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1.BiologicalNetworks

•Definition,problems,practicalimplications

2.CurrentWork

•Miningbiologicalnetworksforfrequentmolecularinteractionpatterns
•Alignmentofproteininteractionnetworksbasedonevolutionarymodels
•Moduleidentificationbasedonphylogeneticprofiles

3.OngoingandFutureWork

•Constructingreferencemodulemaps
•Buildingafullyfunctionalinteroperablesignalingdatabase
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BiologicalNetworks

•Interactionsbetweenbiomoleculesthatdrivecellularprocesses

–Genes,proteins,enzymes,chemicalcompounds
–Mass&energygeneration,informationtransfer
–Coarserlevelthansequencesinlife’scomplexitypyramid

•Experimental/induceddatainvariousforms

–Protein-proteininteractionnetworks
–Generegulatorynetworks
–Metabolic&signalingpathways

•Whatdowegainfromanalysisofcellularnetworks?

–Modularanalysisofcellularprocesses
–Understandingevolutionaryrelationshipsatahigherlevel
–Assigningfunctionstoproteinsthroughinteractioninformation
–Intelligentdrugdesign:blockprotein,preservepathway
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Protein-ProteinInteraction(PPI)Networks

•Interactingproteinscanbediscoveredexperimentally

–Two-hybrid
–Massspectrometry
–Tandemaffinitypurification(TAP)

PSfragreplacements
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Source:Jeongetal.Nature411:41-42,2001.
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GeneRegulatoryNetworks

•Genesregulateeachothers’expression

–Asimplemodel:Booleannetworks
–Canbederivedfromgeneexpressiondata

PSfragreplacements
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MetabolicPathways

•Chainsofreactionsthatperformaparticularmetabolic
function

–Reactionsarelinkedtoeachotherthroughsubstrate-productrelationships
–Directedhypergraph/graphmodels

PSfragreplacements
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DiscreteAlgebraicTechniquesinAnalysis

•Non-orthogonaldecompositionofbinarymatrices

–Findacompactsetofvectorsthatrepresenttheentirematrix
–Recursivedecompositionthroughrank-oneapproximations
–Fast(linear-time)iterativeheuristicsforcomputingapproximations

Analysisofgeneexpressiondata

PatternsofregulationBiclustering
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AnalysisofBiologicalNetworks

•Evolutionthinksmodularly

–Selectivepressureonpreservinginteractions
–Functionalmodules,proteincomplexesarehighlyconserved

•Computationalmethodsfordiscoveryandanalysisofmodules
andcomplexes

–Graphclustering:Functionallyrelatedentitiesaredenselyconnected
–Graphmining:Commontopologicalmotifs,frequentinteraction

patternsrevealmodularity
–Graphalignment:Conservation/divergenceofmodulesandpathways
–Modulemaps:Canonicalpathwaysacrossspecies
–Phylogeneticanalysis:Genes/proteinsthatbelongtoacommonmodule

arelikelytohaveco-evolved
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Howdowedetectconservedsubgraphs:Graph
Mining

[Koyuturk,Grama,Szpankowski,ISMB04,Bioinformatics04]

Graphdatabase

Subgraphswithfrequency3
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ExtendingFrequentItemsetMiningtoGraphMining

•Givenasetoftransactions,findsetsofitemsthatarefrequent
inthesetransactions

•Extensivelystudiedindataminingliterature

•Algorithmsexploitdownwardclosureproperty

–Asetisfrequentonlyifallofitssubsetsarefrequent
–Generateitemsetsfromsmalltolarge,pruningsupersetsofinfrequent

sets

•Canbegeneralizedtomininggraphs

–transaction→graph
–item→node,edge
–itemset→subgraph

•However,thegraphminingproblemisconsiderablymore
difficult
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GraphMiningChallenges

•SubgraphIsomorphism

–Forcountingfrequencies,itisnecessarytocheckwhetheragivengraph
isasubgraphofanotherone

–NP-complete

•Canonicallabeling

–Toavoidredundancywhilegeneratingsubgraphs,canonicallabelingof
graphsisnecessary

–Equivalenttosubgraphisomorphism

•Connectivity

–Patternsofinterestaregenerallyconnected,soitisnecessarytoonly
generateconnectedsubgraphs

•Existingalgorithmsmainlyfocusonminimizingredundancyand
mining&extendingsimplesubstructures

–AGM,FSG,gSpan,SPIM,CLOSEGRAPH
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Uniquely-LabeledGraphs

•Contractnodeswithidenticallabelintoasinglenode

•Nosubgraphisomorphism

–Graphsareuniquelyidentifiedbytheiredgesets

•Frequentsubgraphsarepreserved⇒Noinformationloss

–Subgraphsthatarefrequentingeneralgraphsarealsofrequentintheir
uniquely-labeledrepresentation

•Discoveredfrequentsubgraphsarestillbiologicallyinterpretable!
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NodeContractioninMetabolicPathways

•Uniquely-labeleddirectedgraphmodel

–Nodesrepresentenzymes
–Globallabelingbyenzymenomenclature(ECnumbers)
–Adirectededgefromoneenzymetotheotherimpliesthatthesecond

consumesaproductofthefirst
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NodeContractioninProteinInteractionNetworks

•Relatingproteinsindifferentorganisms

–Clustering:Orthologousproteinsshowsequencesimilarities
–Phlyogeneticanalysis:Allowsmulti-resolutionanalysisamongdistant

species
–Literature,orthologdatabases

•Contraction

–Interactionbetweenproteins→interactionbetweenproteinfamilies
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PreservationofSubgraphs

Theorem:LetG̃betheuniquely-labeledgraphobtainedby
contractingthesame-labelnodesofgraphG.Then,ifSisa
subgraphofG,S̃isasubgraphofG̃.

Corollary:Theuniquely-labeledrepresentationofanyfrequent
subgraphisfrequentinthesetofuniquely-labeledgraphs.

PSfragreplacements
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SimplifyingtheGraphMiningProblem

Observation:Auniquely-labeledgraphisuniquelydetermined
bythesetofitsedges.

MaximalFrequentSubgraphMiningProblem

Givenasetoflabeledgraphs{G1,G2,...,Gm},findall
connectedgraphsSsuchthatSisasubgraphofatleastσmof
thegraphs(isfrequent)andnosupergraphofSisfrequent(is
maximal).

MaximalFrequentEdgesetMiningProblem

Givenasetofedgetransactions{E1,E2,...,Em},findall
connectededgesetsFsuchthatFisasubsetofatleastσm

oftheedgetransactions(isfrequent)andnosupersetofFis
frequent(ismaximal).
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FromGraphstoEdgesets
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MULE:MiningUniquelyLabeledGraphs
PSfragreplacements
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FrequentSub-PathwaysinKEGG

Glutamatemetabolism(155organisms)
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FrequentInteractionPatternsinDIP

•Proteininteractionnetworksfor7organisms

–Ecoli,Hpylo,Scere,Celeg,Dmela,Mmusc,Hsapi
–44070interactionsbetween16783proteins

•ClusteringwithTribeMCL&nodecontraction

–30247interactionsbetween6714proteinfamilies
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RuntimeCharacteristics

Comparisonwithisomorphism-basedalgorithms
FSGMULE

MinimumRuntimeLargestNumberofRuntimeLargestNumberof
DatasetSupport(%)(secs.)patternpatterns(secs.)patternpatterns

200.29120.01912
160.710140.011014

Glutamate125.113390.101339
1022.716340.291534
8138.916560.991556
240.18110.01811
201.511150.021115

Alanine164.012210.061221
12112.717251.061625
10215.117341.721634

Extractionofcontractedpatters
Glutamatemetabolism,σ=8%Alaninemetabolism,σ=10%

SizeofExtractiontimeSizeofSizeofExtractiontimeSizeof
contracted(secs.)extractedcontracted(secs.)extracted

patternFSGgSpanpatternpatternFSGgSpanpattern
1510.81.12161654.110.1317
1412.82.42161624.13.9216
131.70.3113120.90.2712
120.90.3012110.40.1311
110.50.081180.10.018

Totalnumberofpatterns:56Totalnumberofpatterns:34
TotalruntimeofFSGalone:138.9secs.TotalruntimeofFSGalone:215.1secs.
TotalruntimeofMULE+FSG:0.99+100.5secs.TotalruntimeofMULE+FSG:1.72+160.6secs.
TotalruntimeofMULE+gSpan:0.99+16.8secs.TotalruntimeofMULE+gSpan:1.72+31.0secs.

–TypesetbyFoilTEX–20



AligningProteinInteractionNetworks

[Koyuturk,Grama,Szpankowski,RECOMB04]

•Defininggraphalignmentisdifficultingeneral

–Biologicalmeaning
–Mathematicalmodeling

•Existingalgorithmsarebasedonsimplifiedformulations

–PathBLASTalignspathways(linearchains)torenderproblemcomputationally
tractable

–Motifsearchalgorithmslookforsmalltopologicalmotifs,donottakeinto
accountconservationofproteins

•Ourapproach

–Alignssubsetsofproteinsbasedontheobservationthatmodulesand
complexesareconserved

–Guidedbymodelsofevolution
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EvolutionofProteinInteractionNetworks

•Duplication/divergencemodelsfortheevolutionofprotein
interactionnetworks

–Interactionsofduplicatedproteinsarealsoduplicated
–Duplicatedproteinsrapidlyloseinteractionsthroughmutations

•Thisprovidesuswithasimplifiedbasisforsolvingaveryhard
problem

PSfragreplacements
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AligningProteinInteractionNetworks:Input

•PPInetworksG(U,E)andH(V,F)

•SparsesimilarityfunctionS(u,v)forallu,v∈U∪V

–IfS(u,v)>0,uandvarehomologous

PSfragreplacementsu1u2
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LocalAlignmentInducedbySubsetsofProteins

•AlignmentinducedbyproteinsubsetpairP={Ũ∈U,Ṽ∈V}:
A(P)={M,N,D}

–Amatch∈Mcorrespondstotwopairsofhomologproteinsfromeach
proteinsubsetsuchthatbothpairsinteractinbothPPInetworks.Amatch
isassociatedwithscoreµ.

–Amismatch∈Ncorrespondstotwopairsofhomologproteinsfrom
eachPPInetworksuchthatonlyonepairisinteracting.Amismatchis
associatedwithpenaltyν.

–Aduplication∈Dcorrespondstoapairofhomologproteinsthatarein
thesameproteinsubset.Aduplicationisassociatedwithpenaltyδ.

PSfragreplacements
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PairwiseLocalAlignmentofPPInetworks

•Alignmentscore:
σ(A(P))=

∑
M∈Mµ(M)−

∑
N∈Nν(N)−

∑
D∈Dδ(D)

–Matchesarerewardedforconservationofinteractions
–Duplicationsarepenalizedfordifferentiationaftersplit
–Mismatchesarepenalizedfordivergenceandexperimentalerror

•Allscoresandpenaltiesarefunctionsofsimilaritybetween
associatedproteins

•Problem:Findallproteinsubsetpairswithalignmentscore
largerthanacertainthreshold.

–Highscoringproteinsubsetsarelikelytocorrespondtoconserved
modulesorcomplexes

•AgraphequivalenttoBLAST
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WeightedAlignmentGraphG(V,E)

•Vconsistsallpairsofhomologproteinsv={u∈U,v∈V}

•Anedgevv
′
={uv}{u

′
v
′
}inEisa

–matchedgeifuu
′
∈Eandvv

′
∈V,withweightw(vv

′
)=µ(uv,u

′
v
′
)

–mismatchedgeifuu
′
∈Eandvv

′
/∈Vorviceversa,withweight

w(vv
′
)=−ν(uv,u

′
v
′
)

–duplicationedgeifS(u,u
′
)>0orS(v,v

′
)>0,withweightw(vv

′
)=

−δ(u,u
′
)orw(vv

′
)=−δ(v,v

′
)
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MaximumWeightInducedSubgraphProblem

•Definition:(MAWISH)

–GivengraphG(V,E)andaconstantε,findṼ∈Vsuchthat P

v,u∈Ṽw(vu)≥ε.
–NP-complete

•Theorem:(MAWISH≡Pairwisealignment)

–IfṼisasolutionfortheMAWISHproblemonG(V,E),thenP={Ũ,Ṽ}
inducesanalignmentA(P)withσ(A)≥ε,whereṼ=Ũ×Ṽ.
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AGreedyAlgorithmforMAWISH

•Greedygraphgrowing

–Startwithaheavilyconnectednode,putitinṼ

–ChoosevthatismostheavilyconnectedtoṼandputitinṼuntilnovis
positivelyconnectedtoṼ.

–IftotalweightofthesubgraphinducedbyṼisgreaterthanathreshold,
returnṼ

–Worksinlineartime.

•Asmodulesandcomplexesaredenselyconnectedwithinthe
moduleandlooselyconnectedtotherestofthenetwork,this
algorithmisexpectedtobeeffective.

•Foralllocalalignments,removediscoveredsubgraphandrun
thegreedyalgorithmagain.

•Ifthenumberofhomologsforeachproteinisconstant,
constructionofalignmentgraphandsolutionoftheMAWISH
takesO(|E|+|F|)time.
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ScoringMatches,MismatchesandDuplications

•Quantizingsimilaritybetweentwoproteins

–Confidenceintwoproteinsbeingorthologous(paralogous)
–BLASTE-value:S(u,v)=log10

p(u,v)
prandom

–Orthologclustering:S(u,v)=c(u)c(v)

•Matchscore

–µ(uu
′
,vv

′
)=µ̄min{S(u,v),S(u

′
,v

′
)}

•Mismatchpenalty

–ν(uu
′
,vv

′
)=ν̄min{S(u,v),S(u

′
,v

′
)}

•Duplicationpenalty

–δ(u,u
′
)=δ̄(d−S(u,u

′
))
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AlignmentofHumanandMousePPINetworks

HomoSapiens

PSfragreplacements
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Aconservedsubnetthatispartof
transforminggrowthfactorbetareceptorsignalingpathway
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AlignmentofYeastandFlyPPINetworks

SaccharomycesCerevisiae
PSfragreplacements
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OngoingWorkonPPINetworkAlignment

•Assessingstatisticalsignificance

–Constructingarefencemodelbasedonmodelsofevolution

•BLAST-likesearchqueriesfornetworkalignment

–Givenaquerygraph,findallhigh-scoringlocalalignmentsinadatabase
ofPPInetworks

•MultipleGraphAlignment(CLUSTAL,BLASTCLUST)

–Howtocombinegraphminingandpairwisealignment
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InferringFunctionalModulesfromPhylogenetic
Information

[Kim,Koyuturk,Topkara,Grama,Subramaniam,ECCB05
(submitted)]

•Functionallyrelatedproteinsarelikelytohaveco-evolved

–Constructphylogeneticprofileforeachgenome:VectorofE-values
signifyingexistenceofanorthologousproteinineachorganism

–Identifypairwisefunctionalassociationsbasedonmutualinformation
betweenphylogeneticprofiles[Pellegrinietal.(1999)]

–Mutualinformation:
I(X,Y)=H(X)−H(X|Y)=

P

x

P

yp(x,y)log(p(x,y)/p(x)p(y))

–Showntoidentifyfunctionallyassociatedproteinpairsatacoarserlevel
thanhigh-throughputmethods

•However,domains,notproteins,co-evolve

–Howcanweincorporatedomaininformationtoenhanceperformance
ofphylogeny-basedinteractionprediction?
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IdentificationofCo-evolvedDomains

•Whilesequenceinformationiswidelyavailable,domain
informationisnotgenerallycomprehensive

•Approximatingdomainsbetweenfixed-sizesegments[Kim&
Subramaniam(2004)]

–Chopproteinsintooverlapping(e.g.,30b.p.)fixed-size(e.g.,120b.p.)
segments

–Constructphylogeneticprofileforeachsegment,findmaximum-mutual-
informationsegmentpairforeachproteinpair

–Improvessingle-profilebasedapproach
–However,thereisnofixeddomainsize

•Canweidentifydomainsfromphylogeneticinformationas
well?

–Residuephylogeneticprofiles!
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Residue-LevelPhylogeneticAnalysis

•Residuephylogeneticprofile

–ForeachresiduerijonproteinPi,theexistenceofrijingenomeGkis
signifiedbytheminimume-valueofalignmentsbetweenPiandGkthat
containrij

•Mutualinformationmatrix

–Matrixofmutualinformationbetweenanypairofresidueseachfromone
protein

–M(Pi,Pj)=[mkl],
wheremkl=I(profile(rik),profile(rjl))
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MutualInformationMatrix
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MutualinformationmatrixforproteinsCheAandCheBinE-coli.
Darkerpixelsindicatehighermutualinformation.

Co-evolveddomainsidentifiedbydarkrectangles!
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ClusteringResiduePhylogeneticProfiles

•Clusterresiduestoidentifyco-evolveddomains[Kimetal.,
2005]

•Foreachproteinpair

–Downsampleresiduesofeachprotein(forcomputationalefficiency)
–Constructresiduephylogeneticprofiles
–Computemutualinformationmatrix
–Identifysufficientlylargecontiguousrectanglesonmutualinformation

matrixwithconsistentlyhighmutual-information
–Setphylogeneticassociationscoreofthetwoproteinstothemaximum

ofmutualinformationofsuchrectangles

•Canbeusedfordomainidentificationaswell!
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ComparisonofDomain-ProfileandSingle-Profile
Methods
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ComparisonofDomain-ProfileandSingle-Profile
Methods
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AugmentingPPINetworkswithPhylogenetic
InformationtoEnhanceModuleIdentification

•Density-basedclusteringofPPInetworksiscommonlyusedto
identifymodules

–MCODE:Greedygraphgrowingbasedonlocalneighborhooddensityof
eachprotein

–MCL:MarkovianclusteringbasedonrandomwalksonPPInetwork
–MCS:Recursivemin-cutpartitioning

•InformationderivedfromPPInetworksisnotcomprehensive

–High-throughputmethodsareprunetofalse-negativesandevenfalse-
positives

–Availabledataisgeneratedfortargetfunctionalunitsincell(e.g.,fly
networkmostlycontainssignalinginformation)

–TypesetbyFoilTEX–40



FunctionalModulesandPhylogeny
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Conservedinalleukaryoticspecies!
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FunctionalModulesandPhylogeny
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SuperposingPPINetworkswithPhylogenically
PredictedNetworks

ProteinInteractionPhylogeneticAssociationSuperpositionofPPIand
(PPI)network(PGA)networkPGAnetworks

Clusterthesuperposednetwork!
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ClusteringTheSuperposedNetwork

•MCODEdiscovers

–15modulesonE-coliPPInetwork
–11modulesonE-coliPGAnetworkconstructedbydomain-profile

method
–26modulesonPPI∪PGA

PPIPGAPPI∪PGA
4proteins4proteins9proteins

9interactions6phylogeneticassociations21functionalassociations
molybdopterinbiosynthesismolybdopterinbiosynthesismolybdopterinbiosynthesis

molybdochetalasemolybdochetalase
MGDbiosynthesisBMGDbiosynthesisB

molybdopterin→MGDmolybdopterin→MGD
molybdopterinbiosynthesisAmolybdopterinbiosynthesisA
molybdopterinbiosynthesisCmolybdopterinbiosynthesisC

DMSOreductaseDMSOreductase
molybdopterinbiosynthesisB
anaerobicDMSOreductase

AmoduleofthemolybdopterinbiosynthesispathwayinEcoli
thatcanonlybepartiallydiscoveredonPPIandPGAnetworks

iscomprehensivelyidentifiedontheaugmentednetwork
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BuildingaComprehensiveSignalingDatabase

Therearefourmajorcomponentstoanysucheffort:

•Theavailabilityofup-to-date,curated/annotatedsignaling
data(TheBiologyWorkBenchprovidesuswithanexcellent
startingpoint.ITaPisintheprocessofmirroringtheWorkBench
atPurdue.

•Developingcommonlyaccepted(flexible,extensible)data
standards.Thesedonotexistinthesignalingcommunityatthis
point,although,SBMLaddressesacloselyrelatedcommunity.

•Developinganalysistechniques–weareoneoftheleading
groupsinthisarea.

•Developinginterfacesandmiddleware–thispresentsa
significantopportunityfordevelopment.
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BuildingaComprehensiveSignalingDatabase

Anysucheffortmust:

•Interoperatewithotherexistingsignalingdatabasesinterms
ofdataformats,APIsforservices,andstandardizedoutput
formats.

•Interoperatewithexistinggenotypeandphenotypetoolsand
databases.

•Providesupportforbuildingcomplextoolsthatbuildona
varietyofexistingdatasourcesandAPIs.
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UsingaSignalingDatabase:AnExample(1)

Considertheproblemofpredictingproteininteractionsusing
phylogenydata.Thealgorithmbuildsonthefollowingsources:

•Sequencedataforgeneratingphylogeneticprofiles.

•BLASTforfindingmatches(populatingthephylogenetic
profiles).

•In-houseanalysesongeneratingphylogenyvectorsand
inferringinteractions.

•DIPforvalidatingresults.

Ourcurrentstudydownloadsallthedataandanalysistools
(includingBLAST)andperformsanalyseslocally.Thisisextremely
cumbersomeandinaccurate,sincedatabasesarealwaysina

stateofflux.
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UsingaSignalingDatabase:AnExample(2)

Considertheproblemofdetectingmodulesinprotein
interactionnetworksusinginteractionandphylogenydata.The

algorithmbuildsonthefollowingsources:

•SequencedataandBLASTforgeneratingprofilebasedhyper-
edges.

•DIPforproteininteractions.

•In-housecodeforanalysisandaugmentationofinteraction
networks.

•MCODE/MCL/MCSforgraphclustering.

•Avarietyofonlinesourcesforvalidation.

Asbefore,evensimpleanalysestaskscanbeextremelydata,
effort,andtimeintensive.
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BuildingaComprehensiveSignalingDatabase:
Challenges

•InterfacesfordataandAPIconversion.

•Analysismodulesforinteractiondata(hardenexistinganalyses
toolstoproductionquality,developnewtools).

•Toolstoenablesubmissionofothertoolstotheinfrastructure
(controlledvocabularies,ontologies,etc.).

•Servicediscoveryservice.

•Supportforbuildingapplications(composingapplications,
type-checking,consistency).

•RuntimesystemforRPC,debugging,andvisualization.
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