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OUTLINE

I.     Why (yet another pipeline)?

II.    What (is Firehose, anyway)? 

III.   How (will it help)?

IV.   Insights (gained so far)



I  :  WHY?



• Thousands of samples:  23 tumor sets + clinical

• Already 5K patient cases, heading to 11K+ total 

• Swirling amongst 20 centers nationwide

• TODAY ... AND EVOLVING DAILY

TCGA 

SYNONYM:  FLOOD (OF DATA & ALGORITHMS)

ACRONYM:  THE CANCER GENOME ATLAS



Tremendous National-Scale Data 
Coordination & Standards Challenge

COMPLEX LIFE CYCLE OF  A TCGA SAMPLE
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• At this point you have a broad sense of the TCGA centers and data stream

• But how do they come together to answer common biological questions?

‣ Mutation calling, classifying, summarizing and significance-testing

‣ Copy number alteration detection and significance-testing

‣ Expression- and methylation-based clustering

‣ Associating genomic data with common clinical, treatment or survival groups

• Such as:

Is my gene of interest altered in this tumor type?   How?
Is that alteration significantly above the background rate?
What distinguishes tumors with clinical or molecular feature X?

• There is no one-size-fits-all, cookie-cutter method to answer such questions

• But some analyses are common to many questions and can be automated:

MOTIVATION



• These common results then become building blocks for higher-level analysis  

• So that downstream users do not have to repeat each time

• Nor perform ad-hoc reinvention of methods

• Nor download all low-level data from which they were generated

•   ... just to utilize a lower-level analysis result for higher-level, integrative questions

• Nor should they institute their own ad-hoc data freeze/versioning scheme 

•  ... to ensure accuracy & reproducibility of analytic/statistical results

• Nor institute ad-hoc QC program ... to minimize human error in large-data analyses

It is these concerns which Firehose aims to address.



II  :  WHAT?



WHAT IS FIREHOSE?
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2 THINGS ... FROM A USER PERSPECTIVE
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•  Version control for computational experiments

•  Coupled with automated pipeline infrastructure

•  Where both analysis code AND data are versioned

•  Towards highest possible standards of:

‣  Throughput
‣  Transparency          Reproducibility
‣  Scientific Vetting
‣  And ultimately, Reliability

PROVIDING



Because The Bad Old Days: 
 Manual Experimentation 

%  create a folder

%  download data.from.some.where

%  perform local data validation

%  run_your_computational_analysis

Then do it again Nov 13,  17, ...
Then forget ... and search, search, search
Then repeat ALL for 19 more tumors 

GBM, LUNG, AML, ...

Then multiply by 5, 10 ...  researchers at your site



DOESN’T SCALE TO TCGA 

Protein



RPPA  STATUS @ BROAD GDAC

•  Anticipated in Production Data Pipeline in Feb 2012

•  Analysis pipelines under development:

collaboration with MD Anderson GDAC (Chin et al)

•  Contact:  Spring Liu (yingchun@broadinstitute.org)

7 tumor types so far

✓brca
✓coad
✓gbm
✓kirc
✓ov
✓read
✓ucec

•  All available TCGA RPPA data mirrored At Broad

mailto:yingchun@broadinstitute.org
mailto:yingchun@broadinstitute.org


III  :  HOW?



 WHERE FIREHOSE LIVES IN TCGA
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Firehose Produces

1. Biologist-friendly reports, companioned with

2. Regular package of standard analyses results (~monthly)

For published, vetted algorithms:  GISTIC, MutSig, ...

3. From version-stamped, standardized datasets

Generated at Broad, precursor to automated pipeline

These broadly map to 3 roles in TCGA.



• APPROX 20 PIPELINES, MANY TAKEN FROM TCGA PILOT 

• RUN  EN MASSE: AGAINST ALL AVAILABLE TCGA DATA

•  WITH EASILY COMPREHENDED SUMMARY REPORTS

•  LIKE DRAFT RESULTS SECTION ... SANS PUBLICATION DELAY

ROLE 1:  MONTHLY ANALYSIS RUNS

Nozzle : Analyst & 
Biologist-Friendly 

Reports

• Standard visual format for ALL pipelines 

•  Intelligent Scoping:
• drill from overview to details
• Significant results “bubble up” 

• don’t miss needle in haystack



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.

Tell us about a prob-
lem with the report or 
the results by sending 

an email directly to 
our tracking system.

Click figures to enlarge. 
Click again to scale down.

Copyright © 2011 Broad Institute. All rights reserved. | gdac@broadinstitute.org | http://gdac.broadinstitute.org

Firehose Reports | At-a-Glance
! Reports are compatible with Firefox 4+, Chrome 12+,  Safari 5+, Opera 11+ and Internet Explorer 9+.

Click “X” to hide 
the supplementary 

results panel.

Red markers indicate statistically 
significant results in this section.

Organized like a paper

• Overview (“Abstract”)

• Results

• Methods & Data

  With Browser Convenience

• Dynamic zooming

• And navigation

• View partial or full data 

• Easily printable

•Built-in bug reporting

• No HTML coding: just R



Firehose Reports:  Example 1

Mutation Significance



Firehose Reports:  Example 2

Gene Expression Clustering



Firehose Reports:  Example 3

Copy Number Alterations



 These results are offered to the community as an 
additional reference point, enabling a wide range of 

cancer biologists, clinical investigators, and genome & 
computational scientists to easily incorporate TCGA into 

the backdrop of ongoing research.

FINE PRINT

STARTING POINT : NOT FINAL WORD

•  Aim is to enable readers (like bench bios, clinical trialists)

• To quickly take pulse of pipeline for given tumor type(s)

•  With just a few glances at common representational figures

•  Not deep head-scratching



Flow of Standard Analyses Runs
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 RARELY IS THERE AGREEMENT ON CENTRAL QUESTION:

THE BABEL PROBLEM

HOW MUCH DATA DO WE HAVE?

BUT WHILE DOING THIS WE CONSTANTLY SEE 



ROLE 2:  VERSIONED DATA RUNS  

  Fostering TCGA-wide Standard View of the data stream

•  BI-WEEKLY OUTPUT OF OUR DATA STANDARDIZER

•  WHICH PREPARES TCGA INPUTS FOR AUTOMATIC  CONSUMPTION

✓  Partition:  to one sample per file

✓  Cleanup:  remove variations that are problematic for automation

✓  Selection:  filtered (by DNU list) samples merged ...

• WE USE THESE NORMED DATA FOR STANDARD ANALYSES

• AND HAVE BEGUN TO PROVIDE  TO ENTIRE TCGA

New

JAN 2012 UPDATE: OUR STDDATA PKGS FED TO ICGC, TOO 



• Analysis Targets Of Opportunity:

             e.g. for coordinated activity like AWG workshops

• Example:  2 runs performed in April 2011

-  Standard analyses run
-  TOO for May 2 LUNG workshop in NC

New ROLE 3:  TARGETED AWG RUNS  



Peek Behind The Mirror
%   cd  <DCC>/tcga4yeo/tumor  && ds

 blca has size     26G
 brca has size   866G
 cesc has size     17G
 coad has size  402G
 gbm has size    1.8T
 hnsc has size    73G
 kirc has size    453G
 kirp has size     64G
 laml has size     30G
 lgg has size       61G

 lihc has size      66G
 luad has size   163G
 lusc has size    224G
 ov has size       1.6T
 paad has size   5.3G
 prad has size    66G
 read has size   153G
 stad has size     84G
 thca has size     61G
 ucec has size   262G

Sept 2011:  ~6.4 T total ... CEL, mage-tab, MAF, XML ...



Accessing Results



Quicklook Visualization in IGV

Directly from Broad, no TCGA credentials required

https://confluence.broadinstitute.org/display/GDAC/IGV+Data+Loading

Each data package identified by date corresponding to our GDAC runs.  



IV  :  INSIGHTS &
CHALLENGES



Insight 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 ...

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)

504 pipes and ~1000 GenePattern modules, per run



Like ENIAC,  no simple task 
to keep it all running

 ... in part because ...



Insight 2:  So 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

VITAL to maintain production
operation of Firehose “data factory”



Insight 3:

Versioning and 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



Insight 4:

Discoveries lurk in our GDAC pipeline 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 OV miR 
expression yielded 3 subtypes

One of which correlated to
significantly longer survivability

Integrated genomic analyses of ovarian carcinoma
TCGA Network, Nature, in press

Firehose for active research:  low-hanging results waiting to be plucked∴



For More Information

WWW    http://gdac.broadinstitute.org
  Email      gdac@broadinstitute.org

http://gdac.broadinstitute.org
http://gdac.broadinstitute.org
mailto:gdac@broadinstitute.org
mailto:gdac@broadinstitute.org


What Analyses?
Look at our dashboard ...

gdac.broadinstitute.org  
Email gdac@broadinstitute.org
WWW

mailto:gdac@broadinstitute.org
mailto:gdac@broadinstitute.org

