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It is only with the heast that one can see rightly; Al+ medical
o “v <7 what is essential is invisible to the eye.”
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WHY
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The medical imaging continuum

“Medical imaging plays a key role in (radiation) oncology[ J; but we
are still facing a use of medical imaging*“

[Welch, Traverso, Jaffray, Chung, “The modern technology of
radiation oncology”, ISBN 978-1-951134-03-7 (2020)]
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N
Images as (unstructured) DATA —

JOURNAL ARTICLE

Editorial: Radiomics: The New World or Another Radiomics: Images Are More than

Pictures, They Are Data’
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p ntial power to facilitate better clinical decision mak-
ing, puruculnrly in the care fp ients with cancer.

, of a critical “tipping point” in
. @ technological capability that will both
iy challenge and enable the clinical and

RADIOMICS EXTRACTIONS research oncology community”
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Al to give structure

ARTIFICIAL INTELLIGENCE

Engineering of making Intelligent
Machines and Programs

MACHINE LEARNING

Ability to learn without being
explicitly programmed

DEEP LEARNING

Learning based on Deep
Neural Network

What is Al for “Algorithms primarily learned from data
Maastro ? (so not pre-specified / based on a

physical, biological or another mechanistic model)”
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Radiomics “renewal”

Great times ahead of us'!

Peak of mflated -

Plateau of
productivity

axpectations

VISIBILITY
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Radiomics does not live in a VACUUM! (a.k.a. OSIRIS for radiomic

lovers!)

Image acquisition
Step 2

Digital pre/post processing

ROI definition

(¥ Maastricht Umc+
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Feature extraction

Feature aggregation

Prognostication, prediction
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Al re-positioning (a.k.a. ETL for radiomic lovers!)

4
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Re-positioning 1

Al Diagnostic tools

Fundamentals Re-positioning 2
Computer vision Radiomics, deep
outside medicine learning
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Re-positioning 3
Pharma, "Al
companion”
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Al landscapes (a.k.a. maturity survey for radiomic lovers!)
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Biological rationale (a.k.a. very hard variables for radiomic lovers!)

Biological rationale @é

Such a disconnect between
predictor model and

biological meaning will

inherently limit broad clinical

translation (of Al). ,,

— R. Gillies, “The biological meaning
of radiomic features” -
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&ﬁ Informed decisions

o5 = £/

Response Side-effects (Immune) Profiling

Tumor,

Tumor Host Host

P (success) = [P (response) — P (side-effects)] x W (Profiling)
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> 1 year

> 1 year

Excluded (n=19)

= s A - . - <2CT (n=6)
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Total N=556

P itis

Data Cleaning Regions of Interest

11P: 30 (5.4%)
OP: 42 (7.6%)

Center B
Center C
Center D

Center E

Center F

! No Pneumonitis

| N=484 (87.1%)
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Center A

DSS: Predicting the differential diagnosis of pneumonitis using data at the time of |
dyspnea manifestation

Feature Extraction Prediction Model
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Clinical varisbles
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Imaging biomarkers

* CAC score
* Cardiac enlargement
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B

-
——
—

L4

Diagnosis: 1P or OP?
Explainability

* Saliency map

* SHAP map
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Sensitivity
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ROC Curves

Decision Curve Analysis

— Clinical Model (AUC=0.67)

Net Benefit
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% | Image selection and quality checl

‘|

% | Semi-automatic delineation of volumes of interest l

Contrast-enhanced CT

Soft or standard tion algori
Slice thickness <5 mm

% Feature extraction
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Histiram Volume

Technical
variables

Volumes of interest

Radiomic

signature

L
| Feature selection and
Mo ‘,-‘ coefficient optimisation

W\

Gene expression signature of CD8 cells

oo I Training

9 [rrrecmn |
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Absolute discretisation
Voxel resampling: 1x1x1mm? v

Gene expression
signature

Pathology
Immune phenotype
s

Clinical response to
anti-PD-1and anti-PD-L1

b
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(D8 cell radiomic score
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0-4

024

Wilcoxon p value =0-013

Stable disease and

disease control

Stable disease,
partial response, and
complete response

Response to anti-PD-1of anti-PD-L1at 6 months
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100 Radiomics-based CD8 cell score
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Hazard ratio =0-58 (95% €l 0-39-0-87)
pvalue = 0-0081
o T T T T T T T T T T
4 8 12 16 20 24 28 32 36 40
Number at risk Time (months)
(number
censored)

High 68(0) 62(1) 54(1) 48(2) 46(2) 37(2) 34(2) 30(4) 27(4) 25(5) 21(H)
Low 69(0) 55(0) 41(1) 31(2) 24(2) 20(2) 20(2) 17(z) 15(3) 13(3) 11(6)

Cytotoxic lymphocytes
Teells

B lineage

Matural killer cells
Myeloid dentritic cells
Endothelial cells

Monocytic lineage

Fibroblasts

- Meutrophils

pvalue
v <005
<01

MOSCATO gene
signature

TCGA radiomic
signature

MOSCATO radiomic
signature

TCGA gene
signature
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Challenges

DATA ACCEPTANCE

Al-ready images? Black boxes?

ICT

RWE
infrastructure?
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STANDARDIZATION
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Original Research Article

feature correction in radiomics

Andre Dekker ®, Rianne Fijten °, René Monshouwer #

PAPER » OPEN ACCESS
Generative models improve radiomics reproducibility in low
dose CTs: a simulation study

Junhua Chen'{®, Chong Zhang', Alberto Traverso', Ivan Zhovannik"2, Andre Dekker”,
Leonard Wee®" and Inigo Bermejo®’

in Medicine by 10P Publishing Ltd
Physics in Medicine & Biology, Volume 66, Number 16

for Image Biomarker Studies

#2) Sergey Primakov S &, {2 Andre Dekker 2 =, {2} Johan Bussink ! 2©, {2} Alberto Traverso 21 = and
2} René Monshouwer 1.1 &2

Learning from scanners: Bias reduction and

Ivan Zhovannik * ® 2 &, |ohan Bussink ?, Alberto Traverso ® <, Zhenwei Shi ®, Petros Kalendralis ®, Leonard Wee 2,

Published 3 August 2021 - @ 2021 The Author(s). Published on behalf of Institute of Physics and Engineering

Segmentation Uncertainty Estimation as a Sanity Check

by #2) lvan Zhovannik 1-23." &2 i} #2) Dennis Bontempi 2 &, (Z) Alessio Romita 2 &, {E) Elisabeth Pfaehler 24 &,

> Phys Med. 2020 Mar;71:24-30. doi: 10.1016/j.ejmp.2020.02.010. Epub 2020 Feb 20.

Machine learning helps identifying volume-
confounding effects in radiomics

Alberto Traverso 1, Michal Kazmierski 2, lvan Zhovannik 3, Mattea Welch 4, Leonard Wee 2,
David Jaffray ®, Andre Dekker 2, Andrew Hope 5

Affiliations + expand
PMID: 32088562 DOI: 10.1016/j.ejmp.2020.02.010

Free article
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% Multi-software
and multi-center
interoperability

&

> Increased
reproducibility
between studies

<+ Data-driven
standardization
and consensus

<+ Dynamic body
of knowledge

+
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\_Radiomics data

radiomics tables &,

— Radiation R2RML
Oncology
A\ Clinical data ontology  R2RML language Triples store
N SeDi
Eposuretee | 361 | i Semantic Semantic PACS
DICOM

\DICOM metadata Ontology SeDl by SOHARD/

7 S, RDF endpoint
3e L I queryable by
shape | intensity 1 ‘ SPARQL
o 1DJxs

: 5 Image Jisation Initiatve
Texture | Wavelet rg:t‘::::ys IBSI compliant
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From: Distributed radiomics as a signature validation study using the Personal Health Train infrastructure

cor:::i::i::?via :::\lr::::rf\e taot :r;: JEMning 8 COK Results returned to
PyRadiomics on - and stored in sites - regressltc:::‘n;odel on - - MAASTRO
Lungl and Lung2 respectively 8
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individual subject level. This is an essential and unique contribution to radiomic investigations,

Radboudumc &

because we hereby demonstrate the concept for carrying out multi-centre radiomic studies
with fully decentralized data. The results obtained with decentralized data were the same as if
all the data had been brought into the same location. However, the unique advantage of our
approach is that no one party needs to risk breaking patient confidentiality by exposing the
original data to another party. Each institutional data owner retains complete control over their

privacy-sensitive patient data, and decides what they wish to share for a collaborative project.
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Proposed solution: management

Updating on grant openings

__ Grant acquisition office (if
e present)

Executive

Collecting strategic lines management
Interacting with governmental agencies

: - : Clinical
Collecting clinical research questions research

Interacting with executive management EEGERELEIEl

Technical

research Collecting clinical research guestions
MEQELEIIE  Interacting with executive management

A
v

Non cancer-
related
research

Cancer-related
research

Key enabling
technologies

Non
degenerative- Algorithms Infrastructures
diseases

Fundamental

Non-solid Degenerative-
tumors diseases

Solid tumors

sciences

Bottom-up approach with feedback systems to align research
with strategic needs
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THANK YOU!
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Doing Al in the
clinic is a bit like
climbing

, \' ::u- ;
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You better trust the experts,
trust your gears, trust yourself,
know what you are doing and
keep the goal in mind
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