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Disclosures

Research collaborations incl. funding, consultancy and speaker honoraria
— Pharma: Roche, Janssen, Bristol-Myers Squibb
— MedTech/Data: Varian - Siemens, Philips, Sohard, Mirada Medical, IQVIA
— Health insurance: CZ Health Insurance

Spin-offs and commercial ventures
— Maastro Innovations B.V.
— Medical Data Works B.V.
— Various patents on medical machine learning & Radiomics

‘:{ Maastricht UMC+ Maastro % Maastricht University



Clinical Data Science @ Maastricht

« Develop global FAIR federated health data sharing

infrastructures . R ‘ " ! c % n
« Use Artificial Intelligence methods to learn from health mi B s S o . {? S
data - :

« Apply Artificial Intelligence to improve health

Cancer, Alzheimer’s, Heart disease, Diabetes,
Parkinson’s, Irritable Bowel Disease, Rheumatoid Arthritis,
COPD, COVID, Pediatric Surgery
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https://www.clinicaldatascience.nl/
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Prediction of survival
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Lung Cancer
2 year survival
158 patients

5 MDs
Prospective
AUC: 0.56
ESTRO 2006

MODELS COMBINING CLINICAL DATA WITH MEDICAL KNOWLED-
GE ARE MORE ACCURATE THAN DOCTORS IN PREDICTING NSCLC

AFTER (CHEMO-)RADIOTHERAPY

Clinical trials, comparative
effectiveness research, molecular
and biologie data

Evaluation of
outcomes

Trans/ormat/'on of

subsequent care
de//'very

Radiotherapy and Oncology, 81, pp.S391-S392. Radiother Oncol. 2014; 112: 37-43 / J Clin Oncol 2010;28:4268
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The main problem of health data is that it is fragmented

i Liver @ Stomach
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Barriers to sharing data

[..] the problem is not really technical [...]. Rather, the problems are ethical,

political, and administrative.
Lancet Oncol 2011;12:933

1. Administrative (I don’t have the resources)
2. Political (I don’t want to)
3. Ethical (I am not allowed to)

4. Technical (I can't)
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A different approach

« If sharing is the problem: Don'’t share the data

. OHeN
» If you can’t bring the data to the research P
* You have to bring the research to the data J%@ " If’umd@b\]@,
MORE * [\ecessih]e
AN
« Challenges o o | D|SC“]SURE ﬂﬁ)@@ﬁ‘@l}“@l?él\].)ﬂ@
— The research application has to be distributed (trains & at must Le o Be %
track)
— The data has to be understandable by an application (i.e. o

not a human) -> FAIR data stations

PERSONAL
HEALTH TRAIN

‘
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A short history of the PHT
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heatth  Health-RI = Defragmentation P |

......... e

The “Computer Assisted Theragnostics” (CAT) project will :
use heterogeneous data from distributed databases in . S N

multiple clinical centres to develop and validate patient o @a@aﬁ
specific prediction models”. : 55@4 A |
euroCAT project (with Siemens) :

Leiden FAIR data, Movie & “Personal Health Train” + - e
KNAW Pitch -> Health RI, NFU Data4LifeSciences

VWS letter, KIA Topsector, PHT Community
Health-RI roadmap & funding (NFU)

NL Al Coalition, Groeifonds, Computable award
Part of the VWS Missions

o,

gt
De Bottom -up benadering Q @ m

Pubmed papers distributed / federated learning
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euroCAT example
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https://distributedlearning.ai/

Stations: 20k challenge and beyond

Table 2

Overview of tools used to make data FAIR. EMR: electronic medical records.

Provider

Amsterdam (NL)

Cardiff (WAL)

Maastricht (NL)

Manchester (ENG)

Nijmegen (NL)

Rome (IT)

Rotterdam (NL)

Shanghai (CN)

Source systems

ETL tools

Data warehouse
Mapping
Graph database

NKI-AVL Tumour
registry

MS 5515

MS 50QL Server

Canisc (Cancer
Network Information
System Cymru, NHS
Wales Information
Services)

MATLAB

M5 50QL Server

HiX (Chipsoft,
Netherlands),
municipality
population registry
(survival data)

SAP Business Objects,
MATLAB

SAP Business Objects

Clinical Web Portal (in
house e-records
system). Mosaiq
radiotherapy oncology
information system.
Medway Sigma Bl
patient administration
system.

Pentaho data
integration, SQL, Java,
Python, R

PostgreSQL

D2RQ

Radiotherapieweb
(in-house EMR),
municipality
population registry
(survival data)

PHP, 5QL, MATLAB

SQL Server

Blazegraph

BOA [12] and Speed
RO

SQL

SQL Server

OpenClinica, Microsoft
Access

MATLAB

Chinese EMR

In-house
software

None

=
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Current Federated Learning projects

VANTAGE J Resources v Documentation v Legal v

1. Decisions support systems for head&neck cancer patients (TRAIN)
2. Al delineation of a lung cancer (ARGOS)
3. Predict outcome in anal cancer (atomCAT)
4, See that Alzheimer’s starts (NCDC)
5. Predict prognosis for brain metastases (AMICUS)
6. Predict treatment sensitivity of lung cancers (Health-Al) ) gt va ntqges
7. Personalized recommendation to prevent cardiac disease (CARRIER) ' , : A:e::’s?r;soa“n':fSiinsfrastfuctwe el [P
8. (Count tr)le number of appendicitis patients currently seen by all general practitioners ; ° o ey

GRIP3
9. Predict prognosis of Alzheimer’s (EPND)
10. Predict if proton therapy works in head & neck cancer (PROTRAIT)
11. Predict outcomes in adolescents and young adults with cancer (STRONG-AYA)

12. Predict lymphoedema in breast cancer radiotherapy (PRE-ACT)

13. Use Radiomics to predict outcomes in lung cancer (TOTALRADIOMICS)

14. Predict cardiovascular risk in Chronic Myeloid Leukemia patients (CMYGUIDELINE)
15. See if COVID changed cancer care in Europe (DIGIONE)

16.  Predict outcomes in difficult to treat Rheumatoid Arthritis (STRATA-FIT) netherlands

[ )
i h integraal
17.  Predict if an artwork is used by criminals to pay each other (PRICELESS) m center KNL l@aﬁgrﬂﬁgmm

18. Combine data from various municipalities to detect poverty (ELSA-LAB)

MEd
DW
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Rare cancers

Predicting outcomes in anal cancer patients using multi-centre data and distributed

learning (N=281)"

Training nodes MAASTRO Leeds Leeds
Oslo Oslo MAASTRO
Validation node Leeds MAASTRO Oslo

High risk disease (compared to low risk disease) 2.52 (0.93—6.78) 1.96 (0.68-5.67) 1.85 (0.71—4.86)

Male sex (compared to female sex) 3.59 (1.55—8.33) 3.83(1.57-9.37) 2.12(0.92—4.90)
Age at the start of RT 1.10 (0.74-1.64) 1.47(0.99-2.17) 1.48 (1.05—2.10)
Primary tumour GTV 1.04 (1.00-1.08) 1.08 (1.03—-1.13) 1.07(1.03—1.11)
Primary tumour dose (EQD2) 0.97 (0.46—2.04) 0.35(0.14-0.87) 0.97(0.59—1.59)
Validation c-index 0.70 0.73 0.68

Cox Model trained on all data : 0.72 0.74 0.70

* Radiotherapy and Oncology (2021) v159 p183-189,
https://doi.org/10.1016/j.radonc.2021.03.013

Maastricht UMC+ Maastro

atomCAT2, 16 cancer centers

Leedsno ~

Leeds, UK

Oslo, Norway
Maastricht, Netherlands
Hull, UK

Amsterdam , Netherlands
Nicosia, Cyprus

Cardiff, UK

Lisbon, Portugal

Rome, ltaly

Poznan, Poland
Manchester, UK
Oxford, UK

Aachen, Germany
Cambridge, UK
Liverpool, Australia

1605 patients
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Model Based Indication — Federated Learning

||

"I'he Dutch initiative for the model-based selection of patients for proton therapy-A federated

learning IT infrastructure.

Petros Kalendralis®, Matthijs Sloep?, Jasper Snel’?, Nibin Moni Georgel, Johannes A. Langendijk?,
Martijn Veening?®, Andre Dekker!?, Johan Van Soest®!, Rianne Fijten?
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Open issues

« Making data FAIR (->working on better tools)

« Legal/governance still taking long (->we have
standardized a lot)

» Trusted trains / Federated learning library (-
>working on a this library)

« Different federated learning implementations

« Paying for data, data market, de-risk data sharing,
forcing data sharing (-> commercial model in

TRACK PROVIDER

development with IQVIA 37

p Q ) /,/'\‘\\L’(; /‘, ) p . \ %L/A\\

o Data trace (STATION :ROVIDER> “\’j ,US i_a /TRAIN PROVIDER

. . . \ (Hospital) » /—-\(\ - (lén:\er:;iy/ )

* Vertical partitions with large N N » N KJ’ )
«  MPC with complex machine learning ( ey DES“SE’JEZLEn’;’;i"::i;?ir:;“;il‘m
. . L. N Joint Controller Annex / Agreement

« Consent, automated ethics (-> working on it in EU

project)
« N=1 stations, rare diseases
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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

www.clinicaldatascience.nl
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