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Big data in health care: the distributed learning
solution
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A Research collaborations incl. funding

A Varian (VATE, chinaCAT, euroCAT), Siemens
(euroCAT), SohPhilips (EURECA, TralT, BIONIC),
Xerox (EURECA), ptTheragnostic, OncoRadiomics

A Public research funding

A Radiomics (USA-NIH/U01CA143062), euroCAT(EU-
Interreq), duCAT & StraTegY (NL-STW), EURECA
(EU-FP7), BD2decide (Horizon2020), Bionic (NWO)

P
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Why did we start the a Big Data
project (CAT*) project?

*Computer Assisted Theragnostic: CAT=euroCAT, duCAT,
VATE, chinaCAT etc.



Evidence based medicine

Conventional
Clinical Research

A Less then 3% of the patients

High data quality A Highly biased population

A Randomized trials rarely
done for new technologies

Low data quantity

Controlled

0 Assigned patients

o T EORRTOG gr ad
QA/Protocol

0 Biobanking translational research

% Unéversitlt Manstricht \Axﬁm\ggax :



Example: havingo evidencean have
dramatic consequences

30 28.9
3 TME (1 month)
Bl CCC (1 month)
Bl TME (6 months)
= 204 [ CCC (6 months)
i>: 17-6
g 134 134
= 11.8
10
65
32 46— 37
14 T 11
05
e E] | I i
<65 65-74 75-84 85-95
Age group (years)

E’:ﬂ FN— Rutten et al. Lancet Oncology 2008; 9: 494 MK{M}&R



The solution? Use the 97%: Rapid Learni
Heal th Care or o0BI

An [..] rapikarning [..] data

routinely generated thrqaaglent Clinical trials, comparative .
.. effectiveness _reseqrch, molecular
care and clinical researtged and biologic data bnormmatin:ic
Into an evegrowing [..] set of Pationt-foctisad
coordinated databases Evaluation of
outcomes

A ClinOncoR010:28:4268

A..] rapid learning [..] where we c¢
learn from each patietat guide
practice, is [..] crucial to guide
rational health policy and to co

COsts [] T’Z”SfOfmation of D
19- Subsequent car, i

AanceOncok011:12:933 delivery aggregation,

evidence

——————— generation
Examples: e —— ,

1. Radiotherapy CAT ——

( )

2. AS C QénserLinQ

> o | | J\t\g(
N — Lambin et al. Aug 28, Radiother Oncol 2013, Adv. Drug Dev MAASTRO


http://www.eurocat.info/

Conventional Rapid Learning Health
Clinical Research Care (oBig I

High data quality Low data quality

Low data quantity High datajuantity

Controlled Reality

0 Assigned patients 0 Unassigned patients
o  EORRTOG gr ad o AiClinical grad

QA/Protocol o Ad hoc biobankingtranslational
0 Biobanking translational research research

—
ﬂ riveniult Masstr ReltorC et al. BM2010Burbactet al. Trials 2015: Lambin At&OncoR015 MAASTIRO
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Example of clinically relevant questions

Treatment of

80 years old rectal cancer?

70 years old Stage I1IB NSCLC?

60 years old prostate cancer with oligometastasis?
Local relapse of a stage 3 oropharynx?

Cervix cancer stage 3, HIV+

é

o To To Do Io I

~z \1\(X

MAASTR



Can we predict a tull
looking at the bulb?
el

\Zv\{\)(&
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Predicting the tulip color
N T N [ N I R Y B

0.72

D r prediction

0.50

\ﬁ\%\)(&

MAASTR

Oberije et al. Radiother Oncol. 2014
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Prediction by MDs? Unskilled (Prospective trial)

gl ANSCLC inoperable MO
I / & year survival

[ A0 patients

/ /8 MDs

[ weoss | ARetrospective

0 f f f I f f I t t 1 m U C : O . 57 1o Survival probability at 2 year

True positive rate

False positive rate NSCLC
2 year survival
X 158 patients
; 5 MDs
Prospective
D AUC: 0.56
oty ng T sveneny

Oberije et al. Radiother Oncol. 2014



el 1
Prediction by MDs? Unskilled and

unaware of It

100 -

90 - »

80 4 i

70 A
o 60 Unskilled and unaware of it:
= How difficulties in
g 50- . recogni zing one¢
<k )
0 40 - incompetence leads to

A .
30 - » inflated self-assessments. J
&
20 - _#" [ —m—Perceived Abllity Pers Soc Psych
ey ’ e Perceived Test Score
10 + ~-&-Actual Test Score
0 . — . y

Bottom 2nd 3rd Top
Quartie Quarile Quartiie Quartile

Figure 2. Perceived logical reasoning ability and test performance as a
function of actual test performance (Study 2).

> pOAN Kruger et al. 1999

o~
MAASTRO
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No guiltiness! The doctor is drowning

10,000 ¢4

seomsemanne. A\ EXplosion of data
functional and anatomical A EXpIOS'On Of deC|S|OnS
AExpl osi o®*o:

1,000 +

M

Proteomics and other
effector molecules

100 +

Functional genetics:
gene expression profiles

-
} Structural genetics:

Facts Per Decision

10+

25K genes

eg, SNPS, haplotypes OU r ViSion

Human Cognitive 5
Decisions by

Capacity

: _ clinical symptoms - .
‘IQ:QD EDIDU 20|1U 2[]|20 .- In 2 mln

Time (years)

*2010: 15741354articles on lung cancer & radiotherapyer day
Halflife of knowledge estimated at 7 years (in young students)

J ClinOncok010;28:426¢
\ﬁ\%\ﬂ\ JMI 2012 Friedman, Ric

P
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Multifactorial Decision Support System

Toxicity

Pathology
- -

But we need
Data,
preferably most
of them

Genomics

L
000 060
o

\5\1\(\' E’g

MAASTRO Lambin et al. Nature Rev. Clin. Oncol.



What are

to share the data?

What Is the solution’.ﬁ

P
~< \3{ \K\ ﬂ Universiteit Maastricht
MAASTRO
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Administrative

Sharing data ~  eitias

[..] the problem is not really

technical [é]. Rather | P(R/L{Egal
problems are ethical, political, authorsh’ip)
and administrative.

Lancet Oncol 2011:12:933
Barriers

SolutionsDistributed

learning from federated Ethical
databases (privacy)

\Zv\{\)(&

MAASTR



In-hospital infra & delentification

Local Data Saurces

De-identification ond Warehousing
Syntactic Interoperabiliy

"

Images

.%

1. DICOM Deidentification

3. Key Database

~a

4. Image Warehouse

I

=S

2. Extract Transform Load

5. Non-lmage Warehouse

Deidentification
A Removal of obvious patient identifiers (name, MRN, social security numbe
A Assign aersistent tokeseudonym
A Change (data bandingbefoudut required patient identifiers (everyone bori

died on the ®6f the month, part of the postal code)

A No individual patient data leaves the hospital

ﬂ Universituit Mnnstricht

SPARQL

— |
[—-

Ar&acohdnt RDF QueryL a n g u a ¢

a query language for databases

— “(\)(_\

MAASTIRO
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The Semantic Web

A The 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.

A According 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

—

MAASTRO


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

Ontology i

MAAST!

International Coding System

\ 6 I I ||  eurocat-csfeuroC ATAdmINPortalfeuroCATRorE Sl aspx Google pl #ft B
Ontology  User Management yxian | Logout
Term Mapping | Oritology Browesing
Disease | T-Stage | M-Stage | M-Stage | Gender | Procedure
Tumeor Location: 40 (
Search | Browse

Supraglottic larynx, NOS 7 [C"-'“CCDt Name/Code: |subg|ottic | lcgntains - | () Search 056\']
Ventricular band ~ N
Arytenoid Concepts:45 C d ]

Suprahyoid epiglottis Code MName DS | C3546 |
Infrahyoid epiglottis C8190  Subglottic| [Jame: . .

Ayepiglottic fod SO N | Malignant_Subglottis_MNeoplasm |
Glottic | ; NOS . . 5 .
;JEE%HETW 4427 genign suf Preferred Name.| Malignant Subglottis Neoplasm |

! 3546 | Malignant Definition: ) : )
5uhg|::r1:tis Vl Y M 3 I:' 3546  Malignant ' A primary or metastatic malignant
= 1426 Subglottis neoplasm involving the subglottis.

Paranasal sinuses, NOS5 I | 1426 Subglottis

Ethmoid A

Existing mappings: |sayve mappings

Tumar Location Code Name

Tumor Location Code Mame

Subglottiz C3546  Malignant Subglottis Neoplasm

~z~l \)(\

MAASTRO
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An ontology Is more than a dictionary

15A

Structure in ,
Cancer the head & . -
neck region Ont0|09y |S. as
* relationships
5 A 15 A
Larynx Oropharynx
IS5 A T T
HAS A HAS A
[FINDING SITE] [FINDING SITE]
|

— Larynx Cancer

15 A T 15 A

Supraglottis
tumor

}
IS A

Glottis tumor




Semantic box (the
secondary research

Hospitals database

Internal data sources http:_z’_z’spar'ql.nrg.nrg

N ﬁm—@
User initiates a
Application distributed learning applications
{Slave) gets learned model back

Intermal data sources http:,:"_.”SpEququdElﬂ-Cn

RS EHR ‘
Tatab Oiataks
tabase alakuie I ’ PARCIL W‘ESSBE.E" @

Gateway

Application i
{Slave) Application

(Master)

Internal data sources http:,’,ﬂ’sparql.maastm.nl

Y
ARy Application
Catabase _ (Slawve)

SPARQL : Query
P language for application AN



Distributed Learning Architecture

Final Model Created

e ™ Central Server .
Update Model
Send Average Send Av- ; Send Average
Consensus Model € erage Consensus Model
i Consensus Model
Send Model
Parameters
Send Model ]
1. Model Serverparameters i
_RTOG Send Model
Parameters s
— £
- Eema Model Server
Learn Model from Model Server i Roma
Local Data MAASTRO —t
S * === =
y Learn Model from Local
Learn Model from Local Data Data

Onlyaggregate data is exchanged between the Central Server and the local Servers



Distributed learning: more real

Step 1 Step 2

Sending parameters Waiting

Start
! Master Master

A 4
h 4

Y

Center 1 Center 2 Center n [ Center 1 r Center 2 Center n
| r |

Waiting Waiting Waiting Learning Learning Learning
4
No
h 4
Step 4 Convergence Step 3 .
criteria reached? Waiting for all local models

> 5 O OX [ Master Master

A

Center 1 Center 2 Center n Center 1 Center 2 Center n
Waiting Waiting Waiting Sending local  Sending local ~ Sending local
model model model
Yes
No
A\ 4

Step 5 ypdate parameters based on local models Create final model

[ Master [ Master




Visualization of Distributed Learning:
Support Vector Machines

Full Dataset

) 4 Event Patient \ Distributed Learning Solution

P4 -

—.. NonEvent Patient Centralized Learning Solution | Simulated Daf
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Does all of that work ? e u r o C AeXampgle

A Distributed learning = Centralized learning
A Distributed learning better than learning on individual data

Validate in | _AUC

Aachen (n=7) Liege (n=1s6) 0.61
Eindhoven (=32 Liege (n=1s6) 0.72
Hasselt (=45 Liege (n=1s6) 0.68
Maastricht (=52 Liege (n=1s6) 0.75
Alle 4 samen (=136)  Liege (n=1s6) 0.77
Alle 5 samen pn=3227 World (n=inf) ?

b \, 550 iterations, two hours (centralized < 1 min)

MAASTRO
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Funded: euroCAT, duCAT, chinaCAT, VATE, 0zCAT
New: ukCAT, indiaCAT

@ Active or funded CAT partt@s (

Map from cgadvertising.com | Q) PrOSpeCti\KEEnterS

| MAASTRO




Can we improve the

the data?

Yesl)withautomatecdheck,
2)validategrocedurd imputatenissinglata (Amazone
type») and
3)withstandardizddllowupprotocol

2 [T Meldolegt. et alRadiotheDncal 2014 séj\[ﬁmk T



alk >~ 7 1l UJ| 48 Frotocols | LancerData.org

ois v @~ & @ ] @

Sharing data for cancer research

PUBLICATIONS + BIBLIO + LINKS - ABOUT =

COLLECTIONS

Home / Protocols IMAGE ARCHIVE update request

Protocols SHARED LISTS

FILES
By using “Big Data” we can address clinical problems. Analyzing the md

information that is available in digital format will make it possible to create a rapid learning Enter your name here
health care system in which we develop, validate and update predictive tools to assist clinicians
in personalizing treatment. Yet, some hurdles have to be taken. Besides technological, privacy
and security issues, the most important bottleneck is the quality of the available clinical data.

Please add your name

Affiliation *

o o ) Pl ter - affiliat
To derive insights from data, it is critical that they are accurate and relatively complete. Thus, S S L

relevant variables should be collected and their definition should be clear. Also, machine o
Please add your affiliation

learning algorithms require structured data while currently the richest source of clinical data, the
clinicians’ notes, is unstructured. However, writing research protocols is time-consuming and E-mail *
many clinicians lack time to do so, although they recognize the importance of collecting high

) ) . N name@domain.net
quality data. We therefore created this open source research protocol repository. We anticipate

that this initiative will stimulate centers to participate in outcomes research and will improve Please add your e-mail address

standardization and quality of data. 50 we can notify you of updated
protocols.

T, =

Standard Follow Up Program For Head And Neck Cancer Patients 2015-04-19

EuroCAT Umbrella Protocol for NSCLC 2015-04-16
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Sharing data for cancer research

HOME PROTOCOLS ~ PUBLICATIONS ~ BIBLIO = DATA ~ LINKS ~

Home / Protocols / EuroCAT Umbrella Protocol for NSCLC Protocol update request

EuroCAT Umbrella Protocol for NSCLC

Name *
Tags: NSCLC, EuroCAT, protocol, data collection

Enter your name here
For the EuroCAT project(?, a research protocol that describes a standardized data collection for non-small
cell lung cancer was written and has been approved by the Medical Ethical Board of our hospital. A copy of Please add your name
the protocol and the appendices, including scoring of side effects, quality of life questionnaires and
optional biobank procedure can be downloaded below. Patient information and the informed consent sheet Affiliation *

are available in four languages (English, Spanish, French and Chinese).
Please enter your affiliat

It is allowed to adapt the documents, so that they match the requirements of your hospital and

country. You can either collect data in your Electronic Medical Record System or use the eCRFs, that have Please add your affiliation
already been created by us, and which are also freely available. It is also possible to publish your own

“ready to use” protocol online and let other institutes participate in your research. E-mail *

Please find all data below. If you leave your email address at the right of the screen, we can contact you if name@domain.net

an updated version of the protocol is available.
Please add your e-mail address

Attachment so we can notify you of updated

E Material Transfer Agreement (doc) 40.5 KB LORINS
[ EuroCAT Umbrella Protocol NSCLC (pdf) 152.62 KB
[4 Appendix A - Data Collection (pdf) 29.24 KB

[ Appendix B - CTC Toxicity (pdf) 13.69 KB

[ Appendix E - Timepoints (pdf) 12.1 KB

ik Appendices — Chinese (zip) 2249 KB

i Appendices — Dutch (zip) 132.47 KB



Wihatzabout

the costs of treatmerfts

e.g.Protontherag@y

N AN



| MAASTR

Protons without dose escalation: model-based
decision support system for protontherapy

@

K\ ATA N
QA ¥ = X
N’ v ) [ N v v «

!

MAASTRO .. il N
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MAASTR Langendijk et al 2013



Canyypowywenene

exampples
of newiknowieggeocomingifrol
Big Data appreoaches
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~< \% \K\ ﬂ Universiteit Maastricht
MAASTRO



Zimbabwe Star

The computers curing cancer:
Software is better than doctors
at judging which treatments will

[

Science | Money | RightMind

omputer models to help

T, 14 .
C a cancer patients
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The Radiomikbypothesis
Onecan extrachorequantitative information from standard

%My:
mplicit knowledge

Anterpretability

)-
s

QUANTIFICATION

+

* | RAGSE)

o N
(20

|

:
e

RADIOMICS
Extractjuantitatiieatures from
images

T
’.
A
-

@ Universiteit Maastricht Lambin et al. EJC, 2012; Aerts, Lambin et al. Nature Commun 2014
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Predict survival in Lung and H&adeck
cancer better then TNM

Kaplan—Meier Radiomics Signature

survival probability

Aerte L a mb i nCommu@14 eijenaaet al. Act®ncok015

o ]
- —— <= Median
" - = > Median
L -
"
©
@
© '
o ] 1 -
| - -
e T T T T e + A
<
S 7] .
T
o
§
H&N1: Maastro
o H&N2: VU
2
T T T T
0 500 1000 1500 2000

survival time (days)
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RadVmes e

FUNCTIONAL |ANATOMICAL

IMAGING

PHYSIOLOGY

METABOLISM

MOLECULAR
IMAGING

PROTEINS

GENOME \ /’
\

£

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




Distributedearningfor Radiomics

Hospitals

Internal data sources

Trial
Diatabase

Semantic box

http://spargl.nrg.org

T

Application
{Slave)

Internal data sources

http://spargl.fudan.cn

A

Messages

’—swm—

Application
{Slave)

-

Internal data sources

AN
Imatabase

http://spargl.maastro.nl

User initiates a
distributed learning applications
pets learned model back

Gateway

X

Application
(Master)

0

ﬂ Universituit Mnnstricht

SPARQL : Query language for
application initiating an action

\J\%M}éh& .




| MAASTR

Wh a t new in Radiomics? Quantify tumour
biology on Cone Beam CT

IMAGING

ANATOMY

PHYSIOLOGY -

FUNCTIONAL |ANATOMICAL
IMAGING

METABOLISM
14
; 2 Radiomics Features
00 —_—
=¥
PROTEINS s -
LG :
: 3 o0 ©
GEN%/ N7
\ /
r /s

MAASTRO Janita van Timmeren et al, Oral commun. Thursday ICTR
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What about the
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The 3P dosmodermedicine

(fromLeroy Hood)

« P>» for Personalized

« P» for Preventive

« P» for Predictive

« P» forParticipatory
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Shared Decision Making 1.0 with Decision aids

Decision aids for people facing health treatment or screening
decisions (Review)

Stacey D, Bennett CL, Barry M]J, Col NF, Eden KB, Holmes-Rovner M, Llewellyn-Thomas H,
Lyddiatt A, Légaré F, Thomson R

Studyorsibgoup  Decision Aid Usal Care D Weight Do
N Mean(sy) N Vftandom95% O om 5% O
Nagle 2008 &7 1615 (1375) 7 ™ 5% 174,424]
Vandermhean 2006 70 104 (164) 7 — 58% 1242,-158]
Vodermaier 2009 55 2075) 56 — 48% £75[-1432.083]
Whelan 2004 %4 o7 1703 - 1% A450[ 796, -1L04]
Weng 2008 k3 59 67 (1907) 71%  -1729[2100-158]
Subtotal (95% CI) 1655 1702 - 100.0 % -4.95[-7.51,-2.39]
Heterogeneity Ta! = 1041; Chi® = 8256, df = 15 (P<00000 1) P =82%
Test for overall flect Z = 279 (P = 0000I5)
& Total deckional conflict score
Dolan 2002 4 7 % S00[-1264,264]
Laupacis 2006 53 54 49 % ZI5[-1306, 244 ]
Legare 20082 43 4 43%
ManSanting 1999 » 4 ey
TH E COCH RAN E Mathieu 2007 315 225 6B% B3[413.047]
McAlister 2005 205 67% 250 [-493, 007 ]
COLLABORATION® S o
Montgomery 2007 98 20 64% 420 [-712.-128]
Morgan 2000 86 94 13% 00[-1097, 1097 ]
Mullan 2009 48 EL
Murray 20012 57 8
Murray 2001b 94 9%
Nagle 2008 67 7 65% 50(-127.427]
Nassar 2007 98 98 s6% 90[-1210,470]
Protherce 2007 Bl Bl AITI0[-2258.-11.62]
This is a reprint of a Cochrane review, prepared and maintained by The Cochrane Collaboration and published in The Cochrane Library ” . o
2012, Issue 5 -
) Vandermheen 2008 70 7 880[-1370,-290]
http://www.thecochranelibrary.com Vodarmaier 1009 55 205(1475) 56 — 47% 425 (988, 138]
V: \ ‘Whelan 2004 94 0(12) o7 — &% -550[-8%94,-206]
Subtotal (95% CI) 1981 1979 - 100.0 % -5.66 [ -7.68, -3.64 ]
Haterogensity Tas? = | 47, 3= 18 (P<000001): P =785

Fest for o

000001}




SharedecisioMaking 2.0: modhased/irtuapatienor

ﬂ Universiteit Maastricht

AvatarbasedSharedecisiormaking

. - i Um il:na! Help .

Decision Aid Tool- Rectum Cancer - MAASTRO Clinic
' Recently, you have been diagnosed with
rectal cancer.
You are offered to undergo two different
treatment modalities:

(1) Organ preservation treatment or

(2) Surgery in combination with
radiotherapy and chemotherapy,
which is called radiochemotherapy

DECISION AID TOOL

BACK | NEXT

www.treatmentchoice.info

580 10:14 Il

ab@g a
MAAST& ‘



Qur vision in 2 min:
oA fiffom @aupithl eospptient’a | », 1 O

MAASTR



Personal Health Train

—

% Universiteit Maastricht S )K\K\
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Take home message

1. We need Decision Support Systems
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) + fnBig Data approacho (Rap

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 4" &5 i Po) . One key
could be protontherapy.

P
MAASTRO

Lambin et al. Aug 28, Radiother Oncol 2013, Adv. Drug Dev 2016 S
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40 Years After Tuskegee: Reuniting Medical Research and Practice

Ruth Faden (Bioethics) Jan 16 2013, 10:44 AM ET %t[(lﬂﬁ(f

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

..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.
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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

Insti f Medicine has dubbed the| |, " '
netiiute otMecicine has dubbed el mlaarning healthcare system.
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PRODECIS: working for head & neck cancer
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