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Goals of cancer medicine and the
oromise of Cancer Genomics

[ HE Cancer GENOME ATLAS E‘;p

e Prevention
e Understanding the underlying etiology = strategy

e Detection

o |[dentify risk alleles / genomic events for screening

e Intervention
e Stratify high vs low risk patients to treat or not
e [dentify new therapeutic targets for drug discovery
e Inform selection of the right patient for the right drug
e Define combination / co-extinction strategies

e Understand resistance mechanisms



Multi-dimensional Cancer Genomics Tiie CANCER GENOME ATLAS @
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ARTICLES
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Comprehensive genomic characterization
defines human glioblastoma genes and

core pathways

The Cancer Genome Atlas Research Network*

e A Reference GBM cancer genome
PIK3R1 mutation is frequent in GBM
NF1 is involved in sporadic GBM in human
TP53 is commonly mutated in primary GBM
e Unanticipated discoveries..

Hypothesis on a possible resistance mechanism to
temozolomide (TMZ)

e Integrative analyses = Pathway knowledge
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Presentation Notes
In the interim analysis of its first tumor type, GBM, in addition to confirming well-known signature mutations, such as EGFR, CDKN2A and PTEN, TCGA data afforded definitive resolution to anecdotal or controversial events in the literature, such as NF1 being a bona fide tumor suppressor in sporadic GBM, and p53 mutations as a common event in de novo primary GBM.  It also identified a potential resistance mechanism to TMZ, and through integrating across multiple dimensions, it enabled us to begin to populate a pathway map of the cancer genome.
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Integrated Genomic Analysis Identifies Clinically
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Presentation Notes
The ability to integrate diverse dataset is also important in enabling translation… for example, here, because we have sequencing and copy number information on each of the sample, we are able to superimpose the genotypes of the cases onto subtypes that are defined based on transcriptome.  The advantage here is that, 
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Identification of a CpG Island Methylator Phenotype
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Clinicopathological correlation...
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Case:

GBM Histological Features in Permanent Sections

Slide: TCGA-12-0657-012-00-DX1

O Yes O No There is sufficient tissue on the sections to confirm GBM [necrosis & microvascular

hyperplasia)

O Yes O No There is sufficient tissue on the secfions to collect data for this review (see criferia below)
MIB-1 Index [surgical pathology report)

Collection method: O Needle Biopsy O Open Craniotomy

Please select exacily one box per item below:

Definitions:
Not Present: Mot detected on any block
Present. detected on any block
Abundant: present in 2z 50% of 10x fields in z 50%

Not

Eresent FPresent Abundant
Microvascular hyperplasia
m] a* [m] Complex/glomeruloid
m} a* u] Circumferential endothelial hyperplasia
Necrosis
[m] o* [m] Multiple serpentine pseduopalisading pattern
o o* o lonal necrosis

Consensus path review
on digital H&E images

Daniel Brat
Scott Vandenberg
Roger McLendon

David Louis

Norm Lehman

Mark Cohen

Ryan Miller
Matt Schniederjan

Giant
Cells

0 80%

1+ 33%

2+ 0%

p<= 6.7 e-05

p53

mut/del

20%

67%

100%

0 75%

25%

1+ 14% 85.7%

2+ 0% 100%

p<=1.4 e-06
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« Citation in 225 publications
e Comparison with mouse models
» Novel gene discovery and pathway analyses
e Analysis of germline genetics
e Novel computational algorithm development

e In silico correlation studies
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- Cancer genome is highly complex and heterogeneous
- Technologies can detect the signals above the noises

- There are new discoveries to be made
- Detect known and discover unknown genes
- Discovery of novel subclass, e.g. G-CIMP
- Multi-dimensional analyses enable integrative analyses
- Pathway - Network view - translational potential
- Unbiased approach generates unanticipated hypotheses
- Mechanism for TMZ resistance
- Reference-quality data with stringent QC as an enabling resource
- GBM dataset has been used/referenced in > 225 publications

- The acquisition of large cohorts of high-quality clinically annotated
tumor samples is critical but extremely challenging

- Investment in biospecimen banking / infrastructure



Unique Challenges of TCGA e Cocat Glaon ks

e Reference = Complete + Quality
e Quality: samples = biomolecules = data = analyses
e Complete: Multi-dimensionality; global assays
e Complete: sufficiently powered sample size



What is the power of a discovery set of 21
samples? (Wood et al.)
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e We took 100,000 subsets of 21 samples out of the 84 (non-hyper mutated

GBM samples from our paper) and calculated the frequency that each of
the 8 significant genes would have been detected as significant

GBM (n=84) Detected in
Gene fraction

R TP53 97.5%

8 et PTEN 95.6%
EGFR 70.9%
NF1 69.5%
w RB1 48.9%
7 ERBB2 51.4%
N I I i PIK3R1 33.3%
" PIK3CA 21.8%

TPE3 PTEN NET

g-value: <1078 <1072 <1078

Untreated: 27 24 12

EGFR ERBB2 RBT PIKIR1 PfK&CA
<1078 7107 <1078 5% 1077

11 5 9 5 5

o Stage 1 =200 Discovery set
» 20 whole genomes + 180 whole exome
» Stage 2 = 300 Extension validation set
« targeted sequencing of ~¥3000-6000 most significant genes

>80% power to
detect 3%
frequency
event
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e Reference = Complete + Quality

e Quality: samples = biomolecules = data = analyses
e Complete: Multi-dimensionality; global assays
e Complete: sufficiently powered sample size

= Transformative Technology Revolution
Massively Parallel Sequencing
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Presentation Notes
We envision that, very soon, we will be able to achieve complete genomic characterization for all types of alterations by deep-coverage whole-genome sequencing…  which not only can detect alterations with unprecedented level of resolution and accuracy, but enabling characaterization of a new class of alterations – genomic rearrangement.
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GLIOBLASTOMA Name TCGA-06-0188

Coverage(T/N) Callable Purity  Ploidy e 8y Bromd Inetitute
30x / 30x 85% 65% 5.5 Issue Date July 8, 2009
Point Mutations HIGHLIGHTS
Rate/Mb 1.21 TP53 DNP Splice_site |Tumor suppressor
Tota.l 3164 PTPRB Missense Tumor suppressor family member
Coding 27 PTEN Indel Tumor suppressor

MIS 23 Glioma associated extracellular matrix

?NT[?EPLT antigen. Involved in migration of

TNC Missense neurons and axons during development

Chr. Aberrations HIGHLIGHTS
CNA Breaks  --- Major rearrangements in chr1 including CDKN2C and FAF1
TX-Inter 6
TX-Intra 84

Copy-number ratio

1 2 3 4 5 =] 7 8 9 10 11 12 1314 16 18 2022
Chromosome
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Examples of technical challenges:

i After N N
e |T infrastructure ter NextGe

e Optimization of library generation

160,000
e Input requirement
e Alignment to genome 140,000
e Variance calling algorithms 120,000
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Presenter
Presentation Notes
We envision that, very soon, we will be able to achieve complete genomic characterization for all types of alterations by deep-coverage whole-genome sequencing…  which not only can detect alterations with unprecedented level of resolution and accuracy, but enabling characaterization of a new class of alterations – genomic rearrangement.


Validation Challenges
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e Currently every variant must be ‘validated’

e For a whole genome, this is thousands of variants and the cost can

dwarf discovery cost,

e Focus on coding regions — still hundreds per tumor type

e Need to improve error models and practicality of mass-validation

4
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e OVCa MS: all 20,398
somatic variants are
being (already)
validated in a 2"
assay (by genotyping
or repeat sequencing)
in all samples



TCGA IS GENERATING NEW KNOWLEDGE

In the midst of a technology revolution



Pattern of somatic genomic alterations
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Significantly mutated genes in

serous ovarian cancer (n=316)

Gene # of Mutations
TP53 277
FAT3 19
CSMD3 18
NF1 14
BRCA1 10
RB1 9
CDK12 9
BRCA2 9
RB1CC1 7
GABRAG6 6
TACC3 5

e TP53 was mutated in 96.5%

e BRCA1/2 were mutated in 21% of
tumors due to germline (9%/6%)
or somatic (3%) mutations.

e Other significantly mutated
genes in serous OvCa were
present in only 1-6% of tumors.

=>» OVCa is a disease of genomic
instability driven by p53 mutation
and defects in HR.



Patterns of somatic genomic alterations Tie Cancer Ginome Aruss &)
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e 68 amplified putative oncogenes in OVCa that are targets or
putative targets of drugs or inhibitors in development
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[ C. Homologous Repair (HR) Alterations
BRCA Altered Cases, N=98 (31%)

BRCAT SRR LTHERTHPEEEELEE LA
|
BRCA2 i IHIIIIIIIIIIIIIIII""“"
§ Germiine Somatic Epigenetic Silencing
Mutation ¥ Mutation via Hypermethylation ik HR Pathway
Semage 49% of cases altered
Sensors
S
B BRCA Mutated [62] ATM __ __ATR R EMSY
T3 M BRCA1 Epigenetically Siencea (4] | | (%] "[C=x ] ™ [ES
‘E H BRCA Wikdtype [217] mutated maudated rnu'lalud .I' amplified /
5 g h-,rpermthy mutated
g FA
29 it el FANCDZ snc.u RADS1C
g i g e g e R
| itsled mutated ' mutated hypermethyl.
< 4 HR-Mediated PTEN
0 50 100 150 repais 3
Months Survival . deleted

o Mutated BRCA1/2 have defective HR and are sensitive to PARP inhibitors

e HR defects occur in approximately half of serous OvCa
e Core HR genes that are genomically altered
e Mutation vs genomic amplification/deletion vs methylation



Fusion transcripts by RNA-seq in AML Tie Canee Genone Arus €D

e ldentify by assembly and read pairs

« AML1-ETO 5% of samples
PML-RARa 9% of samples
BCR-ABL 2% of samples
CBFB-MYH11 7% of samples
MLL fusions 5 to date

e Other known 2 to date (CALM/AF10, MYST3/CREBBP)
* Novel fusions 2 to date
Scale 28 bases| i
chirs! | 4191151 8| 41911526| 41911538| 4191154a| 41311558| 41911564| 41911578| 41311588|
—— TCACATCACGTTT TCGCARAAGAGATACTGGCT T TAAGATAGGAGTETCTATACAGGAAGGARAAAAAACAAAGACAGGTTACAAGGTC
Chiromosome Eands Localized by FISH Mapping Clones
Chromosome Band Spil. 21
Gap Locations
Read Gap Assembled reads
Your Zeguence from Blatr Search
assembly Sseeses . | ] |
LUCEC Genes Based on EefZed, UniFrot, GenBank, = and Comparative Genomics
H 3 3 I [k L |1 d [
evidence
MYST3 7 -
for e 20 bases | ]
I 1
M YST3/ chris:  S560saa| 56051 8| ssEaszal SEEaSEE| sﬁswl SsEas5a| FE0s6e| FEEas7e|
——» BCGCGCCCCGGGECCCCCG CoGCCCCGGACCCCCTECTCACC WA TGO TGTCATTCG CCGAGAAACC GGGCGAGCTGAGTTTGECT
Chromozome Eands LDC-V'iZE"d lbd FISH Mapping Clones
CREBBP Chromosome Band 16015, 5
. Locati
fusion Gan ﬁ TP Assembled reads
Tour Sedqu e from BElat Search
k48 254725
LUCEC Genes Bazed on Refsed, Un+iFrot,
CREBBP
) =H
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Process:

~50bp Pﬁ\irec_l Ends BWA alignment BreakDancer
Reads, lllumina HiSeqor __ (.bam file) » (structural variants)
GAll (4X Seq Coverage) 140 -k 2-n3

Results:

Sequenced 10 pairs of Colorectal Cancer Pairs. We have analyzed 8 pairs
so far. In red, these translocations are observed in multiple samples.

Gene Name(s)

Translocations Detected by BreakDancer

HRV1-FPPEFZ2 i1, 4) DMA helicase-Protein Phosphatase

HAMI-SECT4L1 H1,17) DMA helicase-Sec 14 like

THEM2-5YN23 (G 22) Thioesterase-Synapsin
STMNIZKIAATBET  K20,22) Stathmin like-Herman Pudalski gene

MIMR2-LRCHT 11,13 Myotubularin-Larch

PROMS-PROM? i5,16) histone methyltransferase-histone methyltreansfarase
THEOTB-C120m32 K2,12) Thrombpspondin-Orf

WDRTO-NXFPH1 a7l ‘WD Repeat-Meuroexophilin

CBorf37-CRTCT i8,19) Orf-CREB related tr factor

SEMASB-5PATE2  {3,12) Semaphorin-Spermatogenesis associated
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» Reference = Complete + Quality
e Quality: samples = biomolecules = data = analyses
e Complete: Multi-dimensionality; global assays
e Complete: sufficiently powered sample size

e Analysis and Enablement
e Rapid data release
e Analyses and Publication
e Knowledge dissemination (Results, Tools)




Data analysis and dissemination Tiie Cancer Genour Aras &5

« Technical challenge:

« Cancer genomic data are noisy and complex, particularly
challenging amidst rapid evolution in technological platforms

« Better computational tools to make sense of the data

« Biological challenge:

« Cancer is biologically complex

« Cancer gene functions are context specific

Genome Data Analysis Centers

Broad Institute, Cambridge, Mass.
Institute for Systems Biology, Seattle, Wash.

University of Texas/M.D.Anderson Cancer Center, Houston, Texas
Lawrence Berkeley National Laboratory, Berkeley, Calif.
Memorial Sloan-Kettering Cancer Center, New York, N.Y.
University of California at Santa Cruz, Calif.

University of North Carolina, Chapel Hill

S ——————————

=> Develop new computational tools for
integrative cancer genome analyses

= Generate TCGA data analysis results in an
“accessible" format for the cancer biology
community

> Disseminate results rapidly



Analysis Is a bottleneck

Ovarian

AML

Colon

Rectal

Breast ductal

Lung adeno

Lung scc

Endometrial

Renal

Gastric

560

162
39 in progress

103
41 in progress

50
17 in progress

0
233 in progress

21
74 in progress

69
45 in progress

0
70 in progress

32

0
82 in progress

76 in progress

434
86 in progress

15
135 in progress

52
51 in progress

0
67 in progress

0
186 in progress

0
95 in progress

0
114 in progress

0
70 in progress

0
32 in progress

0
82 in progress
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Tumor Type GCC assays Whole Exomes Whole Genomes
GBM 380 109 8

12 in progress

10
17 in progress

26
29 in progress

0
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Presentation Notes
Does not include GBM which has 8 whole genomes available and 12 additional cases in progress.  Top number in each cell is # of cases complete and available to investigators.  Cases for whole genome sequencing are undergoing selection for Colon, Breast and Lung projects.  20 GBM whole genomes by end of September.  Available through D
cc
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Clinical sites Tissue samples & NCI & NHGRI
clinical data .
Project Team
Molecular analytes
BCRs
Clinical data

pathology, Genomic &
tracking & clinical data
QC data

Level I-IV
Data

1
1
I
I
= :
Analysis results 1
1
1>
N GSC Level lI-IV data :ué
| =
E
. 13
Genomic & I
P clinical data :
Level | Controlled & na I\fls :
data Open data resutts :
Analysis 1
\ 4 Pipeline
Raw sequence
NCBI Research

Community




Example workflow of an analysis run Tie Cancer Genome Atias &

n_gene__data Correlate mRNA Expression with Clinical data
:_rma__data GDAC median mRNA Expression » GDAC mRNAConsensusClustering »{ Correlate mRNA consensus clustering with Clinical data
dat t functi dat: GDAC C late E i ith Methylati ! . . L
y_data_set unction_data orrelate Expression wi ethylation GDAC CNMF_mRNA_clustering Correlate mRNA CNMF clustering with Clinical data
alization_gene level data Find miR Direct Targets
» GDAC MergeAllClusterings
alization_gene_level__data Correlate microRNA Expression with Clinical Data
djusted__data GDAC miRNAConsensusClustering »| Correlate miRNA consensus clustering with Clinical data
adjusted__data GDAC CNMF_miRNA_clustering
_ \ Correlate miRNA CNMF clustering with Clinical data
ted cna_seg » Find CN-EXP Cors for miRNA
alization_gene_level data #» GDAC find GBM CN-EXP correlation_mRNA
ation__seg GDAC find GBM CN-EXP correlation_mRNA for Harvard

1entation__seg

Mutation, copy number analysis; subclassification; pathway...
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Pre-defined
Analysis Customized analysis

ao a0 aao

Others
Analysts

Disease Experts

Timeline

Project Starts 100 Cases 200 Cases Discovery Phase
with Tissue Shipped Data to Ends with

Accrual from BCR DCC Publication



)

In the face of the evolving technologies... Tie Cascer Genont Arins €D

- TCGA is generating new knowledge, enabling and
Impacting diverse research endeavors

- ‘Genome Paradigm’ brought to cancer
« Completeness
- Standardization
- Open data release

- ‘Field Enhancement’ is evident
« Methods improving
« Costs driven down
- Community engagement increasing
- Log-changes being accepted and expected


Presenter
Presentation Notes
We envision that, very soon, we will be able to achieve complete genomic characterization for all types of alterations by deep-coverage whole-genome sequencing…  which not only can detect alterations with unprecedented level of resolution and accuracy, but enabling characaterization of a new class of alterations – genomic rearrangement.
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