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Abstract

Themodelingandsimulationof regulatorysystemsarehamperedby thesizeandcomplexity
of regulatorynetworksandtheabsenceof quantitativeinformationsonregulatoryinteractions.
In responseto theseproblems,we have developeda methodfor thequalitative simulationof
largeandcomplex geneticregulatorynetworks.Themethodis herepresentedin thecontext of
its applicationto aregulatorynetwork of biologicalinterest,namelythegenesandinteractions
regulatingtheinitiation of sporulationin B. subtilis. Simulationswith amodelof thisnetwork
reveal that thesalientfeaturesof sporulationinitiation arereproduced,but thatanadditional
interaction,hypothesizedin theliteraturebefore,maybeinvolved.

1 Introduction

It is now commonlyacceptedthatmostinterestingpropertiesof anorganismemergefrom thein-
teractionsbetweenits genes,proteins,metabolites,andothermolecules.Thisimpliesthat,in order
to understandthe functioningof an organism,we needto elucidatethenetworks of interactions
involved in generegulation,metabolism,signaltransduction,andothercellularandintercellular
processes.

As regulatorysystemsof interestusuallyinvolve many componentsconnectedthroughinter-
locking positive andnegative feedbackloops,an intuitive understandingof the dynamicsof the
systemis hardto obtain. Computer-supportedmodelingandsimulationcontribute to the eluci-
dationof regulatorynetworks by enablingthe biologist to systematicallyinvestigatethe conse-
quencesof differenthypotheses.Simulationof a regulatorynetwork leadsto predictionsthatcan
be verified by meansof experimentaldata. If a conflict is observed, the biologist may suggest
modificationsof themathematicalmodelandtestthesethroughfurtherexperimentation.

Themodelingandsimulationof regulatorysystemsarehamperedby two majordifficulties[2].
A first problemis thata detaileddescriptionof thekineticsof a systemof regulatoryinteractions
requireslarge andcomplex mathematicalmodels.For instance,in orderto modelthePER/TIM



feedbackloop in themechanismunderlyingcircadianrhythmsin Drosophila, Leloup andGold-
beter[9] proposeda systemof tennonlineardifferentialequationswith aboutthirty parameters.
Bearingin mind thatjust two genesandtheirproductsareinvolved,it is obviousthattheanalysis
of largenetworkswill bedifficult to achieve on this level of detail. On theotherhand,restricting
attentionto a smallpartof thenetwork, without independentevidencethat it is appropriateto do
so,maycauseoneto missbehavioral featuresemerging from theglobalstructureof interactions.

This first problemis aggravatedby a secondproblem,namelythe absenceof quantitative
informationon the interactions.This severelycomplicatestheapplicationof traditionalmethods
for numericalanalysis.Althoughsometimesroughexperimentalvaluesfor thekineticparameters
in the modelmay be available, as in the caseof � phagegrowth control in E. coli [10], these
examplesform anexceptionto therule.

In responseto theabove two problems,we have developeda methodfor thequalitative sim-
ulation of large andcomplex geneticregulatorynetworks [3, 4]. The methodrepresentsregula-
tory interactionsbetweengenesby a classof differentialequationsthat abstractfrom biochemi-
cal details,while retaininga biological significance.Insteadof giving a numericalvalueto the
modelparameters,qualitative constraintsin the form of parameterinequalitiesarespecifiedthat
allow predictionsto bemadeaboutthepossiblequalitative behaviors of a regulatorysystem.The
methodhasbeenimplementedin Java 1.2,resultingin thecomputertool GNA (GeneticNetwork
Analyzer).

Theaimof thiscontribution is to introducetheabovemethodin thecontext of its applicationto
aregulatorynetwork of biologicalinterest,namelythegenesandinteractionsregulatingtheinitia-
tion of sporulationin theGram-positivesoil bacteriumBacillussubtilis[6, 8]. Underconditionsof
nutrientdeprivation,B. subtiliscandecidenot to divide andto form a dormant,environmentally-
resistantsporeinstead. The decisionto either divide or sporulateis controlledby a complex
network integratingvariousenvironmental,cell-cyle, andmetabolicsignals.We have simulated
the sporulationnetwork usinga modelconstructedfrom publishedreportsof experiments.The
simulationsreveal thatthesalientfeaturesof theinitiation of sporulationarereproduced,but that
anadditionalinteraction,hypothesizedin theliteraturebefore,maybeinvolved.

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

On the basisof the extensive literatureon B. subtilis sporulation(see[6, 8] for reviews), and
informationcontainedin thedatabaseSubtilist [12], we have constructeda mathematicalmodel
of thesporulationnetwork. A graphicalrepresentationof this network, displayingkey genesand
theirpromoters,proteinsencodedby thegenes,andtheregulatoryactionof theproteins,is shown
in figure1. For every interactionin thefigure,geneticandusuallymolecularevidenceis available.

The network is centeredarounda phosphorylationpathway integratinga variety of environ-
mental,cell-cycle, andmetabolicsignals[6, 8]. This pathway, calleda phosphorelay, transfers
phosphatesto theSpo0Aregulatorvia a chainof kinasesandphosphotransferases. Several reg-
ulatory proteins,detectingrelevant physiologicalconditions,interactwith the phosphorelayand
stimulateor inhibit theflux of phosphateacrossthechain.Whena sufficient numberof inputsin
favor of sporulationaccumulate,theconcentrationof Spo0A� P reachesa thresholdvalueabove
which it activatesvariousgenesthat commit thebacteriumto sporulation.In orderto producea
critical level of Spo0A� P, signalsarriving at thephosphorelayneedto beamplifiedandstabilized.
Thisis achievedby anumberof positiveandnegative feedbackloopscontrollingtheactivity of the
phosphorelayby transcriptionalregulationof its components.The decisionto entersporulation
is thereforenot determinedby a singlegene,but emerging from a complex network of genesand
regulatoryinteractionsthatintegratesa varietyof externalstimuli.
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Figure1: Geneticregulatorynetwork underlyingthe inititation of sporulationin B. subtilis. For
every gene,thecodingregion andthepromotersareshown. Promotersaredistinguishedby the
specific� factordirectingDNA transcription.Theregulatoryactionof aproteintendingto activate
(inhibit) expressionis indicatedby a ‘+’ (‘-’). The numbersin the figure are referencesto the
literaturedescribingthestructureof genesandtheregulatoryinteractions:[1] Jaacksetal. (1989),
J. Bacteriol., 171(8):4121;[2] Predichet al. (1992),J. Bacteriol., 174(9):2771;[3] Fuyita and
Sadaie(1998), J. Biochem., 124:98; [4] LeDeauxet al. (1995), J. Bacteriol., 177(3):861;[5]
Jianget al. (2000), Mol. Microbiol., 38(3):535;[6] Chibazakuraet al. (1991), J. Bacteriol.,
173(8):2625;[7] Strauchet al. (1992),Biochimie, 74:619; [8] Mandíc-Mulic et al. (1995),J.
Bacteriol., 177(16):4619;[9] Bai andMandíc-Mulic (1993),GenesDev., 7:139; [10] Strauchet
al. (1989),EMBO J., 8(5):1615;[11] Strauch(1993),In: Sonensheinet al., BacillusSubtilisand
otherGram-PositiveBacteria, ASM Press,757;[12] Gauretal. (1988),J.Bacteriol., 170(3):1046;
[13] StrauchandHoch(1993),Mol. Microbiol., 7(3):337;[14] Kallio etal. (1991),J.Biol. Chem.,
266(20):13411;[15] Weir et al. (1991),J. Bacteriol., 173(2):521;[16] Healyet al. (1991),Mol.
Microbiol., 5(2):477;[17] Trachet al. (1991),Res. Microbiol., 142:815;[18] Wu et al. (1991),
Gene, 101(1):113;[19] Mandíc-Mulic et al. (1992),J.Bacteriol., 174(11):3561;[20] Burbulys et
al. (1991),Cell, 64:545;[21] Hoch(1993),Annu. Rev. Microbiol., 47:441;[22] PeregoandHoch
(1988),J.Bacteriol., 170(6):2560.[23] Yamashitaetal. (1989),J.Gen.Microbiol., 135:1335.



The logic of the regulatoryinteractionsis preciselyspecifiedin a mathematicalmodel. The
modelhastheform of a systemof piecewise-lineardifferentialequations(PLDEs)with nonneg-
ative, real variablescorrespondingto theconcentrationsof theproteinsencodedby thegenesin
figure1. Differentialequationsof this form, andtheir logical abstractions,have beenusedto an-
alyzegeneregulationbefore[5, 11, 16]. The regulatory interactionsaremodeledby meansof
stepfunctionsmappingtheconcentrationof aproteinto avalue1 or 0, dependingonwhetherthis
valueis above or below acertainthresholdconcentration.

Figure2(a)shows thedifferentialequationcorrespondingto spo0E, ageneencodingaprotein
phosphataseinvolved in the phosphorelay. The differential equationstatesthat spo0Eis tran-
scribedat a rate ����� from a ��� -promoterwhen the concentration����� of its repressorAbrB is
below thethresholdconcentration����� � (i.e., !#"%$&�'���)(��*��� �,+%-/. ) [15]. In addition,for transcription
to commence,thesigmafactor ��� encodedby sigA needsto beavailableataconcentrationabove
thethreshold� � �
� (i.e., !�01$&� � � (�� � �)� +2-3. ). Thedifferentialequationsalsostatesthat thedegra-
dationof Spo0Eis proportionalto its own concentration( 4657��������� ). The differentialequations
for theothergenescanbe formulatedin a similar way andmay involve complex expressionsof
stepfunctions.The10stateequationscompriseatotalof 45stepfunctionsexpressingthelogic of
generegulation.

Insteadof specifyingnumericalvaluesfor the thresholdandrateparametersin the PLDEs,
the simulationmethodrequiresthe model to be supplementedby qualitative constraintson the
parametersin the form of thresholdandequilibrium inequalities[3, 4]. The thresholdinequali-
tiesorderthedifferentthresholdconcentrationsof aprotein.Thethresholdinequalitiesdivide the
concentrationspaceinto regionswheretheconcentrationof every proteinlies betweenconsecu-
tive thresholds.Within sucha region, the concentrationwill move towardsa target equilibrium
indicatingthe strengthof geneexpressionin the region. The equilibrium inequalitiesorder the
possibletargetequilibriaof theproteinin differentregionsof thephasespacewith respectto the
thresholdconcentrations.

For theproteinsin thesporulationmodel,1 to 4 thresholdconcentrationsand1 to 3 equilib-
rium concentrationsneedto beordered.Thethresholdandequilibriuminequalitiesfor Spo0Eare
shown in figure 2(b)-(c). To a large extent, the choiceof appropriatethresholdandequilibrium
inequalitiesis constrainedby biological considerations.For instance,thechoicefor theequilib-
rium inequalities�8� �:9<;=�����
>*5?� �2;A@CBEDGFIH is motivatedby thefactthatwhenspo0Eis expressed,
its concentrationshouldbe able to reacha level above which it can block the phosporflux of
phosphatethroughthephosphorelay. If the thresholdandequilibriuminequalitiescannotbeun-
ambiguouslydetermined,onehasto repeatthesimulationfor differentparameterconstraints.

By meansof the algorithmdescribedin [4], the qualitative behavior of a geneticregulatory
network canbesimulatedfrom a specifiedinitial qualitative state.A qualitative stateof thenet-
work is composedof qualitative valuesfor eachof theproteinconcentrations,wherea qualitative
valueis definedasa concentrationrangeboundedby thresholdconcentrations.Thatis, thepossi-
ble qualitative valuesfor Spo0Eare JLKA� ��� ;M� ��� � , � ��� � ;A� � � ;N� ���:O , � ���PO ;A� � � ;M� � �:9 , and�����:9Q;R��� �SKRTVUW��� � (comparefigure2(b)).

Thesimulationalgorithmproducesastatetransitiongraphby determiningthequalitativestates
thatarereachablefrom the initial qualitative statethroughoneor moretransitions.Thepathsin
thegraphstartingfrom theinitial state,andendingin anattractor(a statewithout successorsor a
statecycle),form thepossiblequalitative behaviorsof thesystem.Figure3 showsanexampleof a
statetransitiongraphgeneratedby GNA, aswell asthetemporalevolutionof thequalitative value
of AbrB andKinA for aselectedqualitative behavior in thegraph.



Stateequationfor Spo0E: X Y[Z]\X�^`_ba Z]\?c*dGe Y[fhg�i�j,f�g&k�l c)mne Y Z f#i�j Z f�k�l'oqp Z]\ Y Z]\ i (1)

with

c d e Y fhg i j fhg khl _srut ivY f�g%w j fhg kx ivY[f�g%yVjEfhgIk i c m e Y7Z f i jEZ f k�l _zr x i{Y7Z fQw jEZ f kt i{Y Z fQy|j Z f�k
(a)

Four thresholdconcentrationsaredefinedfor Spo0E,jEZ]\ k)i�}�}�}�i jEZ]\&~ , indicatingfour levelsof activationof
thephosphorelay. Assumingthat jEZ]\�k w }�}�} w jEZ]\&~ , wehave thethresholdinequalities:x w j Z \ k w j Z]\ � w j Z]\I� w j Z]\ ~ wb�<���?�]� i
where��� Y[Z]\ is a constantdenotingamaximumconcentration.

(b)

The target equilibria for SpoOEaredeterminedby

X Y[Z]\X*^ _ x
. With (2), the possibleequilibrium con-

centrationsof Spo0E,for differentvaluesof c d e Y[f�g
i jEfhgIkhl and c m e Y Z f#i�j Z f�k�l , aregiven by Y Z \ _ x
andY Z]\ _ a Z \pWZ]\ . Theequilibriuminequalitiesfor Y Z]\ _ a Z \pWZ]\ are:

jEZ]\&~ w a Z \pWZ]\ w��<��� �]�
(c)

Figure2: (a) Differentialequationand(b)-(c) thresholdandequilibrium inequalitiesfor Spo0E
(see[3, 4] for details).Theconcentrationsof Spo0E,AbrB, andSigA aredenotedby ����� , �'��� , and� � � , respectively.



3 Simulation results

GNA hasbeenusedto simulatethe network underlyingthe initiation of sporulationfrom initial
statesreflectinga perturbationof thevegetative growth conditions.

�
Theperturbationsconsistin

anexternalsignalindicatingastateof nutritionaldeprivation,whichcausesKinA to autophospho-
rylate.Thesimulatedbehavior of ournetwork shouldreflecttheessentialbiologicalcharacteristics
of thesporulationinitiation process.In particular, we expectto observe two stablesteadystates,
correspondingto vegetativegrowthandsporulation,andacontrolled,all-or-nontransitionbetween
thesestatesin responseto externalstimuli [1].

After themodificationto bediscussedbelow, our modelof theregulatorysystemreproduces
exactly theseproperties.Thesimulationsresultin two stablesteadystates,V2 andV24 in Fig. 3,
correspondingto vegetative growth (low concentrationsof ��� andSpo0A� P, high concentration
of AbrB) andsporulation(high concentrationsof KinA andSpo0A� P, activationof spoIIA). For
a wide rangeof initial conditions,the network settlesinto eitheroneof thesestates.A second
importantaspectof the model is that it shows how an externalstimuluscanleadto a transition
betweenthe stablesteadystates. Low-amplitudesignalsfrom the environment,giving rise to
the autophosphorylation of KinA, areamplifiedandstabilizedthroughfeedbackloops in order
to provoke thedramaticchangein thepatternof geneexpressionaccompanying theswitchfrom
vegetative growth to sporulation.

In orderto arrive at the above results,we hadto modify the equilibrium inequalitiesfor the
phosphataseSpo0Especifiedin Fig.2. In fact,for initial conditionsin whichB. subtilisisexpected
to sporulate,themodelreproducesthis behavior only whenthetargetequilibriumconcentrations
of Spo0Eareplacedbelow thelower thresholdconcentrationsof theprotein( J�;s�����
>*5?� �2;��8� � �
or �8� � � ;v�����
>*5?� ��;{�����PO ). This is troublesome,becauseit implies thatSpo0Ecannotexert any
influenceonthedecisionto sporulate,asits concentrationwill notreachthethresholdlevelsabove
which it canblock thephosphateflux throughthephosphorelay. As a remedy, we couldpostulate
that an unknown signaldecreasesthe activity of Spo0Eat the onsetof sporulation. Molecular
studiesof the interactionof Spo0Ewith componentsof thephosporelaysuggesttheexistenceof
suchacellularfactorwhich remainsasof yetunidentified[13].

4 Discussion

We have presenteda genericmethodfor thequalitative simulationof large andcomplex genetic
regulatorynetworks. Themethodhasbeenimplementedin thecomputertool GNA andapplied
to theanalysisof thenetwork of interactionscontrollingtheinitiation of sporulationin B. subtilis.
Thesimulationsrevealthattheessentialfeaturesof theinitiation of sporulationcanbereproduced
by meansof a modelconstructedfrom the experimentalliterature. However, we alsoconclude
thatanadditionalinteractionregulatingtheactivity of thephosphataseSpo0Emaybenecessary
for thedecisionto continuevegetativegrowth or entersporulation.Thisexampledemonstratesthe
potentialof our methodto discover new andmissinginteractionsandguidefurtherexperimenta-
tion.

Qualitative methodsfor theanalysisof geneticregulationsystemshave beendevelopedin ar-
tificial intelligenceandmathematicalbiologybefore(reviewedin [2]). Applicationsof qualitative
simulationmethodsdevelopedin artifical intelligence(e.g.,[7]) have revealedseriousupscaling
problems.Themethodpresentedin thispaperis ableto dealwith largeandcomplex networksby
focusingonaclassof differentialequationsthatputstrongconstraintsonthelocaldynamicsof the�

BothGNA andthesporulationmodelareavailablefrom theauthorsuponrequest.



Figure3: GNA output for the simulationof the sporulationmodel in Fig. 1. The left window
shows the statetransitiongraphwith a qualitative behavior running from the initial qualitative
stateV1 to the attractorstateV24. The right window shows the qualitative temporalevolution
of theconcentrationof two of the proteins,AbrB andKinA. The simulationtakeslessthanone
secondto completeon aSUN Ultra 10 workstation.

system[3, 4]. In fact, thesimulationsof thesporulationnetwork take a few secondsto complete
onanaveragePC,whichallows alternative network topologiesto berapidly evaluated.

In comparisonwith the logical methoddevelopedby Thomasandcolleagues[16], which is
basedon comparableabstractionsof regulatoryinteractions,we have optedfor differentialequa-
tion models.Webelieve thatthelatterformalismis intuitively clearandof largegenerality. More-
over, it facilitatesthe integrationof any quantitative databecomingavailable throughimprove-
mentsof currentmeasurementtechnologies.Our approachhasbeeninfluencedby the work of
Snoussi[14] andothers,who have demonstratedthat theclassof logical equationsin [16] canbe
reformulatedasaclassof differentialequations.

The resultsof the simulationof sporulationinitiation in B. subtilis confirm the importance
of the method’s capability to handlelarge networks. In fact, the binary decisionbetweenveg-
etative growth andsporulationis an emerging propertyof the regulatory interactionsbetweena
largenumberof genesthatcooperatively switchto a new geneticprogram.Furtherwork is aimed
at embeddingthedecisionmodulestructuredaroundthephosphorelayinto thelargernetwork of
sporulationandotherresponsesto nutrientdeprivation(e.g.,competencedevelopment[6]). Anal-
ysis of thesemodelswill give us a clearerpictureof the molecularmechanismsunderlyingthe
adaptationof B. subtilisto its environment.

Acknowledgements TheauthorsthankA. Morgat,F. Rechenmann,A. Viari, andtwo anonymous
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