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Problem
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~ Systematic characterization of cancer ‘
genomes has revealed a staggering |

p—

number of diverse aberrations that differ |
among individuals, such that the §
functional importance and physiological E
impact of most tumor genetic alterations |
remain poorly defined
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Goal S
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~ To identuty “driver mutations”: genetic -\
changes that promote cancer
progression
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Goal i
e

e —

~ To identfy “driver mutations”: genetic
changes that promote cancer
progression

~ and distinguish them from “passenger
mutations”: with no selective advantage
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Approach

~ Integration of:

1. Chromosomal Copy Number
Alterations (CNAs)
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Approach

~ Integration of:

1. Chromosomal Copy Number
Alterations (CNAs)

2. Gene Fapression

R ———

Andrea Sboner - JC - 2011-01-19



Hypothesm

~ Driver mutations have a “genomic
Jootprint”: a gene expression signature
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SLC38A10 (124565)
BAIAP2 (10458)

TBC1D16 (125058)
NPTX1 (4884)

CHMP6 (79643)
AZI1 (22994)
GAA (2548)
AATK (9625)
SGSH (6448)

EIF4A3 (9775)

Expression:

Amplified

CNA:

Genes with identical amplification status,

ifferent expression patterns
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Chr17:68172496-73084144
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EIF4A3 (9775)
CHMP6 (79643)
AZI1 (22994)
GAA (2548)
AATK (9625)
SGSH (6448)
ression: . TBC1D16 {1 25053}
: SLC38A10 (124565)
BAIAP2 (10458)
NPTX1 (4884)

Genes with identical amplification status,
but “shghtly” different expression patterns

“a driver mutation might be associated with a
characteristic gene expression signature |...|
representing a group ol genes whose expression is
modulated by the driver”
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Limitations of CNAs only i
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leltatlons of CNAS only i

PERERsrm———

~ CNA regions include many genes
(most of them are passengers)

DR m————

Andrea Sboner - JC - 2011-01-19



L.imitations of CNAS only s

RS —

~ CNA regions include many genes
(most of them are passengers)

~ Can detect the recurrent ones only
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L.imitations of CNAS only i

R m——

~ CNA regions mclude many genes
(most of them are passengers)

~ Can detect the recurrent ones only

~ Do not provide functional 1n51ghts
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Kstablishing directionality {
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A B B NN
{ Option 1 { Option 2
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Option 3\‘
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Kstablishing directionality ‘i
 RER———— '——-_—d

Copy Number of gene A

A 3N — B Other
{ Option 1 ¢ Factors
B _ ‘ l
C) A
Option3 l
A BE HENNNEEEEE C N N

{
~ The use of expression and CNAs allows i

to establish the likelihood of influence

..,
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T'hree assumptions
WS ————

Driver mutation

enriched in

multip]e tumors } Aberra nt region x
. <N 'DaTs I
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Driver expression| - 8

correlated to a - O

group of genes >g
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CNAs influence Q

S enes in an aberrant regio =
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e module via the _:- - N

driver \ .
. Passenger Driver
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T'hree assumptions 5
w____'___. -—-—-—-———--1

Driver mutation

enriched in

multip]e tumors } Aberra nt region x
. Ji 'DTs I
D

!
Driver expression

correlated to a

group of genes

same chromosome
different samples

CNAs influence
eXPfeS?iOtf;Of enes in an aberrant regio
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HlO ule via e ‘ _:- -
driver .
Passenger Driver
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T'hree assumptions i
S -

Driver mutations ‘ CO py N U m be r

enriched in

multiple tumors

Normal Amplified

Driver expression

correlated to a

group of genes

CNAs influence

expression of

genes 1n the
e module via the .
driver | Normal Malignant
Phenotype Phenotype

P
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Three assumptions
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Driver mutations ‘ ’ Ot h er

enriched in Driver Copy Number FaCtOrS

' ,
\

Driver expression
e correlated to a

multiple tumors

group of genes D rlve r

CNAs influence

expression of Ta rg et
e genes 1n the

module via the G enes

driver

P
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CONEXIC ‘i
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~ COpy Number and EXpression In Cancer:
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~ COpy Number and EXpression In Cancer:

~ 1ntegrates both copy number and gene expression data
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CONEXIC
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~ COpy Number and EXpression In Cancer:

~ 1dentifies drivers and the processes they influence

~ 1ntegrates both copy number and gene expression data i
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CONEXIC ‘i

~ COpy Number and EXpression In Cancer:

~ 1ntegrates both copy number and gene expression data

~ 1dentifies drivers and the processes they influence

~ Apphed to a melanoma data set

W —

Andrea Sboner - JC - 2011-01-19

10



Overview of th

Andrea Sboner - JC - 2011-01-19

e study {
‘——w

11



Overview of th

PR e—

CNA
(101 samples)

Gene
Expressmn

(62 samples)
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Overview of the study {

CNA
(101 samples)

Gene
Expressmn

(62 samples)
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Overview of the study |

\

64 modulators

\explammg 73069 genes
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Details (_)_f the aEEroachi

. . . Amplified Genes:
. 1. CCND1
L

2. MITF

Deleted Genes:
1. CDKN2A
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Details of the approachi

. Bootstrappin&

Modulator CNA T il
Modulator mRNA [T A

Correlated
Genes

1 o
S | | Selected
%‘ | Modulators
= | For Final
= | Clustering
H

—

# Appeared — a
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Details of the approach

1 Bootstraggin&

Regulatory
L NN

Program

Coregulated

Genes

g [ ] | | Selected

%‘ | Modulators
S |  For Final

= | Run

3+

# Appeared — - l

Final Results -
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Selection of Candidate drivers§

NS ——

~ Motivation:

~ 1dentification of recurrently
amplified/deleted regions in
tumors

~ Method:

~  GISTIC (101 samples) - qval=0.3
~  Genes within +/-100Kb of each

region

~  Expression filtering (62 samples) -

SD=0.25

WRRre———
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Amplified Genes:
1. CCND1
2. MITF

Deleted Genes:
1. CDKN2A
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Selection of Candidate drivers§
REme—

Amplified Genes:
. A ' . 1. CCND1
" . 2. MITF
~ Motivation: L3
' I ' Deleted Gen
~ 1dentification of recurrently eteted Genes

amplified/deleted regions in T
tumors H

~ Method:

~  GISTIC (101 samples) - qval=0.3

~  Genes within +/-100Kb of each RQSUIt
region « 27 amplified regions
* 23 deleted regions

~  Expression filtering (62 samples) -

SD=>0.25 * 428 genes

—
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Single Modulator

Mﬂﬁ&

~ Motivation: o

Modulator mRNA [T N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method:

—

g B | Selected
~ Based on Module Networks (Segal et al. 2003, 2005) = | Modul
= odulators
= | For Final
= I Clustering
3t
# Appeared — -
[ — e

PR

Andrea Sboner - JC - 2011-01-19 14



4

Single Modulator |

Mﬂﬁ&

~ Motivation: o

Modulator mRNA [T N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method:

2 " ! selected
~ Based on Module Networks (Segal et al. 2003, 2005) =
. . = | Modulators
~ For each candidate driver gene (347): S | For Final
= I Clustering
3t
# Appeared — -
[ — E— e
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Single Modulator |

Bootstraggingﬁ

~ Motivation: o

Modulator mRNA [T N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method:

o o
~ Based on Module Networks (Segal et al. 2003, 2005) = | Selected
. . = Modulators
~ For each candidate driver gene (347): S | For Final
~ k-means clustering (k=2): normal vs amplified/ i | Clustering
deleted samples, to identify threshold # Appeared — —

—

Andrea Sboner - JC - 2011-01-19 14



4

Single Modulator |
By

Bootstraggingﬁ

~ Motivation: o

Modulator mRNA [T N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method: \| = -

A m!
~ Based on Module Networks (Segal et al. 2003, 2005) = | Selected
. . = Modulators
~ For each candidate driver gene (347): S | For Final
~ k-means clustering (k=2): normal vs amplified/ i | Clustering
deleted samples, to identify threshold # Appeared — —

~ each target gene associated to two sets: tumors
where driver 1s below thresh and tumors

where driver is above thresh, according to
Normal Gamma

—
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Single Modulator |
e

Bootstraggingﬁ

~ Motivation: o

Modulator mRNA [T N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method: \| = -

A m!
~ Based on Module Networks (Segal et al. 2003, 2005) = | Selected
. . = Modulators
~ For each candidate driver gene (347): S | For Final
~ k-means clustering (k=2): normal vs amplified/ i | Clustering
deleted samples, to identify threshold # Appeared — —

~ each target gene associated to two sets: tumors
where driver 1s below thresh and tumors
where driver is above thresh, according to
Normal Gamma

~ assignment of each gene to the highest scoring
modulator

——
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Single Mod

DR rm——

~ Motivation:

~ to construct an initial model by associating each
target gene with the single driver gene that fits it bes

~ Method: |

~ Based on Module Networks (Segal et al. 2003, 2005)
~ For each candidate driver gene (347):

~ k-means clustering (k=2): normal vs amplified/
deleted samples, to identity threshold

~ each target gene associated to two sets: tumors
where driver 1s below thresh and tumors
where driver is above thresh, according to
Normal Gamma

~ assignment of each gene to the highest scoring
modulator

~ permutation to ensure robustness of modulators

——
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Bootstraggingﬁ

I
Modulator CNA N | L [ [ i
Modulator mRNA [T N

Correlated
Genes

—

g B | Selected
= | Modulators
S | " For Final
= I Clustering
F=
# Appeared — - a
T — —
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Single Modulator |
e

Bootstraggingﬁ

~ Motivation: o

Modulator mRNA [ N

~ to construct an initial model by associating each Correlated
. . . . enes
target gene with the single driver gene that fits it bes
\

~ Method: \| -

=[] m'  selected
~ Based on Module Networks (Segal et al. 2003, 2005) =
. . = | Modulators
~ For each candidate driver gene (347): S | For Final
~ k-means clustering (k=2): normal vs amplified/ i | Clustering
deleted samples, to identify threshold # Appeared — — a
~ each target gene associated to two sets: tumors
where driver 1s below thresh and tumors
where driver is above thresh, according to R l
Normal Gamma esull
~ assignment of each gene to the highest scoring * 78 modulators
modulator * each module > 20 genes
~ permutation to ensure robustness of modulators * 4018 genes
T — B

PERS——
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Network learning

~ Motuvation:

~ refinement of the modulators and modules by

module (regulation program)

~ Method:

—
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allowing more than one modulator for each &
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Network learning

~ Motuvation:

~ refinement of the modulators and modules by

module (regulation program)

~ Method:

~ It performs two tasks, iteratively:

—
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Network learning

~ Motivation: I

~ refinement of the modulators and modules by
allowing more than one modulator for each

module (regulation program)

~ Method:

~ It performs two tasks, iteratively:

1. learns the regulation program of each

module

PIERS——— “—————
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Network learning |

\\

Bootstrggmg@

Regulatory NG
Program T

Coregulated

~ Motivation: |

~ refinement of the modulators and modules by

allowing more than one modulator for each ’ l
module (regulation program) g ] | | Selected
%‘ | Modulators
b | For Final
~ Method: = . R
3
o o —
~ It performs two tasks, iteratively: # Appeared l
1. learns the regulation program of each I Final Results ,
module
2. re-assigns the genes to the modules i

Andrea Sboner - JC - 2011-01-19



¥ |

Network learning |
: e

~ Motivation:

~  refinement of the modulators and modules by

\

allowing more than one modulator for each

module (regulation program) Result

— M eth 0O d: * 64 modulators

* each module > 20 genes

~ It performs two tasks, iteratively: * 7869 genes
1. learns the regulation program of each — ———
module
2. re-assigns the genes to the modules

DR
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Modules: Modulators & Genesls
- E——

T —

Modulator X Modulator )
Down Up -~ CeII
«——— Modulator X ———— Bcest
Modulator X

(Metabo ism,

/ Growth, etc.)
(nscrlptl
Factors

Underlying
Biology
) O! Oan e OR
Modulation detected Indirect Modulation Joint Modulator
by Conexic

~  The influence of a modulator on genes can be indirect (through
processes) or joint with another modulator in the module

~  This helps define the altered cellular physiology leading to the
malignant phenotype

—_— ]
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l.earning the regulation program |
R E—

Given a set of modules, a regulation program

1s learned for each module:

1. all candidate drivers are considered (423) A 220 Modulator X te_
2. Multple splits are allowed (penalty for e T PAEEETEEEE T H
multiple splits) \ go :
3. atree is generated recursively: 5 . Modulator Y
3.1. the best driver-split is selected El L
according to the score . : :
3.2. outlier-removal test and and linea
influence test as robustness "
criteria 3
=

4. all genes are reassigned to the modules,
and moved to the new one if the score

improves

Distribution of expression levels in leaves

[ — e ——

—
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NormalGam

NormalGamma(Leaf, A, o) :

N = Size(Leaf)

,8:Max(1,l*(a — 2))

A+1

Var(Leaf)'N ., .. Leaf?
> NN

6" =6+

N
at =a+—

2

A
Score = — N*In(\/2_7r) + In(g’\’)

+In(T(a*)) — IN(C(a)) + &' IN(B) — o*

Ima sScore
ee———t

‘In(B*)

R — B e
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NormalGamma score |
e el

N = Size(Leaf) '

~ Leat: vector of gene

NormalGamma(Leaf, A, o) :

8=Max| 1 A (e —2) expression values \
oA+ 1

f)y'N Leaf?
Var (Leaf) N €8

7 =b+— 2 (N+ )

A
Score = — N*In<\/2_7r) + ()
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NormalGamma score |

N = Size(Leaf) '

~ Leat: vector of gene

NormalGamma(Leaf, A, o) :

8 =Max (1 A (o~ 2)) expression values }
TA+1
~ lambda/alpha/beta:
6 =B+ Var(Leaf)' N ... Leaf? parameters (estimated by
2 2:(N+2) cross-validation)
N
af =a+g

A
Score = — N*In(\/2_7r) + ()

T — ————— '.—
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NormalGamma score |

NormalGamma(Leaf, A, o) :

N = Size(Leaf)
~ Leat: vector of gene

6= Max (1 | A (o — 2)) expression values
A+1
~ lambda/alpha/beta:
8 = g+ Var(Leaf)'N e Leaf? parameters (estimated by
2 2*(N+2) cross-validation)
ot egiN ~ Comparison with the entire
2 data

Score= — N*In(\/2_7r) + In(;%’\’) +In(T(a”)) = In(T()) +a’In(B8) — a**In(8")
— W= "J

NormalGamma(Left_Leaf) + NormalGamma(Right _Leaf)>= NormalGamma(Entire _data) + Penalty

T — e
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NormalGamma score |

NormalGamma(Leaf, A, o) :

N = Size(Leaf)
~ Leat: vector of gene

i

6= Max (1 A (o — 2)) expression values
TA+1
~ lambda/alpha/beta:
8 = g+ Var(Leaf)'N e Leaf? parameters (estimated by
2 2:(N +2) cross-validation)
ot egiN ~ Comparison with the entire
2 data

A
Score = — N*In(\/2_7r) + ()

E— EE— .""

NormalGamma(Left_Leaf) + NormalGamma(Right _Leaf)>= NormalGamma(Entire _data) + Penalty

N}
o
=]
—~
ﬁ
—~
R
+
~—
~—
|
2
=
£
+
Q*
]
=
|
R
+
=1
—
=
—+
~—

T — N

-

Penalry based on #leaves in regulation program (module specific) and #modulators (network-wide penalty) i
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Results

Gene Symbol Pathway Band Genes in Validation
Region p-value

Melanoma 3p14.2-p14.1 1 <107
TBC1D16 Vesicular Trafficking 17q25.3 24 <10°
ZFP106 Insulin/Ras 15q15.1 7 <10°
DIXDC1 Wnt/JNK/PI3K 11q23.1 17 0.0001
OIP5 Cell Cycle 15q15.1 13 <10®
TTBK2 15q15.2 7 0.0383
TRAF3 NFkappaB/JNK 14q32.32 19 0.0121
RAB27A Vesicular Trafficking 15915-g21.1 33 <10°
C120rf35 12p11.21 45 <10°
WBP2 17925 92 0.0275
MOCS3 20q13.13 16 <10°
NDUFB2 7q34 10 <10”
ST6GALNAC?2 17925.1 92 <10®
GRB2 EGFR/Ras 17q24-925 92 0.1373
ECM1 1q21 55 0.0083
KCNG1 20913 16 0.202
DPM1 20q13.13 16 0.097
PFKP Metabolism 10p15.3-p15.2 3 0.0801

Cell cycle, c-JUN (JNK) | 10p15 3 <10°
TIMM8B Mitochondria 11923.1-9q23.2 17 0.7622
PI4KB 1q21 55 0.0003
PSMB4 1q21 55 0.0005
VPS72 1921 55 <10”°
TARS2 1921.3 55 0.0001
MNS1 15021.3 33 0.0908
TDRD3 RNA processing 13921.2 203 <10°
CCNB2 Cell Cycle 15q22.2 33 <10®
EIF5 Cell Cycle 14q32.32 19 0.1096
RAB7A Vesicular Trafficking 3g21.3 16 <10”
PIK3CB PI3K signaling 3022.3 15 <10°

L — R
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Gene Symbol Pathway Band Genes in Validation
Region p-value
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PIK3CB PI3K signaling 3022.3 15 <10
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Top 30 modulators
include 10 known
oncogenes and tumor

SUpPPressors
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~  Top 30 modulators
include 10 known
oncogenes and tumor
SUPPressors

~  Literature search (using
LitVan) suggests P13K,
MAPK, cyeclin, RAB

(vesicular trafficking)
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MITF: a known driver!

A MITF-CNA B MITF-Expression

Hoek MITF Targets

Expression:

| Amplified |

0 2
Log Change
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Hoek MITF Targets
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(1 gene <=> 1 module) 5
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MITEF: a known drivert

~  Highest-scoring modulator I

Q
!

~ 45 of previously known 80 targets:

(1 gene <=> 1 module)

~ 76 out of 80 (if indirect associations)

~  Umnmidirectional correlation of

MITFE with CNA

—
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A MITF-CNA B MITF-Expression
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Hoek MITF Targets
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MITE: a known driver

A MITF-CNA B MITF-Expression

~  Highest-scoring modulator

Hoek MITF Targets

~ 45 of previously known 80 targets:

(1 gene <=> 1 module)

~ 76 out of 80 (if indirect associations) ’
- Tk Log Change
~  Unidirectional correlation of | _
MITF with CNA \
. Low Expression High Expression
~ The mOdUIG eXplaIDS MITF g 5| ' STX7, MYOS5A,
double role: i o o,
* high expression -> proliferation | whenMITF i high  Welanogenest
are involved in: Lysosome/Endosome

Known MITF Targets

*low expression -> mvasion

SMAD3, CTGF,

§ _SMURFZ o
8 NFKBIA, ITGA3,
< CXCL1, ITGAS...
0

Genes overexpressed NFkB/TNF

when MITF is low Invasion/Migration

are involved in: Angiogenesis

PRR—— “————— — —
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TBC1D16: unknown ¢

— —

Exp
CNA
RAB27A

CNA:

Amplified

Expresion:
I
-2 0 2
Log Change

Genes involved in Melanogenesis, Vesicular trafficking, Lysosme and Proliferation
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TBCID16: unknown

{
?
|
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RAB27A

~  RAB GTPase-activating protein
involved in trafficking and
membrane transport

CNA:
i § Amplified

Expression:

Genes involved in Melanogenesis, Vesicular trafficking, Lysosme and Proliferation

-2 0 2
Log Change
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TBCTID16: unknown |

) ) . RAB27A

~  RAB GTPase-activating protem,} l — “.I -
involved in trafficking and il
membrane transport

~ Involved n several processes,
including: melanogenesis,
vesicular trafficking, survival/
proliferation

CNA:
Amplified

Expression:

s A e e A vt R > g
Genes involved in Melanogenesis, Vesicular trafficking, Lysosme and Proliferation

-2 0 2
Log Change

PR ——
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TBC1D16: unknown !
—

~  RAB GTPase-activating protein,

involved in trafficking and . w262 o M1386
\ Ex'\:)/-r\;?s(i):r:ilow [ E)i?é:?c::ilow
membrane transport g o — o
% . TBC1D176 -sh302 300 %
~ Involved n several processes, 3 / 3
including: melanogenesis, =t et
. . . WM1960 WM1976
vesicular trafficking, survival/ T o Normal = o At
s . Expression: High 200 Expression: High
proliferation g ,
% . 100 (i}
~ Knock-d.own eXperlm.ent to - _ S
Conﬁrm IDVOIVGment 1n ’ Dayszaf'terAll(nockce:;iown8 oDays azfter K:‘wckdgwn °
proliferation C — ———————

——
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RAB27A
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RAB27A
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RAB27A
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RAB27A \
o

~ Involved 1n vesicular

trafficking

Gene expression NOT

correlated with CNA,

but ranked at the top by

CONEXIC

Knock-down
experiments
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Do drivers influence the expression

of their target genes?’

| e—
~  Microarray expression after knock-down: RAB27A; TBCID16

~ GSEA: to test the enrichment

Py

m

<
&

y

f

. ! ! RAB27A igh

NPR1 (4881)
APOC2 (344)
ARHGAP28 [79822)
PRKCE (5579}
GMAL [2774)
RORAA [6095)
IL1R2 (7850)
LCP2 [3937)
DENNDZD (T9961)
KIAATO24 [23251)
ALDHIBZ [222)
MCTPZ (55784)
FELNS (10516)
FXYDE [53826)
SCIN [85477)
C10M3A (9473)
PRUNEZ (158471)
FRZB [2487)
ENPP4 (22875)
FCER1G (2207)
CES1 (1066)
ENTPD1 (353)
ADCYZ (108)
BCL11A (53335)
CTLA4 [1433)
BAAT (570)
TTC33A (22996)
CO52 (1043)

THS1 (7145)
SLCOSA1 (81796)
SLG19A3 (80704)
KIT (3815)

GSEA p-value <107

Conexic Results - Module 3 RAB27A KD
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Do drivers influence the expression ?

. $
of their target genes?’ :

VR ——— T ———
~  Microarray expression after knock-down: RAB27A; TBC1D16

" ":Jh. \r

.  GSEA: to test the enrichment

B e ciD1s

,_
[e]
2
L
>

976-sh1490
976-sh302
960-sh1490
960-shanz

PHF11 (51131)
UHRF1BP 1L (23074)

VSIG10 (54621)
LARPG [55323)
SLC3BAZ (54407)
CI1GALTIC (29071)
KLF10 (7071)
TGIF1 (7050)
CETNZ [1063)
PSMD7 (5713)
TMSB10 (9168)
NECAFPZ (55707)
ADAMI7 [6868)
YWHAQ (10971)
NFYB (4801)
TNFAIP1 (7126)
LASP1 [3927)
RRAGA (10670)
PSME1 (5720)
EFHGC1 (114327)
PRECI (5584)
MANEA (T3634)
NMI(3111)
SLC25A24 (29957)
CDENZAIP [S5602)
SUMOT [7341)
TMEMZZ (80723)
MCL1 (4170)
ASAPZ (BBS3)
RCN1 [5954)
HDGFRP3 (50810)
ZNF302 (55900)
SPTLC1 (10558)
RAB31 (11031)
HSDLZ [B4263)
TPMM4 [7171)
AMOTLZ (51421)
SLC3BAT (81539)
AAMBFE (26953)
20CHCE (79670)
ZNF586 (54807)
PSMBS (5696)
DDAHI (23576)

-
.
p

Conexic Results - Module 127 TBC1D16 KD
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Conclusions \

~ Fapression of drivers, not copy number, drives

phenotype
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~ Flapression of drivers, not copy number, drives

phenotype

~ Correlation of drivers to copy number lower than
correlation of passengers (selective pressure)
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Conclusions s
_ ,________4

~ Flapression of drivers, not copy number, drives

phenotype

~ Correlation of drivers to copy number lower than
correlation of passengers (selective pressure)

~ CONEXIC provides insights into physiological

roles of drivers and their modules

R ———
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Dana Pe’er Lab of
Computational Systems Biology
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Publications

CONEXIC

People COpy Number and EXpression In Cancer (CONEXIC) is an algorithm that integrates matched copy number
(amplifications and deletions) and gene expression data from tumor samples to identify driving mutations

Research

Software and the processes they influence. CONEXIC is inspired by Module Networks (Segal et al. 2003), but has
Biolearn been augmented by a number of critical modifications that make it suitable for identifying drivers.
CONEXIC uses a score-guided search to identify the combination of modulators that best explains the
Genatomy behavior of a gene expression module across tumor samples and searches for those with the highest score

Camelot within the amplified or deleted region.

JISTIC When using CONEXIC, please cite the following article:

LitVAn Akavia, UD.*, Litvin O.*, Kim 1., Sanchez-Garcia F., Kotliar D., Causton H.C., Pochanard P., Mozes E,
Garraway L.A.. Pe’er D. An Integrated Approach to Uncover Drivers of Cancer. Cell 2010: 143:1005-1017
CONEXIC *Equal Contribution

Collaborations You can read detailed usage instructions here. In order to run CONEXIC, please download it as well as the

Openings math commons library (see http://commons.apache.org/math/ for more detail about this library).

For any questions, please contact conexic @gmail.com.
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