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Abstract

Sincethedevelopmentof themicroarraytechniquein 1995,therehasbeenanenormousincreasein geneexpres-
siondatafrom severalorganisms.Basedontheview of genesystemsasalogicalnetwork of nodesthatinfluenceeach
other’s expressionlevels,scientistsdreamof beingableto reconstructtheprecisegeneinteractionnetwork from the
expressiondataobtainedwith this largescalearrayingtechnique.Computerscienceshows thatinferenceof a logical
regulatorynetwork is possiblesolely from setsof expressiondata,andmathematiciansareworking on thequestion
how muchdatais at leastnecessaryfor reverseengineering.
Meanwhile,experimentalbiologistsareexperiencingproblemsin thefield. Thenumberof experimentsthatarenec-
essarybeforeattemptingnetwork reconstructionis a lot morethanis generallypossiblein “wet” laboratories,sodata
compressionalgorithmsareappliedto reducethenumberof nodesconsidered.This is however anextremelycoarse
representationof theintricateinterconnectionsthatexist betweensinglegenes.Theresultingnetwork of only ahand-
ful of nodesis thereforeusuallyonly sufficient to describetheexperimentsperformed,while any possiblepredicting
propertiesareabsent.

In this literaturethesis,I attemptto give anupdateon thestateof theart in computerisednetwork reconstruction
techniques,andexplicitly relatethis to actualbiologicalgenenetworks. I will go into themodelformalismsusedto
describegeneticnetworks,andexplain their specificadvantagesanddisadvantages.Also, a separatechapterwill be
dedicatedto severalexperimentalresultsobtainedin theresearchof geneticnetworks,andfinally, a shortdiscussion
andsomehypothesisingis added.

�
Literature thesis written from July to October 1999. Since a lot of the information concerning this modern

method is available via the Internet, I have composed a web-page which may come in handy to the interested reader
(http://www-binf.bio.uu.nl/ � dutilh/gene-networks).�
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1 Intr oduction

Many usefulderivationshave alreadybeenmadefrom the techniqueof hybridisationof labelledstrandsof nucleic
acid to complementarysequencesimmobilisedon a solid surface. In this technique,developedby Southern(1975),
two phasescanbe discerned,the mobile andthe immobile phase.If oneof thesephasescontainsknown DNA se-
quences,theothercanbeidentifiedin termsof theknown phase.In practice,a known mobilephaseis usedfor either
identification(asin cDNA fingerprinting),or alsoquantification(asin Southernandnorthernblot) of unknown nucle-
ic acidsequencesusingspecificallydesignedprobes.A known immobilephasecanbeusedfor mappinga labelled
querymixture. This lastmethodhasrecentlyentereda new erawhenSchenaet al. (1995)developeda techniquefor
quantitativemonitoringof geneexpressionpatternswith a complementaryDNA (cDNA) microarray.
Microarrayingis suitablefor studyingtheexpressionpatternsof largenumbersof genes,however, it is a costlytech-
nique.Othertechniquessuitablefor analysisof differentialgeneexpressiondevelopedrecently(suchasserialanaly-
sisof geneexpression(SAGE) anddifferentialdisplay, which givesan indicationof thegenesthataredifferentially
expressedbetweentwo tissues)are laudedsincethey arefor instancecheaperandeasierto carry out (Kozianand
Kirschbaum,1999).Nonetheless,despitethepricetag,thelargescaleof researchasis possiblewith theDNA-chip, is
thereasonthatthis methodhasby far madethegreatestimpactin thepastfew years,andat this momentthepriceof
suchresearchis alsodecreasingasanincreasingnumberof researchgroupsandcompaniesget interested(Marshall,
1999).
In this technique,the immobilephaseis a collectionof singlestrandedpiecesof known (c)DNA attachedto a nylon
filter, glassslideor silicon chip. Theunknown mobilephaseis a mixtureof labelledcopiesof mRNA purifiedfrom
thequerytissue:afterhybridisationthe label is localisedon thespotswheretheunknown phasematchestheknown
phase.The big advantageof this methodis that an enormousamountof testsequencescanbe arrayedin a single
experiment.Not rarelythis meansthat theentiregenome(DeRisiet al., 1997),or at leasta largenumberof cDNA’s
(Schenaetal., 1995),areattachedto asmallglassslide(over1000clonesarepossiblepersquarecentimetre),making
it possibleto arraythis entiresetwith a minimumof material. Thesmall scale,which canbeobtainedbecausethe
glasschip allows very precisespottingof targetDNA, is alsothemain improvementof this techniqueover previous
experimentsusingarrayedcDNA libraries,whichstill madeuseof filter membranesfor attachmentof thesolidphase
(LennonandLehrach,1991).
Thatthemicroarraytechniqueis a verypromisingone,is apparentfrom thelargeamountof recentreviewspublished
on this topic (e.g.Gerholdet al., 1999;Lander, 1999;Dugganet al., 1999),andthe fact that the NationalHuman
GenomeResearchInstitute(NHGRI) hasstartedthemicroarrayproject,a collaborative researcheffort betweenmul-
tiple divisionsof theNationalInstitutesof Health(seeInternetpage).
Thoughthevelocity at which resultscanbeobtainedwith this techniqueis a majoradvantage,therearea few draw-
backs:theerrorof quantitationcanreachlevelsof 30 to �	��
 , whereasthis is 15 to �
��
 in the traditionalmethods
(e.g.northernblot or quantitativePCR).Somemoretechnicalpointsthatdeserveattentionaresummarisedby Vingron
andHoheisel(1999);Vingron(1999);thegeneralopinionof theauthorsis howeverpositive.
Anotherimportantpoint is, thatonly known genescanbeanalysedusingtheDNA-chip method.This limits theex-
perimentalpotentialto a small(but increasing)setof organismsof which thegenomehasbeenfully sequenced,or to
a smallsubsetof genes,whichhavealreadybeenstudiedin somedetail.

Becauseof theeasewith which geneexpressionof largenumbersof genescanbemonitored,a sourceof equally
hugeamountsof datahasbeengeneratedwith thedevelopmentof microarrays.Themeansto handlethis abundance
of informationis of coursethecomputer, which is usedasaninstrumentatmultiple pointsin theanalysis.Severalof
thesewill beaddressedin this literaturethesis:I will briefly addressthemeansby which researchersstoreandhandle
their results,andwhich attemptsthereareto setup a centraldatabasefor all microarrayingresultsfound. Thenature
of theseprojectsmakesthe Internetthe ideal placeto find information: programsfor collectinganddigitising the
fluorescencedataareoftencommerciallyavailableat companieswith detailedweb-sites,andthestereotypedmeans
to make a centraldatabaseuniversallyaccessibleis of coursealso Internet. ThereforeI will refer to the Internet
pagehttp://www-binf.bio.uu.nl/ � dutilh/gene-networks wherenecessary. On this site you can
find links to anumberof othermicroarray-relatedsites.

Themainaim of the thesishowever, is to obtainan insight in thestateof theart of themethodsusedto process
the obtaineddata. The ultimategoal researchersmay dreamof pursuingis, to infer from the dataobtainedfrom
microarrayexperiments,thegeneticinteractionnetworksthatlie at theirbasis(SomogyiandKitano,1999).Theidea
is, that the geneticinduction-andinhibition routesaredeterminedthroughspecificmolecularinteractions,andcan
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thusbedescribedin detailby a logicalor mathematicalmodel.In chapter3 I will elaborateon thetechniquesusedfor
reverseengineeringof genenetworksfrom microarraydata.It will beexplainedthatthoughonecancollectdataonthe
expressionpatternsfrom thousandsof genes,it is oftenrathernecessaryto have long time-coursedata,or datafrom a
largenumberof independentexpressionexperimentsto infer anunderlyingnetwork. This meansthereis in practice
oftenashortageratherthananexcessof data,andthetechniqueswith whichinvestigatorsattemptto minethisdataby
e.g.reducingthenumberof nodesor genesconsideredaretreated.Thefeaturesof biologicalgenenetworkswhichare
of importancein thepreparationof arelevantmodelaretreatedin paragraph3.2,whichgivesthereaderanimpression
of the complexity of the objectsystem.Consequently, we seethat in mostof the modelformalismspresentlyused
to describegeneticinteractionnets,a numberof the importantpropertiesareleft unconsidered.A numberof model
formalismsarelistedandtheir specificpropertiesarementioned.
In the“Results”(chapter4) somenotableexperimentalpapersaretreated.This is to show thereaderaselectionof the
resultsthathavebereachedin thesearchfor genenetworks.
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2 The experimental routines

Two main typesof DNA chipscanbe discerned,the microarrayand the DNA-chip. Both arebasedon the same
principle, however the methodof additionof the nucleotidestretchesto the chip differs. The microarrayis closest
to theold fashionedspot-blottingarray. A setof solutionscontainingamplifiedstrandsof DNA is spottedonto the
solid supportby a roboticallydirectedprecisionpipette(printing tip). Many smallPCR-reactionscaneachamplify a
separateDNA stretch,from eachof whichoneor severalspotsareplacedon themicroarray(e.g.DeRisiet al., 1997;
Wanget al., 1999).Detailedinformationon thepreparationof anarrayer(which canprint DNA ontochips),usingit
to prepareDNA-chips,andprotocolsfor microarrayexperimentscanbefound in “the Brown Lab’s completeguide
to microarrayingfor themolecularbiologist” (seeInternetpage).Thoughespeciallybuilding thearrayerwill needa
technician’sexpertise,theprotocolsareclearlyoutlinedin thementionedguide,aslongasyoukeepto themprecisely.
This includespurchaseof a numberdetailedpartsnecessaryfor e.g.the 3-D precisionprinter andits computerised
conduction.
The processof printing target DNA on a glasschip is very comparableto the experimentalsetupof the original
Southernblot. For a comparisonand a review on the behaviour of oligonucleotideson chips, cf. Southernet al.
(1999). Theglassslide is first cleanedandpreparedwith poly-L-lysine(which is routinelyusedfor promotingcell
adhesionto solid substrates)so that the DNA is able to attach. After linking the printedspotsof target onto the
preparedslideusingUV light, therestof theslidehasto beblockedto preventtheprobefrom attachingto thecoating.
We arethenleft with microarraysreadyfor hybridisation.
In thecaseof a DNA-chip, theoligonucleotidesaresynthesiseddirectly ontothechip. Thesolid surfaceis prepared
such,that thereare3’-OH endsstickingout, to which nucleicacidscanbeattachedin sequence.This canbe done
eitherby photo-lithography(Peaseet al. (1994);a techniquenow commerciallyexploitedby Affymetrix; cf. Internet
page)or throughanelectro-chemicalprocess(Livacheet al., 1998). Out of many reviews aboutthesetechniques,I
referto Ramsay(1998);MarshallandHodgson(1998).
In mostexperimentsperformedsofar, researchershaveusedthemicroarray, becauseit is easierto purify mRNA than
to synthesisetheto-be-testedsequencesfrom scratchnucleicacids.Becausethebasicprinciplesfor bothmethodsare
identical,they will notbediscernedin thecurrentthesis.

Thesourceof hybridisationprobesto beusedfor annealingto thechip canbeverydiverse.Optimally, onecould
usethe mRNA purified from a singlecell, andamplify it with a nucleicacid mixture containingfluorescentdUTP.
This yieldsprobeswhich canbeusedfor a microarray. Thedifficulty hereobviously lies in theprecisionwith which
mRNA canbe purified andamplified,andin practice,researcherstendto purify the querymixture from a specific
tissue(e.g.Wanget al., 1999)ratherthanfrom a singlecell. Clearly this will increasethe error rate,andit is even
possibleto make misinterpretationsaboutthe co-expressionof two geneswhich areactuallyonly expressedin an
exclusivemanner(Szallasi,1999).

2.1 Processingthe expressiondata

Oncethe labelledprobehassuccessfullyhybridisedto the chip, all that needsto be doneis to measurethe amount
of fluorescentmarker presentat eachlocation in the chip. This canbe doneby excitation with a laserbeam,and
measurementof the amountof light with the label specificwavelengththat is emitted. This informationis usually
immediatelydigitisedfor easiercomputerprocessing.Therearealreadynumerousspecialisedcomputerprograms
availablefor quantitativeanalysisof theintensityof thelight spots(seeInternetpage).
Othermethodsthatareusedfor determiningatwhichsitesnucleicacidhashybridisedto theimmobilephase,areuse
of radioactively labelledhybridisationprobe,anddetectionof thephosphoruspresentin thehybridisedDNA by e.g.
resonanceionizationmassspectrometry(Arlinghauset al., 1997).This canonly bedoneif theimmobilephasedoes
not containphosphorus,which would otherwiseinterferewith themeasurements.For this purpose,Arlinghauset al.
(1997)attachpeptidenucleicacids(PNA) to thechip,aDNA analogin whichboththephosphateandthedeoxyribose
arereplacedwith polyamides.

For thenext step,commerciallyavailablecomputerprogramscanminethemassivegeneexpressiondatagenerated
from a microarrayexperiment.Theresultof suchmicroarrayimageanalysistools is a tableof expressionvaluesfor
all investigatedgenesunderoneor moreconditions.In theavailableprograms(seee.g.Ermolaeva et al. (1998)and
Internetpage),onecanselectany numberof suchdatatablesto compareandexplorethedatabaseusinga varietyof
visualisationanddata-compressionmethods,suchasscatterplots,histograms,neuralnetwork clustering,time series
analysis,principalcomponentsanalysis(PCA)andclusteranalysis(cf. paragraph3.1below).
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3 Network reconstruction

Microarrayexperimentscanquickly resultin expressionvaluesfor largenumbersof genes.Becauseof thepotency of
thenew measurementsystem,theexpectationsof theresultshavealsogrown. Thegoalchip-researchershave in mind
is ultimatelyto decipherthepreciseconnectionsof thegeneticnetwork: for eachgene,they will wantto know which
othergenesit influences,andin whatway. While in thepreviouschaptertheencounteredproblemwashow to make
thehugeamountsof datareadilyaccessibleandsharablewith otherlaboratories,theproblemin thischapteris mainly
how to approachtheambitiousgoalof genenetwork reconstruction,giventherelatively few datapointsmeasured.

3.1 Clustering

If theresearchcoversa largeamountof genes,currentlywhatresearchersdo, is to find clustersof geneswhich have
similar expressionpatterns(e.g.Michaelset al., 1998). This couldmeantheir optimumin a time seriesexperiment
coincides(WahdeandHertz,1999),or alsothattheir expressionbehaviour in thedifferentmutantsor tissuesarrayed
is alike (Eisenet al., 1998).Argumentsusedmaybe,thatco-expressedgenesareprobableto have relatedfunctions,
or simply thatnobettermeansto analysethedatais availableat thismoment.
Thoughin theoryit is abig stepfrom simplecorrelationanalysisto geneinteractionnetworks,severalpapersindicate
thattheclusteringof geneexpressiondatadoesresultin groupsof genesthathaverelatedfunctions(for asfarasfunc-
tionscanbeascribed).Eisenet al. (1998)form a dendrogramof practicallyall Saccharomycescerevisiaegenes,the
expressionof whichhasbeenarrayedunderseveralconditions.����
 of thesegeneshavebeenstudiedin somedetail,
andthe clustersthat resultfrom their analysisshow large setsof groupedrelatedgenes(cf. paragraph4.2.2). As a
clusteringalgorithm,they revertto thepairwiseaveragelinking method(SokalandMichener, 1958),whichcalculates
a pairwisesimilarity matrix for all pairsof genes,groupsthe two mostsimilar in a cluster, andthenrecalculatesthe
matrixusingtheaveragepropertiesof both(all) thegenesin thecluster. They mentionthatthepaperis mainlymeant
to indicatehow obviousthegroupingof functionallyrelatedgenesis, evenwith theclassicalclusteringmethodused.
Additionally Eisenet al. (1998)introducea methodfor easiervisualestimationof theexpressionpatternsof arrayed
genesusingcolourgradients.They show how theresultsof clusteringarewell visibleusingthismethod.
Törönenetal. (1999)useaself-organisingmap(SOM,Kohonen’smap)for clusteranalysisof geneexpressiondata.In
this algorithm,onechoosesa geometryof nodes,which arerandomlymappedin � -dimensionalspace.Thenfollows
aniterativeprocessof adjustmentof thecoordinatesof all thenodessuch,thatthey movetowardsa randomlychosen
datapoint; thecloserthey aretogether, the fasterthenodemoves. Eventually, all thenodesaredistributedover the
clusters,andamapcanbepreparedfrom theinitial grid in which thenodeswerelaid down.
SinceTörönenetal. (1999)only hadaccessto partof thedatausedby Eisenetal. (1998),thenetworksresultingfrom
their analysesdo not containasmany clusterswith functionallyrelatedgenesasthedendrogramsin thelatterarticle
did. Particularly, Törönenet al. (1999)recognisethe problemof expressionpatternsthat arenot influencedby the
given treatment.If thereis only dataavailablefrom a singletreatment(in this casethe expressionprofilesof 6400
yeastgenesduringdiauxicshift, whichwereavailableon theInternet,wereused),thegenesthatarehardlyinfluenced
by this treatmenttendto form anunstructuredgroupin thecentreof the SOM. Basically, this meansthe clustering
algorithmhastroublediscerningexpressionpatternsthatarequitesimilar. Tamayoet al. (1999),who have alsoused
a SOM to clusterdatafrom microarrayexperiments,have implementeda variationfilter for datapointswith no sig-
nificantchangeacrossthesamplepoints,to enhancethesystem’s sensitivity andpreventnodesfrom beingattracted
to largesetsof invariantgenes.With Törönenet al. (1999),they cometo theconclusionthata SOM reliably clusters
functionallyequivalentgenes,andis especiallysuitablehere,sincesimilar patternswill occurasneighboursin the
SOM.

Hartuvet al. (1999)have developeda new clusteringalgorithm,basedon a graphtheoreticapproach.Themo-
tivation for the studywasthe needto clustera collectionof cDNA’s by their oligonucleotidefingerprints,however
theresultsfrom sucha studyarevery comparableto e.g.time-resolveddataobtainedfrom a microarrayexperiment.
Basically, a similarity graphis defined,in which edgesaredrawn if thepairwisesimilarity valueexceedsa threshold.
Fromthis graph,a “cut” is takenby removing a minimumnumberof edges,andtheconnectivity of this cut is evalu-
ated.If thesubgraphcontainsmorethan � � edges,it is calledhighly connected.Thesestepsarerepeated,until finally,
the total dataset is groupedinto a numberof highly connectedsubgraphs,the clusters.The authorsshow that the
algorithmrunsin low-degreepolynomialtime, thelimiting stepbeingtheminimumcut algorithm.Theresultsusing
this algorithmaregoodfor bothsimulatedandreal cDNA fingerprintingdatatested;theauthorsmake no statement
abouttheirexpectationsof thealgorithmin otherclusteringtasks.
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Theabove expositionindicatesthat clustersof genesorganisedby their expressionpatternscangive hints asto
their function. Nonetheless,all the authorsmentionedarenaturallycautiousin sayingmorethanthat, andindicate
thatsuggestionsgivenby theclusteranalysesmaybeworth beinglookedinto further. Thetechniquesusedfor gene
clusteringin the microarrayareamainly fall backuponclassicalmethods(Eisenet al., 1998;Törönenet al., 1999;
Tamayoet al., 1999),and it is probablynecessaryto scanthe developmentsin relatedfields for novel approaches
(Hartuvetal., 1999).

3.2 Propertiesof regulationnetworks

Thereis a largenumberof factorsthatcomplicatesimplemathematicalmodellingof biologicalgeneticnetworks. In
thisparagraph,severalof thesearelisted,andpublicationsthathaveaddressedtheproblemsareshortlyreviewed.

3.2.1 Stochasticity

Many complex interactionsonthemolecularscalehavebeendescribed(McAdamsandArkin, 1997;Savageau,1998),
whichrely onpresenceof specificfactorsthatcaneitherenhanceor inhibit theexpressionof certaingenes.McAdams
andArkin (1997)point out that the time interval betweenthe switchingon of the first promoterand its effect on
thenext promotercanvary widely acrossotherwiseidenticalcells,asa resultof stochasticprocesses.Mechanisms
put forward to explain the stochasticnaturearefor instancethe degradationof geneproducts,the spatialcollision
necessarybeforea reagentcan exert its influence,and the reversiblereactionequationsfor e.g. dimerisationand
reactioncomplex formation.For acell to createlessnoisyoutput,it is necessaryto producemorefrequenttranscripts
with fewer proteinsper transcript,which is relatedto a higherenergy cost. Both McAdamsandArkin (1997)and
Szallasi(1999)arguethatstochasticmodelsaremostlikely to yield realisticresults.

3.2.2 Geneduplication

Wagner(1994)madea weight matrix model (cf. paragraph3.3.1) to study the effectsof geneduplicationson the
organisationof thegenome.He statesthatduplicationof severalgenescanalter theequilibriumexpressionpattern
of network genes,while only duplicationof the completegeneticnetwork will not. Theeffect of duplicating � out
of � genesincreasesmonotonicallyfrom zeroas � is increasedfrom 0, or alsoif � is decreasedfrom � , leadingto a
maximaleffect for someintermediate� , which is whatcouldbeexpectedintuitively.

3.2.3 Genomicorganisationand network dynamics

Thieffry andThomas(1998)have examinedhow thenatureof possiblefeedbackloops(or equilibria)presentin ge-
neticnetworksdependson thepropertiesof thesenetworks. The feedbackloopsmaybedenominated“positive” or
“negative”, indicatingtheultimateinfluenceof oneof thenodesin the loop on itself. This propertycanbeeasilybe
calculatedby multiplying thesignsof theratesof influenceof eachsubsequentgeneticinteraction.They find thatthe
natureof the feedbackloop is a necessary(but not sufficient) conditionfor the distinctive type of behaviour in the
system:negativefeedbackloopsmaygivestableoscillatorybehaviour, while at leastonepositiveregulatorycircuit is
necessaryto generatemulti-stationarity.
In their studyon the relationshipbetweengenomicregulatoryelementorganisationandgeneregulatorydynamics,
Wolf andEeckman(1998)showedthatdynamicalsystembehaviour, stabilityof equilibriaandtheirbifurcationpoten-
tial canbelargelydeterminedfrom regulatoryelementorganisation.Theirdifferentialequationsmodelis generalised
from SheaandAckers(1985),who have analysedin detail thegenenetwork responsiblefor theswitchfrom lysis to
lysogeny in the lambdaphage.Thecomplex transcriptionlevel, promotercontrolmodelcontainsa numberof inter-
actions,suchaspromoterregulatedtranscriptionandRNA polymerasebinding. It is assumedthat the linearmodel
representsprokaryoticgenenetworks,whicharedominatedby localpromotercontrolby regulatorproteins.
It is shown thata monomer-controlled,one-gene,one-operatorsitegeneregulationsystemhave a singlestableequi-
librium point independentof the parameters.More complex systems,still with a singlegene,but with an arbitrary
numberof proteinbindingsitesareglobally stable,andmaybifurcateto multiple equilibriumpoints. In thesystems
asinvestigatedby Wolf andEeckman(1998),thereis a simplerelationshipbetweenthenumberof operatorsandthe
maximumnumberof stableequilibria: in amonomer-controlledgene-regulationsystemwith � operatorsites,thereis
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amaximumof ��� � � stableequilibriafor even � , while for odd � , this is �	���� . In caseof multimer-controlledsystem,
thismaximumliesat ��� � � for even � , andat �	���� for odd � .

3.3 Models for genenetworks

Whenwe want to make an estimateof the geneticnetwork in the organismalsystemof interest,it is convenientto
have a searchimagein mind. As explainedin paragraph3.2, therearemany particularitiesto beconsidered,though
sometimessimplificationshave to be made. For instance,thoughstochasticmodelsshow morerealisticdynamics
(McAdamsandArkin, 1997),modelsof genenetworksareusuallydeterministic.Thereasonfor thissimplificationis
thedifficulty to infer anunderlyingnetwork if theexpressionpatternsaretheresultof a stochasticprocess.Several
modelformalismsusedfor descriptionof genenetworksareoverviewedbelow.

3.3.1 Weight matrices

Weightmatricesarethemostestablishedmethodfor deductionof genenetworks. A weightmatrix consistsof � �!�
weight values,eachof which indicatesthe influenceof onespecificgeneon another. Theadvantagesof modelling
regulatorynetworks with weight matricesarestatedby Weaver et al. (1999),who presentan algorithm(TReMM:
TranscriptionREgulationModelledwith Matrices)for a classicalexampleof a weight matrix model. The weights"$#&%

representtheinfluenceof gene' ongene( , andthecompleteinput into acertaingene( is givenby thesummation
over the inputsof all genes' , multiplied by their weights. The answerto this calculationis fed to a normalisation
formulawhichoutputsanexpressionvaluebetween0 and1 for gene( (cf. paragraph3.3.4).
The � �!� weightscomposingthematrix areunknown wheninitiating a studyof thegeneticregulationnetwork in a
certainbiologicalsystem.Theideais, thatthey canbeapproximatedfrom expressiondatain theprocessof network
reconstruction.Thedeductionof thevaluesis usuallydoneby oneof severalclassicallearningmechanisms,suchas
simulatedannealing(Spears,1996),neuralnetworksor geneticalgorithms(GA’s).

As is clearfrom theaboveexposition,a weightmatrixmodelconsiderstheinteractionsbetweenall combinations
of genes,many of which areof course0. Becauseit is not known at fore-handwhich onesare0, this meansa hard
computationaltask. In a considerationof this problem,Hertz (1998)lookedat thesetof all thenetworksconsistent
with the input/outputexamplesfoundin experiments:this setdecreasesasthenumberof experimentsincreases.He
shows that if thegeneticconnectivity or in-degree � is muchlower than � , andwe have sufficient experiments(i.e.
more than )+* � �-,/.10324��5	�7698 ), “knowledge” is the sameas if it was known in advancewhich connectionswere0.
Hertz’ posterpurelyinvestigatesin whatsituationsit is possibleto infer anunderlyingnetwork, andgivesno further
indicationsasto how this shouldbe done. A few simplifying assumptionsarementioned,that have a big influence
on theresult: additive regulation,on/off classificationof thegenes,andknowledgeof thenetwork’s time steps.The
assumptionthat thestatetransitionpairsarecompletelyuncorrelatedis of influence,andwill beaddressedby Hertz
in thefuture.

Reinitz andSharp(1995)have madea genecircuit modeldescribingthe mechanismof stripeformationof the
Drosophilamelanogastergeneeve, which playsa role in the segmentationof the insect. Thegenecircuit modelis
a spatiallyexplicit weightmatrix system:the interactionparameterswereoptimisedby useof simulatedannealing,
andthespatialfactorwasimplementedby includinga diffusiontermfor thegeneproductinfluencebetweenadjacent
cells. Basicallythemodelis comparableto thatof Turing (1952),thoughgeneralisedto include � reactingspecies,
andspecifiedto beableto modelnucleardivision,degradationof proteins,andwith explicit functionssubstitutedfor
Turing’sgeneralreactionfunctions: and 0 .

3.3.2 Booleannetworks

A Booleannetwork consistsof � nodes(e.g.representinggenes)whichcaneitherberepressedor expressed(thenode
hasstate0 or 1, respectively). Thedynamicsof thenetwork aredeterminedby a list of � (Boolean)functionswhich
eachreceiveinputfrom � specifiednodes.Everynodehasits own specificfunction,whichcandetermineits next state
from thecurrentstatesof all theinputnodes.
Comparedto genenetworks,Booleannetworksareof coursea coarsesimplification.Geneexpressionis nevera case
of all-or-nothing,andit is alsounlikely that thenumberof input nodesof eachgeneis specificallyboundedby � , a
necessaryconditionfor properreconstructionof the genenetworks in algorithmsthat useBooleannetwork models
(Liang et al., 1998;Akutsuet al., 1999). Nevertheless,Booleannetworksprovide a framework in which genescan
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havecomplex interactions(e.g.XOR connections),andthey show behaviourcomparableto featuresof biologicalgene
networks (e.g.globalcomplex behaviour, self-organisation,redundancy; cf. SomogyiandSniegoski (1996)). These
featuresarelikely in naturalsystemsbut areoftennot consideredin genenetwork modelsusingweightmatrices(see
paragraph3.3.1).Thenetworksarevery suitablefor studyingthereconstructivecapabilitiesof algorithms,sinceone
definesthe network in advance,andall connectionsareknown. Datacomparableto that resultingfrom microarray
experimentscanbe generated,suchas time-seriesdata(a seriesof statesof the nodesobtainedfrom input-output
calculations)or cellulargeneexpressionpatterns(comparableto anattractorsituationin whichtheinputconfiguration
of thenetwork equalstheoutputstate)canbecomputedandfedto thealgorithm.Thoughnoliteraturehasbeenfound
on this so far, it shouldeven be possibleto simulateknock-outmutants,andfind the attractorsin situationsthat a
specificnodeis, or is not expressed.Sincein caseof designedBooleannetworks,theresultsof reconstructioncanbe
comparedto the truenetwork, it is possibleto evaluatetheusedalgorithm,which is of courseimpossiblein natural
systems.

Thealgorithmof Akutsuet al. (1999)canidentify a Booleannetwork of � nodesfrom );* ,4.10��38 statetransition
pairs,by exhaustively searchingall possibleBooleanfunctionsuntil a setthat fits all the datais found. (Note, that
like Hertz (1998)did, theseauthorsuseuncorrelated,randomstatetransitionpairsastheir input datafor inference.
As mentionedin paragraph3.3.1,this doesinfluencethe easewith which resultscanbe found,while it is unlikely
thatsuchcompletelyindependentdatapairsresultfrom microarrayexperiments).Thescaleof thenetworksthatcan
beresolvedby this algorithmis large,andtheauthorsshow that theproblemcanbesolvedin polynomialtime for a
determinedmaximumnumberof inputnodes(anexamplewith anin-degree� = 2 is shown in thepaper).However it
wouldbepreferentialto havea moreefficientalgorithm,in whichpartof theexhaustivesearchcouldbebypassed.
Themainadvantageof theREVerseEngineeringALgorithm (REVEAL) of Liang et al. (1998),is that the in-degree
is not fixedat fore-hand.Rather, theminimum � for eachnodeis determinedin thealgorithm,sothat theminimum
effective network (SomogyiandFuhrman,1997)is inferred. Thealgorithmis basedon comparisonof theShannon
entropiesof theinput andoutputdata,which canrevealthe in-degree.Oncetheinput nodeshave beenspecified,the
searchfor a rule thatfits thedatais exhaustivelike Akutsuetal. (1999).
The methodsof inferenceof both Akutsu et al. (1999)andLiang et al. (1998)aregrafteduponBooleannetworks:
deterministicanddiscretedataarenecessary, two conditionsthatdo not applyto biologicalgenenetworks. However
a discretionassumptionshallalwayshave to bemadein caseof computersimulations.Bothauthorsmentionthatthe
systemscanbeextendedto includemorepossiblestatesof thenodes,however it is unclearwhetherit is possibleto
havearankingorderin thesemultiplestates(which is necessaryfor discretisedgeneexpressionvalues).

Nonetheless,a framework of Booleanfunctionsis valuable: they allow a wealthof possiblegeneinteractions,
whichis agoodstartingpoint for realisticmodellingof genenetworks(Yuhetal.,1998).Thieffry andThomas(1998)
have reviewed the useof logical Booleannet-stylemodelsand continuousdifferentialmodelsfor genenetworks,
especiallyfocusingonthenatureof possiblefeedbackloops(or equilibria)presentin thesystems(cf. paragraph3.2.3).
They claim that thestereotypedmethodfor conceivablerealisticmodellingof geneticinteractionnets,is the logical
modelformalism(i.e. composedof Booleanfunctions).

3.3.3 Differ ential equations

Wahdeand Hertz (1999) followed Reinitz and Sharp(1995) in modelling geneticnetworks as a set of nonlinear
differentialequations.Thus,they cansearchfor parametersthatindicatetheratesof changeof acertaingene,andthe
assumptionof discretetime stepsfor thenetwork’s next stateis unnecessary. In stead,they useda GA to determine
the time constantsfor eachof the � nodesin thesystem.Theotherparameterswerededucedsimilarly: �-�<� gene
interactionweights,and � biasterms. Becausetheuseof GA’s cangeneratevery differentresultsin alternateruns,
the generatedparametervalueswereaveragedover several runsof the algorithm;this alsogave insight in the error
in eachparameter. Unfortunately, lack of datarestrictedWahdeandHertz (1999)to the useof first ordertermsin
thedifferentialequations,which resultsin a reconstructionmethodof thelevel of simpleadditiveweightmatrices.If
moredatawould beavailable,includinghigherordertermscouldmake it possibleto implementa rangeof complex
interactions,comparableto thegeneinteractionspossiblein Booleannetwork models(cf. paragraph3.3.2).
Therearetwo moreassumptionsmadebyWahdeandHertz(1999)thatdeserveattentionhere.Thefirst is theactivation
function: oncetheinputsfrom all genesmultiplied by their weight factorsandthegenespecificbiastermhave been
processed,this functiontranslatestheresultto geneaexpressionlevel (0 to 1, cf. paragraph3.3.4).
Secondly, they usetheaveragetrajectoriesof coarseclustersof geneswith similar expressionpatternsasnodes.For
theseauthors,this simplificationis inspiredby the fact that for reliabledeterminationof the network parameters,a
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minimumrequirementis that thenumberof usefuldatapointsexceedsthenumberof parameters.Geneexpression
dataseriesoften countonly few measurements,andclusteringof genesinto setswith similar temporalexpression
patternsseverelyreducesamountof parametersto becalculated.
Themethodof WahdeandHertz(1999)wasusedto determinetheparametersof botha predefinedartificial network
andthenetwork behindasetof geneexpressiondatafrom rats.Theevaluationshowsthatfor asituationwith 4 nodes,
themethodis ableto obtainanaccuraterepresentationof thenetwork parameters.In situationswherethereis only
time-seriesdataavailable,theaccuracy of thispredictiondecreases,thougha roughestimatecanstill bemade.

Chenet al. (1999)alsoproposea differentialequationmodelfor geneexpression,andprovide a methodto con-
structthemodelfrom temporalexpressiondata. They make a numberof assumptions,amongwhich againa linear
transcriptionfunction for eachgeneandfeedbackof the genetranslationproducton the transcriptionrates. They
discernin their modeltranscription,translationanddegradationof RNA andproteins,for which parameterscanbe
foundusinga techniquecalledFouriertransformfor stablesystems.Thisapproachis specificfor geneswith periodic
expression,suchasareimportantin the cell cycle, andall genesconsideredin the modelareassumedto show this
kind of expressionpattern.By realisingthat,assuminga lineartranscriptionmodel,realisticgeneticnetworkshaveto
bestable,Chenet al. (1999)manageto greatlyreducethespacein which to searchfor parameters.They derive, that
all therealpartsof theeigenvalues= % arenon-positive(otherwise> #&% 24?@6A�CBEDGF1HJI is anexponentialfunctionleadingto
unlikely growth of ageneproduct),andthepolynomials> #K% 2L?@6 (whicharefunctionsof ? andelementsof the �	�M�N�O�
transitionmatrix comprisingthe setof differentialequations)have to be constants.BecauseChenet al. (1999)can
reducetheir searchspacesomuch,they canconsidermorefeaturesof geneexpressionthansimplermodels(suchas
thatof WahdeandHertz(1999),above) in their lineartranscriptionmodel.However theauthorsdo not mentionhow
muchinfluencethesemodelcomplicationshave on the results:how importantis it that theseextra assumptionsare
takeninto account?

To increasethe amountof datafrom which to start network inference,D’Haeseleeret al. (1999) startedtheir
analysiswith thecalculationof anon-linearinterpolationcurveof thegeneexpressiontimeseriesdatapoints.Though
they useddatafrom threedifferentexperiments,with veryalternatetime-scales(timeintervalsbetweenmeasurements
rangedfrom half an hour to two months),they managedto combinethe datato an interpolatedtime-seriesusinga
cubicinterpolationon thelog of theexpressionlevels(takingthelog preventsnegativevalues).Thenext stepwasto
derive theentriesin an interactionmatrix asdescribedin themodelsabove: their modelof thegeneticnetwork was
alsoa setof lineardifferentialequationsin which thechangeof expressionof a genedependson theweightedinputs
of all othergenes.Theseinteractionweightswereapproximatedusingthe leastsquaresfit to the interpolatedtime
series.Theresultof theirapproachis anaccuratefit of thedatapoints,but they dogivesomecommentonthemethod.
First, themechanismdoesnot minimisethenumberof geneinteractions:eachgeneis modelledby a weightedsum
of all othergenes.Secondly, thesimplelinearandadditivemodellingof thegeneticinteractionscanonly capturethe
primarylinearcomponentsof thesystem;andfinally, becausethedatathattheseresearchershadat theirdisposalwas
sonon-uniformlyspaced,a largerweightwasgiven to themorewidely spaceddatapoints. A point that alsoneeds
considerationis to whatextent thedatais over-fitted in this method.Theauthorsmentionthatan indicationmaybe
obtainedby constructinga seriesof similar modelsby disturbingtheinput datawithin theknown standarddeviation
for eachmeasurement,andby usingdifferentnon-linearinterpolationschemes.Comparisonof thesemodelscould
tell ushow sensitive theresultsarewith respectto smallamountsof noisein theinputdata.

3.3.4 Translation to gene-expressionlevels

In weightmatrixmodelsaswell asin modelscomposedof differentialequations(bothtreatedabove),thedirectresult
of the stepwisecalculationis often of an arbitrarymagnitude,this beingthe resultof the additive natureby which
theinput signalsfrom all nodesarecombinedinto thenodeof interest.To overcomethis problem,researchersscale
this primaryoutputvalueto a gene-specificexpressionlevel. An importantassumptionis madehere:namelythatthe
maximumexpressionlevel pergeneis known, andthat thecalculatedprimaryoutputvaluecanbemappedto a 0 to
1 fractionof this maximum.Oftena sigmoidalfunctionis usedfor this mapping,suchas PRQTS ��U�WV@X�YOZO[]\	^ (Weaver
et al., 1999). In this function, P�Q and P`_ are the primary outputvalueandthe resultingfraction of the maximum
expressionvalue,respectively. a and b areparametersthatdeterminetheshapeandlocationof thesigmoidrelativeto
zero,respectively: theseparameterscandiffer pernode.
This normalisationalsoprotectsthe systemfrom the exponentialgrowth of e.g.a pair of mutually inductive genes,
whichmightotherwisegrow to unnaturallevels.
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3.4 Coupling promoter analysiswith expressionpatterns

Combininggenetranscriptionregulationdatawith sequenceanalysiscangive insightin thefactorsthat influencethe
regulationof co-expressedgenes.Br cd zmaet al. (1998);Heldenet al. (1998);Rothet al. (1998)have lookedfor se-
quencemotifs in thenon-codingDNA upstreamof SaccharomycescerevisiaeORF’s thatall showedahighsensitivity
to a specifictreatment.In theupstreamregionsof 3 setsof co inducedor -repressedgenes,which werefoundin the
analysisof separatetreatmentsof Saccharomycescerevisiae, Rothetal. (1998)foundanumberof shortsequencemo-
tifs in common.Someof thesemotifscouldbeidentifiedasknowntranscriptionregulators,however e���
 of themotifs
foundhadnot beendescribedpreviously. Theauthorsmentionthat this percentageis a likely level of false-positives
to befoundundertheusedthresholdvalues:morestringentthresholdvaluesaboutwhich ORF’s are“counted”in the
analysiswill reducethenumberof false-positives,but alsoincreasenumberof false-negatives.An examinationof the
sequencesfor transcriptionfactorsknown from theliteratureresultedin identificationof a numberof false-negatives,
oneof whichcouldclearlybeattributedto ashortcomingof thealgorithm(i.e. f�
 of thetotalnumberof motifs found
in theanalysis).
Heldenet al. (1998),whohavea modelbasedon theregulationof nitrogenmetabolismin Saccharomycescerevisiae,
go into someof thedifficultiesof computationaldetectionof regulatorysitesin eukaryotes:theconsensussequences
thatarerecognisedby transcriptionalfactorsaregenerallymuchshorterthanin prokaryotes,they canbequitevari-
able,andthey canbe dispersedover very largedistances,andcanbe active in both the upstream,aswell asin the
downstreamdirection. In their research,severalknown transcriptionregulationsitesdid not show any signalwith a
high significance,becauseof complicatingfactors:Heldenet al. (1998)concludethat whena signal is selectedas
highly over-represented,it is likely to correspondto afunctionalregulatorysite,althoughtheoppositeis nottrue.This
canbecomparedwith a high thresholdin thealgorithmof Rothet al. (1998),wherethey preferfalse-negativesover
false-positives. The methodof Heldenet al. (1998)differs from that of Roth et al. (1998),in the fact that they use
a calibratedtablewith anestimatefor the frequency of eacholigonucleotide.This allows themto assessthesignifi-
canceof thenumberof matchingsequences;they performa straightforwardexhaustive search,checkingeachof the
sequencemotifswith thecalibrationtable.
Br cd zmaet al. (1998)searchedfor similar sequencepatternsin theupstreamregionsof all (i.e. morethan6000)yeast
genes,aswell asin theupstreamregionsof geneswith similarexpressionprofiles.Thebasicideaof theiralgorithmis
againsimilar to thatof bothHeldenetal. (1998)andRothetal. (1998)(above),thoughthey mayuseslightly different
rulesor parameters.Ultimately, similar analysesshouldbeableto provide insightsin thenatureof thetranscription
factorsthatareresponsiblefor theco-regulationof genes.
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4 Results

In this sectionI will discussa numberof experimentsthat fall in the rangeof the topicsthat aredealtwith in this
thesis.This is to give thereaderanimpressionof whatpracticalresultscanactuallybeachievedwith thetechniques
describedabove.

4.1 Molecular classificationof cancer

In severalfieldsof research,it is currentlyinvestigatedwhathelpthemicroarraytechniquecanoffer. Themolecular
screeningof carcinogenictumoursis animportantapplicationwhich is likely to beaidedby themethod.

Wanget al. (1999)have composeda DNA-chip containing5766cDNA’s, from severalcDNA librariesprepared
from tumoursin humanovaries.Geneswith at leasta reproducibly3-fold expressionlevel differencewereassumed
to play a role in cancerformation,andcomparedwith resultsfrom semi-quantitative PCR,andotherexperimental
investigations. Thoughthe microarrayexperimentof Wang et al. (1999) identified fewer differentially expressed
genesthanpreviously usedtechniques,theauthorsmentionthat this mayalsobetheresultof thetechniqueusedfor
preparationof the cDNA library. They concludethat the resultsfrom microarrayhybridisationsareconsistentwith
otherexperimentalapproaches,andcanbeof importancefor tumourclassificationor to delineatetheprogressionof
cancersbasedon theirgeneexpressionpatterns.

IndeedGolubetal. (1999)describea genericapproachto cancerclassificationbasedongeneexpressionmonitor-
ing by DNA microarrays.They illustrateit with anexampleof distinctionof two acuteleukemias.Thefirst issuewas
dodeterminewhetherthereweregeneswith expressionpatternsthatcorrelatedstronglywith theclassdistinctionto be
predicted.Thiswasdoneby designinganidealisedexpressionpattern,of animaginarygenewhichperfectlyindicated
thedifferentclustersto befound,andusingthis asa vectorfor supervisedclusteringof thesetof 6817humangenes,
in searchof exampleswhich weremorethanrandomlysimilar to this idealisedgene. Then,a collectionof known
sampleswasusedto createa classpredictor, which wascapableof assigninga new sampleto eitherof the classes.
In casea predictionneedsto bemade,thegenesin this informative subsetall casta weightedvote,dependingon its
expressionlevel in thenew sampleandthecorrelationwith thepredictedclasses.All of thevotesarethensummarised
to determinein whichclassthesamplewill fall, anda 0 to 1 predictionstrengthvalueis calculated.
Of acollectionof 38acuteleukemiasamples,anarbitrarily50-genepredictorsetgrouped36in eitherof thetwo acute
leukemiaclasses,2 sampleswereuncertain(predictionstrengthsmallerthan0.3). Theclassificationswereconsistent
with the clinical diagnoses.A new 50-genepredictorsetderived from the 38 sampleswascomposed,which then
wasthenallowedto classifya samplesetfrom peripheralblood,in steadof bonemarrow. Thoughthesampleswere
from a differenttissue,from differentpatientsandfrom a numberof differentlaboratories,29samplesoutof 34were
assignedcorrectly, andonly 5 wereuncertain.
AnotherproblemGolub et al. (1999)addressed,wascancerclassdiscovery. If the two classesof leukemiawould
not have beenknown in advance,would it be possibleto discernbetweenthemjust from the geneexpressionpat-
terns?This entailstwo issues:discoveryof clustersin thesetof samples,anddeterminingwhethertheclassesfound
aremeaningful.The initial 6817tumourgeneswerefiltered: all geneswith lessthanfive-fold variationthroughout
thesampleswereleft unconsidered.To clustertheresultingsetof datainto two groups,a SOM wasused(cf. para-
graph3.1).Thisgavetwo clusters,in which respectively f�f

 and g�h�
 of thetwo typesof leukemiaweregrouped.
Now, for thecompletelyunprejudiceddiscoveryof new classesin geneexpressiondatasets,Golubet al. (1999)pro-
posedto combinethe two methodsabove in an iterative process.First, classescould bepredictedby clusteringthe
expressiondata.Then,on thebasisof theobtaineddata,an � -geneclasspredictorshouldbemade,which shouldas-
sessthesamples.Meaningfulclusterswill resultin highpredictionstrengthvalues.Thismeansthedescribedmethod
is a goodway to independentclassdiscovery andsubsequentprediction,which wasshown againwhenGolubet al.
(1999)attemptedsubgroupidentificationof thetwo leukemiaclassesexaminedabove: oneof thetwo groupscouldbe
split with highprobability, while fissionof theothergroupdid not leadto subgroupswith muchdifference.

4.2 Co-fluctuation of functionally relatedgenes

In a numberof articles,it hasbeenshown thattheclustersformedby clusteranalysesof geneexpressiondata,which
resultsin groupsof geneswith similar expressionpatterns(cf. paragraph3.1), often contain functionally related
genes.Unknown genesthat alsofall into the clustersarehintedfor further research.Here,two examplesin which
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suchresultswerefoundaretreated:co-regulatedgenesin thedevelopmentof thenervoussystemof rats,andgenes
thataresimilarly expressedovera varietyof situationsin theyeastSaccharomycescerevisiae.

4.2.1 Identification of developmentalstagesof the rat CNS

A relatively simpleexperimentcarriedout by Wenet al. (1998)showshow, in thedevelopmentof therat centralner-
voussystem(CNS),anumberof majordevelopmentalstagescanbediscerned.Themeasuredtemporalpatternsof 112
genes(by quantitativePCRof RNA’s isolatedfrom thecompletespinalcordof a rat) couldbeclusteredinto 4 waves
anda groupof geneswhoseexpressionprofile wascharacterisedasconstantover thetime interval measured.These
wavesareindicative of 1) an immatureproliferative stage(decreasingexpressionlevels), 2) neurogenesis(increase
andmaintenanceof higha level of geneexpression),3) initial excesscell growth,a largeportionof whichdiesin later
development(or othergeneswith a hill-shapedexpressionpattern),and4) gliogenesisandthefinal maturationof the
tissue(exponentialincreaseduringthewholeperiodmeasured).Characteristicin thesewavesis theclearmappingof
genegroupswith functionalrelationshipto theprocessesthat take placein theperiodsof their optimum. Whatwas
striking in the resultswasthat no oscillatoryor U-shapedexpressionpatterncould be found. However it remained
undeterminedwhetherthis wasthe resultof a biasin theselectionof thegenes,or is perhapscharacteristicof gene
expressionpatternsin thedevelopingspinalcord.
To becomplete,it shouldbementionedthatMichaelset al. (1998)alsodid variousclustercalculationson thesame
dataset,whichwereof similar tenor.

4.2.2 Functional grouping of essentiallyall genesfr om yeast

The researchgroupsin Howard HughesMedical Instituteat StanfordUniversity Schoolof Medicinehave already
donea lot of geneexpressionexperimentson thebuddingyeastSaccharomycescerevisiae. Theexperimentsinclude
timecoursesof themitotic cell division cycle (Spellmanet al., 1998),sporulation(Chuet al., 1998),thediauxicshift
(DeRisietal., 1997),andseveralunpublishedresults.Eisenetal. (1998)havecombinedall thesedatato form asetof
79 geneexpressionmeasurements,which wasclusteredusingpairwiseaveragelinking (SokalandMichener,1958).
Thoughtoomuchof thearticleby Eisenetal. (1998)placesemphasisonthemethodusedto enhanceinterpretationby
theuseof colourgradients,afew biologicallyinterestingresultsarealsomentioned.They find theextentto whichgene
expressionpatternsaresufficient to separategenesinto functionalcategoriesacrossa relatively smallandredundant
collectionof conditionssurprising,andmentionthat it seemslikely that theadditionof moreanddiverseconditions
canonly enhancetheseobservations.Indeedthis is what is likely to beexpected:they find a largeclusterwith little
internalstructure,composedof inertgenesthatbarelyrespondto thegiventreatment(comparableto thatfoundin the
middleof theSOMby Tamayoetal. (1999);cf. paragraph3.1). By increasingthenumberof experimentsperformed,
moreandmoregenesaregivena chanceto moveout of this cluster. Togetherwith functionalrelatives,their changed
expressionpatternwill provideahandlefor distinctionby clusteringalgorithms.I will go into theseexpectedpatterns
a bit morein thediscussion(paragraph5.1).

Whenreviewing yeastgeneexpressionresearch,thework of Hauseretal. (1998)shouldbementioned.Thepaper
describesa thoroughinvestigationof severalaspectsof microarrayresearch,includingthe techniquesusedfor RNA
isolation,which canseverelyinfluencethereproducabilityof experiments.Hauseret al. (1998)alsomentionthatfor
increasingthestatisticalsignificanceof measurements,re-useof DNA-chipsis stronglyadvised,sincepreparationof
a DNA-chip is oftensubjectto morefluctuationsthanis desirable.

4.3 Logical description of the regulationof a seaurchin gene

Sciencemagazinefeaturedaremarkableresearcharticlelastyear, in which theauthorscombinedpreviousknowledge
anddetailedanalysisof theStrongylocentrotuspurpuratusgeneEndo16, to resultin a preciselogical descriptionof
theinfluencesof thetranscriptionfactorsof thisgene(Yuhetal.,1998).Endo16is anendodermalgenethatencodesa
poly-functionalprotein,transcriptionof which is activatedearly in thedevelopmentof theorganism.Thegoalof the
researcherswasto developacomputerprogrammappingthecis-regulatorysystemof thisgene,whichcouldsimulate
theexpressionof Endo16giventhelevelsof thetranscriptionmodulesasinput. Therealisationof theprogramwasa
step-wiseprocess:thetime-seriesdataof theexperimentsweretestedagainstmodeloutputfrom thecomputer, by a
procedureof minimisingthesquareof asinglefreeparameterperinteractionmodel(Yuhetal.,1996).For completion
of the modelsystem,the logic statementswererevised,or new statementswereaddedprogressively. If the model
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cameupwith adilemma,anexperimentwasdesignedto decidebetweenalternatives.Ultimately, a logicalsystemwas
composed,which couldaccountfor all theexperimentscarriedout. Thesystemcontainedbothall-or-noneeffectors
andtranscriptionfactorsthathadagradualeffect,proportionalto their concentration.

Thoughthis experimentdid not make useof DNA-chips, it is a goodexampleof how thegoalof specifyingthe
interactionsof genescanbeachieved.A warningthatmaybetakenfrom theexample,is thatto resolve thecomplete
topologyof geneconnections,a lot of detailedresearchmaybenecessary, sinceevena very small (8-node)network
couldbeverycomplex. If all genenetworksturnoutto beascomplex asthecis-regulatorysystemof Endo16, attempts
to reconstructthenetworksunderlyingall thegenesarrayedin largemicroarrayswith over 6000nodesis a hopeless
task.Theonly pathwayto areliablesolutionis to severelyrestrictthescaleatwhich thesystemis studied.A question
thatarises,is whetherthelogicalnetfoundby (Yuhetal., 1998)is indeedtheonly solution,andalsoif thesolution(s)
mightbefoundusingamoregeneralreconstructionapproach,giventheexperimentsthey performed.

ArnoneandDavidson(1997)review someresearchdoneon theorganisationandfunctionof genomicregulatory
systems.They arguethattheonly wayto understandingof thehardwiringof development,liesin directanalysisof cis-
regulatorysystemssituatedat all levelsof thenetwork. In their review, themethodsusedto 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 importantassumptionmadein many of the theoreticalmodelson which reverseengineeringis tried out, is that
thedatacomesin a setof randomstatetransitionpairs(Hertz,1998;Akutsuet al., 1999). In biologicalexperiments
however, theresultsareoftenratherexpressionvaluesof thegenesatanumberof sequentialtime-steps,whicharefar
from uncorrelated(Eisenet al., 1998;Tamayoet al., 1999). As Tamayoet al. (1999)have mentioned,a lot of genes
in thebiologicalsystemremainuninfluencedby theexperimentaltreatment,andin expressionpatternclustering,they
arethereforehardlydistinguishable.To make this point explicit: if reconstructionof a geneticnetwork is pursued,in
whichfor all genesthereareinteractionparametersrepresented,weneedto giveall genestheopportunityto exerttheir
influence.Duringanexperimentaltreatmentby whicha geneis notaffected,it will just stayat it’sequilibriumvalue:
this is a likely scenario,sincethevastmajorityof theinteractionvaluesin an �M�;� interactionmatrixareexpectedto
bezero(Hertz,1998).Accordingto theseconsiderations,whatmaybeexpected,is thata within thegeneticnetwork
a numberof subnetworkscanbediscerned,with atmostjusta few cross-linksbetweenthem.

In this light it is perhapsalsonotsurprisingthatclusteringof genesby theirexpressionpatternsrevealsgenesthat
are functionally related. If a certainexperimentis performed,the genesspecificfor the processesinvolved in that
experimentwill respond.If thegeneticnetwork is, asproposedabove,composedof a largenumberof subnetworks,
with only minor interconnections,thenit canonly beexpectedthatclustersin thegeneticexpressionpatternsindicate
functionallyrelatedgenes.

5.2 Prospects

An importantquestionin themodelingof geneticnetworks,is to whatextentthenetis modular. If wecanassumewell
specifyablesubnetworks,thedetailedinferenceof theconnectionswould requiremuchlessdatapointsthaninference
of thecompletegenomicnetwork. Two interestingfindingsin this light arethefollowing:

i The clusteringof the expressionpatternsin microarrayexperimentsleadsto specificgroupsof functionally
relatedgenes(Eisenetal.,1998).Thesegroupsof genesareinvolvedin theprocesseswhosereactionis invoked
by theexperimentsperformedin theexperiment.Thesubsetsof genesthatareusedin processesleft unaffected
by theexperimentstayin their equilibrium,andthusform a largeandratherinert clusterwhich is difficult to
place(Tamayoetal., 1999).

i Somesequencehomologs(genessupposedlyoriginatingfrom asingleancestor)arefoundscatteredoverall the
expressionpatternclusters(Hogeweg, preliminaryresults).This maymeanthat if a certainfunctionis needed
in different“responsegroups”,for eachgroup,a specialgeneis used.Regulationof its expressionspecifically
in thesituationin questionmaybedoneby e.g.differentregulationsitesin thecis-regionof thegene.

Unlessthe scaleandexperimentalprecisionof microarrayingincreasesvery severely, this techniquewill never
besufficient asa basisfrom which to infer completedetailedgeneticinteractionnets. However, we maybeableto
build on thepictureof genenetworksasproposedabove,andassumedetachedsubnetworks(whichmaybeidentified
by e.g.clusteranalysisof expressiondata). Difficulties canbe expected,sincethe basisof the clustersis a shared
expressionpattern:subnetwork reconstructionmayonly yield trivial connections.It is importantto geta grip on the
natureof theinterconnectionsbetweenthesubnetworks,andto developmodelsthatmaycontainthemodularview of
thegeneticnetwork. Thiscouldbeanaid in network reconstruction,hintingat which interactionparametersneednot
beconsidered.Techniquesasdescribedin this thesismaybesufficientfor network reconstructionwithin themodules,
assumingcompleteconnectivity therein.

As wehave seenin chapter4, microarrayingcanserve many otherusefulpurposes,whenit comesto theidentifi-
cationof genetranscriptsor thediscoveryof coexpressedclustersof genes.In theseinvestigations,thegoalof reverse
engineeringis putaside,andtheresultsof expressionstudiesareusedasheuristicsin otherresearchtargets.
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