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@ Integration of different data

Integrated network biology

sl wil

it ey HM\W ; r

SiNgE, llansnnplmnmf‘r‘fm ﬂalysm

(] ——
b :\zuunsmu -] UEEU ua\hwayswm"
unclonal = 7= semencn

—L
: ==
sets becomes more and more saftafu 1boolUll mﬂ[ﬂ“;ﬁ'ﬂ‘},;mgﬁn )
yo 22 ‘ cmumm\ - [
important ses 9= = differentresults
ot

=thanges

ber

laelpayinteractions w22 =

ot s

g el approach = sludy Es:"’“""‘"“g
lud MhlmwunuWW = mm‘ﬁ 8

gt L iU gy = i RNA £
llllﬂmmm Lol mwmmm laled mofes g e e ﬂvrﬂ\%ma o

Wordle - ISMB2010 highlight talks

BioNet - Functional analysis of biological networks i)

ctor Developer Meeti



Julius-Maximilians-
UNIVERSITAT o ,!‘s.omum

WURZBURG -

Integrated network biology

wil
ifudl ey munma v!n

mﬂlﬂm llansnnplmnmm rra

=y

ym B = W"‘ﬂ;;im 2 el e ket

mnulmna\"‘W“muummu
g|||g = finclion =5 tmz

w 58 [

@ Integration of different data

iganization

sets becomes more and more il "" s.,u,m 2 e
i Sllldlﬂs le"‘rk o ;-E"u‘w cmumm\“”Iﬂlﬂlﬂﬂhﬂﬂm,m
important el I l dlﬁeﬂﬁ%tmsuns*
i : Ll |n erac |[1ngm.mgc.,u =ohanges =
@ Biological networks to put few ‘Emm‘sdanm%:mum |dEs>"’ﬂ"m'Y%
i g S LN S

genes or proteins in context
Wordle - ISMB2010 highlight talks

ctor Developer Meeti

BioNet - Functional analysis of biological networks i)



Julius-Maximilians-
UNIVERSITAT o A‘s.ozmmum
WURZBURG B o

Integrated network biology

wil
il nmunma lee)

ﬂﬂmm lmnscnplmnmm n aﬂaly i

AE genome

£ i i, wotc
iy S0 il
hmulmm\ 0% aguencing

@ Integration of different data i
-] ~ugmg.=[unchuntc.,§

sets becomes more and more

= futhmie

i slmn\um ww. uk cnny 2t i Eﬂlwacl|un55!§‘“ﬂﬂﬂﬂm
important ! Bllll ifferen resuns

. . tamet‘“'“ interactions seme-=s = =onanges =

o Biological networks to put "P’Wuum\emmm‘sda|1|1h[19m5|wtnlm e ld??mm%

mn\mmns\ﬂﬂulﬂﬂ o8 £ i S ]

genes or proteins in context i S i e Ef

Wordle - ISMB2010 highlight talks

The components of a
biological system do not
act independently from

each other, but are
organized into functional

modules
(Hartwell et al., 1999)
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Integrated network analysis

DNA - Genome

Promotor Analysis
Gene Regulation
CGH Data

SNPs
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Integrated network analysis

DNA - Genome

Promotor Analysis
@ Gene Regulation
o CGH Data

@ SNPs

Phenome
@ Survival Analysis
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Integrated network analysis

DNA - Genome RNA - Transcriptome

Promotor Analysis @ Gene Expression
Gene Regulation o Microarrays

°
o CGH Data ° RNdA.—Seq
o SNPs @ Non-coding RNA

Phenome
@ Survival Analysis
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Integrated network analysis

DNA - Genome RNA - Transcriptome

Promotor Analysis @ Gene Expression
Gene Regulation o Microarrays

°
o CGH Data ° RNdA.—Seq
o SNPs @ Non-coding RNA

Phenome Proteins - Proteome
@ Survival Analysis e Homology

@ Function Prediction

]

@ Protein-Protein-Interaction
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Integrated network analysis

DNA - Genome RNA - Transcriptome

Promotor Analysis @ Gene Expression
Gene Regulation o Microarrays

°
o CGH Data ° RNdA.—Seq
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Phenome Proteins - Proteome
@ Survival Analysis e Homology

@ Function Prediction
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@ Protein-Protein-Interaction
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Integrate into protein-protein
interaction network (HPRD):

o Gene expression data

@ Survival data
° ...

To find coherent significant
s modules.
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Workflow

5 steps
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Workflow

5 steps
@ Statistical tests
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Workflow

5 steps
@ Statistical tests
@ P-value aggregation
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Workflow

5 steps
@ Statistical tests

@ P-value aggregation
© Fit Beta-Uniform-Mixture (BUM) model
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Workflow

5 steps
@ Statistical tests
@ P-value aggregation
© Fit Beta-Uniform-Mixture (BUM) model
@ Score nodes of the network
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Workflow

5 steps
@ Statistical tests
@ P-value aggregation
© Fit Beta-Uniform-Mixture (BUM) model
Q Score nodes of the network
© Find maximum scoring subnetwork
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1. Statistical tests

Survival Analysis

o Cox regression

Microarray Analysis

Sarava Nowe

@ Standard t-test

for(i in 1:dim(expdat[pat,])[2]{

cox <- summary(coxph(as.formula(paste("sv ~ ‘",
colnames (expdat [pat,])[i] ,"‘", sep="")),
data=expdat [pat,][i]))

survival.pvalues[i] <- cox$logtest[3]}

ttest.pvalues <- rowttests(exprLym, fac =
exprLym$Subgroup) $p.values

For each test: p-value per gene
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2. P-value aggregation

(p-value 1,..., p-value n)

(p-value 1,...,p-value n)

p-value 1,...,p-value n) ﬁ

(p-value 1,..., p-value n)

p-value

p-value
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2. P-value aggregation

(p-value 1,..., p-value n)

(p-value 1,...,p-value n)

p-value 1,...,p-value n) ﬁ

(p-value 1,..., p-value n)

p-value

p-value

P-values are uniformly distributed
ith Uniform Order statistic of n p-values is Beta distributed

Regard X(1) — at least one significant p-value

Regard X(n) — all p-values significant

pvals <- cbind(ttest.pvalues, survival.pvalues)

pvalues <- aggrPvals(pvals, order=2, plot=F)
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3. Fit Beta-Uniform-Mixture (BUM) model
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< P-values

Signal + Noise
Noise

0.0 0.2 04 0.8 08 10

p-values (second order statistics)

f(x) = X\ Noise(x) + (1 — \) Signal(x; a)

fb <- fitBumModel(pvalues, plot=TRUE)
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4. Score nodes of the network

score 2
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4. Score nodes of the network

score 2

S(x) = log SEraty = log Sz HEd = log(a) + (a — 1)log(x)

scores <- scorelNodes(network=net, fb=fb, fdr=0.001)
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5. Find maximum scoring subnetwork

O Positive Scoring Protein
. Negative Scoring Protein

Largest Positive

Scoring Subgraph
____ Highest Scoring

Subgraph

BioNet - Functional analysis of biological networks i) ctor Developer Meeti



Julius-Maximilians-
UNIVERSITAT o ,ﬁozmum
WURZBURG B o

5. Find maximum scoring subnetwork

o NP-hard — ILP

@ Solution by
combinatorial
optimization using
CPLEX library

@ Detection of
suboptimal solutions

O Positive Scoring Protein

. Negative Scoring Protein
__ LargestPositive
~ Scoring Subgraph
Highest Scoring
Subgraph

@ Heuristic approach

writeHeinzFiles (network=net, file="ex", node.scores=scores)
module <- readHeinzGraph(node.file="ex_n.txt.0.hnz", network=net)
module.heur <- runFastHeinz(network=net, scores=scores)
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Maximal-scoring subnetwork for DLBCL
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plot3DModule (module)
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