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Background

Informationcancer network modetan
Provide insights into:

a. Identify functionally important genes whose perturbations
have a significanimpacton cancer progression

b. Identificationof featuresthat are predictive of patient
prognosis or therapeuticesponses

Rebeckalornstenet al, Mol SystBiol ,2011




Background D sies

Network modeling of the transcriptional effects of copy
number aberrations in glioblastoma

Rebecka Jornsten', Tobias Abenius'?, Teresia Kling?, Linnéa Schmidt?, Erik Johansson®?, Torbjorn EM Nordling®,
Bodil Nordlander?, Chris Sander’, Peter Gennemark'®, Keiko Funa®?, Bjérn Nilsson’, Linda Lindahl and Sven Nelander®*

Rebeckalornsteret al, Mol SystBio/, 2011
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In the article, using CNV and expression data, Lasso regression was used to
obtain the regulatory matrix.




Limitations O siss

AAY + AU +R =0,

1286(12%)

Besides CNV, all other g 1 Igaet treated as noise

steret al, Mol mALL

CNV

B Methylation

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




Background: Melanoma cancer study O siss

An Integrated Approach
to Uncover Drivers of Cancer

Uri David Akavia,’*25 Oren Litvin,"25 Jessica Kim,** Felix Sanchez-Garcia,! Dylan Kotliar,! Helen C. Causton,’
Panisa Pochanard,?# Eyal Mozes,! Levi A. Garraway,>* and Dana Pe'er!-2*
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Study design D siss

A Motivation:

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
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Drug Discovery Today

GeneModule Network: basedon a global generegulatorynetwork
set of genescan be explicitly put into certain module Each modul

representa setof geneghathavethe samestatisticalbehavior




Work flow O siss

Data from cancer patient sample Data preparation

Criteria
Provided in
Nature paper

GISTIC

- Candidate
. Methylation )
CNV candidate candidate selection
Expression Network building

profile

CONEXIC CONEXIC

CNV-driven methy-driven
network network

Summarized

Drivers from differentsources network

Driver classification
Expression subtype
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Results D siss

A Data preparation

A Candidate driver selection and network building
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Data preparation O siss

I Cancer sample | Data preparation

J

Criteria
Provided in
Nature paper

GISTIC

: Candidate
. Methylation
CNV candidate Cangidate selection
,l .
I Expression Network building
! profile
‘ ONEXIC CONEXIC

CNV-driven methy-driven
network network

Summarized

Drivers from different sources network

Driver classification
Expression subtype




Data preparation D siss

Integrated genomic analyses of ovarian
carcinoma

The Cancer Genome Atlas Research Network®

The Cancer Genome Atlas Research NetwaoMature, 2011

489 samples of ovarian canc@atients

CNV profile:  Agilent 1M

Methylation:  [llumina27K

MiRNA profile: Agilent

MRNA profile: Affymetrix UL33A
Affymetrix Exon
Agilent 244K

Clinical data




Contribution of variation O siss

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 ,,q9¥| ~q u{z, mzp
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Results Vsiss

A Data preparation

A Candidate driver selection and network building
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AP~ufq~ anpnotatian@and pathway analysis




Candidate driver selection O siss

Data preparation

—-\

Cancer sample
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profile building
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Summarized

Drivers from different sources network

Driver classification
Expression subtype




CNV candidate O siss

Using GISTIC 2.0, ¢yalue threshold.2

63 amplified ,50 deleted significant region found,

contain3910gene

Constantly expressed gene excluded, expressioualue >0.25

Candidate gene638
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Methylation candidate

Criteria Providedn previous work Srovidod in

Nature paper

The Cancer Genome Atlas Research Netwavgafure,2011 Methylation
candidate

1. Low normal tissue methylation : beta valued<5

2. Large difference between normal and cancer tissues : mean beta value
difference>0.3

3. Correlation between expression and methylation

168 candidate gene iwature paper
928 candidate gene selected in our study
After excluding constanexpressedjene :sd>0.25

831 candidate gene selected
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Module network building

Cancer sample Data preparation

Criteria
Provided in
Nature paper

- Methylation Candidate
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Summarized

Drivers from different sources network

Driver classification
Expression subtype
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Module network built
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117 driver genesverefound ,10 aremiRNAS,107 aregenes

Among the drivers, 59 are methylatiedrivers , 58 are CN\drivers



Results Vsiss

A Data preparation

A Candidate driver selection and network building
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AP~ufq~ annotatianand pathevay analysis




Driverso contributio D sies

Ovarian cancer can be divided into 4 expression subtype

UsingNMF(Nonnegative matrixfactorization) clustering method and 1500 highly variably expresse
genes, previous paper report 4 expression subtypes of ovarian cancer can be identified.
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Driversod contributio O siss
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489 ovarian cancer sample, 107 drivers 489 ovarian cancer sample,1500 genes

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




Driverso6 contributio O siss
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Using independent samples to test




Results D sies

A Data preparation

A Module network construction and drivers deriving
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AP~ufq~ . annotatianand pathway analysis




Function annotation ()5155

Using IPA Ingenuity for gene function annotation and
enrichment

[] |Category Functions Annotation / p-Value Molecules

[1| cancer Cancer 1.25E-10 IAATK, ADAM12, ADAMTS13, ADRALD, ADRB1, AEBP1, AGTR1, ALX4, ATP... all 75
[1] Cell Morphology abnormal morphology of cells | 5.08E-10 IADAMTS13, AEBP1, CACNAILA, CCND1, CD3E, CD4, CNGA3, CNTN1, CPLX3 all 30
[[1| Cellular Development proliferation of keratinocyte cand 2.34E-07 EMILIN1I, MMP19, RB1, SERPINF1, TP63, UCN all 6
[[]| Cellular Growth and Proliferation proliferation of keratinocyte canq 2.34E-07 EMILIN1, MMP19, RB1, SERPINF1, TP63, UCN all 6
[1] cancer polycystic kidney disease 2.63E-07 IAGTR1, Cenbl/GmS5593, CCNC, CCND1, FSTL1, HNF1B, miR-181a-5p (and ... all 9
[] | Developmental Disorder polycystic kidney disease 2.63E-07 IAGTR1, Cenb1/Gm5593, CCNC, CCND1, FSTL1, HNF1B, miR-181a-5p (and ... all 9
[[] | Hereditary Disorder polycystic kidney disease 2.63E-07 ILWGTR1, Cenbl/GmS5593, CCNC, CCND1, FSTL1, HNF1B, miR-181a-5p (and ... all 9
[] | Renal and Urological Disease polycystic kidney disease 2.63E-07 IAGTR1, Cenb1l/GmS5593, CCNC, CCND1, FSTL1, HNF1B, miR-181a-5p (and ... all 9
[1] cell Death and Survival apoptosis 5.02E-07 IAATK, ADAM12, ADRALD, ADRB1, AGTR1, AIF1 (includes EG:11629), ALX4, . all 57
| Organismal Development morphology of body region 6.43E-07 IAEBP1, ALX4, CCND1, CD47, CNGA3, CNGB3, CPLX3, CRX, FSTL1, GDF11, .. all 19
[1| cancer head and neck tumor 7.57E-07 IADAM12, AEBP1, AGTR1, BIRCS, CACNALA, CCND1, COLBA3, HOXA9, LCK all 21
[]| Cancer liver cancer 7.90E-07 IADAM12, BIRCS, CCNB1, CCND1, F3, GC, let-7, let-7a-5p (and other miR... all 19
[[]| Gastrointestinal Disease liver cancer 7.90E-07 IADAM12, BIRCS, CCNB1, CCND1, F3, GC, let-7, let-7a-5p (and other miR... all 19
O Hepatic System Disease liver cancer 7.90E-07 IADAM12, BIRCS, CCNB1, CCND1, F3, GC, let-7, let-7a-5p (and other miR... all 19
[[] | Hepatocellular Carcinoma liver cancer 7.90E-07 IADAM12, BIRCS, CCNB1, CCND1, F3, GC, let-7, let-7a-5p (and other miR... all 19

Function annotation enrichment of all drivers




Pathway analysis D siss

A Generate the driverelated pathway

A Subnetworks of the overall pathway

A A high-confidence driver set based on pathway analysis




Pathway analysis--global pathway O siss

Driverrelated global pathway



