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I.    Why Firehose

II.   TCGA Data Flow     

III.  What Firehose produces

IV.  How To Get It



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 ~35 terabytes
of  TCGA data and reliably executes 
more than 2300 pipelines per month.

I.  WHY FIREHOSE? 



Because The Bad Old Days ...

Of solitary, manual experimentation on few dozen samples ... 

%  create a folder

%  download data.from.some.where

%  run_your_computational_analysis

Then do it again Nov 13,  17, ...
Then forget, search ... lose track, search ...
Then repeat ALL for 20 more tumors 

GBM, LUNG, AML, ...

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



November 14, 2012 
Firehose Data SnapshotDon’t Scale to TCGA

+4357 +5267 +3173 

New data types
(12.5K samples)

+501 

Last year:  ~24K 
new samples

+1830 +1665 +2021 +4181 +1142 

Diffs since Nov 2011 
(~11K samples)



Acute Need for Automation, Systematic 
Rigor, and Transparency
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Subject to Same

Engineering

Constraints of

Timeliness,

Transparency & 

Rigor as

Physical Factories

Not academic one-off



• 7K patient cases, heading to 11K total

• 26 tumor cohorts (plus clinical)

• 6 marker papers published, more underway

• Swirling amongst 20 centers nationwide (and ICGC)

II.  TCGA  NOVEMBER  2012 

THE DATA FLOOD CONTINUES 
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Purpose	
  2:	
  	
  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)

Purpose	
  I:	
  	
  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)
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Broad Contribution:  3 of 20 research centers

GSC

GCC

GDAC

Sequencing Center

SNP6 Characterization

Standardize & Analyze Data



Flowing Into
Other Portals

UCSC Genome
Browser

Caleydo StratomeX
Harvard Medical School

TumorScape

stddata__2012_MM_DD
analyses__2012_MM_DD

Johns
Hopkins



• Such as:

Is my gene of interest altered in this tumor type?   How?
Is that alteration significantly above the background rate?
How might those features map to clinical or molecular feature X?

‣ 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

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

BUT HOW IS DATA STREAM USED TO

ANSWER COMMON BIOLOGICAL QUESTIONS?

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



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

• So downstream users do not have to repeat each time

(e.g. automation a boon when 20 new samples added to 250)

• Nor perform ad-hoc reinvention of methods

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

• Nor 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

Firehose aims to address such concerns, at scale,
lowering the entry barrier for TCGA utilization



Must be Simple, Flexible, Easy ... because

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



Version-stamped, standardized datasets         (2X / month)1

2  Regular package of standard analyses results  (1X / month)

Companioned with biologist-friendly reports3

III.   So Firehose Data Factory Produces

(475 / month)

Minimizing effect of The Babel Problem 
Precursor to automated analyses, durable (DCC) & citable

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

Instantly up-to-speed on current TCGA results
(zero time/budget/staff investment)



Both Archival & Active Research by TCGA AWGs

SKCM

LUSC

UCEC



Unprecedented Scale: KiloPipeline per Month

  stddata__2012_10_04          547 datasets submitted to DCC
  stddata__2012_10_24          940 datasets ...
analyses__2012_10_24          837 analyses ...

2324 pipelines across 26 disease cohorts

With up to 33
biologist-friendly 
analysis reports

per disease
(475 reports in all)

Single Month: Oct 2012



Again: Not Mutually Exclusive With “Easy”

2 seconds to understand sample diffs in 35+ terabytes

 Version stamp: rigor & clarity   ease



Easy Corroboration: first-pass, low hanging fruit

•  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 2012_07_25 results, too?”

Durability of DCC archive fosters citable referencing:

“Our analyses were performed against TCGA dataset 
version 2012_07_25, and validated against ...



 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.

BUT MIND THE FINE PRINT

STARTING POINT : NOT FINAL WORD

AUTOMATIC MACHINES ARE DUMB & IMPERFECT  

EXPERT JUDGEMENT STILL REQUIRED

firehose2nature tool is organic, not in-silico



Future Potential:  Automated Clinical Gold Mine?

Wealth of clinical data collected by TCGA 

To date underrepresented in TCGA-based publications  

Understandable byproduct of complex mix of

             scientific, technological & operational factors

But clear steps can be taken to minimize extent that

Sheer volume & complexity ... alone ...

Impede fuller exploitation of clinical in TCGA-based work



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



Given richness of TCGA data stream,
Discoveries lurk in our GDAC pipeline outputs

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.

RESEARCH ARTICLE
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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, June 2011

Precedent in 2011 Ovarian Manuscript



LUSC

2012_09_13 
Analyses



KIRC



UCEC

 Correlation between RPPA expression and  'HISTOLOGICAL.TYPE' 



IV.  How To Access

Data
Dashboard

Analysis
Dashboard

http://gdac.broadinstitute.org

Open Public Resource     Interactive Desktop Use

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


Nexus Resource for Evolving Community

•  Thousands of views, 140K+ hits / month

•  Hundreds of GB downloads / month

•  Across dozens of centers & portals

•  Research / Academic / Commercial

•  National & International  

•  Beyond genomics :  e.g. CPTAC / proteomics

(more useful than pretty, but facelift coming in 2013)



With Open (-Source) / Transparent Look & Feel

FAQ



Searchable
Mail Archive

Detailed
Release
Notes



stddata dashboard 1

Towards solving
BABEL Problem

Launch Point For
 Analysis-Ready

TCGA Data

 ICGC, too!

Data/Provenance Rigor



Rigor, Transparency, Ease

Comprehensive
report on ingested samples

From online dashboard

Nov 8
STAD

redactions



Clear disposition of every 
ingested sample, every run

Downloadable 
as TSV

Or view 
heatmap figure



analysis dashboard

Sample Counts
(tabular/programmatic too)

Analyses
Performed

2



Linked to Biologist-Friendly Reports 3



Organized like a paper

• Overview (“Abstract”)

• Results

• Methods & Data

  With Browser Convenience

Completely Open: no passwords
Linked to downloadable data



• 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.

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.

Again, aimed at
solid design &
engineering

Nozzle package
downloadable 

as open source

Used in 
multiple external

projects



Programmatic, Too

• Subselect by tumor type
• Or analyses type / name
• See what runs we did
• Or what tasks in each run

• Download all or parts
• Of data or analyses runs
• Open access : no password
• Select by run type & date

10K download from gdac.broadinstitute.org

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



THANK YOU!

http://gdac.broadinstitute.org

gdac@broadinstitute.org

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

