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In Particular

Alumni:  D. DiCara, H. Arachchi, W. Mallard, R. Zupko, R. Sinha 

The front line computational biologists !
and software engineers.



Retrospective

(since this is our last dance)



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 >54 terabytes of!
TCGA analysis-ready data and reliably !

executes thousands of pipelines per month.

Just couldn’t keep doing analysis the (bad) old manual way.*



Acute Need for Automation, Systematic 
Rigor, and Transparency

Data Factory

X

6000
Drilling into big cancer-genome data, Nature Methods 10, 293–297 (2013)

Significant democratizing influence  
of lowering entry barriers to TCGA



TCGA  Level 1

Level 2

Level 3

Level4

publication Megabytes

Petabytes

Gigabytes

Terabytes

Level 5 
Integrative 
Analyses



Data compression —> information density 
goes up —> the work gets more complex…



gdac.broadinstitute.org/runs/analyses__2010_12_23/

Summarized in manually crafted, 3-page PDF 
.. small handful of files posted FTP style

The Past :  First Prototype Run

http://gdac.broadinstitute.org/runs/analyses__2010_12_23/


• 25 tasks / workflow (many were simply preprocessors) 
• Only OV cancer completed (with some elbow grease) 
• 13 disease cohorts with at least 1 patient 
• But even these were still very sparse 
• Only OV had mutation samples 
• Zero mirSeq or mRNASeq aliquots



The Present
38 disease cohorts

~80K aliquots

~1500 result reports  
per analysis run

http://gdac.broadinstitute.org

Every aliquot 
described in detailed 

samples report

Cite-able with DOIs

Millions of hits  
across world

Completely open

http://gdac.broadinstitute.org


The Future : Spring 2016 

GDAC-style 
workflow as 
early proof 
of concept 

Scale up 
as far up 

as up goes! 

You set the 
analysis knobs, 

not us! 



Back on earth, GDAC Firehose produces …

Version-stamped, standardized datasets1

2  Version-stamped package of standard analyses results

Version-stamped, biologist-friendly reports3

• Precursor to automated analyses: aggregates all available sample batches 
• Into a single, uniformly-formatted bolus (one per disease X datatype), which can be 
• Immediately fed to algorithmic codes without further data preparation 
•  Monthly

•  Automatically generated for dozens of algorithms:  GISTIC, MutSig, Clustering, Correlation, … 
•  Quarterly 

•  Encapsulating analysis results in a form accessible to a wide audience 
•  Online for public browsing 
•  Citable in the literature through DOIs

Rigorous 
Data Science 

!
!

Credible Biology



linux%  firehose_get  analyses  latest

All downloadable with  
a single command



And because that was working well …

Custom runs tailored to TCGA AWGs4

Currency:    pipelines can be run on the latest snapshot of data from DCC,   
	 	       avoiding the time & sample lag of monthly runs 
Flexibility:   easily include AWG-curated disease subtypes, even custom analyses 
Speed:        usually executed in only a few days time  
Familiarity:  using same internal Firehose machinery, external-facing dashboards,  
	 	       Nozzle, firehose_get etc known to community

They look like younger sibling of Analysis runs

(and you can firehose_get them, too)



Analysis Workflow 
Spring 2015

~100 tasks total

Can inject 
custom data 

(not just from DCC)



Analysis Workflow 
Spring 2015

~100 tasks total

Can inject 
custom data 

(not just from DCC)



Trapezoidal nodes are subworkflows

Mutation signficance



Trapezoidal nodes are subworkflows

Mutation signficance

Paradigm Pathway Analysis



Contrast:  entire workflow of first run



Crown Jewels !
GISTIC & MutSig!

(CopyNumber & Mutation significance)

Clusterings for Most Datatypes!
mRNA, miR, *-Seq, RPPA!

CopyNumber, Methylation (27 & 450)

What Analyses?



Pathway!
Paradigm (Stuart et al, UCSC)!
HotNet (Raphael et al, Brown)

Correlations : 19 currently available

even custom data ...

vs clusters, 
vs clinical (arguably most important)

datatype vs. datatype



Automated, High-Throughput Clinical Miner

  Firehose automatically mines selected clinical params to 
identify statistically significant relationships with every TCGA 

datatype (e.g. SMGs) or aggregate (e.g. clusters)

The results include survival curves for every TCGA disease  
(where applicable), and are posted openly on the Broad 

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



Clinical Correlations vs Clusters

http://gdac.broadinstitute.org/runs/awg_prad__2014_03_14/reports/cancer/PRAD-TP/Correlate_Clinical_vs_Molecular_Subtypes/nozzle.html

PRAD awg run (D. Heiman)

http://gdac.broadinstitute.org/runs/awg_prad__2014_03_14/reports/cancer/PRAD-TP/Correlate_Clinical_vs_Molecular_Subtypes/nozzle.html


COADREAD  = colon  + rectal 
Glioma          = glioblastoma + lower grade glioma 
KIPAN           = kidney renal clear, papillary, chromophobe 
STES            = stomach + esophageal

Fabricated aggregate cohorts

You won’t find either of these at DCC 
(or any other public site in this streamlined a form?)

Plus dozens of subohorts defined as AWG subtypes

As analysis-ready data packages … 
… and comprehensively analysed results.



Latest analyses run includes post-publication mutation data, 
adding over 1500 mutation samples to our data stream.

Raw MAFs

Correlate_Clinical_vs_Mutation_APOBEC_Categorical 
Correlate_Clinical_vs_Mutation_APOBEC_Continuous 
Correlate_mRNAseq_vs_Mutation_APOBEC 
miRseq_FindDirectTargets 
Mutation_CoOccurrence 
Pathway_GSEA_mRNAseq 
Pathway_Overlaps_MSigDB_MutSig2CV

What’s new in GDAC Firehose?

New Analyses

(311 new reports, 1480 total; see release notes for details)



Ok, that’s all well & good …



Our attempt to make things easier with 
Firehose needed to get even easier

But as reminded by DARPA yesterday …

It’s just too much … 

*

Paul Cohen: Machines That Construct Cancer Pathways by Reading the Primary Literature*



But we knew this already …

This is Your!
 Researcher !

Brain



But we knew this already …

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



Simplifed Portal Access

http://firebrowse.org!
!

API-powered TCGA GDAC Firehose Browser

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


Choose Cohort

~1500 Analyses (reports) per run 
Find your favorite in 2 clicks

Then  
DataType Inspect



Many 1000s of datasets per run 
Find your favorite in 2 clicks

Choose Cohort

Then DataType

Click to download



31

API&Powered,:,,25+,RESTful,apis,in,4,categories



Interactive,Docs,,

32

learn&APIs&and&explore&data&
by&playing&in&real&time&

instead&of&cut/paste&from&static&HTML&or&PDF&
!

automatically&generated&&&updated&
as&API&and&database&evolve

choices&clearly&
enumerated



Proper&RESTful&call&is&ASSEMBLED&FOR&YOU&

Results&returned&in&multiple&formats

JSON&for&computers/programmers TSV,&CSV&&for&scientists,&algorithms



Even Easier in Python, R, and UNIX

• Low-level Python bindings: 1-1 with RESTful api 
• Higher-level interface, for easy/common bioinformatics 
• UNIX command line interface, too 
• Automatically generated, easily synched with RESTful API 
• Copiously flexible, documented and tested 
• BSD-style open source license 
!
https://confluence.broadinstitute.org/display/GDAC/fbget

fbget

R bindings developed by a Ph.D candidate in Germany 
https://github.com/mariodeng/FirebrowseR

FireBrowseR



fbget : low level interface

4 classes, one per API category:   
Samples, Analyses,  
Archives, Metadata

N methods per class, matching 
RESTful API; each defaults 

to returning 1 page, in JSON



fbget : high level interface

• Simpler, e.g. objects do not need to be instantiated 
• Intuitive defaults for common bioinformatic use cases 
• Transparently iterates: 

✓ To retrieve all pages of results in 1 call 
✓ In TSV format



fbget : UNIX CLI interface

 Because sometimes even writing just a  
couple of lines of Python takes too long



linux%  fbget patients 
!
tcga_participant_barcode    date    cohort 
TCGA-PK-A5H9    2015-04-02 00:00:00 ACC 
TCGA-PA-A5YG    2015-04-02 00:00:00 ACC 
TCGA-OR-A5JD    2015-04-02 00:00:00 ACC 
TCGA-P6-A5OF    2015-04-02 00:00:00 ACC 
TCGA-P6-A5OG    2015-04-02 00:00:00 ACC

linux%  fbget patients  cohort=gbm 
!
tcga_participant_barcode    date    cohort 
TCGA-19-4065    2015-04-02 00:00:00 GBM 
TCGA-81-5911    2015-04-02 00:00:00 GBM 
TCGA-81-5910    2015-04-02 00:00:00 GBM 
TCGA-12-1089    2015-04-02 00:00:00 GBM

Example: quickly list patients

Or just  
GBM

All of 
TCGA

This can be enhanced to yield platform  
data matrix, like AWG freeze list



fbget,Documentation

Better than an inscrutable stack trace, don't you think?

Docs for almost all class methods and functions can also 
be obtained by invoking the function with zero arguments. 

…

•  Website •  Python help•  fbget —examples



Built on top of the FireBrowse API, lets one quickly inspect 
mRNASeq expression levels for a selected gene, across all cohorts.

New,Visualization:,firebrowse.org/viewGene.html



New,Visualization:,iCoMut



New,Visualization:,iCoMut

Introduced by N. Stransky (The Mutational Landscape of Head and  
Neck Squamous Cell Carcinoma. Science, 2011), CoMut figures have 

become common in TCGA research. Within a single graphic they  
provide a  comprehensive analysis profile, enabling the reader to quickly 

infer relationships between co-occurring results across multiple data 
modalities, across common X axis of sample IDs.



Comprehensive and Integrative Genomic Characterization of 
Diffuse Lower Grade Gliomas (TCGA Network 2015, in press)

Figure courtesy of Jaegil Kim, Broad Institute
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CN gain

CN loss

Clusters

Mutation significance

Clinical parameters

Mutation freqHere we show the 
TCGA LGG cohort: 

sorted first by clinical 
histology, then gene 
(descending order of 
mutation count). It is 
quickly apparent that 

copy-number changes 
differ when IDH1/2, 

TP53, and ATRX 
mutations drop off.
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CN gain

CN loss

Clusters

Mutation significance

Clinical parameters

Mutation freqHere we show the 
TCGA LGG cohort: 

sorted first by clinical 
histology, then gene 
(descending order of 
mutation count). It is 
quickly apparent that 

copy-number changes 
differ when IDH1/2, 

TP53, and ATRX 
mutations drop off.

The LGG subtypes      
are also very clear
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Here we’ve re-
sorted by CNMF 

copy-number 
clustering, and 
dragged it from 

bottom of graphic 
to top, just above 

mutation panel

Making it further 
apparent that the 

copy-number 
landscape differs 
as IDH1/2, TP53,  

and ATRX 
mutations diminish

Also shows 
apparent 

involvement  
with EGFR  
and PTEN.



iCoMut takes researchers beyond staring at static figures in journals, 
wondering what the pixels mean, and how they’ll reproduce—allowing 
them to interactively view, sort and reorder samples & results as they see fit

and many more graphical controls …

NFE2L2



Expected out of beta by end of summer

32 of 38 disease cohorts ready for inspection 
(other 6 have no mutation data yet)

Further Work 
•  Manage richness of information  
•  Magnifying glass zoom would help 
•  Performance 
•  Data import & export



Integrated directly into firebrowse.org

viewGene iCoMut



Fin


