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Figure6:GraphofsimulatedmRNAexpressionsfromlow
scoringmodelonthesamedata.
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Figure5:GraphofsimulatedmRNAexpressionsfromlow
scoringmodel.Thediscretepointsrepresentexpressionss am-
pledfromanexamplemodelofninegeneswithzeromean,
0.1varianceGaussiannoise.Thecontinuouslinesresultfr om
simulatingthemodelwiththeparametersetofthehighestda ta
likelihood.

correctpredictionsexceptforgene
1.Thisdemonstratesthatthepos-
teriordistributionforparameters
ofcouplednonlinearequationsis
verycomplicatedandsensitiveto
smallchanges.Tenthousandsam-
pleswheretaken,whichmaynot
besufficienttocompletelyexplore
thehighdimensionalspacebuta
largernumbermeansthatmodel
evaluationbecomesslow.Afirst
improvementtothemethodofin-
ferringsystemsofdifferentialequa-
tionswouldbetouseapopula-
tionMCtoexploremoreofthe
parameterspace.

multinomialprobabilitydistribution.Thisservesasapri orovermodels.Wecanthengather
moredatatoreevaluatethemodels.ThecontinuouslinesinF igure5representthesimulationof
amodelwithlowposteriordensity.Notehowthemodelgivesq ualitativelywrongpredictions.
Figure6showsdatapointssuperimposedwiththesimulation sfromahigherscoringmodel.This
modelisabletogeneratequalitatively

ModelSampling
Figure5showsdatapointsgen-
eratedusinganunknownparam-
etersetforamodelofninegenes,
elevenhiddenproteinsand79pa-
rameters.Startingwithanarbi-
trarymodelwemakesmallad-
justmentstoproposeanewmodel.
Theycouldbechangesinedges
oraninhibitorbecomingapro-
motor,forexample.Amodelis
thenacceptedorrejectedbased
ontheirrelativemarginallikeli-
hoodswithrespecttothemeasured
data.Modelsaregeneratedinthis
wayuntiltheMarkovChains(MCs)
indicateconvergence,thensam-
plesofthemodelsareretained.
Themodelsgatheredformadis-
cretespacewitha

BayesianNetworks

BayesianNetworks(BNs)aretoolsdesignedtoexpressthe(c onditional)dependence/independence
relationsbetweensetsofvariables.Theyareusedtowritea fulljointdistributionasproductsof
conditionals,whichcanbeinterpretedascausalrelations [1].BNshavebeenappliedtothegene
networkinferenceproblem[1][2]butarelimitedbecauseth eycan’texpresscyclicrelationssuch
asinx11→x12inFigure4.Kimetal.[3]usedDynamicBayesianNetworks(DB Ns),whichare
BNs“unfolded”intimetolooklikeFigure4andcanencorpora tecycles.AsaDBN,thegraph
inFigure4correspondstothejointdistribution

p(x1,x2,x3,x4,x5)=p(x1)p(x2|x1,x3)p(x3|x2,x4)p(x4|x2,x5)p(x5|x3).(5)

Afterspecifyingthegraphonemustdecideupontheformofth econditionaldistributions.Rangel
etal.[5]usedalinearGaussianmodel,wherethemeanisalin earfunctionoftheparentvalue
andHusmeier[1]discretisedthedataandusedamultinomial distributionovervaluessuchas
“notexpressed”or“largelyexpressed”.

Bothapproacheshaveassociatedproblems.ThelinearGauss ianapproachcannotmodelthe
complicatednonlinearreactionsbetweengenesand,whilet hemultinomialdistributionpoten-
tiallycan,itsuffersfromlargeinformationlossupondisc retisingthedata.Imotoetal.[2]
addresstheseproblemsbyusing b-splinefunctionsfortheconditionals.Theirmodelistherefore
continuousandnonlinearbutthereareahugenumberofparam eters,whichdonothaveanydirect
meaning;itisanonparametricapproach.

TheProblem

DNAmicroarraysenableonetomeasurethelevelsofexpressi onforthousandsofgenessimul-
taneously.Eachmicroscopicspotcorrespondstoasinglegeneinaparticularenvironmental
condition(seeFigure1).Imagingtechnologyfirstdetectst heleveloffluorescenceateachspot
andconvertsthistoaconcentrationofmRNA,indicatinghow activethecorrespondinggeneis.
Usingthisdatatheaimistoinfertheunderlyingnetworkofinteractionsthatcontrolthebe-
haviourofacellandultimatelyanswerimportantmedicalqu estions.Forexample;howdoesthe
processofcelldifferentiationworktoproducethelargeva rietyofdifferenttissuesinthehuman
body?Allcellscontainthesamegenes,butwhyareonlysome“ switchedon”?

Therehavebeenseveralapproachestoinferring,orreverse -engineering,geneticnetworks,with
effortfromthebiology,statisticsandmachinelearningco mmunities,theintersectionofwhich
formspartofbioinformaticsresearch.Wefocusontimeseri esmicroarraydata,wherethesam-
plesareatdifferenttimepoints.Theproblemishowtoinfer thecausalrelationsbetweengenes,
asinFigure4,andthedynamicalsystemcontrollinggeneexp ression.Theproblemisdifficult
becausethereisusuallymanymoregenesthantherearetimep oints,thedatacontainsmuchnoise
(bothbiologicalandmeasurement)andthereactionsbetwee ngenesareverycomplicated,highly
nonlinearandinvolvemanyintermediaryfactorssuchasthe proteins.
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Figure4:Representationofthegenenetworkinferenceprob lem.Onthelefttherearesimply
expressionlevelsformanygenesvaryingovertimewithcomp lexnoiseprocesses.Theright
handsideshowstheintendedresultwithcausalrelationsbe tweengenes.

wherethelikelihoodmarginalisesoverthehighdimensiona lparameterspace

p(D|M)=

∫
θ
p(D|M,θ)p(θ)dθ.(4)

Theparametersareallpositiveandgivenagammapriorasin[ 6].Thelikelihoodiscomputedby
simulatingtheequationsforthegivenparameters,samplin gvaluesattimeintervalsandcomput-
ingasimilaritymeasuretotherealdata[6].

ParameterSampling
InBayesianstatisticsoneusespriorinformationaswellas
knowledgefromdata.UsingaBayesianapproachwemust
defineaspaceofmodelsandassignapriorprobabilitydistri -
butiononthisspace.Thiswillinevitablybeafinite,discre te
space.Nonlinearcoupledequationscannotnaturallybede-
composedintopartsandsowedonotdefineprobabilitiesfor
edgesbutconsiderthemodelasawhole.Theposteriorproba-
bilityofamodelMisgivenby

p(M|D)=
p(D|M)p(M)

∫
Mp(D|M)p(M)

,(3)

A

B

a

b

q

A

B

timeitimei+1

+

+

Figure3:Graphrepresentinga
differentialequationmodelfor
twogeneswithoneexternallig-
and.

therefore,includingEq.(2).Linearcombinationsofterms cangoverntherates,asforgene B,
andproteinscanreactwithanumberofexternalligands,e.g q.

Usingmorestructurednonlinearrelationswecre-
ateamodelforthewholenetworkasasystemof
coupledordinarydifferentialequations.Aswith
Bayesiannetworkswefirstdefineagraphexcept
withamorerestrictedstructure.Thefirstlayer
correspondstogenesattimei,thentherearea
layerofhiddenproteinvariablesfollowedbythe
genesattimei+1.Figure3showsapotential
graphfortwogenes.Theproteinscancombine
inanumberofwaystoformtranscriptionfac-
tors.Theblacknodewithtwoplussignsrepre-
sentstwoproteinsformingapromotorydimer,
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Figure2:Rateofgeneexpressionasafunction
oftwopromotorproteinsaandb.

buildmorecomplexdynamics[4].Forexample,theequationf orgeneAwhoserateofexpression
isgovernedbytwoproteinsaandb,forminganintemediarydimer,is

d[A]

dt
=

VAab[a][b]

KAabKab+KAab[a]+KAab[b]+[a][b]
−hA[A].(2)

Thesecondtermgovernsthenaturaldecayofgene A.Thefirsttermisshowngraphicallyin
Figure2.Noticehowthereisamaximumrateasexpectedforar ealsystemwithlimitedreacting
sites.

NonlinearDifferentialEquations
Inourworkwetriedtousemoreinformativeparametersby
consideringthegeneralformofinterationsbetweengenesa nd
allowingforanumberofproteinsashiddenvariables.Weuse d
theMichaelis-Mentonequation,fromthebiologicallitera ture,
tomodeltherateoftranslationofaproteinasafunctionof
geneconcentration

d[a]

dt
=

Va[A]

Ka+[A]
,(1)

where[a]istheproteinconcentrationand[A]thegenecon-
centration.Thisformimpliesthattherelationisalmostli near,
exceptwithasmoothupperboundgovernedbyparameters Va

andKa.Wealsomodeltheproteintogenedynamicsbyallow-
ingproteinstofirstlyreactwitheachother(formingdimers )
beforeservingastranscriptionfactorsforthenextstageo f
geneexpression.Bycombiningrateequationslike(1)oneca n

Figure1:ADNAmicroarrayim-
agedisplayingtheexpressionlev-
elsofmanygenes.Alsoknownas
agenechip,itpotentiallypermits
theinferenceofthecausalnet-
workscontrollingcellbehaviour.
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