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Abstract

The modelingandsimulationof regulatorysystemsarehamperedy the sizeandcompleity
of regulatorynetworksandtheabsencef quantitatveinformationsonregulatoryinteractions.
In responseo theseproblemswe have developeda methodfor the qualitative simulationof
largeandcomplex geneticregulatorynetworks. Themethods herepresentedh the context of
its applicationto aregulatorynetwork of biologicalinteresthamelythegenesandinteractions
regulatingtheinitiation of sporulationin B. subtilis Simulationswith amodelof this network
revealthatthe salientfeaturesof sporulationinitiation arereproducedbut thatanadditional
interaction hypothesizedh theliteraturebefore,maybeinvolved.

1 Introduction

It is now commonlyacceptedhatmostinterestingpropertiesof anorganismemegefrom thein-
teractiondetweerits genesproteins metabolitesandothermolecules Thisimpliesthat,in order
to understandhe functioning of an organism,we needto elucidatethe networks of interactions
involved in generegulation, metabolism signaltransductionand othercellular andintercellular
processes.

As regulatory systemsof interestusuallyinvolve mary componentgonnectedhroughinter-
locking positve and negative feedbacKkoops, anintuitive understandingf the dynamicsof the
systemis hardto obtain. Computersupportedmodelingand simulationcontritute to the eluci-
dation of regulatory networks by enablingthe biologistto systematicallyinvestigatethe conse-
guence®f differenthypothesesSimulationof a regulatorynetwork leadsto predictionsthatcan
be verified by meansof experimentaldata. If a conflictis obsered, the biologist may suggest
modificationsof the mathematicainodelandtestthesethroughfurtherexperimentation.

Themodelingandsimulationof regulatorysystemsrehamperedy two majordifficulties[2].
A first problemis thata detaileddescriptionof the kineticsof a systemof regulatoryinteractions
requireslarge andcomplex mathematicamodels. For instancejn orderto modelthe PER/TIM



feedbacKoop in the mechanismunderlyingcircadianrhythmsin Drosophila Leloup and Gold-
beter[9] proposeda systemof ten nonlineardifferentialequationswith aboutthirty parameters.
Bearingin mind thatjust two genesandtheir productsareinvolved, it is obviousthatthe analysis
of large networkswill bedifficult to achieve on this level of detail. Onthe otherhand,restricting
attentionto a small partof the network, withoutindependenévidencethatit is appropriatdo do
s0,may causeoneto missbehaioral featuresemeging from the global structureof interactions.

This first problemis aggraated by a secondproblem, namelythe absenceof quantitatve
informationon theinteractions.This severely complicateghe applicationof traditionalmethods
for numericalanalysis. Althoughsometimesoughexperimentalaluesfor thekinetic parameters
in the model may be available, asin the caseof A\ phagegrowth controlin E. coli [10], these
examplesform anexceptionto therule.

In responseo the above two problemswe have developeda methodfor the qualitative sim-
ulation of large andcomplex geneticregulatory networks[3, 4]. The methodrepresentsegula-
tory interactionsbetweengenesby a classof differentialequationghat abstractfrom biochemi-
cal details,while retaininga biological significance. Insteadof giving a numericalvalueto the
model parametersgualitatve constraintsn the form of parameteinequalitiesare specifiedthat
allow predictionsto be madeaboutthe possiblequalitative behaiors of aregulatorysystem.The
methodhasbeenimplementedn Java 1.2, resultingin the computertool GNA (GeneticNetwork
Analyzer)

Theaimof thiscontritutionis to introducetheabaose methodn the contet of its applicationto
aregulatorynetwork of biologicalinteresthamelythegenesandinteractiongegulatingthe initia-
tion of sporulationn the Gram-positie soil bacteriumBacillussubtilis[6, 8]. Underconditionsof
nutrientdeprvation, B. subtiliscandecidenotto divide andto form adormant,ervironmentally-
resistantsporeinstead. The decisionto either divide or sporulateis controlledby a comple
network integrating variouservironmental,cell-cyle, and metabolicsignals. We have simulated
the sporulationnetwork usinga modelconstructedrom publishedreportsof experiments.The
simulationsreveal thatthe salientfeaturesof theinitiation of sporulationarereproducedbut that
anadditionalinteraction hypothesizedhn the literaturebefore,maybeinvolved.

2 Modeing and simulation of initiation of sporulation in B. subtilis

On the basisof the extensve literatureon B. subtilis sporulation(see[6, 8] for reviews), and
informationcontainedn the databasé&ubtilist[12], we have constructech mathematicamodel
of the sporulationnetwork. A graphicalrepresentatioof this network, displayingkey genesand
their promotersproteinsencodedy thegenesandtheregulatoryactionof the proteins,is shavn
in figure 1. For everyinteractionin thefigure,geneticandusuallymolecularevidenceis available.

The network is centeredarounda phosphorylatiorpathway integrating a variety of environ-
mental, cell-cycle, and metabolicsignals[6, 8]. This pathway, calleda phosphorelaytransfers
phosphateso the SpoOAregulator via a chainof kinasesand phosphotransferaseSeveral reg-
ulatory proteins,detectingrelevant physiologicalconditions,interactwith the phosphorelayand
stimulateor inhibit the flux of phosphatecrosghe chain. Whena sufficient numberof inputsin
favor of sporulationaccumulatethe concentratiorof SpoOA~P reaches thresholdvalueabove
which it activatesvariousgenegshat committhe bacteriumto sporulation.In orderto producea
critical level of SpoOA~P, signalsarriving atthephosphorelayeedto beamplifiedandstabilized.
Thisis achievedby anumberof positive andnegative feedbackoopscontrollingtheactivity of the
phosphorelayy transcriptionakegulation of its components.The decisionto entersporulation
is thereforenot determinedy a singlegene but emeging from a comple network of genesand
regulatoryinteractionghatintegratesa variety of externalstimuli.
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Figurel: Geneticregulatory network underlyingthe inititation of sporulationin B. subtilis For
every gene,the codingregion andthe promotersare shavn. Promotersaredistinguishedoy the
specifico factordirectingDNA transcription.Theregulatoryactionof a proteintendingto activate
(inhibit) expressionis indicatedby a ‘+' (*-’). The numbersin the figure are referencego the
literaturedescribinghe structureof genesandtheregulatoryinteractions]1] Jaackstal. (1989),
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Thelogic of the regulatoryinteractionss preciselyspecifiedin a mathematicamodel. The
modelhasthe form of a systemof piecavise-lineardifferentialequationgPLDESs)with nonney-
ative, real variablescorrespondindo the concentration®f the proteinsencodedoy the genesn
figure 1. Differentialequation=of this form, andtheir logical abstractionshave beenusedto an-
alyze generegulationbefore[5, 11, 16]. The regulatoryinteractionsare modeledby meansof
stepfunctionsmappingthe concentratiorof a proteinto avaluel or 0, dependingon whetherthis
valueis above or below a certainthresholdconcentration.

Figure2(a)shavs thedifferentialequationcorrespondindgo spoOE a geneencodingaprotein
phosphataséwvolved in the phosphorelay The differential equationstatesthat spoOEis tran-
scribedat a rate k. from a o“-promoterwhen the concentrationz,;, of its repressorAbrB is
belav thethresholdconcentratio,,, (i.€.,s (z4p, 04, ) = 1) [15]. In addition,for transcription
to commencethesigmafactoro? encodedy sigA needgo beavailableataconcentratiorabove
thethresholdfs,, (i.e.,s™(zsq,0sq4,) = 1). Thedifferentialequationsalsostateshatthe degra-
dationof SpoOEis proportionalto its own concentration—+,e zs¢). The differentialequations
for the othergenescanbe formulatedin a similar way and may involve complex expressionsof
stepfunctions.The 10 stateequationsomprisea total of 45 stepfunctionsexpressinghelogic of
generegulation.

Insteadof specifyingnumericalvaluesfor the thresholdandrate parametersn the PLDES,
the simulationmethodrequiresthe modelto be supplementedby qualitative constraintson the
parametersn the form of thresholdandequilibrium inequalities[3, 4]. The thresholdinequali-
tiesorderthedifferentthresholdconcentrationsf a protein. The thresholdnequalitiesdivide the
concentratiorspaceinto regionswherethe concentratiorof every proteinlies betweenconsecu-
tive thresholds.Within sucha region, the concentratiorwill move towardsa target equilibrium
indicating the strengthof geneexpressionin the region. The equilibrium inequalitiesorderthe
possibletagetequilibriaof the proteinin differentregionsof the phasespacewith respecto the
thresholdconcentrations.

For the proteinsin the sporulationmodel, 1 to 4 thresholdconcentrationgand1 to 3 equilib-
rium concentrationseedto be ordered.Thethresholdandequilibriuminequalitiesfor SpoOEare
shawvn in figure 2(b)-(c). To a large extent, the choiceof appropriatethresholdand equilibrium
inequalitiesis constrainedy biological considerationsFor instance the choicefor the equilib-
rium inequalitiehse, < kse/vse < maz e IS Motivatedby thefactthatwhenspoOEis expressed,
its concentratiorshouldbe ableto reacha level above which it canblock the phosporflux of
phosphatehroughthe phosphorelaylf the thresholdandequilibriuminequalitiescannotbe un-
ambiguouslydeterminedpnehasto repeathe simulationfor differentparameteconstraints.

By meansof the algorithmdescribedn [4], the qualitative behaior of a geneticregulatory
network canbe simulatedfirom a specifiedinitial qualitatve state. A qualitatve stateof the net-
work is composedf qualitative valuesfor eachof the proteinconcentrationsyherea qualitatve
valueis definedasa concentratiomangeboundedoy thresholdconcentrationsThatis, the possi-
ble qualitatve valuesfor SpoOEare0 < zs. < Os¢,, 0se; < Tse < Oseys Osey < Tse < Oseq, aNd
Oses < T5e < mazxg. (Compardigure2(b)).

Thesimulationalgorithmproducesstatetransitiongraphby determininghequalitative states
thatarereachabldrom theinitial qualitative statethroughoneor moretransitions.The pathsin
the graphstartingfrom theinitial state,andendingin anattractor(a statewithout successorsr a
statecycle),form thepossiblequalitative behaiors of the system Figure3 shavs anexampleof a
statetransitiongraphgeneratedby GNA, aswell asthetemporalevolution of the qualitative value
of AbrB andKinA for aselectedjualitatve behaior in thegraph.
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Figure 2: (a) Differentialequationand (b)-(c) thresholdand equilibrium inequalitiesfor SpoOE
(se€[3, 4] for details). The concentrationsf SpoOE AbrB, andSigA aredenotedy z ., 245, and
Tsq, FESPECiiely.



3 Simulation results

GNA hasbeenusedto simulatethe network underlyingthe initiation of sporulationfrom initial
stategeflectinga perturbatiorof the vegetatize growth conditions! The perturbationsonsistin
anexternalsignalindicatinga stateof nutritionaldeprivation,which causeXinA to autophospho-
rylate. Thesimulatedoehaior of our network shouldreflecttheessentiabiologicalcharacteristics
of the sporulationinitiation process.In particular we expectto obsere two stablesteadystates,
correspondingp vegetative gronth andsporulationandacontrolled all-or-nontransitionbetween
thesestatesn responséo externalstimuli [1].

After the modificationto be discussedelov, our modelof the regulatorysystemreproduces
exactly theseproperties.The simulationsresultin two stablesteadystatesV2 andV24 in Fig. 3,
correspondingo vegetatie growth (low concentrationsf o andSpo0A~P, high concentration
of AbrB) andsporulation(high concentrationsf KinA andSpo0A~P, activation of spollA). For
a wide rangeof initial conditions,the network settlesinto eitherone of thesestates. A second
importantaspectof the modelis thatit shavs how an external stimuluscanleadto a transition
betweenthe stablesteadystates. Low-amplitudesignalsfrom the ervironment, giving rise to
the autophosphorylan of KinA, are amplified and stabilizedthroughfeedbackioopsin order
to provoke the dramaticchangen the patternof geneexpressioraccompaning the switchfrom
vegetatie growth to sporulation.

In orderto arrive at the above results,we hadto modify the equilibriuminequalitiesfor the
phosphatas8poOEspecifiedn Fig. 2. In fact,for initial conditionsin which B. subtilisis expected
to sporulatethe modelreproduceshis behaior only whenthetargetequilibrium concentrations
of SpoOEareplacedbelon thelower thresholdconcentrationsf theprotein(0 < kse/vse < Ose,
Or fse, < Kse/vse < 0se,). Thisis troublesomebecauset impliesthat SpoOEcannotexert ary
influenceonthedecisionto sporulateasits concentratiorwill notreachthethresholdevelsabore
whichit canblock the phosphatélux throughthe phosphorelayAs aremedywe could postulate
that an unknavn signal decreaseshe actvity of SpoOEat the onsetof sporulation. Molecular
studiesof the interactionof SpoOEwith component®f the phosporelaysuggesthe existenceof
sucha cellularfactorwhich remainsasof yetunidentified[13].

4 Discussion

We have presentedh genericmethodfor the qualitative simulationof large andcomplex genetic
regulatory networks. The methodhasbeenimplementedn the computertool GNA andapplied
to theanalysisof the network of interactionscontrollingtheinitiation of sporulationn B. subtilis
Thesimulationsrevealthatthe essentiafeaturesof theinitiation of sporulationcanbereproduced
by meansof a model constructedrom the experimentalliterature. However, we alsoconclude
thatan additionalinteractionregulatingthe activity of the phosphatas&po0OEmay be necessary
for thedecisionto continuevegetatie growth or entersporulation.This exampledemonstratethe
potentialof our methodto discorer new andmissinginteractionsandguidefurther experimenta-
tion.

Qualitatve methoddor the analysisof geneticregulationsystemshave beendevelopedin ar
tificial intelligenceandmathematicabiology before(reviewedin [2]). Applicationsof qualitative
simulationmethodsdevelopedin artifical intelligence(e.g.,[7]) have revealedseriousupscaling
problems.The methodpresentedh this paperis ableto dealwith large andcomplex networks by
focusingon aclassof differentialequationghatputstrongconstraintonthelocal dynamicsof the

'Both GNA andthe sporulatiormodelareavailablefrom the authorsuponrequest.
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Figure 3: GNA outputfor the simulationof the sporulationmodelin Fig. 1. The left window
shaws the statetransitiongraphwith a qualitatve behaior running from the initial qualitatve
stateV1 to the attractorstateV24. The right window shows the qualitatve temporalevolution
of the concentratiorof two of the proteins,AbrB andKinA. The simulationtakeslessthanone
secondo completeon a SUN Ultra 10 workstation.

system[3, 4]. In fact,the simulationsof the sporulationnetwork take a few secondso complete
onanaveragePC,which allows alternatve network topologiesto berapidly evaluated.

In comparisorwith the logical methoddevelopedby Thomasand colleagued16], whichis
basedon comparableabstraction®f regulatoryinteractionswe have optedfor differentialequa-
tion models.We believe thatthelatterformalismis intuitively clearandof large generality More-
over, it facilitatesthe integration of ary quantitatve databecomingavailable throughimprove-
mentsof currentmeasurementechnologies.Our approachhasbeeninfluencedby the work of
Snouss[14] andothers,who have demonstratethatthe classof logical equationsn [16] canbe
reformulatedasa classof differentialequations.

The resultsof the simulationof sporulationinitiation in B. subtilis confirm the importance
of the methods capabilityto handlelarge networks. In fact, the binary decisionbetweenveg-
etative growth andsporulationis an emeging propertyof the regulatoryinteractionsbetweena
large numberof geneghatcooperatiely switchto a newv geneticprogram.Furtherwork is aimed
atembeddinghe decisionmodulestructuredaroundthe phosphorelaynto the larger network of
sporulationandotherresponsefo nutrientdeprvation (e.g.,competencelevelopmen{6]). Anal-
ysis of thesemodelswill give us a clearerpicture of the molecularmechanismsinderlyingthe
adaptatiorof B. subtilisto its ervironment.
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