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With Mutations, Context Matters
There are many recurrent, but low frequency 

mutations that are not well characterized.
Some patients with “right” mutation don’t respond. 

Why?
Many cancers have one of several “novel” mutations. 

Can these be targeted with current approaches?
The mode of action, loss-of-function or gain-of-

function (LOF/GOF), of mutations can improve our 
understanding of disease mechanisms and treatment.

Pathway-based methods can complement prediction 
of LOF or GOF.
Complimentary to LoH, methylation, amplification, …
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Predicting Drivers w/ Frequency Analysis

Recurrently mutated genes are more likely to be impactful
Correct background mutation rate?
Biased for “early” rather than “late” drivers?

Illustration from Nuria Bigas-Lopez, UPF



Predicting Drivers w/ Frequency Analysis

Recurrently mutated genes are more likely to be impactful
Correct background mutation rate?
Biased for “early” rather than “late” drivers?

Which gene(s)
Are driving the cancer?

Illustration from Nuria Bigas-Lopez, UPF



Predicting Drivers with Sequence Analysis

Protein domains
 Disruptions in key domains (e..g DNA binding, kinase-interacting)

Conservation
 Mutations in conserved residues or positions more important
 Synonymous / non-synonymous ratio suggests selection

Non-random patterning across protein sequence/structure.

Functional
Impact



Methods to Gauge Mutation Impact

FBXW7 mutations in colorectal cancer cluster in 3D space 
in beta propeller affecting its ability to ubiquinylate

Most
frequentNonsense

Frameshift

Sander Group, MSKCC, TCGA Consortium



Predicting Drivers with a Combination of 
Frequency and Sequence Analysis

Predicted functional impact can be accumulated across samples
Sensitive: Find more rare mutations w/ higher impact
Specific: Weed out frequent, spurious mutations (e.g. TITAN)

Illustration from Nuria Bigas-Lopez, UPF
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Predicted
Driving
Genes
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Gene Signatures of Mutations
Shed Light on Impact

Chad Creighton, BCM

Gene expression signatures can predict presence/absence of mutations
Training predictors difficult if gene can have both GOF and LOF events



Gene Signatures of Mutations
Shed Light on Impact

Chad Creighton, BCM

Gene expression signatures can predict presence/absence of mutations
Training predictors difficult if gene can have both GOF and LOF events

Gain of function events in TP53?



Are Pathway the Mutable Unit?
Genes in common pathway show Mutually Exclusive patterns

MEMo (Ciriello et al, MSKCC, 2011)

Mutations are clustered in protein-protein networks
HotNet (Vandin and Raphael, Brown, 2011)

Predicted
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Genes

X X
Don’t think in terms of single genes in isolation…
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Pathway as the Mutable Unit
Genes in common pathway show Mut Ex patterns
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Pathway as the Mutable Unit
Genes in common pathway show Mut Ex patterns

MEMo (Ciriello et al, MSKCC, 2011)

Mutations are clustered in protein-protein networks
HotNet (Vandin and Raphael, Brown, 2011) Pathways may reveal

significant patterns of
disruption

Illustration from Nuria Bigas-Lopez, UPF



Mutual Exclusion among genes in key 
pathways

Giovanni Ciriello, MSKCC

TCGA Colorectal MEMo result:



Mutual Exclusion among genes in key 
pathways

Giovanni Ciriello, MSKCC

TCGA Colorectal Set:



Overview of pathway-guided approach

Integrate many data sources to gain accurate view of 
how genes are functioning in pathways

Predict the functional consequences of mutations by 
quantifying the effect on the surrounding pathway



TCGA: Multiple views of a beast



Flood of Data Analysis Challenges

Expression

DNA Methylation

Structural
Variation

Exome
Sequences

Copy Number
Alterations

Multiple, Possibly
Conflicting Signals

Genomics, Functional Genomics, Metabolomics, Epigenomics = 



Much Cell Machinery Known:
Gene circuitry now available.

Curated and/or Collected
Reactome

KEGG
Biocarta
NCI-PID

Pathway Commons
…



Integration Approach: Detailed models 
of expression and interaction

MDM2

TP53

Two Parts:

1. Gene Level Model
 (central dogma)

2. Interaction Model
 (regulation)



PARDIGM Gene Model to Integrate Data

Vaske et al. 2010. Bioinformatics

1. Central Dogma-Like
Gene Model of Activity

2. Interactions that 
connect to specific points
in gene regulation map

Charlie Vaske
Steve Benz



Integrated Pathway Analysis for Cancer

Integrated dataset for downstream analysis
Inferred activities reflect neighborhood of 

influence around a gene.
Can boost signal for survival analysis and 

mutation impact

Multimodal Data

CNV

mRNA

meth

Pathway Model
of Cancer

Cohort Inferred Activities

…



PARADIGM in TCGA patient BRCA tumors

Christina Yau,
Buck Inst



How do you distinguish drivers from 
passengers?

GOF: increase subsystem function: as in Pedal stuck down.
LOF: decrease subsystem function: as in Needle broken.



PARADIGM-Shift Predicting the Impact 
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Inference using all 
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Sam Ng, ECCB 2012
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PARADIGM-Shift Predicting the Impact 
of

FG

Inference using all 
neighbors

FG

Inference using 
downstream 
neighbors

FG

Inference using 
upstream neighbors

SHIFT

Sam Ng, ECCB 2012

High Inferred 
Activity

Low 
Inferred 
Activity

mutated
gene
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RB1 Mutation

RB1



RB1 Loss-of-Function (GBM)

Expression
RB1 Mutation

RB1



RB1 Loss-of-Function (GBM)

Expression
Inferred Upstream

RB1 Mutation

RB1
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RB1 Loss-of-Function (GBM)

Expression
Inferred Upstream

RB1 Mutation

Shift Score
Inferred Downstream

RB1



RB1 Loss-of-Function (GBM)

Upstream and Downstream Genes

PARADIGM
Expression
Mutation Status 
of focus gene 
(RB1)



RB1 Loss-of-Function (GBM)

Upstream and Downstream Genes
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High Activator Activity



RB1 Loss-of-Function (GBM)

Upstream and Downstream Genes

PARADIGM
Expression
Mutation Status 
of focus gene 
(RB1)

Low Inhibitor Activity



Shift Scores differ in mutated versus non-
mutated samples

Mutant Separation (t-statistic) = –5.80

Shift Score



Gain-of-Function (LUSC)

NFE2L2

P-Shift Score
PARADIGM downstream
PARADIGM upstream
Expression
Mutation

Sam Ng



NFE2L2 Gain-of-Function (LUSC)
Upstream and Downstream Genes

PARADIGM
Expression
Mutation Status 
of focus gene 
(NFE2L2)

NFE2L2
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CUL3 EIF2AK3

 GCLM
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GSTA2

GPX3

UGT1A6
GSTM3  POR



NFE2L2 Gain-of-Function (LUSC)
Upstream and Downstream Genes

PARADIGM
Expression
Mutation Status 
of focus gene 
(NFE2L2)

NFE2L2
NQO1

 KEAP1

CUL3 EIF2AK3

 GCLM

GCLC

GSTA2

GPX3

UGT1A6
GSTM3  POR

High Target
Activity



NFE2L2 Mutant Separation and Significance

M-SeparationShift Score

M-separation (t-stat) =  4.69

P
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ObservedBackground



PARADIGM-Shift gives orthogonal 
view of the importance of mutations 

Enables probing into infrequent events
Can detect non-coding mutation impact (pseudo FPs) 
Can detect presence of pathway compensation for those 

seemingly functional mutations (pseudo FPs)
Extend beyond mutations
Limited to genes w/ pathway representation

NFE2L2 (29)

CDKN2A (n=30)
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MET (n=7) (gefitinib resistance) 

HIF3A (n=7)
TBC1D4 (n=9) (AKT signaling)

MAP2K6 (n=5)

EIF4G1 (n=20)

GLI2 (n=10) (SHH signaling)

AR (n=8)

Sam Ng
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PATHMARK: Identify Pathway-based 
“markers” that underlie sub-types

Identify sub-pathways that distinguish 
patients sub-types (e.g. mutant vs. non-
mutant, response to drug, etc)

Predict mutation impact on pathway 
“neighborhood”

Identify master control points for drug 
targeting.

Predict outcomes with quantitative 
simulations.

Insight from contrast 

Ted GoldsteinSam Ng



Defining Pathway Signatures for Mutations and Sub-
Types

Build a signature for every mutation and 
tumor/clinical event.

Correlate every signature to each other.
Reveals common molecular similarities 

between different divisions of patient 
subgroups

Mutations in novel genes may “phenocopy” 
mutations in known genes

Ted Goldstein



PathMark: Differential Subnetworks 
from a “SuperPathway”

Pathway Activities

Pathway Activities

Ted Goldstein Sam Ng



PathMark: Differential Subnetworks 
from a “SuperPathway”

SuperPathway Activities

SuperPathway Activities

Pathway
Signature

Ted Goldstein Sam Ng



One large highly-connected
component (size and connectivity

significant according to permutation
analysis)

Higher activity in ER-

Lower activity in ER-

Basal Breast Pathway Markers

980 pathway concepts
1048 interactions

HIF1A/ARNT

Characterized by
several “hubs’IL23/JAK2/TYK2

Myc/Max

P53
tetramer

ER

FOXA1

Sam Ng, Ted Goldstein



Identify master controllers using
SPIA (signaling pathway impact analysis)

Impact
factor:

Google PageRank for Networks
Determines affect of a given pathway on each node
Calculates perturbation factor for each node in the network
Takes into account regulatory logic of interactions.



Identify master controllers using
SPIA (signaling pathway impact analysis)

Impact
factor:

Google PageRank for Networks
Determines affect of a given pathway on each node
Calculates perturbation factor for each node in the network
Takes into account regulatory logic of interactions.

Google’s PageRank-Like



Slight Trick: Run SPIA in reverse

Reverse edges in Super Pathway
High scoring genes now those at the “top” of the 

pathway

Yulia Newton

PageRank finds
highly referenced
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Slight Trick: Run SPIA in reverse

Reverse edges in Super Pathway
High scoring genes now those at the “top” of the 

pathway

Yulia Newton

PageRank finds
highly referenced

Reverse to find
Highly referencing



Master Controller Analysis on Breast Cell 
Lines

Basal
Luminal

Yulia Newton



Master regulators predict response to 
drugs:

Up
Down

• DNA damage network is 
upregulated in basal breast 
cancers

• Basal breast cancers are 
sensitive to PLK inhibitors

B
asal

C
laudin-low

Lum
inal

GSK-PLKi

Heiser et al. 2011 PNAS

Ng, Goldstein



• HDAC Network is down-
regulated in basal breast 
cancer cell lines

• Basal/CL breast cancers are 
resistant to HDAC inhibitors

VORINOSTATHDAC inhibitor

HDAC inhibitors predicted for luminal 
breast

Heiser et al. 2011 PNAS Ng, Goldstein



Essential genes mediate signaling in cancer

• What circuitry connects mutations to transcriptional 
changes?
– Mutations  general (epi-) genomic perturbation
– Expression  activity

• Mutation/perturbation and expression/activity treated 
as heat diffusing on a network
– HotNet, Vandin F, Upfal E, B.J. Raphael, 2008.
– HotNet used in ovarian to implicate Notch pathway 

• Find subnetworks that link genetic to mRNA and 
protein-level changes. 

?

Evan	
  Paull
ISMB

Oral	
  Poster



TieDIE: Problem Definition

•	
  Find	
  logically	
  consistent	
  paths	
  connec6ng	
  
source	
  to	
  target	
  genes	
  (“causal”	
  paths).
•	
  Generate	
  many	
  reasonable,	
  testable	
  
hypotheses	
  that	
  explain	
  the	
  tumor	
  state.

Muta6on/perturba6on	
  and	
  expression/ac6vity	
  
treated	
  as	
  heat	
  diffusing	
  on	
  a	
  network

	
   -­‐HotNet,	
  Vandin	
  F,	
  Upfal	
  E,	
  B.J.	
  Raphael,	
  
	
   2008.
	
   -­‐HotNet	
  used	
  in	
  ovarian	
  to	
  implicate	
  
	
   Notch	
  pathway	
  



TieDIE “Double Diffusion” Overview



TieDIE
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TieDIE

Evaluation

Add “Dummy” 
Links

+1 “True” 
Path

+1 “False” 
Path



Double diffusion finds more logically coherent 



TieDIE, TCGA Breast Cancer (BRCA) 
Analysis

patient tumor/match-normal samples for 533 patients, 
each with genomic sequencing data and microarray 
expression

Differential analysis: Basal vs Luminal A subtypes
“Source” set: 12 genomic perturbations
“Target” set: 370 differentially expressed transcription 

factors



Basal-LumA TieDIE 
MapMAP,	
  PI3K,	
  AKT

TP53,	
  RB1

MYC,	
  FOXM1

Basal LumA



AKT/PI3K
TieDIE	
  Map

MAPK8,	
  MAPK14	
  (p38-­‐
alpha)
iden6fied	
  as	
  mediators.



TCGA: Multiple views of many beasts

(CRC)(GBM) (BRCA)



Motivations for Comparative “Pan-Cancer” 

Statistical power increase
More than additive gained by comparative analysis?
Is TP53 mutation associated with the same 

transcriptional outcomes?
Are there examples of core cancer signals that 

transcend cell of origin? Core subtypes?
Can these subtypes be treated therapeutically similar?

Analyze One
Star

Analyze Many
Stars

- composition
- motion
- mass

- types
- ages
- interactions
- evolution

vs.



Discover Pan-Cancer Sub-Types

WNT / MYCPI3K

unknown EGFR

unknown

Reveal common
Pathway alterations



Define a global, data-driven map of all pan-cancer 

WNT / MYC

PI3K

unknown

EGFR

unknown



What is the TCGA Pan-Cancer Project?
 Multi-institution collaborative analysis of 

currently 12 tumor types
 Integrated data for ~5000 samples *

 3808 w/ mRNA-seq
 5191 w/ copy number
 5074 w/ methylation
 3082 w/ mutation data
 2785 w/ proteomics data (RPPA)
 4306 w/ miRNA-seq

 Thematic Analyses
 Mutation trends, impact
 Structural landscapes
 Non-coding, splicing
 Pathogens, pseudogenes
 Intrinsic subtypes
 Pathways, networks

* Based on 3/26/13 Firehose Report, Mike Noble, Broad

The hang-loose Santa Cruz vibe lives on

(credit: K. Hoadley)



PanCan-12
Tissue in PanCan12

The PanCan12 DataSet (Level 3 data)
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PanCan-12
Tissue in PanCan12

The PanCan12 DataSet (Level 3 data)



BRCA mRNA Expression



BRCA Methylation
USC: Swapna Mahurkar, Simeen Malik, Hui Shen, Dan Weisenberger, Peter Laird



BRCA miRNA Expression
BC Cancer Agency Genome Sciences Centre:
Gordon Robertson, Andy Chu, Elizabeth Chun



BRCA Copy Number

Broad Institute: Andrew Cherniack,
Matthew Meyerson



BRCA Protein - RPPA
MDACC: Nancy Shih, Roel Verhaak, Gordon Mills



BRCA “Cluster of Clusters”

Classifications from 5 different platforms
mRNA expression, miRNA expression, copy number, protein, 

and DNA methylation

How to compare the different classifications?

Turned each classification methods (5-7 subtypes each) 
into dummy variables and ran through consensus cluster 

Katherine Hoadley, Chuck Perou (UNC)



BRCA “Cluster of Clusters”

Katherine Hoadley,
Chuck Perou (UNC)





NFE2L2 GOF (Pan-Can)

NFE2L2 Rings (Inner to Outer)
• NFE2L2 Mutation
• Tumor Type
• Expression
• PARADIGM (Upstream)
• PARADIGM (Downstream)
• PARADIGM-shift (D-U)
• NPM1 Mutation
• KEAP1 Mutation

Tissue GSEA_Score

LUSC 0.65582

BLCA 0.500254

LUAD 0.435044

HNSC 0.27281

COAD 0.215413

BRCA 0.213536

READ 0.164221

UCEC -0.162436

KIRC -0.218411

GBM -0.36728

OV -0.396528

LAML -0.79203



KEAP1 Mutation is highly correlated with high PARADIGM-
shift score and occurs across many Tumor Types and             
indicates an alternate 
 
 
 
 
 
 
 
 
     
mechanism of 
 
 
 
 
 
 
 
 
 
               
activating

 
 
 
 
 
 
 
 
 
 
 
     
NFE2L2

NFE2L2 GOF (Pan-Can)

Rings (Inner to Outer)
• NFE2L2 Mutation
• Tumor Type
• Expression
• PARADIGM (Upstream)
• PARADIGM (Downstream)
• PARADIGM-shift (D-U)
• NPM1 Mutation
• KEAP1 Mutation

NFE2L2



Gene GSEA
Adjusted 
P-Value

NPM1 - 0.721524 < 0.02
KEAP1 0.70183 < 0.02
CUL3 0.615936 < 0.02

OR2C3 0.600244 < 0.02
GP2 0.586752 < 0.02

POTEE 0.57908 < 0.02
NLRP14 0.572907 < 0.02
OR2T4 0.569149 < 0.02

CCDC40 0.569149 < 0.02
C10orf71 0.564996 0.02

NFE2L2 GOF (Pan-Can)

















Integrated expression map of pancan12
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Integrated expression map of pancan12
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Squamous “island”

LUAD

LUSC

HNSC
BLCA

LUSC



Squamous “island”

LUAD

LUSC

HNSC
Squamous-like
bladder samples

LUSC



TP53 mutations on squamous “island”

LUAD

LUSC

HNSC
BLCA

LUSC

TP53 mutation
no mutation



Overlay Mutations on top of tissue
tissue map TP53 map



Overlay mutation on tissue
Tissue and TP53 Status



Full view of TP53 mutations
TP53 mutant

non-mutant



Overlay view of TP53 mutations

Subset of
BRCA
(e.g. basals)

Subset
of UCEC,
with distinct
expression.

All ovarian

half the CRC
but same expression as non-mutants

some GBM,
no distinct profile

some BLCA
with non-distinct
expression

HNSC, LUSC

few LAML
non-distinct
expression

few KIRC,
non-distinct
expression

few LUAD



View of PIK3CA mutations

BRCA

GBM

KIRC

OV

LAML

LUAD

BLCA

COAD
READ

LUSC

HNSC
UCEC

PIK3CA mutant

non-mutant



Summary



Summary
• Modeling information flow on known pathways gives 

view of gene activity.
• Patient stratification into pathway-based subtypes
• Sub-networks provide pathway-based signatures of 

sub-types and mutations.
• Loss- and gain-of-function predicted from pathway 

neighbors for even rare mutations.
• Identify interlinking genes associated with mutations 

to implicate additional targets even in LOF cases
• E.g. Target MYC-related pathways in certain TP53-

deficient cells?
• Current: Pan-cancer analysis to identify cell-of-origin 

or tissue independent drivers of cancer.
• Current: New browsers beyond heatmaps for cell 

signatures
• 2D Maps to overlay
• Selection, stats, machine-learning viewing



James Durbin Chris Szeto

UCSC Integrative Genomics 
Group

Sam Ng

Ted Golstein

Dan Carlin Evan Paull

Artem Sokolov

Chris Wong

Marcos Woehrmann

Yulia Newton
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