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Abstract

Sincethedevelopmentof themicroarraytechniquan 1995,therehasheenanenormousncreasen geneexpres-

siondatafrom severalorganismsBasedontheview of genesystemssalogical network of nodeghatinfluenceeach
others expressiorlevels, scientistadreamof beingableto reconstructhe precisegeneinteractionnetwork from the
expressiordataobtainedwith this large scalearrayingtechnique Computerscienceshavs thatinferenceof alogical
regulatorynetwork is possiblesolely from setsof expressiordata,andmathematicianareworking on the question
hov muchdatais atleastnecessarfor reverseengineering.
Meanwhile experimentabiologistsareexperiencingproblemsn thefield. Thenumberof experimentshatarenec-
essanpeforeattemptingnetwork reconstructioris alot morethanis generallypossiblen “wet” laboratoriessodata
compressiomlgorithmsareappliedto reducethe numberof nodesconsideredThis is hovever anextremelycoarse
representationf theintricateinterconnectionthatexist betweersinglegenesTheresultingnetwork of only ahand-
ful of nodesds thereforeusuallyonly sufiicientto describethe experimentperformedwhile ary possiblepredicting
propertiesareabsent.

In thisliteraturethesis,| attemptto give anupdateon the stateof the artin computeriseahetwork reconstruction
techniquesandexplicitly relatethis to actualbiologicalgenenetworks. | will go into the modelformalismsusedto
describegeneticnetworks, andexplain their specificadvantagesanddisadwantagesAlso, a separatehaptemwill be
dedicatedo several experimentaresultsobtainedn theresearctof geneticnetworks, andfinally, a shortdiscussion
andsomehypothesisings added.

*Literature thesis written from July to October 1999. Since a lot of the information concerning this modern
method is available via the Internet, | have composed a web-page which may come in handy to the interested reader
(htt p: // ww bi nf . bi 0. uu. nl / ~dutil h/ gene- net wor ks).

fhttp://come.to/ dutilh,bedutil h@ahoo.com

tPadualaar8, 3584CH, Utrecht, The Netherlands.



1 Intr oduction

Many usefulderivationshave alreadybeenmadefrom the techniqueof hybridisationof labelledstrandsof nucleic
acidto complementarngequencesnmobilisedon a solid surface. In this technique developedby Southern(1975),
two phasesanbe discernedthe mobile andthe immobile phase.If oneof thesephasesontainsknown DNA se-
guencestheothercanbeidentifiedin termsof theknown phaseln practice a known mobile phaseés usedfor either
identification(asin cDNA fingerprinting),or alsoquantification(asin Southerrandnorthernblot) of unknovn nucle-
ic acid sequenceasingspecificallydesignedorobes. A known immobile phasecanbe usedfor mappinga labelled
guerymixture. This lastmethodhasrecentlyentereda new erawhenScheneget al. (1995)developeda techniquefor
guantitatve monitoringof geneexpressiompatternsvith acomplementarfpNA (cDNA) microarray
Microarrayingis suitablefor studyingthe expressiormpatternsof large numbersof geneshowever, it is a costlytech-
nigue. Othertechniquesuitablefor analysisof differentialgeneexpressiordevelopedrecently(suchasserialanaly-
sisof geneexpression(SAGE) anddifferentialdisplay which givesanindicationof the geneshat aredifferentially
expressedetweentwo tissues)are laudedsincethey arefor instancecheaperand easierto carry out (Kozianand
Kirschbaum 1999).Nonethelessjespitethe pricetag, thelarge scaleof researctasis possiblewith the DNA-chip, is
thereasorthatthis methodhasby far madethe greatestmpactin the pastfew years,andat this momentthe price of
suchresearchs alsodecreasin@sanincreasinghumberof researclgroupsandcompaniegetinterestedMarshall,
1999).

In this techniquethe immobile phaseis a collectionof singlestrandecpiecesof known (c)DNA attachedo a nylon
filter, glassslide or silicon chip. The unknovn mobile phases a mixture of labelledcopiesof mMRNA purified from
the querytissue:after hybridisationthe labelis localisedon the spotswherethe unknovn phasematcheghe known
phase. The big advantageof this methodis that an enormousamountof testsequencesanbe arrayedin a single
experiment.Not rarely this meanghatthe entiregenome(DeRisietal., 1997),or at leasta large numberof cDNA's
(Schenatal., 1995),areattachedo a smallglassslide (over 1000clonesarepossiblepersquarecentimetre)making
it possibleto arraythis entiresetwith a minimum of material. The small scale,which canbe obtainedbecausehe
glasschip allows very precisespottingof target DNA, is alsothe mainimprovementof this techniqueover previous
experimentasingarrayedcDNA libraries,which still madeuseof filter membrane$or attachmenof the solid phase
(LennonandLehrach,1991).

Thatthe microarraytechniquds avery promisingone,is apparenfrom the largeamountof recentreviews published
on this topic (e.g. Gerholdet al., 1999; Lander 1999; Dugganet al., 1999), and the fact that the NationalHuman
GenomeResearchnstitute(NHGRI) hasstartedthe microarrayproject,a collaboratve researcleffort betweermul-
tiple divisionsof the Nationallnstitutesof Health(seelnternetpage).

Thoughthe velocity at which resultscanbe obtainedwith this techniquas a majoradwantagethereareafew draw-
backs:the error of quantitationcanreachlevels of 30 to 50%, whereaghis is 15 to 20% in the traditionalmethods
(e.g.northernblot or quantitatve PCR).Somemoretechnicapointsthatdesere attentionaresummarisedy Vingron
andHoheisel(1999);Vingron(1999);the generabpinionof theauthorss however positive.
Anotherimportantpointis, thatonly known genescanbe analysedisingthe DNA-chip method. This limits the ex-
perimentapotentialto a small (but increasingsetof organismsof which thegenomehasbeenfully sequencedyr to
asmallsubsebf geneswhich have alreadybeenstudiedin somedetail.

Becaus®f the easewith which geneexpressiorof large numbersof genescanbe monitored,a sourceof equally
hugeamountsof datahasbeengeneratedvith the developmentof microarrays.The meango handlethis albundance
of informationis of coursethe computerwhichis usedasaninstrumentat multiple pointsin the analysis.Several of
thesewill beaddresseth this literaturethesis:l will briefly addresshe meansy which researcherstoreandhandle
theirresults,andwhich attemptgshereareto setup a centraldatabaséor all microarrayingresultsfound. The nature
of theseprojectsmakesthe Internetthe ideal placeto find information: programsfor collecting and digitising the
fluorescencelataare often commerciallyavailableat companiesvith detailedweb-sitesandthe stereotypedneans
to malke a centraldatabaseiniversally accessiblas of coursealso Internet. Thereforel will referto the Internet
pageht t p: / / wwa bi nf . bi 0. uu. nl / ~dut i | h/ gene- net wor ks wherenecessary On this site you can
find links to anumberof othermicroarray-relatedites.

The mainaim of the thesishowever, is to obtainaninsightin the stateof the art of the methodsusedto process
the obtaineddata. The ultimate goal researchersnay dreamof pursuingis, to infer from the dataobtainedfrom
microarrayexperimentsthe geneticinteractionnetworksthatlie at their basis(SomogyiandKitano, 1999). Theidea
is, thatthe geneticinduction-andinhibition routesare determinedhroughspecificmolecularinteractions,and can



thusbedescribedn detailby alogical or mathematicamodel.In chaptei3 | will elaborateonthetechniquesisedfor

reverseengineeringf genenetworksfrom microarraydata.lt will beexplainedthatthoughonecancollectdataonthe
expressiorpatterndrom thousandef genesit is oftenrathernecessaryo have long time-courselata,or datafrom a

large numberof independenéxpressiorexperimentdo infer an underlyingnetwork. This meanghereis in practice
oftenashortageatherthananexcessof data,andthetechniquesvith which investigatorattempto minethis databy

e.g.reducingthenumberof nodesor genesconsideredretreated. Thefeaturesof biologicalgenenetworkswhichare
of importancen the preparatiorof arelevantmodelaretreatedn paragrapt8.2,which givesthereademnimpression
of the compleity of the objectsystem. Consequentlywe seethatin mostof the modelformalismspresentlyused
to describegeneticinteractionnets,a numberof the importantpropertiesareleft unconsideredA numberof model

formalismsarelistedandtheir specificpropertiesarementioned.

In the“Results”(chapte”) somenotableexperimentapapersaretreated.Thisis to showv thereadera selectiorof the
resultsthathave bereachedn the searchHor genenetworks.



2 The experimentalroutines

Two main typesof DNA chipscan be discernedthe microarrayandthe DNA-chip. Both are basedon the same
principle, however the methodof additionof the nucleotidestretchego the chip differs. The microarrayis closest
to the old fashionedspot-blottingarray A setof solutionscontainingamplifiedstrandsof DNA is spottedonto the
solid supportby arobotically directedprecisionpipette(printing tip). Many smallPCR-reactionsaneachamplify a
separat®NA stretch from eachof which oneor severalspotsareplacedon the microarray(e.g.DeRisietal., 1997,
Wangetal., 1999). Detailedinformationon the preparatiorof anarrayer(which canprint DNA ontochips),usingit
to prepareDNA-chips, and protocolsfor microarrayexperimentscanbe foundin “the Brown Lab’s completeguide
to microarrayingfor the molecularbiologist” (seelnternetpage). Thoughespeciallybuilding the arrayerwill needa
techniciansexpertise the protocolsareclearlyoutlinedin the mentionedyuide,aslong asyou keepto themprecisely
This includespurchaseof a numberdetailedpartsnecessaryor e.g.the 3-D precisionprinter andits computerised
conduction.

The processof printing target DNA on a glasschip is very comparableo the experimentalsetupof the original
Southernblot. For a comparisonand a review on the behaiour of oligonucleotideson chips, cf. Southernet al.
(1999). The glassslideis first cleanedand preparedwith poly-L-lysine (which is routinely usedfor promotingcell
adhesionto solid substrates¥o that the DNA is ableto attach. After linking the printed spotsof target onto the
preparedlideusingUV light, therestof theslidehasto beblockedto preventtheprobefrom attachingo thecoating.
We arethenleft with microarraygeadyfor hybridisation.

In the caseof a DNA-chip, the oligonucleotidesre synthesisedlirectly ontothe chip. The solid surfaceis prepared
such,thatthereare 3’-OH endssticking out, to which nucleicacidscanbe attachedn sequenceThis canbe done
eitherby photo-lithographyPeasest al. (1994);a techniquenow commerciallyexploited by Affymetrix; cf. Internet
page)or throughan electro-chemicaprocesgLivacheet al., 1998). Out of mary reviews aboutthesetechniquesl|
referto Ramsay(1998);MarshallandHodgson(1998).

In mostexperimentperformedsofar, researcherbave usedthe microarray becausé is easierto purify mRNA than
to synthesis¢heto-be-testedequencefom scratchnucleicacids.Becausehe basicprinciplesfor bothmethodsare
identical,they will notbediscernedn thecurrentthesis.

The sourceof hybridisationprobesto be usedfor annealingo the chip canbe very diverse.Optimally, onecould
usethe mRNA purified from a single cell, andamplify it with a nucleicacid mixture containingfluorescendUTRP.
Thisyields probeswhich canbe usedfor a microarray Thedifficulty hereobviously liesin the precisionwith which
MRNA canbe purified andamplified,andin practice,researchertendto purify the query mixture from a specific
tissue(e.g. Wanget al., 1999)ratherthanfrom a singlecell. Clearlythis will increasehe errorrate,andit is even
possibleto make misinterpretation@boutthe co-expressionof two geneswhich are actually only expressedn an
exclusive manner(Szallasi,1999).

2.1 Processinghe expressiondata

Oncethe labelledprobehassuccessfullyhybridisedto the chip, all thatneedsto be doneis to measurahe amount
of fluorescenmarker presentat eachlocationin the chip. This canbe doneby excitation with a laserbeam,and
measurememf the amountof light with the label specificwavelengththatis emitted. This informationis usually
immediatelydigitised for easiercomputerprocessing.Thereare alreadynumerousspecialiseccomputerprograms
availablefor quantitatve analysisof theintensityof thelight spots(seelnternetpage).
Othermethodghatareusedfor determiningat which sitesnucleicacid hashybridisedto theimmobilephaseareuse
of radioactvely labelledhybridisationprobe,anddetectionof the phosphorupresenin the hybridisedDNA by e.g.
resonancéonizationmassspectrometrfArlinghausetal., 1997). This canonly be doneif theimmobile phasedoes
not containphosphoruswhich would otherwiseinterferewith the measurements:or this purpose Arlinghauset al.
(1997)attachpeptidenucleicacids(PNA) to thechip,a DNA analogin which boththe phosphatandthedeoxyribose
arereplacedwvith polyamides.

Forthenext step,commerciallyavailablecomputeiprogramsanminethe massve geneexpressiordatagenerated
from a microarrayexperiment. Theresultof suchmicroarrayimageanalysistoolsis atableof expressiorvaluesfor
all investigatedyenesunderone or moreconditions.In the available programgseee.g.Ermolaeva et al. (1998)and
Internetpage),onecanselectary numberof suchdatatablesto compareandexplore the databaseisinga variety of
visualisationanddata-compressiomethods suchasscatterplots, histogramsneuralnetwork clustering time series
analysisprincipalcomponentainalysig PCA) andclusteranalysig(cf. paragrapt8.1 belaw).
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3 Network reconstruction

Microarrayexperimentscanquickly resultin expressionvaluesfor largenumbersf genesBecausef the poteny of
thenav measuremerdystemtheexpectation®f theresultshave alsogrown. The goalchip-researchettsave in mind
is ultimatelyto decipheithe preciseconnection®f the geneticnetwork: for eachgene they will wantto know which
othergenest influencesandin whatway. While in the previous chapterthe encountereghroblemwashow to make
thehugeamountof datareadilyaccessiblendsharablevith otherlaboratoriesthe problemin this chapteiis mainly
how to approachheambitiousgoal of genenetwork reconstructiongiventherelatively few datapointsmeasured.

3.1 Clustering

If theresearcttoversalarge amountof genesgcurrentlywhatresearcherdo, is to find clustersof geneswhich have
similar expressiorpatternge.g.Michaelset al., 1998). This could meantheir optimumin a time seriesexperiment
coincides(WahdeandHertz,1999),or alsothattheir expressiorbehaiour in the differentmutantsor tissuesarrayed
is alike (Eisenetal., 1998). Argumentaisedmay be, thatco-expressedjenesare probableto have relatedfunctions,
or simplythatno bettermeando analysehe datais availableat this moment.

Thoughin theoryit is a big stepfrom simplecorrelationanalysiso geneinteractionnetworks, severalpapersndicate
thattheclusteringof geneexpressiordatadoesresultin groupsof geneshathave relatedfunctions(for asfarasfunc-
tionscanbe ascribed).Eisenet al. (1998)form a dendrogranof practicallyall Sacharomyceserevisiaegenesthe
expressiornf which hasbeenarrayedunderseveralconditions.35% of thesegeneshave beenstudiedin somedetail,
andthe clustersthatresultfrom their analysisshav large setsof groupedrelatedgenes(cf. paragrapht.2.2). As a
clusteringalgorithm,they revertto the pairwiseaveragdinking method(SokalandMichener 1958),which calculates
a pairwisesimilarity matrix for all pairsof genesgroupsthe two mostsimilar in a cluster andthenrecalculateshe
matrix usingthe averagepropertieof both (all) the genesn thecluster They mentionthatthe paperis mainly meant
to indicatehow obviousthe groupingof functionally relatedgeness, evenwith the classicaklusteringmethodused.
Additionally Eisenet al. (1998)introducea methodfor easiervisual estimationof the expressiorpatternsof arrayed
geneausingcolourgradientsThey shav how theresultsof clusteringarewell visible usingthis method.
Toronenetal. (1999)useaself-organisingnap(SOM, Kohonensmap)for clusteranalysisof geneexpressiordata.ln
this algorithm,onechooses geometryof nodeswhich arerandomlymappedn n-dimensionakpace.Thenfollows
aniterative procesof adjustmenbf the coordinate®f all the nodessuch,thatthey move towardsa randomlychosen
datapoint; the closerthey aretogetherthe fasterthe nodemoves. Eventually all the nodesaredistributedover the
clustersandamapcanbepreparedrom theinitial grid in whichthennodeswerelaid down.

SinceToronenetal. (1999)only hadaccesdo partof the datausedby Eisenetal. (1998),the networksresultingfrom
their analyseslo not containasmary clusterswith functionally relatedgenesasthe dendrogramsn the latterarticle
did. Particularly, Toronenet al. (1999)recognisethe problemof expressionpatternsthat are not influencedby the
giventreatment.If thereis only dataavailablefrom a singletreatment(in this casethe expressionprofiles of 6400
yeastgeneduringdiauxicshift, whichwereavailableon the Internet wereused) thegeneghatarehardlyinfluenced
by this treatmentendto form an unstructuredyroupin the centreof the SOM. Basically this meansthe clustering
algorithmhastroublediscerningexpressiorpatternghatarequite similar. Tamayoetal. (1999),who have alsoused
a SOM to clusterdatafrom microarrayexperimentshave implementedh variationfilter for datapointswith no sig-
nificantchangeacrossthe samplepoints,to enhancehe systems sensitvity andpreventnodesfrom beingattracted
to large setsof invariantgenes.With Toronenetal. (1999),they cometo the conclusiornthata SOM reliably clusters
functionally equivalentgenesandis especiallysuitablehere,sincesimilar patternswill occurasneighboursn the
SOM.

Hartuv et al. (1999) have developeda new clusteringalgorithm,basedon a graphtheoreticapproach.The mo-
tivation for the studywasthe needto clustera collectionof cDNA's by their oligonucleotidefingerprints,however
theresultsfrom sucha studyarevery comparabldo e.g.time-resoled dataobtainedfrom a microarrayexperiment.
Basically a similarity graphis defined,in which edgesaredrawn if the pairwisesimilarity valueexceedsathreshold.
Fromthis graph,a “cut” is taken by removing a minimum numberof edgesandthe connectity of this cutis evalu-
ated.If thesubgraptcontainsmorethan? edgesit is calledhighly connectedThesestepsarerepeateduntil finally,
the total datasetis groupedinto a numberof highly connectedsubgraphsthe clusters. The authorsshav that the
algorithmrunsin low-degreepolynomialtime, thelimiting stepbeingthe minimum cutalgorithm. Theresultsusing
this algorithmaregoodfor both simulatedandreal cDNA fingerprintingdatatested;the authorsmake no statement
abouttheir expectation®f thealgorithmin otherclusteringtasks.



The above expositionindicatesthat clustersof genesorganisedby their expressionpatternscangive hints asto
their function. Nonethelessall the authorsmentionedare naturally cautiousin sayingmorethanthat, andindicate
thatsuggestiongiven by the clusteranalysesnay be worth beinglookedinto further Thetechniquesisedfor gene
clusteringin the microarrayareamainly fall backuponclassicalmethods(Eisenet al., 1998; Toronenet al., 1999;
Tamayoet al., 1999),andit is probablynecessaryo scanthe developmentsn relatedfields for novel approaches
(Hartuvetal., 1999).

3.2 Propertiesof regulation networks

Thereis alarge numberof factorsthatcomplicatesimplemathematicamodellingof biologicalgeneticnetworks. In
this paragraphseveralof thesearelisted,andpublicationghathave addressethe problemsareshortlyreviewed.

3.2.1 Stochasticity

Many comple interactionsonthemolecularscalehave beendescribedMcAdamsandArkin, 1997;Savageau1998),
whichrely on presencef specificfactorsthatcaneitherenhancer inhibit the expressiorof certaingenesMcAdams
and Arkin (1997) point out that the time interval betweenthe switchingon of the first promoterandits effect on
the next promotercanvary widely acrossotherwiseidenticalcells, asa resultof stochastiqgprocessesMechanisms
put forward to explain the stochastimatureare for instancethe degradationof geneproducts,the spatialcollision
necessanpeforea reagentcan exert its influence,and the reversiblereactionequationsfor e.g. dimerisationand
reactioncomplex formation.For acell to creatdessnoisyoutput,it is necessaryo producemorefrequenttranscripts
with fewer proteinsper transcript,which is relatedto a higherenegy cost. Both McAdamsand Arkin (1997)and
Szallasi(1999)arguethatstochastienodelsaremostlik ely to yield realisticresults.

3.2.2 Geneduplication

Wagner(1994) madea weight matrix model (cf. paragraptB.3.1)to studythe effects of geneduplicationson the
organisatiorof the genome.He statesthat duplicationof several genescanalter the equilibrium expressiorpattern
of network geneswhile only duplicationof the completegeneticnetwork will not. The effect of duplicatingk out
of n genesncreasesnonotonicallyfrom zeroask is increasedrom 0, or alsoif k is decreaseétom n, leadingto a
maximaleffectfor someintermediate:, whichis whatcouldbe expectedntuitively.

3.2.3 Genomicorganisationand network dynamics

Thieffry andThomas(1998) have examinedhow the natureof possiblefeedbackoops(or equilibria) presenin ge-
netic networks dependsn the propertiesof thesenetworks. The feedbackoops may be denominatedpositive” or
“negative”, indicatingthe ultimateinfluenceof oneof the nodesin the loop onitself. This propertycanbe easilybe
calculatedoy multiplying the signsof theratesof influenceof eachsubsequergeneticinteraction.They find thatthe
natureof the feedbacKkoop is a necessarybut not sufiicient) conditionfor the distinctive type of behaiour in the
system:negative feedbackoopsmay give stableoscillatorybehaiour, while atleastonepositive regulatorycircuit is
necessaryo generatenulti-stationarity

In their study on the relationshipbetweengenomicregulatory elementorganisatiorand generegulatory dynamics,
Wolf andEeckmarn(1998)shavedthatdynamicalsystembehaiour, stability of equilibriaandtheir bifurcationpoten-
tial canbelargely determinedrom regulatoryelemenirganisation Their differentialequationsnodelis generalised
from Sheaand Ackers(1985),who have analysedn detailthe genenetwork responsibldor the switchfrom lysisto
lysogery in the lambdaphage.The complex transcriptionlevel, promotercontrolmodelcontainsa numberof inter-
actions,suchaspromoterregulatedtranscriptionand RNA polymerasebinding. It is assumedhatthe linearmodel
representprokaryoticgenenetworks,which aredominatedy local promotercontrolby regulatorproteins.

It is shavn thata monometcontrolled,one-genepne-operatosite generegulationsystemhave a singlestableequi-
librium pointindependenof the parametersMore complex systemsstill with a singlegene,but with an arbitrary
numberof proteinbinding sitesareglobally stable andmay bifurcateto multiple equilibrium points. In the systems
asinvestigatedy Wolf andEeckman(1998),thereis a simplerelationshipbetweerthe numberof operatorsaandthe
maximumnumberof stableequilibria:in amonomercontrolledgene-rgulationsystemwith n operatorsites thereis



amaximumof 1 + % stableequilibriafor evenn, while for oddn, thisis ”T“ In caseof multimercontrolledsystem,
thismaximumliesat2 + 3 for evenn, andat "TH for oddn.

3.3 Modelsfor genenetworks

Whenwe wantto make an estimateof the geneticnetwork in the organismalsystemof interest,it is corvenientto

have a searchimagein mind. As explainedin paragrapl8.2,therearemary particularitiesto be consideredthough
sometimessimplificationshave to be made. For instance thoughstochastianodelsshav more realistic dynamics
(McAdamsandArkin, 1997),modelsof genenetworksareusuallydeterministic. Thereasorfor this simplificationis

the difficulty to infer anunderlyingnetwork if the expressionpatternsaretheresultof a stochastigprocess.Several

modelformalismsusedfor descriptiornof genenetworksareovervievedbelow.

3.3.1 Weight matrices

Weightmatricesarethe mostestablishednethodfor deductionof genenetworks. A weightmatrix consistof n x n

weight values,eachof which indicatesthe influenceof one specificgeneon another The advantagesf modelling
regulatory networks with weight matricesare statedby Weaver et al. (1999), who presentan algorithm (TReMM:

TranscriptionREgulationModelledwith Matrices)for a classicalexampleof a weight matrix model. The weights
W,; representheinfluenceof gene; ongenej, andthecompletenputinto acertaingenej is givenby thesummation
over the inputsof all genesi, multiplied by their weights. The answerto this calculationis fed to a normalisation
formulawhich outputsanexpressionvaluebetweerD andl for genej (cf. paragrapl8.3.4).

Then x n weightscomposinghe matrix areunknovn wheninitiating a studyof the geneticregulationnetwork in a

certainbiological system.Theideais, thatthey canbe approximatedrom expressiordatain the procesof network

reconstructionThe deductionof the valuesis usuallydoneby oneof severalclassicalearningmechanismssuchas
simulatedannealingSpears1996),neuralnetworksor geneticalgorithms(GA's).

As is clearfrom theabove exposition,a weightmatrix modelconsiderghe interactionsbetweerall combinations
of genesmary of which are of course0. Becausét is not known at fore-handwhich onesare0, this meansa hard
computationatask. In a consideratiorof this problem,Hertz (1998)looked at the setof all the networks consistent
with theinput/outputexamplesfoundin experiments:this setdecreaseasthe numberof experimentdncreasesHe
shaws thatif the geneticconnectvity or in-degreek is muchlower thann, andwe have sufiicient experiments(i.e.
morethan Ok x log(n/k)]), “knowledge”is the sameasif it wasknown in adwancewhich connectionsvere 0.
Hertz’ posterpurelyinvestigatesn whatsituationsit is possibleto infer an underlyingnetwork, andgivesno further
indicationsasto how this shouldbe done. A few simplifying assumptionsre mentionedthat have a big influence
on theresult: additive regulation,on/off classificatiorof the genesandknowledgeof the network’s time steps.The
assumptiorthatthe statetransitionpairsarecompletelyuncorrelateds of influence,andwill be addressety Hertz
in thefuture.

Reinitzand Sharp(1995) have madea genecircuit model describingthe mechanisnof stripe formation of the
Drosophilamelan@astergeneeve, which playsarole in the sggmentationof the insect. The genecircuit modelis
a spatiallyexplicit weight matrix system:the interactionparametersvere optimisedby useof simulatedannealing,
andthe spatialfactorwasimplementedy includinga diffusiontermfor the geneproductinfluencebetweeradjacent
cells. Basicallythe modelis comparableo thatof Turing (1952),thoughgeneralisedo includen reactingspecies,
andspecifiedto be ableto modelnucleardivision, degradationof proteins,andwith explicit functionssubstitutedor
Turing’sgenerareactionfunctionsf andg.

3.3.2 Booleannetworks

A Booleannetwork consistof n nodeqe.g.representingienes)hich caneitherberepressedr expressedthenode
hasstate0 or 1, respectiely). The dynamicsof the network aredeterminedy a list of n. (Boolean)functionswhich

eachreceveinputfrom k specifiechodes Every nodehasits own specificfunction,which candeterminets next state
from the currentstatesof all theinput nodes.

Comparedo genenetworks, Booleannetworks areof coursea coarsesimplification. Geneexpressioris never acase
of all-or-nothing,andit is alsounlikely thatthe numberof input nodesof eachgeneis specificallyboundedby &, a

necessargonditionfor properreconstructiorof the genenetworks in algorithmsthat useBooleannetwork models
(Liang etal., 1998; Akutsu et al., 1999). NeverthelessBooleannetworks provide a framavork in which genescan



have comple interactionge.g.XOR connections)andthey shav behaiour comparabléo featuref biologicalgene
networks (e.g.global complex behaiour, self-oganisationredundang; cf. Somogyiand Sniegoski(1996)). These
featuresarelikely in naturalsystemsdut areoftennot consideredn genenetwork modelsusingweightmatrices(see
paragraplt8.3.1). The networks arevery suitablefor studyingthereconstructie capabilitiesof algorithms,sinceone
definesthe network in advance,andall connectionsareknown. Datacomparableo that resultingfrom microarray
experimentscan be generatedsuchastime-seriesdata(a seriesof statesof the nodesobtainedfrom input-output
calculations)r cellulargeneexpressiomatterngcomparabléo anattractorsituationin which theinput configuration
of thenetwork equalgheoutputstate)canbe computedandfed to thealgorithm. Thoughno literaturehasbeenfound
on this sofar, it shouldeven be possibleto simulateknock-outmutants,andfind the attractorsin situationsthata
specificnodeis, or is not expressedSincein caseof designedBooleannetworks,theresultsof reconstructiortanbe
comparedo thetrue network, it is possibleto evaluatethe usedalgorithm,which is of courseimpossiblein natural
systems.

The algorithmof Akutsu et al. (1999) canidentify a Booleannetwork of n nodesfrom O[logn] statetransition

pairs, by exhaustiely searchingall possibleBooleanfunctionsuntil a setthatfits all the datais found. (Note, that
like Hertz (1998)did, theseauthorsuseuncorrelatedrandomstatetransitionpairsastheir input datafor inference.
As mentionedin paragraplB.3.1,this doesinfluencethe easewith which resultscanbe found, while it is unlikely
thatsuchcompletelyindependentlatapairsresultfrom microarrayexperiments).The scaleof the networksthatcan
beresolhedby this algorithmis large, andthe authorsshav thatthe problemcanbe solvedin polynomialtime for a
determinednaximumnumberof input nodes(anexamplewith anin-degreek = 2 is showvn in the paper).However it
would be preferentiato have a moreefficient algorithm,in which partof theexhaustve searchcouldbebypassed.
Themainadwantageof the REVerseEngineeringALgorithm (REVEAL) of Liang etal. (1998),is thatthe in-degree
is not fixed at fore-hand.Rather the minimum & for eachnodeis determinedn the algorithm,sothatthe minimum
effective network (Somogyiand Fuhrman,1997)is inferred. The algorithmis basedon comparisorof the Shannon
entropiesof theinput andoutputdata,which canrevealthein-degree.Oncethe input nodeshave beenspecified the
searchor arule thatfits the datais exhaustie like Akutsuetal. (1999).
The methodsof inferenceof both Akutsu et al. (1999)and Liang et al. (1998)are graftedupon Booleannetworks:
deterministicanddiscretedataarenecessanytwo conditionsthatdo not applyto biologicalgenenetworks. However
adiscretionassumptiorshallalwayshave to be madein caseof computersimulations.Both authorsmentionthatthe
systemscanbe extendedto includemorepossiblestatesof the nodes however it is unclearwhetherit is possibleto
have arankingorderin thesemultiple stateqwhich is necessarjor discretisedjeneexpressiorvalues).

Nonethelessa framenork of Booleanfunctionsis valuable: they allow a wealth of possiblegeneinteractions,
whichis agoodstartingpointfor realisticmodellingof genenetworks(Yuhetal., 1998). Thieffry andThomaq1998)
have reviewed the useof logical Booleannet-stylemodelsand continuousdifferential modelsfor genenetworks,
especiallyfocusingonthenatureof possibldeedbackoops(or equilibria) presentn thesystemgcf. paragrap!3.2.3).
They claim thatthe stereotypednethodfor concevablerealisticmodellingof geneticinteractionnets,is thelogical
modelformalism(i.e. composeaf Booleanfunctions).

3.3.3 Differential equations

Wahdeand Hertz (1999) followed Reinitz and Sharp(1995) in modelling geneticnetworks as a set of nonlinear
differentialequationsThus,they cansearcHor parameterghatindicatetheratesof changeof a certaingene andthe
assumptiorof discretetime stepsfor the network’s next stateis unnecessaryin steadthey useda GA to determine
the time constantdor eachof then nodesin the system.The otherparametersverededucedsimilarly: n x n gene
interactionweights,andn biasterms. Becausehe useof GA's cangeneratevery differentresultsin alternateruns,
the generategpharameteralueswere averagedover several runsof the algorithm;this alsogave insightin the error
in eachparameter Unfortunately lack of datarestrictedWahdeandHertz (1999)to the useof first ordertermsin
thedifferentialequationswhich resultsin a reconstructioimethodof thelevel of simpleadditive weightmatrices.If
moredatawould be available,including higherordertermscould make it possibleto implementa rangeof comple
interactionscomparabléo the geneinteractiongossiblein Booleannetwork models(cf. paragrapt8.3.2).
Therearetwo moreassumptionmadeby WahdeandHertz(1999)thatdesereattentiorhere.Thefirstis theactivation
function: oncetheinputsfrom all genesmultiplied by their weightfactorsandthe genespecifichiastermhave been
processedhis functiontranslatesheresultto genea expressiorievel (0 to 1, cf. paragrapt8.3.4).

Secondlythey usethe averagetrajectoriesof coarseclustersof geneswith similar expressiorpatternsasnodes.For
theseauthors this simplificationis inspiredby the fact that for reliable determinatiorof the network parametersa



minimum requirements thatthe numberof usefuldatapointsexceedshe numberof parametersGeneexpression
dataseriesoften countonly few measurements@nd clusteringof genesinto setswith similar temporalexpression
patternsseverelyreducesamountof parameterso be calculated.

Themethodof WahdeandHertz (1999)wasusedto determinghe parametersf botha predefinedartificial network
andthenetwork behinda setof geneexpressiordatafrom rats. Theevaluationshovsthatfor a situationwith 4 nodes,
the methodis ableto obtainan accurateaepresentationf the network parametersin situationswherethereis only
time-serieglataavailable,theaccuray of this predictiondecreaseshougharoughestimatecanstill bemade.

Chenetal. (1999)alsoproposea differentialequationmodelfor geneexpressionandprovide a methodto con-
structthe modelfrom temporalexpressiondata. They make a numberof assumptionsamongwhich againa linear
transcriptionfunction for eachgeneand feedbackof the genetranslationproducton the transcriptionrates. They
discernin their modeltranscription translationand degradationof RNA andproteins,for which parameterganbe
foundusingatechniquecalledFouriertransformfor stablesystemsThis approachs specificfor geneswith periodic
expressionsuchasareimportantin the cell cycle, andall genesconsideredn the modelareassumedo shaw this
kind of expressiorpattern.By realisingthat,assuminga lineartranscriptiormodel,realisticgeneticnetworks have to
be stable,Chenetal. (1999)manageo greatlyreducethe spacan which to searchfor parametersThey derive, that
all therealpartsof theeigervalues),; arenon-positve (otherwiseg;; () x e*i ** is anexponentiafunctionleadingto
unlikely growth of ageneproduct),andthe polynomialsg;; (¢) (which arefunctionsof ¢ andelementsf the2n x 2n
transitionmatrix comprisingthe setof differentialequationshave to be constants.BecauseChenet al. (1999)can
reducetheir searchspacesomuch,they canconsidemorefeaturesof geneexpressiorthansimplermodels(suchas
thatof WahdeandHertz(1999),above)in their lineartranscriptionrmodel. However the authorsdo not mentionhow
muchinfluencethesemodelcomplicationshave on the results: how importantis it thattheseextra assumptionsre
takeninto account?

To increasethe amountof datafrom which to startnetwork inference,D’Haeseleeret al. (1999) startedtheir
analysiswith thecalculationof a non-linearinterpolationcurve of thegeneexpressiortime seriedatapoints. Though
they useddatafrom threedifferentexperimentswith very alternatdime-scalegtime intervalsbetweermeasurements
rangedfrom half an hourto two months),they managedo combinethe datato an interpolatedime-seriesusinga
cubicinterpolationon thelog of the expressiorievels (takingthelog preventsnegative values).The next stepwasto
derive the entriesin aninteractionmatrix asdescribedn the modelsabove: their modelof the geneticnetwork was
alsoa setof lineardifferentialequationsn which the changeof expressiorof a genedepend®on theweightedinputs
of all othergenes.Theseinteractionweightswere approximatedisingthe leastsquaredit to the interpolatediime
series.Theresultof theirapproachs anaccuratdit of thedatapoints,but they do give somecommenbnthemethod.
First, the mechanisndoesnot minimisethe numberof geneinteractions:eachgeneis modelledby a weightedsum
of all othergenes.Secondlythe simplelinearandadditive modellingof the geneticinteractionscanonly capturethe
primarylinearcomponent®f the systemandfinally, becaus¢he datathattheseresearchersadat their disposawas
sonon-uniformlyspaceda larger weight wasgivento the morewidely spaceddatapoints. A point thatalsoneeds
considerations to whatextentthe datais over-fitted in this method. The authorsmentionthat anindicationmay be
obtainedby constructinga seriesof similar modelsby disturbingthe input datawithin the known standardieviation
for eachmeasuremengindby usingdifferentnon-linearinterpolationschemes.Comparisorof thesemodelscould
tell ushow sensitve theresultsarewith respecto smallamountsof noisein theinputdata.

3.3.4 Translation to gene-expessionlevels

In weightmatrix modelsaswell asin modelscomposeaf differentialequationgbothtreatedabove),thedirectresult
of the stepwisecalculationis often of an arbitrary magnitude this beingthe resultof the additive natureby which

theinput signalsfrom all nodesarecombinedinto the nodeof interest. To overcomethis problem,researcherscale
this primary outputvalueto a gene-specifiexpressiorevel. An importantassumptioris madehere:namelythatthe
maximumexpressiorlevel pergeneis known, andthatthe calculatedporimary outputvaluecanbe mappedo a 0 to

1 fraction of this maximum. Oftena sigmoidalfunctionis usedfor this mapping,suchasL, = W (Weaver

etal., 1999). In this function, L, and L, arethe primary outputvalue andthe resultingfraction of the maximum
expressionvalue,respectiely. o andg areparameter¢hatdeterminegheshapeandlocationof the sigmoidrelative to

zero,respectrely: theseparametersandiffer pernode.

This normalisationalso protectsthe systemfrom the exponentialgrowth of e.g.a pair of mutually inductive genes,
which might otherwisegrow to unnaturalevels.



3.4 Coupling promoter analysiswith expressionpatterns

Combininggenetranscriptiorregulationdatawith sequencanalysiscangive insightin thefactorsthatinfluencethe
regulationof co-expressedjenes.Brazmaet al. (1998);Heldenet al. (1998);Roth et al. (1998) have looked for se-
guencemotifsin thenon-codingddNA upstreanof SactharomyceservisiaeORF's thatall shoveda high sensitvity
to a specifictreatment.In the upstreanregionsof 3 setsof co inducedor -repressedeneswhich werefoundin the
analysisof separatéreatment®f Sacharomycegerevisiag Rothetal. (1998)foundanumberof shortsequenceno-
tifs in common.Someof thesemotifs couldbeidentifiedasknown transcriptiorregulators however40% of themotifs
foundhadnot beendescribedpreviously. The authorsmentionthatthis percentagés alikely level of false-positres
to befoundunderthe usedthresholdvalues:morestringentthresholdvaluesaboutwhich ORF’s are“counted”in the
analysiswill reducethe numberof false-positres,but alsoincreasenumberof false-ngatives.An examinationof the
sequencefor transcriptiorfactorsknown from the literatureresultedn identificationof a numberof false-ngatives,
oneof which couldclearlybeattributedto a shortcomingpf thealgorithm(i.e. 7% of thetotal numberof motifs found
in theanalysis).

Heldenetal. (1998),who have a modelbasedn theregulationof nitrogenmetabolisiin Sacharomyceserevisiag
gointo someof the difficulties of computationatetectionof regulatorysitesin eukaryotesthe consensusequences
thatarerecognisedy transcriptionafactorsaregenerallymuchshorterthanin prokaryotesthey canbe quite vari-
able,andthey canbe dispersedver very large distancesand canbe active in both the upstreamaswell asin the
downstreandirection. In their researchseveral known transcriptionregulationsitesdid not shav ary signalwith a
high significance becausef complicatingfactors: Heldenet al. (1998) concludethat whena signalis selectedas
highly over-representedt is likely to correspondo a functionalregulatorysite,althoughthe oppositds nottrue. This
canbe comparedvith a high thresholdin the algorithmof Rothetal. (1998),wherethey preferfalse-ngativesover
false-posities. The methodof Heldenet al. (1998)differs from that of Roth et al. (1998),in the factthatthey use
a calibratedtablewith an estimatefor the frequeng of eacholigonucleotide.This allows themto assesshe signifi-
canceof the numberof matchingsequenceshey performa straightforvard exhaustve search checkingeachof the
sequencenotifswith the calibrationtable.

Brazmaetal. (1998)searchedor similar sequencgatterndn the upstreanregionsof all (i.e. morethan6000)yeast
genesaswell asin theupstreanregionsof geneswith similar expressiorprofiles. The basicideaof their algorithmis
againsimilarto thatof bothHeldenetal. (1998)andRothetal. (1998)(above), thoughthey mayuseslightly different
rulesor parametersUltimately, similar analyseshouldbe ableto provide insightsin the natureof the transcription
factorsthatareresponsibldor the co-regulationof genes.
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4 Results

In this sectionl will discussa numberof experimentsthatfall in the rangeof the topicsthat are dealtwith in this
thesis.Thisis to give the readeranimpressiorof whatpracticalresultscanactuallybe achiezedwith thetechniques
describedabore.

4.1 Molecular classificationof cancer

In severalfields of researchit is currentlyinvestigatedvhathelpthe microarraytechniquecanoffer. The molecular
screeningf carcinogenidumoursis animportantapplicationwhichis likely to be aidedby the method.

Wanget al. (1999)have composed DNA-chip containing5766cDNA's, from several cDNA librariesprepared
from tumoursin humanovaries. Geneswith at leasta reproducibly3-fold expressionievel differencewereassumed
to play a role in cancerformation,and comparedwith resultsfrom semi-quantitatie PCR, and other experimental
investigations. Thoughthe microarrayexperimentof Wang et al. (1999) identified fewer differentially expressed
geneghanpreviously usedtechniquesthe authorsmentionthatthis may alsobe the resultof the techniqueusedfor
preparatiorof the cDNA library. They concludethat the resultsfrom microarrayhybridisationsare consistentvith
otherexperimentalapproachesandcanbe of importanceor tumourclassificatioror to delineatethe progressiorof
cancerdaseddn their geneexpressiorpatterns.

IndeedGolubetal. (1999)describea genericapproactto cancerclassificatiorbasedn geneexpressiormonitor
ing by DNA microarrays.They illustrateit with anexampleof distinctionof two acuteleukemias.Thefirstissuewas
dodeterminavhetherthereweregeneswith expressiorpatternghatcorrelatedstronglywith theclassdistinctionto be
predicted.Thiswasdoneby designinganidealisedexpressiorpattern,of animaginarygenewhich perfectlyindicated
thedifferentclustersto befound,andusingthis asa vectorfor superviseclusteringof the setof 6817humangenes,
in searchof exampleswhich were morethanrandomlysimilar to this idealisedgene. Then,a collection of known
samplesvasusedto createa classpredictor which was capableof assigninga new sampleto eitherof the classes.
In casea predictionneedsto be made the genedn this informative subsetll casta weightedvote, dependingn its
expressiorievel in thenew sampleandthecorrelationwith thepredictedclassesAll of thevotesarethensummarised
to determindan which classthe samplewill fall, anda 0 to 1 predictionstrengthvalueis calculated.

Of acollectionof 38 acuteleukemiasamplesanarbitrarily 50-genepredictorsetgrouped36in eitherof thetwo acute
leukemiaclasses? samplesvereuncertain(predictionstrengthsmallerthan0.3). The classificationsvereconsistent
with the clinical diagnoses.A new 50-genepredictorsetderived from the 38 samplesvas composedwhich then
wasthenallowedto classifya samplesetfrom peripherablood,in steadof bonemarron. Thoughthe samplesvere
from a differenttissue from differentpatientsandfrom a numberof differentlaboratories29 sampleut of 34 were
assignecatorrectly andonly 5 wereuncertain.

AnotherproblemGolub et al. (1999) addressedwas cancerclassdiscovery. If the two classef leukemiawould
not have beenknown in advance,would it be possibleto discernbetweenthemjust from the geneexpressionpat-
terns?This entailstwo issues:discovery of clustersin the setof samplesanddeterminingwhetherthe classesound
aremeaningful. Theinitial 6817tumourgeneswerefiltered: all geneswith lessthanfive-fold variationthroughout
the samplesvereleft unconsideredTo clusterthe resultingsetof datainto two groups,a SOM wasused(cf. para-
graph3.1). Thisgave two clustersjn which respectrely 77% and96% of thetwo typesof leukemiaweregrouped.
Now, for the completelyunprejudicedliscovery of new classesn geneexpressiordatasets,Golubetal. (1999)pro-
posedto combinethe two methodsabove in aniterative process.First, classesould be predictedby clusteringthe
expressiordata. Then,on the basisof the obtaineddata,ann-geneclasspredictorshouldbe made which shouldas-
sesghesamplesMeaningfulclusterswill resultin high predictionstrengthvalues.This meanghedescribednethod
is a goodway to independentlassdiscovery andsubsequenprediction,which wasshovn againwhenGolub et al.
(1999)attemptedsubgroupdentificationof thetwo leukemiaclassegxaminedabore: oneof thetwo groupscouldbe
split with high probability, while fissionof the othergroupdid notleadto subgroupsvith muchdifference.

4.2 Co-fluctuation of functionally relatedgenes

In a numberof articles,it hasbeenshown thatthe clustersformedby clusteranalyse®f geneexpressiordata,which
resultsin groupsof geneswith similar expressionpatterns(cf. paragraph3.1), often containfunctionally related
genes.Unknown geneghatalsofall into the clustersare hintedfor further research.Here,two examplesin which
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suchresultswerefound aretreated:co-regulatedgenesn the developmentof the nenoussystemof rats,andgenes
thataresimilarly expresseaver a variety of situationsn theyeastSactharomyceserevisiae

4.2.1 Identification of developmentalstagesof the rat CNS

A relatively simpleexperimentcarriedout by Wenetal. (1998)shavs how, in the developmenif therat centralner
voussystemCNS),anumberof majordevelopmentastage€anbediscernedThemeasuredemporabpatternof 112
genegqby quantitatve PCRof RNA's isolatedfrom the completespinalcord of arat) couldbe clusterednto 4 waves
anda groupof genesvhoseexpressiorprofile wascharacterisedsconstanover the time interval measuredThese
wavesareindicative of 1) animmatureproliferative stage(decreasingxpressionevels), 2) neurogenesifincrease
andmaintenancef highalevel of geneexpression)3) initial excesscell growth, alarge portionof whichdiesin later
developmenf{(or othergeneswith a hill-shapedexpressiorpattern),and4) gliogenesisandthefinal maturationof the
tissue(exponentialincreasaluringthewhole periodmeasured)Characteristién thesewavesis the clearmappingof
genegroupswith functionalrelationshipto the processethattake placein the periodsof their optimum. Whatwas
striking in the resultswasthat no oscillatoryor U-shapedexpressionpatterncould be found. However it remained
undeterminedvhetherthis wasthe resultof a biasin the selectionof the genesor is perhapsharacteristiof gene
expressiorpatternsn thedevelopingspinalcord.

To be complete,it shouldbe mentionedthat Michaelset al. (1998)alsodid variousclustercalculationson the same
dataset,whichwereof similartenot

4.2.2 Functional grouping of essentiallyall genesfr om yeast

The researchgroupsin Howard HughesMedical Institute at StanfordUniversity Schoolof Medicine have already
donealot of geneexpressiorexperimentson the buddingyeastSacharomyceserevisiae The experimentsnclude
time courseof themitotic cell division cycle (Spellmaretal., 1998),sporulation(Chuet al., 1998),the diauxic shift
(DeRisietal., 1997),andseveralunpublishedesults.Eisenetal. (1998)have combinedall thesedatato form a setof
79 geneexpressiormeasurementsyhich wasclusteredusingpairwiseaveragelinking (SokalandMichener,1958).
Thoughtoo muchof thearticleby Eisenetal. (1998)placesemphasi®nthemethodusedto enhancénterpretatiorby
theuseof colourgradientsafew biologicallyinterestingesultsarealsomentioned.They find theextentto whichgene
expressiorpatternsaresufiicient to separatggenesinto functionalcateyoriesacrossa relatively smallandredundant
collectionof conditionssurprising,andmentionthatit seemdikely thatthe additionof moreanddiverseconditions
canonly enhanceéheseobsenrations. Indeedthis is whatis likely to be expected:they find a large clusterwith little
internalstructurecomposef inertgeneghatbarelyrespondo the giventreatmen{comparabléo thatfoundin the
middle of the SOM by Tamayoetal. (1999);cf. paragrap!8.1). By increasinghe numberof experimentperformed,
moreandmoregenesaregivenachanceo move out of this cluster Togethemwith functionalrelatives,their changed
expressiorpatternwill provide ahandlefor distinctionby clusteringalgorithms.l will gointo theseaxpectedpatterns
abit morein thediscussior(paragraplb.1).

Whenreviewing yeastgeneexpressiorresearchthework of Hauseretal. (1998)shouldbementioned The paper
describes thoroughinvestigationof several aspectof microarrayresearchincludingthe techniquesisedfor RNA
isolation,which cansererelyinfluencethe reproducabilityof experiments.Hauseret al. (1998)alsomentionthatfor
increasinghe statisticalsignificanceof measurementse-useof DNA-chipsis stronglyadvised sincepreparatiorof
aDNA-chip is oftensubjectto morefluctuationghanis desirable.

4.3 Logical description of the regulation of a seaurchin gene

Sciencemagazindeaturedaremarkableesearclarticlelastyear in which theauthorscombinedoreviousknowledge
anddetailedanalysisof the StrongylocentotuspurpuratusgeneEndo1§ to resultin a preciselogical descriptionof

theinfluencesf thetranscriptiorfactorsof this gene(Yuhetal., 1998). Endol6s anendodermagjenethatencodes
poly-functionalprotein,transcriptionof which is actvatedearlyin the developmenif the organism.The goal of the
researcherwasto developacomputetprogrammappingthe cis-regulatorysystemof this gene which couldsimulate
theexpressiorof Endol6giventhelevelsof thetranscriptiormodulesasinput. Therealisationof the programwasa
step-wisegprocessithetime-serieglataof the experimentsveretestedagainstmodeloutputfrom the computerby a
proceduref minimisingthesquareof a singlefreeparameteperinteractionmodel(Yuhetal., 1996).For completion
of the modelsystem,the logic statementsvererevised,or new statementsvere addedprogressiely. If the model

12



cameupwith adilemma,anexperimentwasdesignedo decidebetweeralternatves. Ultimately, alogical systemwas
composedwhich could accountfor all the experimentscarriedout. The systemcontainedooth all-or-noneeffectors
andtranscriptiorfactorsthathada gradualeffect, proportionalo their concentration.

Thoughthis experimentdid not make useof DNA-chips, it is a goodexampleof how the goal of specifyingthe
interactionf genescanbeachieved. A warningthatmay betakenfrom the example,is thatto resohe the complete
topologyof geneconnectionsa lot of detailedresearchmay be necessarysinceevenavery small (8-node)network
couldbeverycomple. If all genenetworksturnoutto beascomplex asthecis-regulatorysystenof Endol16 attempts
to reconstructhe networks underlyingall the genesarrayedin large microarrayswith over 6000nodesis a hopeless
task.Theonly pathwayto areliablesolutionis to severelyrestrictthe scaleatwhich the systemis studied.A question
thatarisesjs whetherthelogical netfoundby (Yuhetal., 1998)is indeedthe only solution,andalsoif the solution(s)
might befoundusinga moregenerareconstructiorapproachgiventhe experimentghey performed.

ArnoneandDavidson(1997)review someresearctdoneon the organisatiorandfunction of genomicregulatory
systemsThey arguethattheonly wayto understandingf thehardwiringof developmentjiesin directanalysisof cis-
regulatorysystemssituatedat all levelsof the network. In their review, the methodsusedto infer regulatorycircuitry
from datacollectedusing the microarrayingtechniqueare not at all mentioned;their opinion is that "correlation
analysis’is closeto worthlessin analysisof realregulatorycircuitry (E. Davidson,pers.comm.).
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5 Discussion

5.1 Theory versusbiology

An importantassumptiormadein mary of the theoreticaimodelson which reverseengineerings tried out, is that
the datacomesin a setof randomstatetransitionpairs(Hertz,1998; Akutsuet al., 1999). In biological experiments
however, theresultsareoftenratherexpressiorvaluesof thegenesata numberof sequentiatime-stepswhich arefar
from uncorrelatedEisenet al., 1998; Tamayoet al., 1999). As Tamayoet al. (1999)have mentioneda lot of genes
in thebiologicalsystenremainuninfluencedy the experimentatreatmentandin expressiorpatternclusteringthey
arethereforehardly distinguishableTo make this point explicit: if reconstructiorof a geneticnetwork is pursuedin
whichfor all geneghereareinteractionparametersepresentedye needto give all genegheopportunityto exerttheir
influence.During anexperimentakreatmenby which a geneis not affected,it will juststayatit’s equilibriumvalue:
thisis alikely scenariosincethe vastmajority of theinteractionvaluesin ann x n interactionmatrix areexpectedo
be zero(Hertz,1998). Accordingto theseconsiderationsyhatmay be expectedjs thata within the geneticnetwork
anumberof subnetvorkscanbediscernedwith at mostjustafew cross-linksbetweerthem.

In thislight it is perhapsalsonot surprisingthatclusteringof genesby their expressiorpatterngevealsgeneghat
arefunctionally related. If a certainexperimentis performed,the genesspecificfor the processe#volvedin that
experimentwill respond.If the geneticnetwork is, asproposedabove, composedf a large numberof subnetvorks,
with only minorinterconnectionghenit canonly be expectedhatclustersn the geneticexpressiorpatterndndicate
functionallyrelatedgenes.

5.2 Prospects

An importantquestionin themodelingof geneticnetworks, is to whatextentthe netis modular If we canassumavell
specifyablesubnetveorks,the detailedinferenceof the connectionsvould requiremuchlessdatapointsthaninference
of thecompletegenomicnetwork. Two interestingindingsin this light arethefollowing:

¢ The clusteringof the expressionpatternsin microarrayexperimentsleadsto specificgroupsof functionally
relatedgenegqEisenetal., 1998). Thesegroupsof genesareinvolvedin the processewhosereactionis invoked
by the experimentperformedn theexperiment.The subset®f geneghatareusedin processeteft unafected
by the experimentstayin their equilibrium,andthusform a large andratherinert clusterwhich is difficult to
place(Tamayoetal., 1999).

¢ Somesequencéiomologqgenesupposedipriginatingfrom asingleancestorprefoundscattereaverall the
expressiorpatternclusters(Hogeweg, preliminaryresults). This may meanthatif a certainfunctionis needed
in different“responsegroups”,for eachgroup,a specialgeneis used.Regulationof its expressiorspecifically
in the situationin questiormaybe doneby e.g.differentregulationsitesin the cis-region of thegene.

Unlessthe scaleand experimentalprecisionof microarrayingincreasewery severely, this techniquewill never
be sufficient asa basisfrom which to infer completedetailedgeneticinteractionnets. However, we may be ableto
build onthepictureof genenetworksasproposedbore,andassumealetachedgubnetvorks (which maybeidentified
by e.g.clusteranalysisof expressiondata). Difficulties canbe expected,sincethe basisof the clustersis a shared
expressiorpattern:subnetverk reconstructiormay only yield trivial connectionslt is importantto geta grip on the
natureof theinterconnectionbetweerthe subnetverks,andto developmodelsthatmay containthe modularview of
thegeneticnetwork. This couldbeanaidin network reconstructionhinting at which interactionparameterseednot
be consideredTechniquessdescribedn thisthesismaybe sufiicientfor network reconstructionwithin themodules,
assumingompleteconnectvity therein.

As we have seenin chapte, microarrayingcansene mary otherusefulpurposeswhenit comeso theidentifi-
cationof genetranscriptsor thediscovery of coexpressealustersof geneslin theseinvestigationsthegoal of reverse
engineerings putasideandtheresultsof expressiorstudiesareusedasheuristican otherresearchargets.
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