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Data driven healthcare
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Big Data in healthcare

A 2/3petabytesin averagehospital
(1500 year of music on a mobile phone)
A Growth 2640% per year
A 80% unstructured
T mostly imaging
i diverse origin (CT, MR, US, 2D, 3D, 4D)
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Big Data?

20052015
140M patients

0.1-10GBper patient
14-1400PB

0 unstructured
%85 o0

Liver @ Stomach
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The problem of Big Dataz The doctoris drowning

A Explosion of data
A Explosion of decisions
A %opl 1 OET 1

i £ OAOEL

A 3%in trials, bias

e A_Sharp knife
‘| O dannot predictoutcomes

of individuald-OAAGT Al 060D

ettt
*2010: 1574 & 1354 articles on lung cancer & radiotherapy = 7.5 per day S
Haltlife of knowledge estimated at 7 years (in young students)
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Prediction by MDs?

NSCLC o
. 50
2 year survival m -
30 patients ™ £
8 MDs g @
Bw
Retrospective 2 4
AUC: 0.57 a
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NSCLC o -
2 year survival Glame Qlain Cla Ousita
i 158 patients Pinwe 3. P et bl st et 5 3
: 5MDs Unskilled and unaware of iHow difficulties in
Prospective OAAI CTEUETC 1TABO 1 x1 EIAI
= AUC: 0.56 selfassessmentslPersSocPsych
B T oberleetal Krugeret al. 1999
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Evidencebased medicine inRad.Onc?
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A In radiotherapy we treat patients usirgpmplicated(rapidly-changing) technology

A Getting RCT evidence on technology is héwétenlate: e.g. protons

A This will become worse as our knowledgfecancer and technology increases

Future radiotherapy practice will be based on evidence from retrospective

interrogation of linked clinical data sources rather than prospective
randomized controlled clinical trials
Andre L. A, J. Dekiar, Ph.D.
AR i, T,
Tt SRR 443566 i b et
Sarah L. Guliford, Ph.D

ieparncat of Phyvics, Rapol Marsden NI Fosndoion Trustand The it of Cancer Resear.
Kingoms

Al 13 Chtnber 2013 accepied for publicatian 14 October 2013; publishes 4 Februsey 7014
o eg/1 01111841 4832139]
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Rapid-learning healthcare
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The potential of Big Data- Rapid Learning Health Care

s e
o

In [..]rapid-learning [..] data routinely o
generated througtpatient care and s
clinical researctfeed into an ever
growing [..] set otoordinated -
databases

JClinONcol2010;28:4268

VEG
Big Data

Evaluation
of Outcomes f§

[..] rapid learning [..] where we can
learn from each patientto guide
practice, is [..] crucial to guide rational
health policy and to contain costs [..]. ‘\J\/'

Lance©Oncol2011;12:933 Y o
Examples: ”""‘;ﬁ":"wwon -
DLRACAT fa.eurocat.infy s pioiinsd
| 3 # CanCerLinQ
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Data landscape

A Clinical research
A 3% of patients
A 100% of features
A 5% missing
A 285 data points

A Clinical registries
A 100% of patients
A 3% of features
A 20% missing
A 240 data points

A Clinical routine
A 100% of patients
A 100% of features
A 80% missing
A 2000data points
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Data Landscapez completing data

Data elements

swaned
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http://www.eurocat.info/

Data Landscapez who has what?

Data elements

swaned

@ By maastricht University v 1) Masstricht uMC

19
ERiK© 201

A different approach

A If sharing is the problenA | islfac® thedata!
AfUT 6 AAT 80 AOEIT C a@pplkatidnAOA O1 OEA 1 AAC
youhave to bring the learning application to the data

A Consequences
T The learning application has to ttistributed
A A federated learning network.
i Thedata has to be understandable by an application ¢@mputer, nota humary

A Semantic Interoperabldy FAIRfy medical databases

EuroCAT: distributed learning network

Maastricht

Eindhoye,

ety

Deist, T.M, etal., doi:10.1016/j.ctr0.2016.12.004
hitps://youtu.be/ZDIFOXpWAEA
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CORAL: Community in Oncology foRApid Learning
n

meerCAT

Lung- Dyspnea
™ U Michigan
B MAASTRO
W The Christie ®

Interest to join
W Erasmus (Breast)
BCCA (Breast)

Bloemfontein (Cervix)
m Odense (HN, Lung)

m Aalst (Lung)
W McGill (Brain) EE gone
canCAT duCAT Radiomics
Lung SBRTControl Lung-Dysphagia ~ MMAASTRO
EMAASTRO Tata Memorial

Princess Margaret
B MAASTRO W Radboud

NKI
Map ©CopyrightShoweet.com -
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euroCAT
Lung-Survival
W UK Aachen
W LOC Hasselt

W Catharina
MAASTRO
m B CHU Liege

worldCAT

Rectum Local Contro
m Fudan
W Rome/EU
W RTOG/NRG

0zCAT
Head&NeckSurvival

W Liverpool

W lllawarra

M Newcastle

W Westmead

B MAASTRO

B RTOG/NRG
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Data stewardship and management

Working towards FAIR data stations
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Towards semanticweb technology

High

Semantic
g | Clarity a
o '

Ontologies. god®
Taxonomles oL
Enterprise Data Models Conceptaps.
Controlled Vocabularies -
AR N A Standard namingconventions
i A AAPMTG263
A Standard data collectioprotocols
w i 51 AOAdancérdaid.6ra/protocols
i
TimelMoney

D i mkbergman. com/a7aian - inrepid -guide’ -to-ontologies!
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The FAIR Guiding Principles for scientific
data management and stewardship
Mark . Wikinson, Wichwl Dumontier | | Barand Mom

a | Contributions | Corresponding suthor

3410 1030data 2016

12 February 2016 | P

Principles to enhance the value oéll digital resources
and their metadata.
data, images, software, web services, repositories

FAIR da‘[a Emms Accesslble |n|evoperame R‘;ws\e
O & O

A Findable the data should beniquelyand persistentlyidentifiable(PID) ancbther
researchers should be able find your data.

A Accessible: theonditionsinder which the data can be used shoulddbearto
machines and humans.

A Interoperable: data should beachinereadableand useterminologies
vocabulariesorontologieghat arecommonly useth the field;

A Reusable: compliant with the above and sufficiently well described wittadata
andprovenance informatiosp that the data sources can bekedor integrated
with other data sources and enable propgtation.
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Rapid Adoption of Princibles

= EUROPEAN COMMISSION
Developed and endorsed

by researchers, publishers, G 2 s
funding agencies, industry ..
partners.

As of May 2017,
100+ citations since 2016
publication

Included in G20
communique, EOSC,
(WYowoh . ) (h

o
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European Open Science Cloud

Eu ropean Amtnt ot st
Cloud

Initiative ®

Building a competitive data Linking data

and knowledge economyin
Europe

Improving science

Long term
and sustainable http:/bit.ly/cloudeu
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Data as increasingly FAIR Digital Objects
Re-useless data (80%) Findable FAIR metadata
= A (@ B (@ C
(i) [romm—
e ==
s | | —
FAIR data- FAIR data- FAIR data- FAIR + closed
restricted access Ooi Access

Open AccessFunctionally Linked

e (557

Mons 2017, DOI10 32331SU-170824
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Evaluation 40 repositories
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= Linked Open Data
ey

http://lod-cloud.net/

LODclouddiagram
overview of datasets
published in Linked Data
format, with rich metadata
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SAM questions

A Why are doctors bad at predicting outcomes?
A. They get confused by too much data
B. They have too many options to choose from
C. There is not enough good evidence to make a choice
D. All of theabove
What is the best way to validate a model?
A. Bootstrap your training set to create a validation set
B. Send the model to another hospital and have them validate it
C. Get data from another hospital to validate
D. Split your own data before modelling into a training and validasie
What is generally the best way to improve models in machine learnin  «In God we trust.
A. Remove outlying patients from the training dataset All others must
B. Extend the training dataset with more patients bring data”.

>

>

C. Extend the training dataset with more features W Edwards Deming
D. Use a better machine learning algorithm

<<
N
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Thank you for your attention

3 \&\){\K{ < For more information:
o |

| MAASTR www.eurocat.info
e www.predictcancer.o
Erik Roelofs, PhD www.ggg;grdata.orgrg
oot \ www.mistir.info
<31 (0) B8 a8 55 666 | www.prodecis.org
eiksosehamaasont | www.maastro nl
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FAIR adoption by European Commission

RESEARCH DATA - OPEN BY DEFAULT

.m.é..@ Jﬁ,ﬁ,‘,‘,‘ [ L

TROICTS MUST WAV

Fiable

@.n,.u.

ik owmire  provide com access 0 ATy
apem access 1o the data  other research data of |

HORIZON 2020 GRANTEES ARE REQURED

By mzastricht University ‘3 (7 maasticht umice

ERi 2017

a1

12



Model based approach o

Proton therapy introduction in the Netherlands
Expensive and only 1800 slots
ALARA-> protons for reduced toxicity
RCT-> protonsfor better survival/contrd
i i and

P

(e.g.
(HN, GBM, Lung, Breast, Prostate)
I s (Y TP sl

il for ot (73 %)

il fe BT (16%)

15 gt g (1%)

‘Widder et alhttp:/idx.doi.0rg/10.1016/Ljrobp.2015.10,004
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Model based approach

A [

Cheng et alhitp:/dx.doi.org/10,1016/jradonc. 2015.12.029

‘Widder et aljttp:/idx.doi.0rg/10.1016/jrobp.2015.10.00
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There is an app for that

PredictCancer.org

* Endometrium cancer

[ Hasd & neck canoer
S e e e— * Brain metastases

Wislcoms to the ProdciCancer.ara
DG Lung cancer

Prostate cancer

dh -
@ [ TITIETE * Rectum cancer
Q s

Pt

B N eo) (PR 3 ) s
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Modelbasedproton therapy

ProtonDecisiorSupport (PRODECIS)

Data input
— =1 Comparison
[: =9 .
&2 v _ _ =
. d
= =]
-y oy S
Dose  Complication: Costs

. T @ B2y mnasstricht university Q@

Modelbased proton therapy

Proton Decision Support (PRODECIS)

~ . * Comparison
— =2

=D

3 + 3

Dose  Complication: Costs
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=) Optimal
treatment
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