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Enabling a new era of cancer discovery and treatment based on

complete elucidation of the molecular networks underlying cancer.
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Massive DNA sequencing underway for
cancer, approaching >10,000 genomes

Whole Tumor Genome Sequencing
with the lllumina HiSeq X Ten System



The challenge of heterogeneity:

Most tumor mutations are rare; completely different between patients
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Patients

The challenge of heterogeneity:
Most tumor mutations are rare; completely different between patients

~100 somatic mutations per exome, ~10 drivers
No two patient tumors look alike

Example: TCGA ovarian cancer cohort of 351 patient tumors
Somatic mutations on Chr. 17
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Networks address heterogeneity by integrating rare events
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EGFR pathway alterations in glioblastoma; Brennan et al. Cell (2013)
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Number of known cancer genes

Genome analysis did not originally discover
most known cancer genes

| Tumor sequence analysis (67) —

Gene manipulation KO/KD/KI (269)
- Germline sequence analysis (45)

Cytogenetics (140) ‘ ‘ ‘ ‘
| RNA analysis (130)

| Protein analysis (52)
Interaction mapping (49)

Year of first reported cancer association
(of current Cancer Gene Census genes)



The Cancer Cell Map Initiative:
Genome Interpretation via Networks

Cancer Cell Map

DNA repair

YLR297TW DIN? DUN1
OXT

SSSSSS

Phenotype

Patient genotype
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Genome sequencing Disease diagnosis

* Response to therapy
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1) Integrating mol. network knowledge to translate patient genome to therapy
2) Comprehensive mapping the molecular networks under selection in cancer

Krogan, Lippman, Agard,
Ashworth, Ideker,
Molecular Cell (2015)



Existing network data sets
>10%interactions in BioGRID, IntAct,
HPRD, DIP, GeneMania, HumanNet

Metabolic networks
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Network-Based Stratification of Genomes

Network-based stratification /

Consensus clustering
Consensus Clustering

of mutations / variants
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Patients

Patients .

Sources of molecular interactions:
Pathway Commons (MSKCC / Sander)
HumanNet (UT Austin / Marcotte)
StringDB (EMBL / Bork)

Matan Hofree et al., Nat. Methods (2013)
Ideker et al. Bioinformatics (2002); Chuang et al. Mol
Sys Biol (2007); Lee et al. PLoS Comp Bio (2008);

Chuang et al. Blood (2012)




Intuition for network smoothing

Gene

Gene-gene
Interaction

Patient
Genotype 1 O

Patient
Genotype 2

‘Mixed’ genotype
from overlaying
genotype 1 and 2

Network propagation (smoothing) in disease: Vanunu et al. PLoS CB (2010)
HotNet: Vandin et al. JCB (2011)



importance to subtype 1: Functional categories:

Q Protein transport
. . O :
Network integrating .2 © & g

importance importance

aggressive ovarian €
tumor genomes

O Caspase pathway
. B-catenin signaling

ITGA4

Without the map, these tumor
genomes are heterogeneous

Hofree et al., Nat. Methods (2013)
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Ideker et al. Bioinformatics (2002); Chuang et al.
Mol Sys Biol (2007); Lee et al. PLoS Comp Bio
(2008); Chuang et al. Blood (2012)

Cancer gene status:

Validated cancer
genes
O Unknown
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Subtype 1 network, mutated genes



Survival probability

Network alterations govern g
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Network aggregating low-survival OVCA patients
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Seed proteins

Exome Sequencing Links Corticospinal
Motor Neuron Disease to Common
Neurodegenerative Disorders

Gaia Novarino,’*t Ali G. Fenstermaker,»* Maha S. Zaki,** Matan Hofree,? Jennifer L. Silhavy,*
Andrew D. Heiberg,* Mostafa Abdellateef, Basak Rosti,* Eric Scott,> Lobna Mansour,*
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(known mutated in HSP)

Candidate HSP proteins
(found mutated in this study)

Gaia Novarino et al.
Science 343, 506 (2014)
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Cytoscape: An Open Source Platform for Complex Network Analysis and Visualization
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www.ndexbio.org

About Documentation

EGFR-dependent
Endothelin signaling
events

Nodes: 22 Edges: 60

This network belongs to the NCI Pathway
Interaction Database (FID) and was
obtained from Pathway Commons (PC2
v.6)

Version: 07-MAR-2014
PUBLIC

Created: Mar 7, 2015
UUID: 24319bdB8-c4ab-11e4d-bocd-
000c29ch28ih

Your Access Privileges: None

Other Admins:
o nci-pid

[£z2r]

Network Properties

G

sourceFormat SIF
ORGANISM

[P R Ry S TR LTI S PR

API

Edges

Subject

EDN1
EDN1
EDN1
EDN1
EDN1

EDN1

Report a Bug

MNodes

-

Contact Us Networks - EGFR Network

EOh
EORIRA
calcidmi{2+)
G
P
HA&S
GHEZ
5081
SHEA MTOR
. Advanced Query
Depth: 1-step A Run M!" Advanced Lery
Provenance
Predicate ~ | Dbject ~ | Chtations R
in-complex-with EDNRA
neighbor-of EDNRA 5
controls-state-change-of EGFR 5
neighbor-of EGFR o]
controls-state-change-of EGF 5

gontrols-transport-of

Copyright © 2015 Regents of the University of California and The Cytoscape Consortium, All rights reserved.

Sign In

Funding: Pfizer, J&J, Roche, NCl U24



The Cancer Cell Map Initiative:
Genome Interpretation via Networks

Cancer Cell Map

DNA repair
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Phenotype

Patient genotype
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Genome sequencing Disease diagnosis

* Response to therapy
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1) Using molecular networks to translate patient genome to therapy
2) Comprehensive mapping the molecular networks under selection in cancer

Krogan, Lippman, Agard,
Ashworth, Ideker,
Molecular Cell (2015)



Network Mapping Approach 1.

Physical protein-protein

network mapping using AP/MS/MS
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The HPV31 Interactome

Protein-Protein Interaction (MiST_hiv = 0.75)
w— C33A cells
- HEK293 cells
- Both C33A & HEK293

hu-hu Corum interaction

° { ) MIST_hiv score
75 099

Manon Eckhardt, Andy Gross, Cytoscape



Network Mapping Approach 2:
Gene-gene & chemo-genetic interactions
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Stability of interactions across contexts — a key property
@ untated TS gene]

Strength of MMM 1.0  Previously Presence in yeast = 4X likely in human CA cells

conserved mmmss 09  reported Presence in multiple environments = 20X
interaction 0.8 ——
Metabolism Cytoskeleton  Translation Topoisomerases MAPK signaling

RPL11 MAP3K4
|

TOP1 MAP2K1

'L

RPS10

TUBA‘IA

[ YWHAZ ] SH3GL1 ]

l IMPDH1
ING5 [=

_J

ADA
\
ING4 Nucleotlde CSNK1G1 RAD17 W'RN ][_M.NAT1]
synthesis
INGT FZR1 CHEK2 CHEK1
‘e | CHEK1_
PR ' DNA damage
wug \VEE! | BM || TPs3 |

checkpoint Y,

HDAC1 ’l" —

HDAC2 TUSC3 (Recals S ABGCTH RAD23B
HDACS6 RAD52 { [ FNTA CCNC }
—)
Chromatin

Homologous

Geranylgeranylation
recombination

Remodeling



Network Mapping Approach 3:

Genetic interactions in
tumor populations

TP53 mutation interacts with chromsome 3p loss
HPV neg. head & neck tumor data
Same trend is found in pan-cancer analysis

Andy Gross Quyen Nguyen
w/ Jenn Grandis, Neil Hayes,

Ezra Cohen, Scott Lippman
and the TCGA Consortium

Hazard Ratio (TP53-3p vs. Rest): 3.2 £ 0.8

TP53™ut | . 0 1 2 3 4 5
TP53™t ] Years

Gross et al. Nature Genetics (2014)



Analysis challenge:
Networks do not look like the contents of cells

—— Physical Interaction
—— High Co-Expression
Genetic Interaction

@ Gene/gene product

Carvunis and Ideker, Cell (2014)



General Terms

SpecificTerms

NeXO Method — In Brief

Diverse ‘omics data encoded in molecular networks (here, yeast)
* Protein-protein interactions

e Co-expression information

e Synthetic-lethal interactions

Allowance for muI'Fl-wayJoms Ontology Alignment
Allowance for multiple parents

Ontology Term

Parent-child

Hierarchy of Network Communities Network-eXtracted Ontology (NeXO) The Gene Ontology

Kramer et al. Bioinformatics / ISMB 2014
Dutkowski et al. Nat Biotech 2013, NAR 2014



Cytosolic Large
Ribosomal Subunit

Cytosolic
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http://www.nexontology.org/
http://www.nexontology.org/

Gene Ontologies from Networks

CORE COMPLEX
BETA-SUBUNIT C

CORE COMPLEX
ALPHA-SUBUNIT

REGULATORY ——— Physical
PARTICLE, ~—— Co-Expression

PARTICLE,
BASE SUBCOMPLEX

Kramer et al. Bioinformatics / ISMB 2014
Dutkowski et al. Nat Biotech 2013
Dutkowski et al. NAR 2014 e




X-ray diffraction image, Max Planck Working
Groups on;Structural;Molecular Biology

Structural
Proteomics

Cytoscape Gonsort

DNA degradation =——— #7|<‘—' —  +DNA

DNA packaging < X I T~ DNA repair
IR DNA replication \REY

mitochondrial i

genome maintenance

Data-driven
Gene Ontology



Summary

Genome sequencing has revealed thousands of genes
altered in cancer

Common patterns emerge.at the level of cellular
components, pathways and systems

We have launched an open campaign to move from
mapping of cancer genomes to mapping of cancer
networks

Network data can be translated into hierarchical models
of the cancer cell

Such knowledge is not just nice, it-is probably necessary



, Vo) ;k'- 'Bi\"()“i'égy,_. { \
&and&the CthSCape
Cémmthy ¥4

~\’ 7.4 ,f

e g PR T

il e b { S




