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Background

Information cancer network model can 

Provide insights into: 

a. Identify functionally important genes whose perturbations 
have a significant impact on cancer progression

b. Identification of features that are predictive of patient 
prognosis or therapeutic responses 

RebeckaJornstenet al, Mol SystBiol ,2011



Background

RebeckaJornstenet al, Mol SystBiol , 2011

Transcriptional relation

CNV-mRNA relation

In the article, using CNV and expression data, Lasso regression was used to 

obtain the regulatory matrix.



Limitations

Besides CNV, all other perturbation like methylation  are  treated as noise

RebeckaJornstenet al, Mol SystBiol ,2011

In our analysis in case of  some real data , statistically, it showed that methylation 
contribute to the regulations of gene expression architecture almost equal to CNV
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Candidate gene selection
Single modulator

Network learning
This model may be useful in integrating non-linear perturbations

Uri David et al, Cell ,2010

Background: 

Three assumptions of the paper:
(1) A driver mutation should occur in multiple tumors more often than would be 

expected by chance 

(2) A driver mutation may be associated (correlated) with the expression of a 
s~{¢|,{r,sqzq ,¡tm¡,r{~y,m,¹y{p¢xqº,

(3) Copy number aberrations often influence the expression of genes in the 
module via changes in expression of the driver

Melanoma cancer study
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Study design

ÅMotivation:

Using module network model to build an integrated 
network covering CNV and methylation driver

a. More complete network can be achieved

b. Find drivers from different sources



GeneModule Network: basedon a global generegulatorynetwork, a

set of genescan be explicitly put into certain module. Each module

representsasetof genesthathavethesamestatisticalbehavior.
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Results

ÅData preparation

ÅCandidate driver selection and network building

ÅP~u£q~ ¸,o{z¡~un¢¡u{z,¡{,Q¥|~q  u{z, ¢n¡¦|q

ÅP~u£q~ ¸,r¢zo¡u{z,mzz{¡m¡u{z,mzp,|m¡t¤m¦,mzmx¦ u 



Data preparation
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Data preparation

The Cancer Genome Atlas Research Network, Nature , 2011

489 samples of ovarian cancer patients

CNV profile: Agilent 1M
Methylation: Illumina 27K
miRNA profile:  Agilent
mRNA profile: Affymetrix U133A

Affymetrix Exon
Agilent 244K

Clinical data



Contribution of variation

We use ANOVA to test the contribution of CNV and methylation

Of all 8533 genes with both types of data, CNV contribute to the regulation 
{r,=>DB4=>15,sqzq ¸,q¥|~q  u{z,mzp,yq¡t¦xm¡u{z,o{z¡~un¢¡q,¡{,¡tq,~qs¢xm¡u{z,
{r,E?D4E15,sqzq ¸,q¥|~q  u{z,m ,cis/trans regulators. 
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Results

ÅData preparation

ÅCandidate driver selection and network building

ÅP~u£q~ ¸,o{z¡~un¢¡u{z,¡{,Q¥|~q  u{z, ¢n¡¦|q,

ÅP~u£q~ ¸,r¢zo¡u{z,annotation and pathway analysis



Candidate driver selection
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CNV candidate

Using GISTIC 2.0, q-value threshold 0.2

63 amplified , 50 deleted significant region found, 

contain 3910 gene

Constantly expressed gene excluded, expression sdvalue > 0.25

Candidate gene 2638

CNV

CNV candidate 



Methylation candidate

Criteria Provided in previous work

1. Low normal tissue methylation :  beta value < 0.5

2. Large difference between normal and cancer tissues : mean beta value

difference> 0.3

3. Correlation between expression and methylation

The Cancer Genome Atlas Research Network, Nature,2011

168 candidate gene in Nature paper

928 candidate gene selected in our study

After excluding constant expressed gene : sd>0.25

831 candidate gene  selected

Methylation

Criteria
Provided in 
Nature paper

Methylation
candidate



Module network building 
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Module network built

117 driver genes were found ,10 are miRNAs,107 are genes

Among the drivers, 59 are methylation-drivers , 58 are CNV-drivers



Results

ÅData preparation

ÅCandidate driver selection and network building

ÅP~u£q~ ¸,o{z¡~un¢¡u{z,¡{,Q¥|~q  u{z, ¢n¡¦|q,

ÅP~u£q~ ¸,r¢zo¡u{z,annotation and pathway analysis



Driversô contribution to subtyping

Ovarian cancer can be divided into 4 expression subtype

Using NMF(Non-negative matrix factorization) clustering method and 1500 highly variably expressed 
genes, previous paper report 4 expression subtypes of ovarian cancer can be identified.

489 ovarian cancer sample,1500 genes 245 independent ovarian cancer sample,1500 genes

The Cancer Genome Atlas Research Network, Nature , 2011



Driversô contribution to subtyping

Among 489 samples, 332 samples are labeled the same group as using 1500 gene sets

Among the 107 drivers, 30 drivers are in the 1500 gene sets

489 ovarian cancer sample, 107 drivers 489 ovarian cancer sample,1500 genes



Driversô contribution to subtyping

Random chosen 150 genes from 1500 gene sets Driver gene set

Comparing to random chosen gene set



Driversô contribution to subtyping

Using CNV-drivers only Using methylation-drivers only

Using one-source drivers only



Driversô contribution to subtyping

245 ovarian cancer sample, 107 drivers 245 ovarian cancer sample, 1500 genes

Using independent samples to test 



Results

ÅData preparation

ÅModule network construction and drivers deriving

ÅP~u£q~ ¸,o{z¡~un¢¡u{z,¡{,Q¥|~q  u{z, ¢n¡¦|q,

ÅP~u£q~ ¸,r¢zo¡u{z,annotation and pathway analysis



Using IPA Ingenuity for gene function annotation and 
enrichment

Function annotation

Function annotation enrichment of all drivers



ÅGenerate the driver-related pathway

ÅSub-networks of the overall pathway

ÅA high-confidence driver set based on pathway analysis

Pathway analysis



Pathway analysis--global pathway

Driver-related global pathway


