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Disclosures

• 50% MAASTRO clinic; 50% Maastricht University ( ptTheragnostic)

• Research collaborations/funding
– Varian (VATE, chinaCAT, euroCAT), Siemens (euroCAT), Sohard (SeDI, CloudAtlas), Mirada 

Medical (CloudAtlas), Philips (EURECA, TraIT, SWIFT-RT), Xerox (EURECA), De Praktijkindex
(DLRA), ptTheragnostic/DNAMito (CTO: PRODECIS)

• Public research funding
– Radiomics (USA-NIH/U01CA143062), euroCAT(EU-Interreg), duCAT (NL-STW), EURECA (EU-

FP7), SeDI & CloudAtlas (EU-EUREKA), TraIT (NL-CTMM), DLRA (NL-NVRO)
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"Data! Data! Data!”

he cried impatiently. 

"I can't make bricks
without clay."

Sherlock Holmes
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Data driven healthcare
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Big Data in healthcare

• 2/3 petabytes in average hospital

(1500 year of music on a mobile phone)

• Growth 20-40% per year

• 80% unstructured

– mostly imaging

– diverse origin (CT, MR, US, 2D, 3D, 4D)
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Big Data?

Oncology
2005-2015
140M patients
0.1-10GB per patient
14-1400PB
80% unstructured
100k hospitals
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The problem of Big Data – The doctor is drowning

• Explosion of data

• Explosion of decisions

• Explosion of ‘evidence’*

• 3 % in trials, bias

• Sharp knife

*2010: 1574 & 1354 articles on lung cancer & radiotherapy = 7.5 per day

Half-life of knowledge estimated at 7 years (in young students)

J Clin Oncol 2010;28:4268, JMI 2012 Friedman, Rigby,  BMJ Clinical Evidence

“We cannot predict outcomes 
of individual treatments”
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Prediction by MDs? 

NSCLC

2 year survival

30 patients

8 MDs

Retrospective

AUC: 0.57

NSCLC

2 year survival

158 patients

5 MDs

Prospective

AUC: 0.56

Oberije et al. 

Unskilled and unaware of it: How difficulties in 

recognizing one’s own incompetence leads to inflated 

self-assessments. J Pers Soc Psych

Kruger et al. 1999
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Evidence-based medicine in Rad.Onc.?

• In radiotherapy we treat patients using complicated (rapidly-changing) technology

• Getting RCT evidence on technology is hard (often late: e.g. protons)

• This will become worse as our knowledge of cancer and technology increases

Rapid-learning healthcare
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The potential of Big Data - Rapid Learning Health Care

In [..] rapid-learning, [..] data routinely 
generated through patient care and 
clinical research feed into an ever-
growing [..] set of coordinated 
databases. 
J Clin Oncol 2010;28:4268

[..] rapid learning [..] where we can 
learn from each patient to guide 
practice, is [..] crucial to guide rational 
health policy and to contain costs [..].
Lancet Oncol 2011;12:933

Examples: 
DLRA, CAT (www.eurocat.info) 
ASCO’s CancerLinQ
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Data landscape

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

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

• Clinical routine
• 100% of patients
• 100% of features
• 80% missing
• 2000 data points

Data elementsP
a

tien
ts
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Data Landscape – completing data
Data elements

P
atien

ts

http://www.eurocat.info/
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Data Landscape – who has what?
Data elements

P
atien

ts
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A different approach

• If sharing is the problem: don’t share the data!

• If you can’t bring the data to the learning application,

you have to bring the learning application to the data 

• Consequences

– The learning application has to be distributed

• A federated learning network.

– The data has to be understandable by an application (i.e. computer, not a human)

• Semantic Interoperable  FAIRify medical databases
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EuroCAT : distributed learning network

Deist, T.M., et al., doi:10.1016/j.ctro.2016.12.004
https://youtu.be/ZDJFOxpwqEA
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CORAL: Community in Oncology for RApid Learning
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meerCAT
Lung - Dyspnea

U Michigan
MAASTRO
The Christie

Map © Copyright Showeet.com

canCAT
Lung SBRT - Control

Princess Margaret
MAASTRO

BIONIC
Radiomics

MAASTRO
Tata Memorial

duCAT
Lung - Dysphagia

MAASTRO
Radboud
NKI

euroCAT
Lung - Survival

UK Aachen
LOC Hasselt
Catharina
MAASTRO
CHU Liege

Interest to join
Erasmus (Breast)
BCCA (Breast)
Bloemfontein (Cervix)
Odense (HN, Lung)
Aalst (Lung)
McGill (Brain)

ozCAT
Head&Neck - Survival

Liverpool
Illawarra
Newcastle
Westmead
MAASTRO
RTOG/NRG

worldCAT
Rectum - Local Control

Fudan
Rome/EU
RTOG/NRG

Data stewardship and management

Working towards FAIR data stations
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reporting of data
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Towards semantic web technology

http://www.mkbergman.com/374/an-intrepid-guide`-to-ontologies/

• Standard naming conventions
• AAPM TG 263
• Standard data collection protocols

(Umbrella’s) : cancerdata.org/protocols
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Principles to enhance the value of all digital resources 

and their metadata.

data, images, software, web services, repositories

nature.com/articles/sdata201618
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FAIR data

• Findable: the data should be uniquely and persistently identifiable (PID) and other 

researchers should be able to find your data.

• Accessible: the conditions under which the data can be used should be clear to 

machines and humans.

• Interoperable: data should be machine-readable and use terminologies, 

vocabularies, or ontologies that are commonly used in the field;

• Reusable: compliant with the above and sufficiently well described with metadata

and provenance information so that the data sources can be linked or integrated

with other data sources and enable proper citation.
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Rapid Adoption of Principles

Developed and endorsed 
by researchers, publishers, 
funding agencies, industry 
partners.

As of May 2017, 
100+ citations since 2016 
publication

Included in G20 
communique, EOSC, 
H2020, NIH, and more…
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European 
Cloud 
Initiative
Building a competitive data 
and knowledge economy in 
Europe

European Open Science Cloud

http://bit.ly/cloudeu
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FAIR + open

FAIR + closed

unknow, closed, 
‘unfair’

Mons 2017, DOI:10.3233/ISU-170824
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Evaluation 40 repositories
@micheldumontier::#DANSLOD:2017-05-01

33
ER(iK) © 2017

LOD cloud diagram
overview of datasets 
published in Linked Data 
format, with rich metadata

Linked Open Data

http://lod-cloud.net/
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SAM questions
• 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 the above

• 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 validation set

• What is generally the best way to improve models in machine learning?

A. Remove outlying patients from the training dataset

B. Extend the training dataset with more patients

C. Extend the training dataset with more features

D. Use a better machine learning algorithm
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FAIR adoption by European Commission
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Model based approach
• Proton therapy introduction in the Netherlands

• Expensive and only 1800 slots

• ALARA -> protons for reduced toxicity

• RCT -> protons for better survival/control

• Evidence-based (e.g. paediatric) and model-based indications 
(HN, GBM, Lung, Breast, Prostate)

Widder et al. http://dx.doi.org/10.1016/j.ijrobp.2015.10.004
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Model based approach

Widder et al. http://dx.doi.org/10.1016/j.ijrobp.2015.10.004

Cheng et al. http://dx.doi.org/10.1016/j.radonc.2015.12.029
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There is an app for that

http://dx.doi.org/10.1016/j.ijrobp.2015.10.004
http://dx.doi.org/10.1016/j.ijrobp.2015.10.004
http://dx.doi.org/10.1016/j.radonc.2015.12.029
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Dose Complications Costs

Comparison

Data input

Model-based proton therapy
Proton Decision Support  (PRODECIS)
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Dose Complications Costs

Comparison

Optimal 
treatment

Model-based proton therapy
Proton Decision Support  (PRODECIS)
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The example of … healthcare efficiency
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euroCAT basic setup

• Keep data locally

• Standardize it according to 
an ontology

• Make and send around 
learning (query & calculate) 
“bots”

• Learn prediction models for 
cancer

• Share the prediction model  
– not the data!
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Distributed learning - math
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RDF Graph example

Patient
(ncit:C16960)

Age at start RT
(roo:100003)

Year
(uo:UO_0000036)

Value

Non-small cell lung 
carcinoma

(ncit:C2926)

Sex
(nci:C20197 and 

nci:C16576)

Value

Hospital
(ncit:C19326)
(uri=http://

www.uhn.ca/
PrincessMargaret)

Month
(uo:UO_0000035)

Value

Survival
(roo:100063)

Vital Status
(ncit:C37987 or 

ncit:28554)

FEV1
(nci:C38084)

Percentage FEV1
(nci:C112376)

Liter
(uo:UO_0000099)

Value

Percent
(uo:UO_0000187)

Age at diagnosis
(roo:100002) Year

(uo:UO_0000036)

Value

ECOG performance 
status

(nci:105722
nci:105723
nci:105725
nci:105726
nci:105727
nci:105728)

Value

Positive Lymph 
Node Stations
(roo:100049)

Count
(uo:UO_0000189)

has_unit
roo:100027

Value

DateTimeDescription

Clinical TNM 
Finding

(ncit:C48881)

Generic T-stage 0-4
(ncit:48719)
(ncit:48720)

 .
(ncit:48732)

h
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s_
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Diagnostic 
Procedure

(ncit:C18020)

Volume of primary 
tumor

(roo:100054)

h
a

s_
vo

lu
m

e
(r

o
o

:1
0

0
3

1
5

)

Cubic centimeter
(uo:UO_0000097)

Value
RT Structure Set

(sedi:RTStructureSet)
MIA Version

(mia:<version>)

AJCC Edition
(roo:100052)
(roo:100053)

Radition Therapy 
(ncit:C15313)

OR

SBRT
(ncit:C118286)

Prescribed 
Radiotherapy Dose

(roo:100013)

Gray
(uo:UO_0000134)

Value
(xsd:double)

No. RT Fractions 
Per Treatment
(roo:100356)

Value
(xsd:integer)

No. RT Fractions 
Per Day

(roo:100355)

Value
(xsd:integer)

Delivered 
Radiotherapy Dose

(roo:100012)

Gray
(uo:UO_0000134)

Value
(xsd:double)

First radiotherapy 
fraction

(roo:100058)

Last radiotherapy 
fraction

(roo:100059)

Histology
(nci:2926
nci:2852
nci:3780
nci:2929
nci:2852
nci:3915)

DateTimeDescription

DateTimeDescription

DateTimeDescription
at_date_time
roo:100041

DateTimeDescription

Pneumonitis
(ctcae:Pneumonitis)

Fracture
(ctcae:Fracture)

Rib
(fma:fma7574)

DateTimeDescription

DateTimeDescription

Reaction
(ctcae:Radiation_re
call_reaction_derm

atologic)

DateTimeDescription

at_date_time
roo:100041

Fatigue
(ctcae:Fatigue)

DateTimeDescription

at_date_time
roo:100041

Dyspnea
(ctcae:Dyspnea)

DateTimeDescription

at_date_time
roo:100041

Couch
(ctcae:Couch)

DateTimeDescription

at_date_time
roo:100041

Anorexia
(ctcae:Anorexia)

DateTimeDescription

at_date_time
roo:100041

DateTimeDescription
Dysphagia

(ctcae:Dysphagia)
at_date_time
roo:100041

DateTimeDescription
Hemoptysis
(nci:C3094)

at_date_time
roo:100041

DateTimeDescription
Esophagitis

(ctcae:Esophagitis)
at_date_time
roo:100041

DateTimeDescription
Pulmonary Fibrosis
(ctcae:Pulmonary_fi

brosis)

at_date_time
roo:100041

DateTimeDescription
Brachial plexopathy
(ctcae:Brachial_plex

opathy)

at_date_time
roo:100041

Patient
(ncit:C16960)

Age at start RT
(roo:100003)

Year
(uo:UO_0000036)

Value

Non-small cell lung 
carcinoma

(ncit:C2926)

Sex
(nci:C20197 and 

nci:C16576)

Value

Hospital
(ncit:C19326)
(uri=http://

www.uhn.ca/
PrincessMargaret)

Month
(uo:UO_0000035)

Value

Survival
(roo:100063)

Vital Status
(ncit:C37987 or 

ncit:28554)

FEV1
(nci:C38084)

Percentage FEV1
(nci:C112376)

Liter
(uo:UO_0000099)

Value

Percent
(uo:UO_0000187)

Age at diagnosis
(roo:100002) Year

(uo:UO_0000036)

Value

ECOG performance 
status

(nci:105722
nci:105723
nci:105725
nci:105726
nci:105727
nci:105728)

Value

Positive Lymph 
Node Stations
(roo:100049)

Count
(uo:UO_0000189)

has_unit
roo:100027

Value

DateTimeDescription

Clinical TNM 
Finding

(ncit:C48881)

Generic T-stage 0-4
(ncit:48719)
(ncit:48720)

 .
(ncit:48732)

has_clinical_t_stage
roo:100244

Diagnostic 
Procedure

(ncit:C18020)

Volume of primary 
tumor

(roo:100054)

ha
s_

vo
lu

m
e

(r
oo

:1
00

31
5)

Cubic centimeter
(uo:UO_0000097)

Value
RT Structure Set

(sedi:RTStructureSet)
MIA Version

(mia:<version>)

AJCC Edition
(roo:100052)
(roo:100053)

Radition Therapy 
(ncit:C15313)

OR

SBRT
(ncit:C118286)

Prescribed 
Radiotherapy Dose

(roo:100013)

Gray
(uo:UO_0000134)

Value
(xsd:double)

No. RT Fractions 
Per Treatment
(roo:100356)

Value
(xsd:integer)

No. RT Fractions 
Per Day

(roo:100355)

Value
(xsd:integer)

Delivered 
Radiotherapy Dose

(roo:100012)

Gray
(uo:UO_0000134)

Value
(xsd:double)

First radiotherapy 
fraction

(roo:100058)

Last radiotherapy 
fraction

(roo:100059)

Histology
(nci:2926
nci:2852
nci:3780
nci:2929
nci:2852
nci:3915)

DateTimeDescription

DateTimeDescription

DateTimeDescription
at_date_time
roo:100041

DateTimeDescription

Pneumonitis
(ctcae:Pneumonitis)

Fracture
(ctcae:Fracture)

Rib
(fma:fma7574)

DateTimeDescription

DateTimeDescription

Reaction
(ctcae:Radiation_re
call_reaction_derm

atologic)

DateTimeDescription

at_date_time
roo:100041

Fatigue
(ctcae:Fatigue)

DateTimeDescription

at_date_time
roo:100041

Dyspnea
(ctcae:Dyspnea)

DateTimeDescription

at_date_time
roo:100041

Couch
(ctcae:Couch)

DateTimeDescription

at_date_time
roo:100041

Anorexia
(ctcae:Anorexia)

DateTimeDescription

at_date_time
roo:100041

DateTimeDescription
Dysphagia

(ctcae:Dysphagia)
at_date_time
roo:100041

DateTimeDescription
Hemoptysis
(nci:C3094)

at_date_time
roo:100041

DateTimeDescription
Esophagitis

(ctcae:Esophagitis)
at_date_time
roo:100041

DateTimeDescription
Pulmonary Fibrosis
(ctcae:Pulmonary_fi

brosis)

at_date_time
roo:100041

DateTimeDescription
Brachial plexopathy
(ctcae:Brachial_plex

opathy)

at_date_time
roo:100041
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