC+

2,

Lifestyle
Factors

FaceAge Prediction
FaceAge = 40

output

Face Face Feature
Localization Extraction

Clinical Validation Datasets (n=6,196)

MAASTRO-Biobank % Harvard-Thoracic

@ 4,906 patients @ 573 patients

3

including clinical outcomes T

1l

noo
d °F

Cancer Types Clinical Prediction
and Stages Outcomes Models

Zalay, Bontempi et al. Submitted
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Basic clinical information q Afref1 A .
asic clinica SIEGLE Detailed clinical information

Harvard-Palliative

@ 717 patients

|:| Stage I-1Il mlf"lP'e cancer types Stage I-1ll thoracic cancer Stage IV metastatic disease
treated curatively treated curatively treated palliative

Detailed clinical information
and outcomes

3 Publiclyavailable data

Human Subjects Experiments

Expert+
FaceAge

10 humans, n=100 cases (Harvard-Palliative)
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FaceAge
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Looking oldes

FaceAge — Age
o

—§
-10-
—20- 1
Reference E Combined MAASTRO Harvard
UTK > 60 ALL ALL Breast GI Lung GU H&N Other ALL Thoracic  Palliative
(n=671) (n=6196) (n=4906) (n=1337) (n=1003) (n=737) (n=843) (n=456) (n=530) (n=1290) (n=573) (n=717)

Zalay, Bontempi et al. Submitted
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Clinical Data Science research aims

1. Get access to all data of all people in the world

2. Learn personalized health prediction models from
data

3. Apply prediction models to improve health

Cancer, Alzheimer’s, Cardiovascular disease, Diabetes,
Heart Failure, Parkinson’s, Irritable Bowel Disease,
Orthopedic Surgery, Rheumatoid Arthritis, Pediatric
Surgery, Balance disorders, Hip dysplasia
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Thank you for your attention
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