
Firehose: A Case Study in Big Data Genomics

Michael S. Noble

Assistant Director for Data Science
Cancer Genome Analysis Group

The Broad Institute of MIT & Harvard

Senior Manager, TCGA Genome Data Analysis Center

MIT Lincoln Laboratory
 October 4, 2013



Acknowledgements
Broad Institute
Douglas Voet
Daniel DiCara
Gordon Saksena
Hailei Zhang
David Heiman
Juok Cho
William Mallard
Harindra Arichchi
Michael Lawrence
Petar Stojanov
Lihua Zou
Chip Stewart
Scott Frazer
Pei Lin
Kristian Cibulskis
Jaegil Kim
Lee Lichtenstein
Aaron McKenna
Andrey Sivachenko
Carrie Sougnez
Lee Lichtenstein
Steven Schumacher
Raktim Sinha

Matthew Meyerson
Andrew Cherniack
Juliann Chmielecki
Rameen Beroukhim
Scott Carter

Belfer/DFCI/MDACC
Juinhua Zhang
Spring Liu
Sachet Shukla
Terrence Wu

 Peter Park
 Nils Gehlenborg
 Semin Lee
 Richard Park

IGV & GenePattern teams @ Broad 
Jill Mesirov
Michael Reich
Peter Carr
Marc-Danie Nazaire
Jim Robinson
Helga Thorvaldsdottir

PI:  Lynda Chin, Gaddy Getz

Broad Institute Leadership:  Todd Golub, Eric Lander

Harvard Medical School



1.  Why Firehose?
2.  What we produce
3.  Recent highlights
4.  Observations

Outline



1.  Why Firehose?
2.  What we produce
3.  Recent highlights
4.  Observations

Outline

“Big Data Science Through Software”
More than science or software itself



1.  Why?



Born of the desire to systematize
analyses from The Cancer Genome Atlas 

pilot and scale their execution to the
dozens of remaining diseases to be 

studied, now sits atop ~30 terabytes
of  TCGA data and reliably executes 
more than 2300 pipelines per month.
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Because The Bad Old Days ...

Of solitary, manual experimentation on small sample sets ... 

%  create a folder

%  download data.from.some.where

%  run_your_computational_analysis

Then get distracted, do it again ...
Forget, search ... lose track, search ...
Repeat ... for 20 more disease types 

GBM, LUNG, AML, ...

Then multiply by 5, 10 ...  researchers at your site
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November 14, 2012 
Firehose Data SnapshotDon’t Scale to TCGA

+4357 +5267 +3173 

New data types
(12.5K samples)

+501 

Single year:  ~24K 
new sample aliquots

+1830 +1665 +2021 +4181 +1142 

Diffs since Nov 2011 
(~11K samples)



http://massgenomics.org/2012/01/cancer-genome-and-exome-sequencing-in-2011.html

Context :  2-3 orders magnitude shift
Exome Sequencing Studies of Cancer in 2011Exome Sequencing Studies of Cancer in 2011

http://massgenomics.org/2012/01/cancer-genome-and-exome-sequencing-in-2011.html
http://massgenomics.org/2012/01/cancer-genome-and-exome-sequencing-in-2011.html
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Interpreta(on:
Level	  4	  –	  Analysis	  across	  a	  cohort	  (e.g.	  sub-‐types	  discovery,	  correlate	  data	  types,	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  significantly	  mutated	  genes/regions/pathways,	  correla@on	  to	  clinical	  parameters)

Characteriza(on:
Level	  1	  –	  Raw	  data	  (e.g.	  raw	  reads	  and	  quali@es,	  Affymetrix	  CEL	  files)
Level	  2	  –	  Normalized	  data	  (e.g.	  aligned	  reads	  –	  BAM	  files,	  intensity	  matched	  files)
Level	  3	  –	  Genomic	  events	  (e.g.	  soma@c	  muta@ons,	  segments	  of	  copy	  number	  changes)

Understanding TCGA : data flow & levels
20 research centers~150 tissue sites

Review	  on	  TCGA	  data:	  Chin,	  Hahn,	  Getz,	  Meyerson.	  Genes	  Dev	  (2011)

(individuals)

(populations)
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Broad Roles:  3 of 20 TCGA centers

GSC

GCC

GDAC

Sequencing Center
PI:  Eric Lander

SNP6 Characterization
PI: M. Meyerson, S. Gabriel

Standardize & Analyze Data
PI:  G. Getz, L. Chin
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Flowing Into
Other Portals

UCSC Genome
Browser

Caleydo StratomeX
Harvard Medical School

TumorScape

stddata__2013_MM_DD
analyses__2013_MM_DD

Johns
Hopkins

And dozens more
academic depts, 
pharmas, foreign 
repositories, etc



GSC
GCC

GDACData

BCRDCC

Codes

Tremendous, National-Scale Data 
Coordination & Standards Challenge
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But why is this needed when ...

...TCGA already has data archive / portal?
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Because TCGA data portal is more “raw” ...

 Like giant FTP site:  no data aggregate / versioning

      Can I easily identify & retrieve all in one shot?

What if I just want to view copy number peaks in Ovarian (GISTIC)?
Or glance at an expression or methylation cluster?

Must I become an expert first?

... and does not encompass analyses at all

we had to
do this, so
would you} Are they homogeneous?

 Or systematically prepared?

 To be ready to load in my R or MatLab script?

How to use portal data directly in my research?
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Or becoming a TCGA data guru, obtaining

samples spread across many files

 And still more time, mastering the analytics



Spend weeks obtaining protected data credentials

One might otherwise need to ...

Or becoming a TCGA data guru, obtaining

samples spread across many files

 And still more time, mastering the analytics

Complexity & volume preclude

this approach for many individuals



2.  What?



To Address These Firehose Generates

Version-stamped, standardized datasets
Precursor to automated analyses, durable (DCC) 

1

2  Version-stamped package of standard analyses results
           Dozens of algorithms:  GISTIC, MutSig, CNMF, ...

With version-stamped, biologist-friendly reports3

All of which are citable in the literature (more on that later)
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TECHNOLOGY FEATURE

Recently, researchers at the Whitehead 
Institute for Biomedical Research used 
data posted in the 1000 Genomes Project 
and public genealogy information on the 
web to identify 50 individuals on the basis 
of short tandem repeats from sequence 
data3. This finding makes it “likely that the 
privacy landscape of genomic data per se is 
going to tighten up,” Sheldon says.

Many companies offer to help research-
ers set up cloud-based genomics analysis. 
“It’s perhaps a better economic solution 
than trying to put together your own com-
pute farm, hiring an IT staff to maintain it 
and then hiring a bunch of programmers 
to build pipelines for you,” says Elaine 
Mardis, who codirects The Genome 
Institute at Washington University School 
of Medicine. She also advises DNAnexus, 
a company offering these types of genome 
analysis services.

Beyond doubts, questions await
Researchers can use the available data 
and tools on their own hardware and the 
cloud to pursue their questions of inter-
est. There are plenty of open questions 
to plumb because large genome centers 
do not have time for in-depth analysis, 
says Meyerson. Besides working to better 
understand the mix of normal and can-
cerous cells in a tumor, scientists seek to 
discern mutations that drive cancer pro-
gression. “The identification of drivers 
and passengers either computationally 
or experimentally remains a challenge,”  
he says.

includes cancer genome data, such as 
those from TCGA, and analysis tools, and 
it is free for academics but not for com-
panies.

Firms are big users of TCGA data, slic-
ing out what they need, often with com-
mercial success, Ferguson says. Some 
of his clients are pharma companies. 
“They’re using the data for anything they 
can: they’re mining it for new targets, 
they’re mining it for potential biomarkers 
that can be tested and turned into a com-
panion diagnostic,” he says.

Cancer genome projects are among the 
reasons Oracle built a platform for sci-
entists to scale up genomic data analysis 
and include large public-domain data sets 
such as TCGA, and to view them across 
genotype and phenotype, says Jonathan 
Sheldon, global senior director of transla-
tional medicine in Oracle’s health sciences 
business unit. “Frankly, bioinformaticians 
have to spend way too much time doing 
the mundane but necessary formatting and 
reformatting work to load these public data 
into systems ready for analysis—we are 
‘productizing’ this step so they can focus on 
working with the disease scientists.”

To this end, the company built an ‘omics 
data model, which involves such tasks as 
defining data structures and how they 
relate to one another, and a platform that 
can analyze data from different sequenc-
ers and analysis pipelines, either locally 
or in a secured cloud-based computing 
environment or a combination of both, 
Sheldon says.

soon broaden, but it is now more limited 
to groups with bioinformaticians for in-
house software development.

Knudsen’s customer base has grown as 
more companies and clinical research-
ers have begun using second-generation 
sequencing. “Another trend is that we sell 
to more and more customers who replace 
their open-source pipelines and internally 
developed software with our solutions.”

Jorge Conde, a cofounder of Knome, 
sees TCGA and similar projects as a source 
of growth for his firm’s user base, which 
includes scientists seeking additional 
computational know-how. Customers can 
approach Knome to find genomic variants 
in data by using the company’s platform, 
which integrates public data sources and 
analysis tools.

Early versions of academically produced 
software can start out “clunky and buggy,” 
says bioinformatician Martin Ferguson, 
who consults for TCGA, setting up pro-
cesses that ease data comparison across 
the hundreds of participating clinical sites.

Though they may have small begin-
nings, academic cancer genome  analysis 
tools can develop significant business 
careers. One example is Compendia 
Bioscience, a 2006 University of Michigan 
spin-off that Life Technologies acquired 
last fall. Compendia’s founders sought 
applications in drug development and 
clinical research. Its platform Oncomine 

The Broad Institute confronts the ‘Babel Problem’ that emerged when scientists used TCGA data but 
could not readily identify data sets. Version Stamp makes each automated analysis identifiable.

The momentum in cancer genomics and analysis 
stands to help cancer patients, says Elaine 
Mardis. “That’s really at the end of the day why 
we are doing all of this.”
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Drilling into big cancer-genome data, Nature Methods 10, 293–297 (2013)
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Frozen snapshot of all TCGA analysis-ready data

Save time 
Decrease waste
 Increase quality

Address BABEL Problem
20 centers in TCGA, little
agreement on quantity 

of samples across analyses
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How?  Many ways ... here are several

N samples X B batches  =  NxB files

One sample = one file

Submitted to DCC in B batches, over months

1)  Because sequencers create many files

sample

sample

sample
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.

.
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file

file
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But your brain, R & MatLab code want one file

Sample1

Sample2

SampleNxB

.

.

.
One file = NxB samples

Don’t care how/when submitted to DCC

Transparent aggregation over samples, over time
(and over operating system: Linux, WinXX, Mac ...)

Wasteful & error-prone to duplicate this at each TCGA center
(or at each of your desks)



 Because you want to cite one thing

Consistent point of reference for analysis
 and citation by marker papers

 and users of TCGA data
Our analysis used TCGA 
stddata__2012_10_04 ...

Data Science: data must become citable

https://confluence.broadinstitute.org/display/GDAC/FAQ#FAQ-citing
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 Because you want to cite one thing

Consistent point of reference for analysis
 and citation by marker papers

 and users of TCGA data
Our analysis used TCGA 
stddata__2012_10_04 ...

Journals, readers, reproducers want this
Step 1: version-stamping the data aggregates

Step 2: disciplined use of versioned data throughout TCGA

Data Science: data must become citable

https://confluence.broadinstitute.org/display/GDAC/FAQ#FAQ-citing
https://confluence.broadinstitute.org/display/GDAC/FAQ#FAQ-citing
https://confluence.broadinstitute.org/display/GDAC/FAQ#FAQ-citing
https://confluence.broadinstitute.org/display/GDAC/FAQ#FAQ-citing
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And retrieve it clearly & easily

%   firehose_get    2012_10_04

TCGA

Your Algorithm



And easily identify what changed

2 seconds to understand sample accrual
differences across 40+ terabytes of data
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Unprecedented Scale: KiloPipeline(s) per Month

  stddata__2013_04_06          2192 datasets packaged for DCC
  stddata__2013_04_21          2265 datasets ...
analyses__2013_04_21            942 analyses ...

5400 pipelines across 26 disease cohorts

With up to 40
biologist-friendly 
analysis reports

per disease
(~700 total)

Single Month: April 2013



Subject to Same

Engineering

Constraints of

Timeliness &

Reliability as

Physical Factories

Not academic one-off

Continuous 
improvement
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But Complex Need Not Be Stupidly Hard

This is Your
 Researcher 

Brain

When Coding
Or Data

Exploration
Is Hard

Computing
MathBiology

When 
  Easier

Biology

Math

Computing

Civilization advances by extending the number of important
 operations which we can perform without thought. A. North Whitehead



In this spirit we created ...

Mission 

http://gdac.broadinstitute.org
http://gdac.broadinstitute.org


gdac.broadinstitute.org

Analysis
Dashboard

Data
Dashboard

http://gdac.broadinstitute.org
http://gdac.broadinstitute.org


With open/public/passwordless dashboards



With open/public/passwordless dashboards

Sample Counts
(tabular/programmatic too)

Analyses
Performed
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• Results

• Methods & Data
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• Standard visual format for ALL pipelines
• As little as 3-5 simple R calls
• Thoughtfully Scoped:

• drill from overview to details
• Significant results “bubble up” 
• don’t miss needle in haystack

RIGOR: nothing
thrown away



Underlined results have 
associated supplemen-

tary information. Click to 
open the supplementary 
results panel. Dark blue 
indicates the result for 
which supplementary 
information is  shown.

Get the complete set 
of results as a text file.

Expand or collapse all 
sections of the report.

Navigate to previous 
or next report or to 
the overview page.

Contact the report 
maintainer by email.

Tables can be 
sorted by clicking 

on a column header.

Red boxes indicate statisti-
cally significant results. 

Download all result files associ-
ated with the analysis presented 
in the report from the TCGA DCC.

In auto width mode the report is automatically fit to the width of the browser window.

Load a printable 
version of the report.
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lem with the report or 
the results by sending 
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Click figures to enlarge. 
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Dead Simple Bulk Retrieval

• Subselect by disease type
• Or analysis type: 
• See what runs we did
• Or what analyses in each

• Download all or parts
• Of any posted runs
• Open & password access
• Select by run type & date

20K script

firehose_get



% firehose_get -runs

% firehose_get -tasks analyses 2012_07_25

These analyses are what is
described by the reports

on our GDAC dashboards
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•  Enable readers (PIs, bench bios, clinical trialists, DotComs)

• To quickly take pulse of TCGA for given disease type(s)

•  With just a few glances at common representational figures

•  Not deep head-scratching or big time investment

“Oh, that’s interesting, maybe my code has
  found something here ... I wonder if this is seen

  in the Firehose version 2013_04_21 results, too?”

When easy things kept easy, 
harder things become possible



Established Traction as Nexus Resource

•  Across dozens of centers & portals

•  Research / Academic / Commercial

•  National & International  

Interactive Use

firehose_get downloads

Total 640K pages 860K hits 1.8 TB traffic

July 2013                                             >	  2	  	  	  TB	  traffic  

May 2013
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Custom Runs for Analysis Working Groups

•  limited to a single disease cohort
•  and in particular subtypes thereof
•  executed by request of the AWG 
•  on latest snapshot of data from DCC
•  avoid time & sample lag of monthly runs

Provides real time scientific 
value to TCGA AWGs

Using same internal Firehose machinery, 
public-facing dashboards, Nozzle reports,
firehose_get etc, known to community



gdac.broadinstitute.org/runs/awg_lgg__2013_04_06

Across
4 cohort
subsets

121 
analyses  
reports

2-3 days
turnaround

Example

http://gdac.broadinstitute.org/runs/awg_lgg__2013_04_06
http://gdac.broadinstitute.org/runs/awg_lgg__2013_04_06


Custom Google-Powered Search Engine

gistic thyroid

Streamline extraction of meaning from TCGA data & Firehose analyses



Digital Object Identifiers (DOIs)

Hundreds of reports generated per month, citable directly in literature
First of its kind at Broad Institute:  nothing at this scale, anywhere?



High Resolution Sample Provenance

Linked to every dashboard

Raises bar for clarity, comprehensiveness &
ease of access for data resolution in TCGA





Defining	  &	  Measuring	  Research	  
Reproducibility

M.	  Noble	  &	  G.	  Getz
mnoble@broadinsCtute.org

Version	  2013_09_23

Reproducibility is a cornerstone of science, but its widespread practice 
remains stubbornly inconsistent.  Time consuming and complex, for both 
producers and verifiers of results, reproducibility demands attention that 
might otherwise be applied towards novelty & innovation.
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Observation 1

 is really a META-pipeline of pipelines

Mutation_Significance

GISTIC

Some of which are themselves complex pipelined codes.

Continuously evolving through years of publication use. 

This workflow ...

Getz et al. Science comment 2007                                                                                                                                                                    

Ding, Getz, Wheeler, et al. 2008 lung adenocarcinoma                                                                                                                                                

TCGA GBM paper, Nature 2008                

Chapman et al. Nature 2011 multiple myeloma   

Stransky et al. Head and Neck, Science 2011 in press

TCGA Ovarian paper, Nature 2011 in press    

Beroukhim, Getz et al, PNAS 2007 (GISTIC 1)

Mermel, Schumacher et al, Genome Biol 2011 (GISTIC 2)



Like ENIAC,  no simple task 
to keep it all running

 ... in part because ...





Current Analysis
Workflow
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Observation 2:  Unit Testing Not Enough
Individual researcher invoking THEIR code against THEIR data for 
THEIR paper, to establish that, in isolation, it runs to completion.

brca
coad
gbm
kirc
kirp
laml
luad
lusc
 ov
read
. . .

ucec

Across datasets

INTEGRATION TESTING must establish that 
(changes to) codes plays nice with rest of system.

And remainder of workflow runs to completionWith O’s correctly wired to I’s
Downstream dependents *correctly read* outputs
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Observation 3

Versioning & Automation are sacrosanct

• Otherwise no reproducibility

• Or algorithmic scalability

• BOTH code AND data are versioned

• Do not trust:  version and verify

• Automation not just of pipelines:

✓  but also tools used to create them

✓  and reports generated from them

✓  and data sources which feed them

GUIs alone ARE NOT GOOD ENOUGH for these latter tasks

Because PROCESS SCALABILITY matters too

Babel
problem}

FH web services
Hydrant

GDAC website

DCC, dbGAP
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Observation 4:   A- not good enough

Suppose all TCGA moving parts run 90% efficient

After just 4 steps in life
 of TCGA sample:   

.94   = 66%  overall efficiency

Assume A = 95% .954   = 81%

And  A+  = 99% .994   = 96%
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Novel discoveries lurk in Firehose outputs

Given that TCGA arguably largest/richest cancer data ever assembled

section 6). Kaplan–Meier survival analysis of this signature showed
statistically significant association with survival in all validation data
sets (Fig. 2d and Supplementary Methods, section 6).
Negative matrix factorization consensus clustering of miRNA

expression data identified three subtypes (Supplementary Fig. 6.5).
Notably, miRNA subtype 1 overlapped the mRNA proliferative sub-
type and miRNA subtype 2 overlapped the mRNA mesenchymal
subtype (Fig. 2d). Survival duration differed significantly between
miRNA subtypes: patients with miRNA subtype-1 tumours survived
significantly longer (Fig. 2e).

Pathways influencing disease
Several analyses integrated data from the 316 fully analysed cases to
identify biology that contributes to HGS-OvCa. Analysis of the fre-
quency with which known cancer-associated pathways harboured
one or more mutations, copy number changes or changes in gene
expression showed that the RB1 and PI3K/RAS pathways were
deregulated in 67% and 45% of cases, respectively (Fig. 3a and
SupplementaryMethods, section 8). A search for altered subnetworks
in a large protein–protein interaction network32 using HOTNET33

identified several known pathways (Supplementary Methods, section

9) including the NOTCH signalling pathway, which was altered in
23% of HGS-OvCa samples34 (Fig. 3b).
Published studies have shown that cells with mutated or methylated

BRCA1 or mutated BRCA2 have defective homologous recombination
and are highly responsive to PARP inhibitors35–38. Fig. 3c shows that 20%
of our studiedHGS-OvCa sampleshadgermline or somaticmutations in
BRCA1/2, that 11% lost BRCA1 expression through DNA hypermethy-
lation and that epigenetic silencing of BRCA1 was mutually exclusive of
BRCA1/2mutations (P5 4.43 1024, Fisher’s exact test). Univariate sur-
vival analysis of BRCA1/2 status (Fig. 3c) showed better overall survival
for BRCA1/2 mutated cases than BRCA1/2 wild-type cases. Notably,
epigenetically silenced BRCA1 cases had survival similar to BRCA1/2
wild-type HGS-OvCa tumours (respective median overall survivals of
41.5 and 41.9 months, P5 0.69, log-rank test; Supplementary Methods,
section 8, and Supplementary Fig. 8.13b). This suggests that BRCA1 is
inactivated bymutually exclusive genomic and epigenomicmechanisms
and that patient survival depends on the mechanism of inactivation.
Genomic alterations in other homologous recombination genes that
might render cells sensitive to PARP inhibitors39 discovered in this study
(Supplementary Methods, section 8, and Supplementary Fig. 8.12)
include amplification or mutation of EMSY (also known as C11orf30)
(8%), focal deletion or mutation of PTEN (7%), hypermethylation of
RAD51C (3%), mutation of ATM or ATR (2%), and mutation of
Fanconi anaemia genes (5%). Overall, homologous recombination
defects may be present in approximately half of all HGS-OvCa cases,
providing a rationale for clinical trials of PARP inhibitors targeting
tumours with these homologous-recombination-related aberrations.
Comparison between the complete set of BRCA inactivation events

and all recurrently altered copy number peaks revealed anunexpectedly
low frequency ofCCNE1 amplification in cases withBRCA inactivation
(8% of BRCA altered cases had CCNE1 amplification whereas 26% of
BRCA wild-type cases did; Q5 0.0048, adjusted for false-discovery
rate). As previously reported40, overall survival tended to be lower for
patients with CCNE1 amplification than for patients in all other cases
(P5 0.072, log-rank test; Supplementary Methods, section 8, and
Supplementary Fig. 8.14a). However, no survival disadvantage for
CCNE1-amplified cases (P5 0.24, log-rank test; Supplementary
Methods, section 8, and Supplementary Fig. 8.14b) was apparent when
looking only at BRCA wild-type cases, suggesting that the previously
reported CCNE1 survival difference can be explained by the higher
survival of BRCA-mutated cases.
Finally, we used a probabilistic graphical model (PARADIGM41) to

search for altered pathways in the US National Cancer Institute
Pathway Interaction Database42, and found that the FOXM1 tran-
scription factor network (Fig. 3d) is significantly altered in 87% of
cases (Supplementary Methods, section 10, and Supplementary Figs
10.1–10.3). FOXM1 and its proliferation-related target genes, AurB
(AURKB), CCNB1, BIRC5, CDC25 and PLK1, were consistently over-
expressed but not altered by DNA copy number changes, indicative of
transcriptional regulation.TP53 repressesFOXM1 afterDNAdamage43,
suggesting that the high rate of TP53 mutation in HGS-OvCa contri-
butes to FOXM1 overexpression. In other data sets, the FOXM1 path-
way is significantly activated in tumours relative to adjacent epithelial
tissue44–46 (SupplementaryMethods, section10, andSupplementaryFig.
10.4) and is associated with HGS-OvCa22 (Supplementary Methods,
section 10, and Supplementary Fig. 10.5).

Discussion
This TCGA study provides a large-scale integrative view of the aberra-
tions inHGS-OvCa.Overall, themutational spectrumwas surprisingly
simple. Mutations in TP53 predominated, occurring in at least 96% of
HGS-OvCa samples; and BRCA1 and BRCA2 were mutated in 22% of
tumours, owing to a combination of germline and somatic mutations.
Seven other significantly mutated genes were identified, but only in
2–6% of HGS-OvCa samples. By contrast, HGS-OvCa demonstrates a
remarkable degree of genomic disarray. The frequency of SCNAs

Nature nature10166.3d 10/6/11 15:35:33
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Figure 2 | Gene and miRNA expression patterns of molecular subtype and
outcome prediction in HGS-OvCa. a, Tumours from TCGA and ref. 25
separated into four clusters on the basis of gene expression. b, Using a training
data set, a prognostic gene signature was defined and applied to a test data set.
c, Kaplan–Meier analysis of four independent expression profile data sets,
comparing survival for predicted higher-risk patients versus lower-risk
patients. Univariate Cox P value for risk index included. d, Tumours separated
into three clusters on the basis of miRNA expression, overlapping with gene-
based clusters as indicated. D, differentiated; I, immunoreactive; M,
mesenchymal; P, proliferative (red bold indicates high degree of overlap).
e, Differences in patient survival among the three miRNA-based clusters.
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CNMF clustering of Ovarian miR 
expression yielded 3 subtypes

One of which correlated to
significantly longer survivability

Integrated genomic analyses of ovarian carcinoma
TCGA Network, Nature, 2011
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section 6). Kaplan–Meier survival analysis of this signature showed
statistically significant association with survival in all validation data
sets (Fig. 2d and Supplementary Methods, section 6).
Negative matrix factorization consensus clustering of miRNA

expression data identified three subtypes (Supplementary Fig. 6.5).
Notably, miRNA subtype 1 overlapped the mRNA proliferative sub-
type and miRNA subtype 2 overlapped the mRNA mesenchymal
subtype (Fig. 2d). Survival duration differed significantly between
miRNA subtypes: patients with miRNA subtype-1 tumours survived
significantly longer (Fig. 2e).

Pathways influencing disease
Several analyses integrated data from the 316 fully analysed cases to
identify biology that contributes to HGS-OvCa. Analysis of the fre-
quency with which known cancer-associated pathways harboured
one or more mutations, copy number changes or changes in gene
expression showed that the RB1 and PI3K/RAS pathways were
deregulated in 67% and 45% of cases, respectively (Fig. 3a and
SupplementaryMethods, section 8). A search for altered subnetworks
in a large protein–protein interaction network32 using HOTNET33

identified several known pathways (Supplementary Methods, section

9) including the NOTCH signalling pathway, which was altered in
23% of HGS-OvCa samples34 (Fig. 3b).
Published studies have shown that cells with mutated or methylated

BRCA1 or mutated BRCA2 have defective homologous recombination
and are highly responsive to PARP inhibitors35–38. Fig. 3c shows that 20%
of our studiedHGS-OvCa sampleshadgermline or somaticmutations in
BRCA1/2, that 11% lost BRCA1 expression through DNA hypermethy-
lation and that epigenetic silencing of BRCA1 was mutually exclusive of
BRCA1/2mutations (P5 4.43 1024, Fisher’s exact test). Univariate sur-
vival analysis of BRCA1/2 status (Fig. 3c) showed better overall survival
for BRCA1/2 mutated cases than BRCA1/2 wild-type cases. Notably,
epigenetically silenced BRCA1 cases had survival similar to BRCA1/2
wild-type HGS-OvCa tumours (respective median overall survivals of
41.5 and 41.9 months, P5 0.69, log-rank test; Supplementary Methods,
section 8, and Supplementary Fig. 8.13b). This suggests that BRCA1 is
inactivated bymutually exclusive genomic and epigenomicmechanisms
and that patient survival depends on the mechanism of inactivation.
Genomic alterations in other homologous recombination genes that
might render cells sensitive to PARP inhibitors39 discovered in this study
(Supplementary Methods, section 8, and Supplementary Fig. 8.12)
include amplification or mutation of EMSY (also known as C11orf30)
(8%), focal deletion or mutation of PTEN (7%), hypermethylation of
RAD51C (3%), mutation of ATM or ATR (2%), and mutation of
Fanconi anaemia genes (5%). Overall, homologous recombination
defects may be present in approximately half of all HGS-OvCa cases,
providing a rationale for clinical trials of PARP inhibitors targeting
tumours with these homologous-recombination-related aberrations.
Comparison between the complete set of BRCA inactivation events

and all recurrently altered copy number peaks revealed anunexpectedly
low frequency ofCCNE1 amplification in cases withBRCA inactivation
(8% of BRCA altered cases had CCNE1 amplification whereas 26% of
BRCA wild-type cases did; Q5 0.0048, adjusted for false-discovery
rate). As previously reported40, overall survival tended to be lower for
patients with CCNE1 amplification than for patients in all other cases
(P5 0.072, log-rank test; Supplementary Methods, section 8, and
Supplementary Fig. 8.14a). However, no survival disadvantage for
CCNE1-amplified cases (P5 0.24, log-rank test; Supplementary
Methods, section 8, and Supplementary Fig. 8.14b) was apparent when
looking only at BRCA wild-type cases, suggesting that the previously
reported CCNE1 survival difference can be explained by the higher
survival of BRCA-mutated cases.
Finally, we used a probabilistic graphical model (PARADIGM41) to

search for altered pathways in the US National Cancer Institute
Pathway Interaction Database42, and found that the FOXM1 tran-
scription factor network (Fig. 3d) is significantly altered in 87% of
cases (Supplementary Methods, section 10, and Supplementary Figs
10.1–10.3). FOXM1 and its proliferation-related target genes, AurB
(AURKB), CCNB1, BIRC5, CDC25 and PLK1, were consistently over-
expressed but not altered by DNA copy number changes, indicative of
transcriptional regulation.TP53 repressesFOXM1 afterDNAdamage43,
suggesting that the high rate of TP53 mutation in HGS-OvCa contri-
butes to FOXM1 overexpression. In other data sets, the FOXM1 path-
way is significantly activated in tumours relative to adjacent epithelial
tissue44–46 (SupplementaryMethods, section10, andSupplementaryFig.
10.4) and is associated with HGS-OvCa22 (Supplementary Methods,
section 10, and Supplementary Fig. 10.5).

Discussion
This TCGA study provides a large-scale integrative view of the aberra-
tions inHGS-OvCa.Overall, themutational spectrumwas surprisingly
simple. Mutations in TP53 predominated, occurring in at least 96% of
HGS-OvCa samples; and BRCA1 and BRCA2 were mutated in 22% of
tumours, owing to a combination of germline and somatic mutations.
Seven other significantly mutated genes were identified, but only in
2–6% of HGS-OvCa samples. By contrast, HGS-OvCa demonstrates a
remarkable degree of genomic disarray. The frequency of SCNAs
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Figure 2 | Gene and miRNA expression patterns of molecular subtype and
outcome prediction in HGS-OvCa. a, Tumours from TCGA and ref. 25
separated into four clusters on the basis of gene expression. b, Using a training
data set, a prognostic gene signature was defined and applied to a test data set.
c, Kaplan–Meier analysis of four independent expression profile data sets,
comparing survival for predicted higher-risk patients versus lower-risk
patients. Univariate Cox P value for risk index included. d, Tumours separated
into three clusters on the basis of miRNA expression, overlapping with gene-
based clusters as indicated. D, differentiated; I, immunoreactive; M,
mesenchymal; P, proliferative (red bold indicates high degree of overlap).
e, Differences in patient survival among the three miRNA-based clusters.
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Points to Potential Clinical Gold Mine ...

The results, which e.g. include survival curves (when possible)
for every TCGA disease, are posted openly on the Broad 
GDAC site in the form of biologist-friendly HTML reports

  Firehose automatically mines entire suite of clinical params 
to identify statistically significant relationships with every 

TCGA datatype or aggregate (e.g. clusters)

Since automation is “free,” these don’t have to be 
100% to establish potentially interesting signposts
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