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Mechanics of Cancer

Normal Cell Division Cancer

W Inherited Mutation

¥ Somatic Mutation

Another Possibility: Over-activation of an oncogene
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Treatment Options

® (lassical Treatments
® Surgery
® Chemotherapy
® New Kids on the Block: Targeted Therapies

® Tamoxifen (1977)
® Trastuzumab (Herceptin) (1998)
® 30+ targeted therapies now FDA approved

Targeted Cancer Therapies: http://www.cancer.gov/cancertopics/factsheet/Therapy/targeted
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Data Processing

Single Gene Assays

~| datapoint

Image Credits: Wikimedia Foundation
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Data Processing

Single Gene Assays

~| datapoint

Microarray Revolution (1990)

~| million datapoints

Sequencing Revolution (2010)

>200 billion datapoints

How do we make this information clinically actionable!?

Image Credits: Wikimedia Foundation
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Approach the Problem with Pathways
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Analyzing Pathways

® Overlay data on curated pathway structure

® (TCGA Research Network, 2008)

® Treat pathways as genesets (bags of genes)

® GSEA (Subramanian et al., 2005)

® Bayesian Networks

® (Segal et al,2001)
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Factor Graphs

Bipartite graph

Generalization of Bayes and Markov Nets

(oo

Factor Graphs have been used successfully to model pathways,
including thesis work of Charles Vaske
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UCSC Cancer Genomics Browser
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UCSC Cancer Genomics Browser
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isualizing Cancer Genesets

Brain tumor somatic non-silent mutations

Brain tumor germline non-silent mutations
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Visualizing Cancer Genesets
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UCSC Cancer Genomics Browser
genome-cancer.ucsc.edu
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Integrated Data
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Biolntegrator: Pipeline for
Automated Cancer Sample Analysis

Database backend for storage efficiency and normalization

Web Frontend for Data Visualization:
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Biolntegrator:
Meta-Analysis Module
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Biolntegrator:
Meta-Analysis Module
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PAthway Recognition Algorithm using Data
Integration on Genomic Models (PARADIGM)

Transcriptional Translational Intracellular and

Regulation Regulation, Extracellular
Protein Degradation Signaling

Xpression Protein Protein
State Level Activity

Variable
m Factor - interaction term

Vaske and Benz et al., Bioinformatics (2010)
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PAthway Recognition Algorithm using Data
Integration on Genomic Models (PARADIGM)

Transcriptional Translational Intracellular and

Regulation Regulation, Extracellular
Protein Degradation Signaling

Xpression Protein Protein
State Level Activity

Variable
m Factor - interaction term

Transcriptional

Regulation ~ Protein Activation Gene Family Formation of
Complex

AND-like connection

Froten N
=g
Cactivity) o

Vaske and Benz et al., Bioinformatics (2010)
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Small Pathway Example
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Integrated Pathway Activities (IPAs)

L(i,1) L@,1)>L@,-1) and L(1,1)>L(1,0)
IPA(7) = —L(z,—1) L(@,-1)>L@,1) and L(i,-1)>L(@1,0)
0 otherwise.
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Detecting Top Pathways

Permute data to create “fake” samples across the dataset
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Detecting Top Pathways

Permute data to create “fake” samples across the dataset

HIF-1-alpha transcription factor network -- 113 samples
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Signaling Pathway
Impact Analysis (SPIA)

Score pathways using expression data
Weight genes by degree of connectivity
Opposite of Google PageRank

Compare by creating “decoy’” pathways

Tarca et al. Bioinformatics 2008




PARADIGM Outperforms SPIA
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Clustering IPAs Stratifies GBM
Patients

Cluster

Assignment

Hix N

$ {SH LR _ L B |

” P w1 ey rei et et i b A g -t e

= T mH A o S G- = =i

3 "o 3
____ 2 == =

T = -

- |cATA/L

LI m sl H|F.1
(o) B e S )
COR— Pl B - R A e
Loadmmadsssair i e alpha
L e i 0 (LR F e R
sy gyl
L B s ket o ot e Tl e MR
i ﬂ_':la ]

TEOE IR T T -

1 - e
0 Ll D i 7 R R 4

-.

2

Py
-

i g ik =1 : -
B W {IEE L F T W ST RS TET ARl TERUR s T
i [ e ek S R GET | e oL e B o |1
LTET S IR X k| O R 1 I*liii‘fﬁ.rg 5
2 '1’5 | EHEIT 1 aF 0 Wg ki t 13 0
2l bt [ THY x'l.l pay --:I'#I-.T*‘ = g_?_»!q L BT ‘.‘};Ef-_-—;;..l:" E ;:\1‘ K
R E A ekl B R I L R TR e L Bl Bk il

Tuesday, June 15, 2010



Clustering IPAs Stratifies GBM

Patients
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Clustering IPAs Stratifies OV Patients
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Clustering |IPAs Stratifies OV Patients
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Future Work

® |ncorporate Mutations, Methylation, miRNA
® More pathway sources - especially metabolic

® Try a“unified” pathway of cell
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Mainstream Sequencing Has Arrived

® |00 full genome sequences available
® TCGA:50 per cancer type (20+ types)

® PARADIGM - underlying model still works!
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Ovarian |IPA Heatmap

Integrated Pathway Activities (IPAs)
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ficantly Higher Activity
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Forkhead Box M| (FOXMI)

| I I IV V Va VI VI Vila VI N
D _ I . I II I l - | -_
/'," 0""’
’ .,.4' M
’/’ - mRNA (protein)

FOXM1a DT ~ N 2 7 -6 kb (801aa)

FOXmic NEEDEEETER 'SR 3.5 kb (763aa)

FOXM1b 3.4 kb (748aa)

B. Protein and Phosphorylation sites
Transrepression —lTransactivation

T Chk2 cyclin-cdk1/2 cyclinA-Cdk T
S361 T596 T600 T611 T638

P Paa P.P,P

1 FKH TAD 763

pepVp
S331 S704 S715S724

L Raf/IMEK/MAPK ]_ Plk1

Transcription Factor Encyclopedia (http://www.cisreg.ca/cgi-bin/tfe/articles.pl?tfid=437)

Tuesday, June 15, 2010


http://www.cisreg.ca/cgi-bin/tfe/articles.pl?tfid=437
http://www.cisreg.ca/cgi-bin/tfe/articles.pl?tfid=437

Transcription Factor at the
Crossroads of Repair and Cell Cycle
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Sequencing can help us!

® Need to be able to detect isoform-specific
transcripts

® RNA-Seq using Velvet/Columbus/Oasis
pipeline and SOLAS*

® Eventually move to allele-specific signals

Velvet/Columbus/QOasis by D. Zerbino *or other isoform-detecting algorithms
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Isoform- and Allele-specific

gene model

GENEI

Gene Copy Expression Protein
Allele | Number State Level
Allele | CGH Allele |, GENEIla
Gene Copy Expression Protein
Allele 2 Number State Level
Allele 2 CGH Allele 2, GENEla

Protein
Level

Expression
State

Allele I, GENEIb

Protein
Level

Expression
State

Allele 2, GENEIb

Protein

Activity

GENEIla

Protein
Activity

Protein
Activity

GENEIb

Protein

Activity
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Gene Fusions

® Detectible by RNA-Seq

ABL BCR

® Uncommon, but critical

to model 8 philadelphia Chr.

® Dynamically add new
pathway representing
fusion
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Future Work

® Work on regularizing sequencing data for
attaching to the model

® Add support for allele- and isoform-specific
central dogma

® Model Gene Fusions




Qutline

. Introduction

ll. Previous Work

lIl. Aim |: PARADIGM - Integrated Pathway Analysis
IV.Aim 2: Modeling pathways using sequence data

V.Aim 3: Directing combination therapies




Overview

Goal: Identify shRNAs that can be used to
convert drug resistant samples into sensitive

® |dentify critical points in pathway
® Simulate shRNA combinations in silico

® Use cell lines to test predictions
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|IPAs of Breast Cancer Cell Lines

B Luminal
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Cell Line Drug Responses &
Known Targets

50 breast cancer cell lines, 70 drugs

Erlotinib
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*Bonferroni Corrected Drug Response (-log) Data Provided by Gray Lab, LBNL
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ldentify Key Pathway Entities

Feature Selection & SupportVector Machines to
find all possible contributing entities




ldentify Key Pathway Entities

Feature Selection & Support Vector Machines to
find all possible contributing entities




ldentify Key Pathway Entities

Feature Selection & Support Vector Machines to
find all possible contributing entities




Find Targets to Test with shRNA

Use medioid of sensitive vectors as target




Find Targets to Test with shRNA

Use medioid of sensitive vectors as target




Find Targets to Test with shRNA

Use medioid of sensitive vectors as target

Disconnect parents of each entity to simulate shRNA

l ﬁ
G G - S




Find Targets to Test with shRNA

Use medioid of sensitive vectors as target

Disconnect parents of each entity to simulate shRNA

l ﬁ
G G - S

Rank all entities and take the top targets to the wet lab
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Future VWork

® |dentify key pathways associated with
treatment resistance

® Rank genes by disconnecting links

® TJest targets using shRNA screens




Bringing it all together...

Goal: Provide clinically relevant information
* Assist treatment decisions
* Find new targets

e Focus on the individual tumors
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