
Functionalizing the Cancer Genome

Lynda Chin
Harvard Medicine School

Belfer Institute for Applied Cancer Science
Dana-Farber Cancer Institute

Broad Institute

Disclosure
AVEO Pharmaceuticals:  co-founder and advisor

Metamark Genetics:  founder, director and advisor
Eden; Epizyme; Agios:  Consultants; 

GSK: Sponsored Research; 
Merck; sanofi-aventis: Corporate alliance partnerships



Major Goals in Cancer Medicine

n Prevention
n Detection
n Intervention

Genome Science Personalized Medicine



Impacting on Cancer Medicine

Chin et al “Cancer Genomics: from discovery science to personalized medicine”  Nature Medicine in press



Potential of Cancer Genomics

n Enable prevention
n Understanding the underlying etiology à strategy

n Facilitate early detection …
n Identify risk alleles / genomic events for screening
n Early events may be detectable in serum or by imaging

n Guide evidence-based intervention… 
n Stratify high vs low risk patients to treat or not
n Identify new therapeutic targets for drug discovery
n Inform selection of the right patient for the right drug 
n Define combination / co-extinction strategies

è Personalized Cancer Medicine



Gene Splicing Alterations

Each Sample

TCGA Pilot (2006-2009)
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TCGA Phase II

2007 2008 2009 2010 2011 2012 - 2014
Pilot Funding Continuation

GBM 
Report

Ovarian
Report

Complete Data
on 3000 New Cases

Kenna  Shaw, NCI



TCGA Phase II Projects
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OLD NEW

Massively Parallel Sequencing
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Brad Ozenberger, NHGRI



TCGA Phase II Research Network
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Firehose Workflow

Status of TCGA Analysis Pipeline (Jan 14, 2010 Run)

• Pre-defined analyses
• Automated and Fast, 

producing standard 
human-readable summary 
reports

• Reproducible
– Associated input, algorithms 

and parameters are tracked
– Uniform intermediate data 

files for higher level 
analyses 

Mike Noble; Doug Voet



Complete catalogues will be generated

What does it take?

Complete Compendia





What is driving the molecular difference 
among subtypes?

The most significant difference is observed between PN and MS subtypes



microRNAs
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microRNAs

Genes

CLR- Context Likelihood of Relatedness

n Faith et al, PLoS Biology, 2007 
n Extension of relevance networks
n Based on Mutual Information scores

Ayla Ergun; Jim Collins



microRNA expression

mRNA expression
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• TCGA Glioblastoma data
– 534 miRNA, 19692 mRNAs

Define miRNA-mRNA regulatory network

è 29610 edges: 252 miRNA and 7373 
mRNAs



A subset of the miRNAs show strong 
correlations with subtype signature genes

Proneural Mesenchymal

17 miRNA with strong correlations with the proneural
and mesenchyaml signature genes



miR34a as a candidate determinant of 
PN molecular subtype

n Integration with copy  number reveals miR34a resides in region of loss 

n miR34a is low in PN subtype GBM

n PN signature is enriched for miR34a edges defined by CLR



miR34a is tumor suppressive in human 
GBM models in vivo
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How does miR34a regulate the 
PN/MS transcriptomic signatures?

TARGET GENES 
(CLR Edges)

+

TF

miRNA

−

− n 3’ UTR Luciferase reporter – direct 
regulation of PDGFRa and DLL1 by miR34a

n Modulation of miR34a regulates PDGFRa
and DLL1 (as well as Notch downstream 
targets) in human astrocytes and GBM cells

è Relevance?



Chromosomal and genetic aberrations involved in the genesis of glioblastoma.

Furnari F B et al. Genes Dev. 2007;21:2683-2710

©2007 by Cold Spring Harbor Laboratory Press



TCGA GBM cohort shows enrichment of 
NOTCH in Classical and PN subtypes



• 42/57 (73%) p53L/L Pten L/+ mice:
•Acute neurological symptoms
•28 Grade III; 14 Grade IV
•astrocytic morphology (95%)
•diffuse & proliferative
•necrosis
•glioma markers

Zheng (DePinho), Nature 2008

p53 and Pten loss in neural progenitor 
cells results in malignant gliomas



P53/Pten GBM model is PN-like
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(Zheng et al., Nature 2008)

Pdgfra overexpression is a hallmark of 
mouse PN GBMs

n miR34a modulates Pdgfra expression 
n Pdgfra is functionally epistatic to miR34a



miR34a-low GEMM tumors show Notch 
activation in vivo

n miR34a modulates Notch activity and its downstream 
target gene expression 



miR34a is a determinant of PN molecular 
phenotype in GBM

n Integrative genomic data 
set enables
n network modeling to generate 

testable hypothesis 
n development of framework for 

understanding complex 
cancer genomics data

n miR34a defines a subset of 
GBM with concurrent 
PDGFRa and Notch 
activation



Chin et al “Cancer Genomics: from discovery science to personalized medicine”  Nature Medicine in press



Promise of Cancer Genomics

n Enable prevention
n Understanding the underlying etiology à strategy

n Facilitate early detection …
n Identify risk alleles / genomic events for screening
n Early events may be detectable in serum or by imaging

n Guide evidence-based intervention… 
n Stratify high vs low risk patients to treat or not
n Identify new therapeutic targets for drug discovery
n Inform selection of the right patient for the right drug 
n Define combination / co-extinction strategies



Early-staged patients make up the 
majority of US cancer diagnoses

Stage 
IV

Stage III

Stage II

Stage I

60% of the 
diagnoses



In Physician’s Health Cohort (n=405)
• 4-marker outperforms Gleason in predicting lethal disease 

• Gleason-only C Index = 0.774;
• 4-marker only C Index = 0.829

• Carries molecular information not captured by clinical parameters
• 4-marker + Gleason C Index =0.882, p = 0.015 for improvement



MUT 1+2+3

MUT 1+3

MUT 2+3

MUT 1+4+5

MUT 1+2+4

Metastasis

Patient 2

No Metastasis

Patient 1

Normal Premalignant Early Cancer
Advanced Cancer

No progression

• Deregulated early in 
development of primary tumors

• actively “drive” metastasis
• are oncogenic

Metastatic potential of a primary tumor 
can be determined early on in evolution



Early Cancer 
Detected

Pathology analysis
and clinical staging

Adapted from: Rethinking Screening for Breast and Prostate Cancer. JAMA, 2009

Molecular 
Characteristics

Prognostic 
Biomarkers

Metastastic
RiskHigh

Rx

Low

No Rx

Aggressive treatment 
reserved for hi-risk 

patients

Cost savings 

Improved quality of life

10-15% carry 
inherently 

poor prognosis

Predictive Info
From MOA

n Deregulated in early-staged 
primary tumors

n Active drivers of core 
processes of metastasis 

n Bona fide oncogenes
n May serve as

n Prognostic biomarkers
n Therapeutic targets
n Predictive biomarkers



Cancer Genomics à Genomic Medicine

n Enable prevention
n Understanding the underlying etiology à strategy

n Facilitate early detection …
n Identify risk alleles / genomic events for screening
n Early events may be detectable in serum or by imaging

n Guide evidence-based intervention… 
n Stratify high vs low risk patients to treat or not
n Identify new therapeutic targets for drug discovery
n Inform selection of the right patient for the right drug 
n Define combination / co-extinction strategies
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