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What is Big Data?

Big data is high-volume, high-
velocity and/or high-variety
information assets that demand cost-
effective, innovative forms  of
information processing that enable
enhanced insight, decision making,
and process automation.

Gartner glossary (circa 2001)
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Big data sources in the treatment of cancer (not comprehensive)
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It's not that simple

Regina Barzilay, an artificial
intelligence researcher at MIT who
was diagnosed with breast cancer
in 2014 at the age of 43, was
shocked by the paltry amount of
data upon which her doctors
based their clinical decision.
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Bridging the gap

Healthcare
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Leveraging big data in cancer care

Early diagnosis and prevention

Digital pathology and molecular pathology
Drug discovery

Treatment decisions

Matching patients to clinical trials
Anticipating adverse events
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Artificial
Intelligence

Supervised
Learning

Computer
Scientists
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What is Al?

. Al refers to the ability of a machine to perform tasks commonly
associated with intelligent human behavior.

. Al can be considered a group of iterative, "self-learning”
techniques, which discover relationships within data that can
evolve and often be performed faster over time.

° Russel SJ et al. 2003.
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Machine Learning (ML) vs Deep Learning (DL)

Machine Learning:

ML algorithms, exposed to training data, are able to appreciate hidden patterns
within the data which can then be used to perform a task without explicit
programming

ML tasks are often broadly dichotomized into supervised or unsupervised
learning

Deep Learning:

DL is a form of ML that uses layered "artificial neural networks" to develop

sophisticated models with the ability to understand data at different levels of
abstraction
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Natural language processing (NLP)

NLP is any computer-based algorithm
that handles, augments, and
transforms natural language so that it
can be represented for computation

This technology can harvest important
clinical variables trapped in the free-
text narratives within electronic medical
records
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Text classification

= Example: Does passage
talk about the liver
or the lung?

JULES BORDET Yim W et al. JAMA Oncology
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...revealed a 7.2-cm mass in the medial right
lobe without evidence of ductal dilation...

Text processing

|

= Example: Word tokenization

...revealed a 7.2 - cm mass in the medial right Knowledge-base
lobe without evidence of ductal dilation... (ag, dictionary)

Name entity recognition —

Predetermined atomic concapts

ara identifiad .

Relation extraction

_..revealed a 7.2 - cm mass in the medial ight | = Example: How are mass/right lobe related?
lobe without evidence of ductal dilation, .. mass [In] right lobe

Text classification

mass [not pertalining ta] right lobe

= Example: Is ductal dilation an anatomic
reglon, a drug, or a symptom?

Template Filling

Tumor Template

Reference: Mass
Location:  Medial right lobe
Slze: 7.2em
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ASCO CancerLinQ

NLP Assisted Human
Curation

Unstructured

Structured

Normalization

via Rules Engine

Data Lake
(D1)

Structured data
Unstructured data

Patients

quality measures

Selection de-identification

Y
S

Discovery

Clinical DB

(D2)
identified

(practice patients only)

> database
(D3)

N

Analytical DB
(D3)

De-identification

de-identified

Clinical insights
(all patients)

Subscriber
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Potter D et al. JCO CCl 2020.

Since 2015, More than 100 organizations 1,426,015
patients with a primary cancer diagnosis.

TABLE 1. Overview of CancerLinQ Quality Data Model Data Model Version 1.6.1

Data Type Table Name Contents

Demographics Patient Demographics

Diagnaoses diagnosis_active Diagnoses-all types, problem list, adverse events

Pathology procedure_performed Staging, histology, laterality, tumor invasion, surgical margin, tumor size

from pathology

Patient assessments

functional_status_performed

Performance status, therapeutic response, tumor progression

Risk assessments

risk_assessment

Mental health, pain, and smoking screening, family history

Physical exam values

physical_exam_performed

Physical examination values for the patient

Labaratary tests laboratory_test_performed Laboratory tests, including genetic tests

Care plan care_plan Treatment intent

Encounters encounter_performed Encounter codes (CPT, SNOMED, HCPCS)

Interventions intervention_performed Indication data of smoking cessation counseling, genetic counseling,

chemotherapy, hospice, etc

Medications (administered)

medication_administered

Medication administered to the patient

Medications (ordered)

medication_ordered

Medication ordered for the patient

Radiation therapy

radiation_care_plan

Abstracted summary radiation therapy information, including type,
location, dose, and total fractions

Radiation therapy

procedure_radiation

Transactional radiotherapy information, where available

Surgery

procedure_surgery

Abstracted summary surgical information

Imaging results

procedure_imaging

Abstracted imaging activities, including size of tumor and progression

Abbreviations: CPT, Current Procedural Terminology; HCPCS, Healthcare Common Procedure Coding System; SNOMED, Systemized
Nomenclature of Medicine Clinical Terms.

9
oun PR
_.




CancerLinQ CancerlinQ Heath System &g~  Log out [
# Home k2 SmadinQ™ v & Patients & Insights ~
SmartLinQ™ All Measures Dashboard
Lowest to Highest Al Measure Categonies (38) 2020 Time Period Al Crganization Uns (3) All Providers (5)
Chemotherapy intent (curative vs. non-curative) documented before or within two HER2/neu Testing for Breast Cancer Patients Chemotherapy Administered to Patients with Metastatic Solid Tumor with
weeks after administration Performance Status of ECOG 3 or 4; KPS 10 - 40; or Undocumented
‘a 14873719 ‘as* 72371800 ‘a 874/1704
% % %
39 = o 40 - 51 )
-0 54 @0 60
L11]

Staging Documented within One Month of First Office Visit

49*

Hepatitis B Testing Prior to Rituximab Administration for NHL

69"
\

Opioid Therapy Follow-up Evaluation

o@s Mumessor! Denomano
‘e 1464 /2844

51"

Percentage of patients with initial AJCC stage IV or distant metastatic Lung
Cancer whose per e status is doc

& 324
70*
\

KRAS Gene Testing for Metastatic Colorectal Patients

o@e  Mumean /Denomess
‘&* 6/10

60"

Appropriate Antiemetic Therapy for High- and Moderate-Emetic-Risk
Antineoplastic Agents

1964 /2717

72
\
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Standardization efforts for genomic data
(Minimum Variant Level Data MVLD)
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Genome Chroaoataa DNA Refseq Refseq Allele
Version : =55 Position Transcript Protein Descriptive
Somatic | |r DNA Sub Protein Sub Variant Variant PMIDs ] Allele
Classification B 1 & Position & Position Type Consequence COptional) Interpretive
oy
Cancer The cancer type, mumd ontology from NCI Th us or O The NCI
Type Term B r NCI Th us codes to ICD9/10, SNOMED or UMLS.
[ Btg‘:;:" Diagnostic, Prognostic, Predictive I
Therapeutic
[ Context J Known Associated Drugs or Drug Classes I
Coptional)
e
Effect ) Effect of Variant in Therapeutic Context:
(Opticmol) Resi: 1t, Resp ive, Not-Responsive, Sensitive, Reduced-Sensitivity i Somatic
J Interpretive
Somatic Cancer Variant Interpretation Schema (ex.from CanDL): SIS
Tierl: Alteration has matching FDAapper or NCCN recommended therapy.
= TierZ.Alherationhasmatdi-g therapy b d on evid from clinical trials,
.é.v?ll °’: case reports, or P | responders.
= Tier3: Alteration predicts for resp or resi to th b d on
evidence from pre-clinical data (in vitro or in vivo models)
Tier4: Alteration is a putative oncogenic driver based on functional activation of
a pathway
75:‘-""1 Prospective/retrospective trials/studies/ d: , expert opini case
L of Evidence J reports, preciinical data, inferential data

Ritter D et al. Genome Medicine 2016.
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Genomics databases and selected tools for tertiary analyses

CTGATGGTATGGGGCCAAGAGATA

- AGGTACGGCTGTCATCACTTAGACH
AGGGCTGGGATAAAAGTCAGGGCA

I n a r CATGGTGCATCTGACTCCTGAGGA

CAGGTTGGTATCAAGGTTACAAGA(

Clinically relevant variation GCACTGACTCTCTCTGCCTATTGG

Catalogue Of Somatic Mutations In Cancer

% Sorting Intolerant From Tolerant

variations, mi satellites, and small-scale insertions and deletions along with

CONSH equ ience, BI'IU qennmlc Bﬂﬂ RE‘fQE'q mapplng information TOFE th

POIYPhen-Z prediction of functional effects of human nsSNPs

&

Pfdg .°: .':.‘. MY CANCER GENOME .

" GENETICALLY INFORMED CANCER MEDICINE

U.S. National Library of Medicine
OnceKB g

£ ChlinicalTrials.gov
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AACR

American Association
for Cancer Research

FINDING CURES TOGETHER"

PROJECTGENIE

Local institution
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Characteristics and Outcome of AKTIET7K-Mutant Breast Cancer Defined through AACR Project

AACR PROJECT GENIE: PUBLICATIONS

Linked Entity Attribute Pair (LEAP): A Harmonization Framework for Data Pooling
Journal of Clinical Oncology, July 2020

GENIE, a Clinicogenomic Registry
Cancer Discovery, Vol. 10, Issue 4, 2020, April, 2020

American Association for Cancer Research Project Genomics Evidence Meoplasia Information
Exchange: From Inception to First Data Release and Beyond—Lessons Learned and Member
Institutions’ Perspectives

Journal of Clinical Oncology, February 16, 2018

AACR Project GENIE: Powering Precision Medicine through an Internal Consortium
Cancer Discovery, Vol. 7, Issue 8, August 2017

Micheel C et al. JCO CCI 2018.
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The Metastatic Breast Cancer Project (Provisional, October 2017)

The Metastatic Breast Cancer Project is a patient-driven |nmallve Thls study i ic data, patient- data (pre-pended as PRD), medical record data (MedR), and pathology report data (PATH). All of the titles and
descriptive text for the clinical data have been with panenls in the progect As these data were generated in a research, not a clinical, laboratory, they are for research purposes only and cannot
be used to inform clinical decision-making. All annotations have been de-identified. More i T WWW. ject.org. Questions about these data can be directed to data@mbcproject.org.

“ Study Summary t Clinical Data Mutated Genes Copy Number Alterations

Selected: 103 samples / 78 patients JQ\ | | auery genes - click to expand | < | Query | | select cases by IDs Add Chart v
Genes (103 p ) oL P x CNA Genes (103 profiled samples)
Cancer Type Detailed # Gene # Mut # ~ Freq Gene Cytoband CNA #® ~ Freq
M Breast Invasive Ductal ... 67 TPS3® 30 30 D 29.13% CCND1® 11q13.3 AMP 38 7] 36.89%
M Invasive Breast Carcinoma 16 PIK3CA® 29 27 26.21% NDRG1@& 8q24.22 AMP 34 0O 33.01%
M Breast Mixed Ductal and... 11 TTN 27 24 23.30% FGF19 11qi13.3 AMP 33 32.04%
M Breast Invasive Lobular... 9 OBSCN 13 12 11.65% ERBB2 17912 AMP 32 ) 31.07%
Search... RYR1 11 10 9.71% FGF4 11q13.3 AMP 31 .10%
CDH1® 9 9 8.74% FGF3 11913.3 AMP 31 .10%
KIAA1109 10 9 8.74% IKZF3 17q12-q... AMP 31 .10%
KMT2C 9 9 8.74% CDK12 17q12 AMP 29 ) 28.16%
ACAN 8 8 7.77% RAD21 8g24.11 AMP 29 ] 28.16%
SYNE1 8 7 1 6.80% MuUC1l® 1922 AMP 28 ) 27.18%
APOB 7 7 T 6.80% PDPK1® 16p13.3 AMP 27 1 26.21%
Search... Search...

MedR Age at Diagnosis Wwith Mutation Data MedR Stage at Diagnosis PATH Procedure Location

T T S — 1
<20 20 40 80 80 100 120 >120 NA

MedR Time to (c: Months)

with CNA Data # of Samples Per Patient PATH Sample Histology PATH Sample Grade

<=20 20 40 60 80 100 120 140

160 180 >180

Mutation Count

RS

® INSTITUT
JULES BORDET
INSTITUUT




AURORA: Aiming to Understand the Molecular
Aberrations in Metastatic Breast Cancer bl

Patient 1345 - pathology images

A A word of caution on internal controls...
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Microsoft researchers detect lung-
cancer risks in web search logs

W Views 1,743 | Citations 0 | [aumeric &3

Brief Report
November 10, 2016

Evaluation of the Feasibility of Screening Patients
for Early Signs of Lung Carcinoma in Web Search
Logs

Ryen W. White, PhD'; Eric Horvitz, MD, PhD!

*» Author Affiliations
JAMA Oncol. Published online November 10, 2016. doi:10.1001/jamacncol.2016.4911

Eric Horvitz, technical fellow and managing director of Microsoft's research lab in Redmond, Washington, says
search queries may be an early warning of lung cancer. (Photography by Scott Eklund/Red Box Pictures)

@ JAMA Oncology
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network

- Convolutional :

layers

. Region :
" i proposal

: network :

Detecting and classifying breast lesions using a deep convolutional neural
)

Region : : Dense :

" Output :

pooling - : layers -
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Ribli D et al. Sci Rep 2018.




A radiomics signature predicting CD8+ TILs and response
to CPls
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Histopathology reveals driver mutations
(but also tumor composition, gene expression and prognosis)

Glioblagtoma
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A deep learning tool to predict outcome of clinical trials
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MatchMiner

Developed at Dana Farber Cancer Institute and now Open Source

Genomic
Profiles

Optional Data

Clinical Trial
Status

KS
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Electronic
Medical Record
(EMBR)

MatchMiner

Clinical Trial Investigator Mode

_____—© Patient  Patient

T

Patient Patient
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Oncologist Mode

Trial
P — Trial
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Georgetown Immuno-Oncology Registry
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Staging Area ETL Process
-
Extract
—_— >
Pharmacy
Pharmacy Data
Extract
Hrac T
Data Restructuring &
g = hecoroiatan. Dt
T A= Cleansing & Aggregat
Registry Registry Data
Load
& =
e Extract -
Ly Bult Loading:
:t j: ncramantal Updates
EMR(ARIA) EMRData

RS

® INSTITUT
JULES BORDET
INSTITUUT

Data Warehouse

Standardized Data
Model

irAE Dashboard

——
Cormmatin o Tt e ety e Tyl Dugmsmens Ean TR ———
o o o - o [ - ) - - e - - o «| [on - .
Coun  miar s i B BREAKDOWN OF TYPE OF TONICITIES BY TIME INTERVAL
sk
s Lo SR S ——— anher
Less T3 2 e ram zzm zom 3 s 128 osos s zren
[ £l § & ] £ = H E H 5 5
ek 9 3 w 4 td 1 2 7
wmm e e azem v s o [P v
FaEbarte 3 1 1 z + 1 3 z z
Data Delivery Data Access N 2 v v s L1 L1 o1 1
e 2 1 1 + 3 1 1 z
REDCap e tam ram [T
R v Veors 3 5 i
Dashbboards. e
2
B H e -
£ 229
Data i3 e | B Y e B e 0 s o 2 o s o
E
Explaration e ‘E
23 Curation & Tentertes ouen Tade
% Hypothesis . .
Reporting k] Generation =
& Queries 2
Zitoblea
ejeanrs ® Aeurcnns
i ! » ol
| @ Pt —
- o e reekednemecat ety
. [P

@ Senran -

5 Demsprapiies 6 Foeis | koueLOT

Courtesy Subha Madhavan

[
tacey

o3
5

[—

Paren

= |

-

Gt Toted

£

23
®

[ IERCE -




Predicting irAE

Can we predict irAE using a machine learning

irAE Risk Calculator

n o .
Can we e 5 4o
build a risk -

calculator for =

Other
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irA'E? | ——

Intial Clinical Stage
WoEm SN D UNK Unk OX

ECOG status

I
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Limitations

. Proving generalizability and real-world applications
. Data access and equity
. Interpretability and the black box problem

. Education and expertise
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MmCODE ™: Minimal Common Oncology Data Elements

The Initiative to Create a Core Cancer Model and Foundational EHR Data Elements

coggle

mCODE v1.0
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Data protection and research in the European Union: a

major step forward, with a step back

P.G. Casali 2 = « M. Vyas »on behalf of the European Society for Medical Oncology (ESMO)
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Annals of Oncology 2020. Article in press.

ULB

iris




0:::0

® INSTITUT

DATA KNOWLEDGE ACTION

Make clinical data computable Predict clinical phenotypes Select optimal therapy
"1 0
Distill Data Embed Data Connect Data 2 Clinical
Trial Design
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Credit: Andre Kahles, Gunnar Ratsch, Chris Sander
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The Institut Jules Bordet Clinical Trials Conduct Unit (CTCU)

Let’s interact...
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