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Why did we start the a Big Data 

project (CAT*) project?

*Computer Assisted Theragnostic: CAT=euroCAT, duCAT, 

VATE, chinaCAT etc.



Conventional 
Clinical Research

Controlled

o Assigned patients

o ñEORTC-RTOG gradeò 
QA/Protocol

o Biobanking, translational research

Low data quantity

High data quality

ÅLess then 3% of the patients

ÅHighly biased population

ÅRandomized trials rarely 

done for new technologies

Evidence based medicine



Example: having no evidence can have 

dramatic consequences 

Rutten et al. Lancet Oncology 2008; 9: 494



The solution? Use the 97%: Rapid Learning 

Health Care or òBig data in health careó

ÅIn [..] rapid-learning [..] data 

routinely generated through patient 

care and clinical researchfeed 

into an ever-growing [..] set of 

coordinated databases. 

ÅJ ClinOncol2010;28:4268

Å[..] rapid learning [..] where we can 

learn from each patient to guide 

practice, is [..] crucial to guide 

rational health policy and to contain 

costs [..].

ÅLancet Oncol2011;12:933

Examples: 

1. Radiotherapy CAT 

(www.eurocat.info) 

2. ASCOôs CancerLinQ

Lambin et al. Aug 28, Radiother Oncol 2013, Adv. Drug Dev 

2016

http://www.eurocat.info/


Conventional 
Clinical Research

Rapid Learning Health 
Care (òBig Dataó)

Reality

o Unassigned patients

o ñClinical gradeò QA/Protocol

o Ad hoc  biobanking/translational 
research

High data quantity

Low data quality

Controlled

o Assigned patients

o ñEORTC-RTOG gradeò 
QA/Protocol

o Biobanking, translational research

Low data quantity

High data quality

ReltonC et al. BMJ. 2010; Burbachet al. Trials 2015; Lambin et al. ActaOncol2015



Example of clinically relevant questions

Treatment of 

Å 80 years old rectal cancer?

Å 70 years old Stage IIIB NSCLC?

Å 60 years old prostate cancer with oligometastasis?

Å Local relapse of a stage 3 oropharynx?

Å Cervix cancer stage 3, HIV+

Å é



Can we predict a tulipôs color by 

looking at the bulb?

http://www.amystewart.com



Predicting the tulip color

1.00

AUC

0.72

0.50

Drôsprediction

Oberije et al. Radiother Oncol. 2014



Prediction by MDs? Unskilled (Prospective trial) 

ÅNSCLC inoperable M0

Å2 year survival

Å30 patients

Å8 MDs

ÅRetrospective

ÅAUC: 0.57
NSCLC

2 year survival

158 patients

5 MDs

Prospective

AUC: 0.56

Oberije et al. Radiother Oncol. 2014  



Prediction by MDs? Unskilled and

unaware of it 

Kruger et al. 1999

Unskilled and unaware of it: 

How difficulties in 

recognizing oneôs own 

incompetence leads to 

inflated self-assessments. J 

Pers Soc Psych



No guiltiness! The doctor is drowning

ÅExplosion of data

ÅExplosion of decisions

ÅExplosion of óevidenceô*

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

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

J ClinOncol2010;28:4268

JMI 2012 Friedman, Rigby

Our vision

in 2 min





Multifactorial Decision Support System

Lambin et al. Nature Rev. Clin. Oncol.

But we need 

Data, 

preferably most

of them



What are 

the barriers 

to share the data?

What is the solution? 



Barriers

Administrative
(time to capture, 
time to curate)

Political 
(value, 

authorship)

Ethical 
(privacy)

Technical

[..] the problem is not really 

technical [é]. Rather, the 

problems are ethical, political, 

and administrative. 

Lancet Oncol 2011;12:933

Solutions: Distributed 
learning from federated 

databases

Sharing data



In-hospital infra & de-identification

Deidentification:

ÅRemoval of obvious patient identifiers (name, MRN, social security number, email etc.)

ÅAssign a persistent token pseudonym

ÅChange (data banding) of obvious but required patient identifiers (everyone born and 

died on the 15th of the month, part of the postal code)

ÅNo individual patient data leaves the hospital

SPARQL

Query
(distrubuable)

StdROO= 

Ontology

SPARQL = ñSimple Protocol And RDF Query Languageò 

a query language for databases

Firewalls



The Semantic Web

ÅThe Semantic Web is an extension of the Web through 

standards by the World Wide Web Consortium (W3C). 

The standards promote common data formats and 

exchange protocols on the Web.

ÅAccording to the W3C, "The Semantic Web provides a 

common framework* that allows data to be shared and 

reused across application, enterprise, and community 

boundaries". The term was coined by Tim Berners-Lee

for a web of data that can be processed by machines.

*SPARQL is a semantic query language for databases

https://en.wikipedia.org/wiki/Tim_Berners-Lee


Ontology ïInternational Coding System

1. Select the local 

term

2. Search the 

ontology for the 

matching concept

3. Map the local 

term to the ontology

4. See the result of 

your mapping

Ҋ



Ontology is a set terms & their 

relationships. 

An ontology is more than a dictionary



Semantic box (the 

secondary research

database

SPARQL : Query

language for application

Hospitals



Distributed Learning  Architecture

Update Model

Learn Model from 

Local Data

Central Server

1. Model Server 

RTOG

Send Model

Parameters

Final Model Created

Learn Model from Local Data

Learn Model from Local 

Data

Model Server 

MAASTRO

Model Server 

Roma

Send Model

Parameters

Send Model

Parameters

Send Average 

Consensus Model
Send Average 

Consensus Model

Send Average 

Consensus Model

Only aggregate data is exchanged between the Central Server and the local Servers



Distributed learning: more real

>500x



Visualization of Distributed Learning:

Support Vector Machines

Simulated Data

Event Patient

Non-Event Patient

Distributed Learning Solution

Centralized Learning Solution



Does all of that work ? euroCATôsexample

Å Distributed learning = Centralized learning

Å Distributed learning better than learning on individual data

Å 550 iterations, two hours (centralized < 1 min)

Learn in Validate in AUC

Aachen (n=7) Liège (n=186) 0.61

Eindhoven (n=32) Liège (n=186) 0.72

Hasselt (n=45) Liège (n=186) 0.68

Maastricht (n=52) Liège (n=186) 0.75

Alle 4 samen (n=136) Liège (n=186) 0.77

Alle 5 samen (n=322) World (n=inf) ?



Funded: euroCAT, duCAT, chinaCAT, VATE, ozCAT

New: ukCAT, indiaCAT

Active or funded CAT partners (17)

Prospective centers

2

7

Map from cgadvertising.com

4



Can we improve the

quality of 

the data? 
Yes1) withautomatedcheck, 

2) validatedprocedureto imputatemissingdata («Amazone 

type») and 

3) withstandardizedfollow-up protocol

Meldolesi E. et al. RadiotherOncol. 2014 





ESTRO 

Course 2014



What about

the costs of treatments?

e.g. Protontherapyé

expensivenew treatment



Protons without dose escalation: model-based 

decision support system for protontherapy

Langendijk et al 2013



Can you give me

examples
of new knowledge coming from 

Big Data approaches



Oberije Radiotehr Oncol 2014

Validated Predictive 

models



Radiology:
ÅImplicit knowledge

ÅInterpretability

QUANTIFICATION

RADIOMICS

Extract quantitativefeatures from 

images

One can extract more quantitative information from standard imaging 

The Radiomic hypothesis

Lambin et al. EJC, 2012; Aerts, Lambin et al. Nature Commun 2014



Predict survival in Lung and Head & neck 

cancer better then TNM

AertséLambin, Nature Commun2014; Leijenaaret al. Acta Oncol2015



Lambin et al. EJC, 2012; Aerts, Lambin et al. Nature Commun 2014

Entering the OMICS eraé Radiomics



Distributed learningfor Radiomics
Semantic box

SPARQL : Query language for 

application initiating an action

Hospitals

Radiomics



Janita van Timmeren et al, Oral commun. Thursday ICTR

Whatôsnew in Radiomics? Quantify tumour

biology on Cone Beam CT

http://www.google.be/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjEgN-2vfzKAhXGuRQKHZggAcQQjRwIBw&url=http://www.virginiaradiation.com/image-guided.html&bvm=bv.114195076,d.ZWU&psig=AFQjCNGLBeu30YkJIosHiM3Pxey8OQBpQA&ust=1455718834155293
http://www.google.be/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwjEgN-2vfzKAhXGuRQKHZggAcQQjRwIBw&url=http://www.virginiaradiation.com/image-guided.html&bvm=bv.114195076,d.ZWU&psig=AFQjCNGLBeu30YkJIosHiM3Pxey8OQBpQA&ust=1455718834155293


What about the  

patient?



The  5 Põsof modern medicine

(fromLeroy Hood)

«P» for Personalized

«P» for Preventive

«P» for Predictive

«P» for Participatory



Shared Decision Making 1.0 with Decision aids



Shared DecisionMaking 2.0: model-basedvirtual patientor 

Avatar-basedShared Decisionmaking

www.treatmentchoice.info



What next?:

Data = Gold

The patient managing its own data

Our vision in 2 min: 

ñfrom hospital to patientò





Take home message

1. We need Decision Support Systems (DSS = a ñmeta TPSò) to manage 
the large quantity of data and implement Personalized medicine in 
radiotherapy in particular for protontherapy due to its costs.

2. Two complementary approaches: conventional clinical trials (+ data 
reuse) + ñBig Data approachò (Rapid Learning Health Care).

3. Building cancer informatics tools to enable analysis, exploration, and 
rapid evaluation of novel therapies or stratification e.g. Distributed 
learning based on semantic web technology.

4. DSS facilitate Share Decision Making, participative precision medicine 
and cost effective Health care (the 4th & 5th ñPò). One key example 
could be protontherapy.

Lambin et al. Aug 28, Radiother Oncol 2013, Adv. Drug Dev 2016
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Thank you for your attention

More : 

www.predictcancer.org

www.eurocat.info

www.cancerdata.org

www.mistir.info

www.predictcancer.org

http://www.eurocat.info/
http://www.eurocat.info/
http://www.predictcancer.org/
http://www.eurocat.info/
http://www.cancerdata.org/
http://www.mistir.info/
http://www.predictcancer.org/




What about

expensivenew treatment?

e.g. Protontherapy, Immunotherapyé

We needrandomized trials to convince the 

payers and the 2d line specialists.

expensivenew treatment



Conventional 
Clinical Research

Rapid Learning Health 
Care

Reality

o Unassigned patients

o ñClinical gradeò QA/Protocol

o Ad hoc  biobanking/translational 
research

High data quantity

Low data quality

Controlled

o Assigned patients

o ñEORTC-RTOG gradeò 
QA/Protocol

o Biobanking, translational research

Low data quantity

High data quality

Cohort Multiple 

Randomised

Controlled Trial

Medium/High data 

quality

Medium/High data 

quantity

Controlled

o Assigned patients

o ñClinical gradeò QA/Protocol

o No/less  biobanking/translational 
research

Lambin et al. Acta Oncol. 2015



The cohort multiple randomised controlled trial design 

is a pragmatic method taking advantage of the 

standardized follow-up approaches. 

Protons withdose escalation: potential solution = The 

cohort multiple randomised controlled trial design

Relton C et al. BMJ. 2010; Burbach et al. Trials 2015; Lambin et al. Acta Oncol 2015



Standard
Treatment
(IC) 

Patients eligiblefor 
cmRCTtrial (N1)

Random
assignment

of some

Control group

StandardizedFollow-up Protocol (ideallymulticentric): Dr and 
Patient reportedoutcomes, imagingé

PotentialIntervention 
group: Informed

consent (IC) proposed

RealIntervention Group A: (n1)
Informedconsent accepted, 

non-standard treatment

ExcludedGroup B: (*)
Informedconsent rejected, 

standard treatment
(not in the control group)

Large observational cohort (N0)

ReltonC et al. BMJ. 2010; Burbachet al. Trials 2015; Lambin et al. ActaOncol2015



40 Years After Tuskegee: Reuniting Medical Research and Practice

Ruth Faden (Bioethics) Jan 16 2013, 10:44 AM ET

Guidelines to protect human research subjects impede efficient generation and exchange of knowledge.

Darren Staples/Reuters
It is estimated that we lack sufficient scientific evidence about the effectiveness of over 50 percent of commonly 

used medical treatments, and that 100,000 patients die annually from healthcare acquired infections. The 

pressing need for better evidence on how to deliver medical care effectively, safely, and efficiently, however, is 

butting up against another moral imperative -- protecting patients from 

unethical research.. 

éreplacing it with a new ethics framework that has been designed specifically for the integration of research 

with practice. A fundamental premise of the new framework is that every medical decision we, as patients, and 

our clinicians make, and each episode of care we receive, should generate data and evidence that improve the 

care of patients who come after us; we then, in turn, benefit from what is systematically learned from the care 

received by patients who come before us. Through continuous, real-time learning, we can provide better care to 

more people, save lives, become smarter, and wring every dollar of value from the system. This is what the 

Institute of Medicine has dubbed the "learning healthcare system."

..each episode of care we receive, should generate data 

and evidence that improve the care of patients who 

come after us; we then, in turn, benefit from what is 

systematically learned from the care received by 

patients who come before us. 

"learning healthcare system."

http://onlinelibrary.wiley.com/doi/10.1002/hast.134/full
http://www.iom.edu/Activities/Quality/LearningHealthCare.aspx
http://www.iom.edu/Activities/Quality/LearningHealthCare.aspx


PRODECIS: working for head & neck cancer

Cheng Q, Roelofs E, Lambin P et al. Submitted 



Costs of the whole care cycle: Markov Model

during treatment, 

no acute adverse 

events Ógrade 3
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