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Abstract

Computermodelingand simulationare indispens-
able for understandinghe functioning of an or-

ganismon a molecularlevel. We presentan im-

plementedmethodfor the qualitatve simulation
of large andcomplex geneticregulatory networks.
The methodallows a broadrangeof regulatoryin-

teractionsbetweergenedo berepresentedndhas
beenappliedto the analysisof a real network of

biologicalinterest,the network controlling theini-

titation of sporulationin thebacteriumB. subtilis

1 Intr oduction

It is now commonlyacceptedn biology that mostinterest-
ing propertiesof an organismemepge from the interactions
amongits genesproteins,metabolitesandothermolecules.
Thisimpliesthat,in orderto understandhefunctioningof an
organism,the networks of interactionsinvolvedin genereg-
ulation, metabolism,signal transduction,and other cellular
andintercellularprocesseseedto be elucidated.

A geneticregulatory network consistsof a setof genes
and their mutual regulatory interactions. The interactions
arisefrom the factthatgenescodefor proteinsthatmaycon-
trol the expressionof othergenesfor instanceby activating
or inhibiting DNA transcription[Lewin, 1999. The study
of geneticregulatory networks hasrecevved a major impe-
tus from the recentdevelopmentof experimentaltechniques
permitting the spatiotemporakxpressionlevels of genesto
berapidly measuredn a massiely parallelway [Brown and
Botstein,1999. However, in additionto experimentalools,
computertools for the modelingandsimulationof genereg-
ulation processewill be indispensable. As most genetic
regulatorysystemsof interestinvolve mary genesconnected
throughinterlockingpositive andnegative feedbackoops,an
intuitive understandingf their dynamicsis hardto obtain.

Currently only a few regulatory networks are well-
understoodon the molecularlevel, and quantitatve infor-
mation aboutthe interactionsis seldomavailable. This has
stimulatedaninterestin modelingandsimulationtechniques
developedwithin qualitatve reasoning(QR) [Heidtke and
Schulze-Kremer1998; Treleaseet al., 1999. A majorprob-
lem with theseapproachesbasedon well-known methods
like QSIM [Kuipers,1994 andQPT [Forbus, 1984, is their

lack of upscalability Following approaches mathematical
biology, de Jongand Page[2004 have proposeda qualita-
tive simulationmethodcapableof handlinglarge and com-
plex networks.

The aim of this paperis to generalizethe latter method
andto demonstratets applicability to real networks of bio-
logical interest. The generalizatiorof the methodallows a
broaderrangeof regulatoryinteractionsbetweerngenedo be
expressed. This enablesmore complex systemsto be ana-
lyzed, suchasthe network of interactionscontrollingtheini-
titation of sporulationin the bacteriumBacillus subtilis We
have simulatedthe sporulationnetwork using a model con-
structedfrom publishedreportsof experiments. The simu-
lationsreveal that an additionalinteraction,proposedn the
literaturebeforebut notyet experimentallyidentified,maybe
involved.

In the next section,we will discussthe classof equations
beingusedto modelgeneticregulatory networks. The third
sectiondescribeghe qualitative simulationalgorithm,focus-
ing on the representationf the qualitative stateof a regula-
tory systemandthe determinatiorof statetransitionsby the
simulationalgorithm. The subsequensectionspresentthe
resultsof the analysisof the sporulationnetwork aswell asa
discussiorof themethodin the context of relatedwork.

2 Modeling geneticregulatory networks

2.1 Approximations of regulatory interactions

In orderto modela geneticregulatorynetwork, we first have
to describeheregulatoryinteractiondgn anempirically valid
and mathematicallyrigorousway. Considera DNA-binding
proteinencodedy genej, activatingthe expressiorof atar
getgenei. Therateof transcriptionof ¢ asa functionof the
concentratior; of the regulatoryproteinfollows a sigmoid
curve [Yagil andYagil, 1971]. Below athresholdconcentra
tiond; > 0 thegeneis hardlyexpressedtall, whereasibove
this thresholdts expressiorrapidly saturates.
Sigmoidcurvesarealsofoundin the caseof morecomplex
regulatory mechanisms.Considerthe proteinsJ andK that
formadimerrepressinghetranscriptiorof genei (Fig. 2(b)).
Analysisof a kinetic modelof this regulatorymechanisnre-
vealsthatthe rate of expressionof ¢ dependsn a sigmoidal
fashionon thetotal concentrations; andz, of JandK, re-
spectvely. Thatis, both JandK needto be availableabove
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Figurel: Geneticregulatorynetwork underlyingtheinititation of sporulationin B. subtilis For every gene the codingregion
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Figure 2: (a) Activation of a target genesi by a regulatory
proteinJ. (b) Inhibition of ¢ by aproteincomplex JeK.

In the caseof steepsigmoids,the combinedeffect of reg-
ulatory proteinson geneexpressioncanbe approximatedy
meansof Booleanfunctions[Kauffman, 1993; Thomasand
d’Ari, 1990. Herewe will rewrite a Booleanfunction in
termsof stepfunctionsand arithmeticsumsand multiplica-
tions, following the procedureof Plahteet al. [1994. For
the activator proteinin Fig. 2(a), we thusobtaina regulation
functionr(z;) = k s*(x;,6;), wheres* () is astepfunction
(Fig. 5) andx > 0 arate parameter Similarly, the effect
of aregulatoryproteinrepressingyene; canbe describedy
r(z;) = ks (x5,0;), with s™(z;,60;) = 1 — s¥(z;,0;).
The dimer repressoexamplein Fig. 2(b) leadsto the func-
tion ri(wj,:ck) = K; (1 - S+($j, 0]') S+(.'L'k, Hk))

Although the above discussiorhasfocusedon the repre-
sentationof interactiongregulatingthe synthesisof proteins,
it alsoappliesto the degradationof proteins. Sigmoidrela-
tionsareobsenedin the latter caseaswell, sothatthe logi-
cal approximationg@revalid. In orderto formally distinguish
proteindegradatiorratesfrom proteinsynthesisateswe will
denotetheformerby ~; insteadof &;.

2.2 Stateequations

Thedynamicsof geneticregulatorynetworkscanbemodeled
by asystenof differentialequationsuggestety Mestl etal.

[1999, extendingearlier proposalsby Glassand Kauffman
[1973 andThomasetal. [1990.

& = fi(x) — gi(x)zi, ©;>0,1<4<n, (1)
wherex is a vectorof cellular protein concentrations.The
stateequationg1) definethe rate of changeof the concen-
trationz; asthedifferenceof therateof synthesisf;(x) and
therate of degradation—g;(x)z; of the protein. Exogenous
variablescanbe definedby settingz; = 0.

Thefunction f; : RZ, — Ry is definedas

fz(m) = ZT,’[(iB) > 0, (2)

leL

wherer; () is a regulationfunction and L a possiblyempty
setof indicesof regulationfunctions. The function g;() is
definedanalogouslyto (2), exceptthat for reasonghat will

becomeclearbelon, we demandthat g;(x) is strictly posi-
tive. Notice that for the above definitionsof f;() and g;(),

the stateequationg1) are piecevise-linear Equationof this
form, andtheirlogical abstractionshave beenwell-studiedin

mathematicabiology (e.g.,[Lewis andGlass,1991;Mestl et
al., 1995; Thomasandd'Ari, 199Q).

Egs.(1) and(2) generalizeuponthe formalismemployed
in [de Jongand Page, 2004 in two respects.First, the reg-
ulation functionsr; () may be the mathematicakequialent
of ary Booleanfunction, whereasn the earlierpaperit was
restrictedto logical functions composedof Booleanprod-
ucts. Secondthe regulationof proteindegradationcannow
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Figure3: Stateequationsthresholdinequalities,andequilibriuminequalitiesfor the genes(a) spoOEand (b) abrBin Fig. 1.
The subscriptdn the equationgeferto the sporulationgeneskinA (ka), SpoOE(se), spo0A(sa), sigA (a), sigH (h), andabrB

(ab).

be modeled,whereasbeforethe degradationrate was setto
gi(x) = ;. Theseextensionsallow the structureof complex
regulatorynetworksto beformalizedin a corvenientway.

In Fig. 3 the stateequationscorrespondingo two of the
genesin the sporulationnetwork of Fig. 1 areshavn. The
differentialequationin (a) stateshat spoOEis transcribedat
aratek,. from ac4-promotemwhenits repressoAbrB is be-
low its thresholdconcentratio s, (i.€.,5™ (Zap,84p,) = 1).
In addition, for transcriptionto commencethe sigmafactor
o4 encodeddy sigA needgo be availableat a concentration
above the thresholdd,,, (i.e., st (zs4,050,) = 1). SpoOE
degradesatarateproportionalto its own concentration.
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Figure4: (a) Two-dimensionaphasespacedividedinto reg-
ulatory domainsby the thresholdplanes.The shadedegula-

tory domaindefinedbyegkl_l) < < HY“) andegkrl) <
T2 < ng” hasa target equilibrium in an adjacentregula-
tory domain.(b) The samephasespaceawith switchingzones
aroundthethresholdplanes.

2.3 Thresholdand equilibrium inequalities
In general,a protein encodedby a genewill be involved

in differentinteractionsat differentthresholdconcentrations.

Although exact numericalvalueswill not usually be avail-
able,we canorderthe p; thresholdconcentrationsf genei,
which givesthe thresholdnequalities

0< 8 < ... <6 < maz;. ©)

The parametermaz; denotesa maximumconcentratiorfor
the proteindenotedoy .

For the sporulationgeneabrBtwo thresholdsaredefined,
0.5, andb,;,. AbrB hastwo thresholdconcentrationsé,,
andd,, . Thefirst thresholdcorrespondso the repressiorof
spoOE sigH, andotherearly sporulationgeneshy AbrB. The
secondthresholdcorresponddo the autoreyulation of abrB
duringvegetative growth, whenAbrB levelsareattheir high-
est. This motivatesthe orderingof the AbrB thresholdsin
Fig. 3(b): 045, < Gap,-

Then — 1-dimensionathresholdhyperplanes; = 92’”‘”,
1 < k; < p; divide the phasespacebox into regions, called
regulatorydomaing(Fig. 4). Within eachregulatorydomain,
the stepfunction expressionsn (2) canbe evaluated which
reducesf;() andg;() to sumsof rateconstantsThatis, f;()
simplifiesto someu; € M; = {fi(z) | 0 < = < max},
andg;() tosomey; € N; = {g;(z) | 0 < z < max}. The
setsM; andN; collectthedifferentsynthesianddegradation
ratesof the proteinin differentdomainsof the phasespace.

It can be easily showvn that all trajectoriesin a regula-
tory domaintendtowardsa single, stablesteadystatex =
wp/v, the tamet equilibrium lying at the intersection of
the hyperplanesr; = u;/v; [Glassand Kauffman, 1973;
Mestlet al., 1995; Thomasandd’Ari, 199d. Thetargetequi-
librium level pu;/v; of the proteinconcentratione; givesan
indicationof the strengthof geneexpressiorin theregulatory
domain.

Asin thecaseof thresholdbarametersxactnumericalval-
uesfor therateconstantsvill notusuallybe available. How-
ever, it is possibleorderthe possibletarget equilibrium lev-
elsof z; in differentregionsof the phasespacewith respect
to the thresholdconcentrations. The resulting equilibrium
inequalitiesdefinethe strengthof geneexpressionin a reg-
ulatory domainin a qualitatve way, on the scaleof ordered
thresholdconcentrationsMore precisely for every u; € M;,
v; € N;, we specifysomel;, 1 < I; < p;, suchthat

6" < pifvi < 0D, (4)
with specialcased) < u;/v; < 621) andegp") < pifvi <
mazc;.

Inspection of the state equationsof AbrB shaws that
Map = {0,640} andNypy = {7v4s}. The equilibrium level

! The equilibriuminequalitieshave alsobeencalled nulicline in-
equalitied de JongandPage,200d, becausehe equilibrium levels
correspondo nulicline hyperplaneén thephasespace.



Kab/7Yap 1S placedabove the highestAbrB threshold,since
otherwisethe concentrationof AbrB would never be able
to reachor maintaina level at which negative autorgula-
tion takes place. This leadsto the equilibrium inequalities
eabg < ’iab/’Vab < Mazxgp.

The thresholdand equilibrium inequalitiesdeterminethe
signof z; in aregulatorydomain,andhencethelocal dynam-
ics of the system.In fact, givena regulatorydomaindefined

in dimensioni by Ol(-k") <z < 05’““), it canbe shawn that,
if pifvi < 05’“), thenz; < 0 everywhereinsidetheregula-
tory domain. Similarly, if p;/v; > 01(.'““), theng; > 0. On
theotherhand, if 02’”) < pilvi < 02'“”1), thenthesignof &;
in the regulatorydomainis not unique,written as:; ; 0.1n
particular &; < 0 ononesideof thehhyperplaner; = p;/v;,
%; > 0 ontheothersideof the plane,andz; = 0 insidethe
plane.

2.4 Discontinuitiesin stateequations

The questionmustbe raisedwhat happensn the threshold
hyperplanest; = 02'“) separatinghe regulatory domains,
wherethe stepfunctions,andhencethe stateequationsare
notdefined.Severalsolutionsarepossiblefor this non-trivial

problem.In this paperwe follow the approactof Plahteetal.

[1994 andreplacethe discontinuousstepfunctionsby con-
tinuousrampfunctions(Fig. 5). The solutionof the PLDEs
with stepfunctionsis thendefinedto be the solution of the
DEswith rampfunctionsconsideredn thelimit § — 0.

T l+(xjvej: 6)

,,,,,,,,,,,,,,

T 0 9]' (7
Figure 5: Step function s*(z;,6;) and ramp function
I*(z;,05,6). 1T approachest asé — 0.

The use of ramp functions divides the phasespaceinto
regulatory domainsseparatedy switching zones regions
in which one or more z; have a value in the é-interval
[65'“) — 6/2,05'“) +6/2] aroundathresholdegk"). An ex-
amplephasespacewith switchingzonesis shavn in Fig. 4.
Insidethe regulatorydomains,the DEswith rampfunctions
are equialentto the PLDEs with stepfunctions. Outside
theregulatorydomainsjn the switchingzonesthe DEswith
rampfunctionsmay be nonlinearfunctionsof the concentra-
tion variables.The switchingzonesseparatinghe regulatory
domainsvanishandapproach(intersection®f) thethreshold
hyperplanessé — 0.

3 Qualitati ve simulation of geneticregulatory
networks

The goal of qualitatize simulationis to exploit the qualita-

tive constraintson parametewaluesin orderto predictthe

gualitatve dynamicsof a regulatorynetwork. More specifi-
cally, we would like to know which regulatorydomainscan

be reachedby somesolutiontrajectorystartingin the initial
regulatorydomain,for parametewaluesconsistentvith the
specifiedthresholdand equilbriuminequalities. A sequence
of regulatory domainsthus generatedjives an indication of
the evolution of the functionalstateof the system,astransi-
tionsbetweerregulatorydomainsreflectchangesn the syn-
thesisanddegradatiorratesof proteins.

3.1 Qualitative values,states,and behaviors

Theanalysisof PLDEsof theform (1) motivatestheintroduc-
tion of the qualitative valueof a statevariableandits deriva-
tive, aswell asdefinitionsof the qualitative stateand quali-
tative behavior of thesystem.Let £(t) = &(x, 0, 0, Kk, Y, 1)
be the solution of PLDEs with stepfunctionsdescribinga
regulatorynetwork on thetime-intenal [to, t [ for givenpa-
rametevaluesandinitial conditionsz(to) = xo.

Def. 1 (Qualitati vevalue) Supposethat at somet > t it

holdsthat£&(t) liesin areguIatorydomain,suchthatégk") <

&) < 01(.'““) foreveryi (1 <i<mnandl < k; < p;). The
qualitative valuequ(¢;, t) of &;(t) is givenby theinequalities
0¥ < z; < 65TV while the qualitative valuequ (¢;, t) of

£&:(t) is givenby oneof theinequalitiesi; < 0, &; > 0, &; s

0, dependingnthesignof ¢;(t) in theregulatorydomain.

The definition can be straightforwardly generalizedto the
caseof regulatorydomainshoundediy z; = 0 orxz; = max;.
Notice thatthe qualitative valueis not definedin the switch-
ing zonesaroundthethresholdhyperplanes.

Def. 2 (Qualitati ve state) Thequalitatve stategs(&,t) for &
att is givenby thevectorsgu(£,t) andqu(€, t) of qualitative
values.

A qualitative stateassociateavith aregulatorydomaincan
be interpretedasrepresenting functional stateof the regu-
latory system. Eachproteinconcentratiorhasa valuelying
betweentwo consecutie thresholdsandis eithertendingto-
wardsoneof thethresholdvaluesor evolving towardsavalue
betweerthethresholds.

Def. 3 (Qualitati ve behavior) Thequalitative
behavior gb(&) of ¢ is given by the sequencef qualitatve
statesys(&€,t) on[to, too|.

A qualitative behaior definesa successiorf qualitatve
statesf theregulatorysystem.lt is not difficult to shav that
every solution¢ of (1) canbe abstractednto a uniquequali-
tative behavior.

3.2 Qualitati ve simulation algorithm

In termsof the above definitions, the qualitative simulation
procedurecan be formulated as follows [Kuipers, 1994.
Giveninitial qualitatvevaluesgv,,, describingheinitial pro-
tein concentrations:, the simulationalgorithmcomputeshe
initial qualitative stategqs,, andthendeterminesll possible
transitionsfrom ¢s, to successoqualitatve states.Thegen-
erationof successostatess repeatedn a recursve manner
until all qualitatve stategeachablérom theinitial qualitative
statehave beenfound.

The possibletransitionsfrom a qualitative stateare deter
minedby therule below.
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Figure 6: Continuity constraintsfor the qualitatve values
qui, qv; andgu}, gv; of two qualitative statesgs andgs’ de-
fined on adjacentregulatorydomains. Valid for 1 < k; <
p; — 1, theconstraintsanbe easilygeneralizedo the caseof

gualitatve values0 < z; < 01(.1) andag’”) < z; < maz;.

Def. 4 (Statetransition) Let ¢gs andgs’ be two qualitatve
statesassociateavith adjacentegulatorydomains.A transi-
tion from gs to ¢s' is possiblejf for everyi, 1 < i < m, such
thatqu; # qu}, the qualitative valuesqu;, gv; and qv}, gv;
satisfythe continuity constraintsn Fig. 6.

Fig. 7(a) illustratesthe applicationof therule. Intuitively
formulated,the rule saysthat a transitionfrom one qualita-
tive stateto anotheris possible|f atrajectorymay crossthe
switchingzoneseparatingheregulatorydomainsof thequal-
itative states.

A simulation algorithm basedon Def. 4 is describedin
[de Jongand Page,200d. The qualitative statesandtransi-
tionsgeneratedby thealgorithmform a statetransitiongraph
The graphmay containcyclesandstateswithout successors,
which aretogethereferredto asattractors Sincethenumber
of possiblequalitative statesis finite, every pathin the state
transitiongraphwill reachan attractorat somepoint. Each
path running from the initial qualitatve stateqs, to an at-
tractorformsa possiblequalitative behavior of theregulatory
system.
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Figure7: (a) Phasespacewith derivative vectorsz in thereg-
ulatorydomains(—) andthe statetransitions(=-) permitted
by Def. 4. (b) Solutiontrajectoryescapinghroughswitching
zones.

3.3 Propertiesof simulation algorithm

Given a model andinitial qualitative valuesqv,, what can
be said aboutthe correctnes®f the behaiors producedby
gualitatve simulationWe defineaset= of possiblesolutions
of (1) on [to, teo[, Suchthatfor every ¢ € E the numerical
valuesof 8, k, and~y satisfy(3)-(4), andqu(&,t) = qu,.

Theultimateaim of qualitatve simulationis to determinehe
set() B of qualitative behaviors, suchthat(1) for every ¢ € =
thereisab € @B, suchthatgb(¢) = b (soundnegsand(2)
for every b € @B thereisa& € E, suchthatgb(&) = b
(completenegds

Unfortunately the simulationalgorithmbasedon Def. 4 is
not sound. A trajectorymay entera switching zonefrom a
regulatorydomain,andthenescapehroughotherswitching
zonesto enteranothey possiblynon-adjacentegulatorydo-
main(Fig. 7(b)). As aconsequencéhe simulationalgorithm
may overlook qualitative statetransitions.We foundthatthe
practicalconsequencesf suchomissionsare limited, since
qualitatve statesnotdirectly reachabléy atransitionareof-
tenindirectly reachabléy a sequencef transitions.

Completenessf the simulationalgorithmhasneitherbeen
provennor disproven, but seemdifficult to guaranteagiven
the behavioral compleity that canbe attainedby modelsof
theform (1) [Lewis andGlass,1991].

3.4 GeneticNetwork Analyzer

Thesimulationmethodhasbeenmplementedn Javal.2,ina
programcalledGNA (GeneticNetwork Analyzer)? Thepro-
gramreadsandparsesnputfiles specifyingthe modelof the
system(stateequationsthresholdand equilibrium inequali-
ties)andtheinitial state.Fromthisinformationit producesa
statetransitiongraph.Extension®f thesimulationalgorithm
allow all qualitative statesandtheir transitionsto be gener
ated,aswell asthecompletionandsimulationof modelswith
unspecifieahresholdandequilibriuminequalities.

GNA is accessiblethrough a graphical userinterface,
whichallowsthenetwork of interactionsbetweergeneso be
displayedaswell asthe statetransitiongraphresultingfrom
thesimulation.In addition,theusercananalyzetheattractors
with their basinsof attraction andfocuson qualitative behar-
iorsto studythetemporalevolution of proteinconcentrations
in moredetail (Fig. 8).

4 Application: sporulation in B. subtilis

The methodandits implementatiorhave beenusedto study
theregulatorynetwork underlyingtheinitiation of the sporu-
lation processin the Gram-positve soil bacteriumBacillus
subtilis|Grossman1995;Hoch,1993. Underconditionsof
nutrientdepriation, B. subtiliscandecidenot to divide and
form adormantenvironmentally-resistargporeinstead.The
decisionto eitherdivide or sporulateis madeby a complex
regulatory network integrating various ervironmental, cell-
cyle, andmetabolicsignals.

A schematiecepresentationf thecoreof this network, dis-
playingkey genesandtheir regulatoryinteractionsjs shavn
in Fig. 1. Thecentralcomponenof thenetwork is aphospho-
rylation pathway, a phosphorelaywhichtransferphosphates
from theKinA kinaseto the SpoOAregulator Aboveacertain
thresholdthe phosphorylateéorm of SpoOA(SpoOA~P)ac-
tivatesvariousgenesthat commit the bacteriumto sporula-
tion. An exampleis the spollA operon,which encodeghe
transcriptionfactoro ¥, essentiafor the developmentof the
forespore. The flux of phosphateacrossthe phosphorelay

2GNA is availablefrom the authorsuponrequest.
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Figure8: (a) GNA outputfor the equilibriuminequalities0 < &se/vse < 0se,. Theleft window shavs the statetransition
graphwith a qualitatve behaior runningfrom the initial qualitative stateV1 to the attractorstateV15. In the right window
thetemporalevolution of the qualitative valueof Hpr andKinA for this behaior canbefollowed. (b) Summaryof simulation
resultsfor aninitial stateexpectedo inducesporulationwhile varyingtheequilibriuminequalitiesfor SpoOE.Thesimulations
take betweerD.5and3 secondg$o completeon a SunUltra 10 workstation.

and hencethe concentrationof Spo0A~P, is controlled by
various external signalsinfluencingthe activity of pathway
components.In addition, the flux of phosphates regulated
by Spo0OA~P itself, througha numberof directandindirect
feedbacKoopsinvolving abrB sinl, sinR andothergenes.

Using the extensie literature on B. subtilis sporulation,
andthe Subtilistdatabasat the Institut Pasteurwe have for-
mulatedstateequationsand appropriateparameteinequali-
tiesfor every genein the network. In total, the mathematical
model consistsof 10 stateequations,10 thresholdinequali-
ties, and 30 equilibrium inequalities. In the rare casesthat
theliteraturedid notunambiguouslyleterminehe parameter
inequalitieswe have systematicallyexploredthe alternatves
and selectedhosethat permit the obsened behaior of the
bacteriumto bereproduced.

The behaior of B. subtilishasbeensimulatedfrom a va-
riety of initial states,reflectingdifferentphysiologicalcon-
ditions. For example,fig. 8(a) shavs the simulationresults
for aninitial statereflectinga perturbationof the vegetative
growth conditions,whenthe proteinkinaseKinA autophos-
phorylatesn responséo anexternalsignalindicatinga state
of nutritional deprivation. Under theseconditions, a state
transitiongraphwith two attractords producedgcorrespond-
ing to statesin which the bacteriumcontinuego divide (V3)
or initiatessporeformation (V15 andV18). Both statesnay
be reacheddependingn the exact valuesof the parameters
satisfyingthethresholdandequilibriuminequalities.

In orderto obtainresultconsistentvith experimentaldata,
we foundthatthetargetequilibriumconcentrationsf SpoOE
have to be placedbelow the lowestthresholdconcentrations
(0 < Kse/vse < O5e,). Thatis, we needto assumehatspoOE
expressiorlevelsarequiteweak. Whenotherequilibriumin-
equalitiesarechosenthe simulationspredictthatsporulation
cannotbe initiated underappropriateconditions,contraryto

whatis obsened(Fig. 8(b)). In fact, SpoOEmediatethe ney-
ative autorgyulationof SpoOA~P, andthuspreventsa critical
concentratiorof SpoOA~P to accumulate.

The above choiceof parameteconstraintss troublesome,
becausat implies that SpoOEcannotexert ary influenceon
the decisionto sporulate,since its concentrationwill not
reachthethresholdevelsabove whichit canblock the phos-
phateflux throughthe phosphorelay The simulationresults
thussuggesthatthenetwork in Fig. 1, basedon interactions
reportedin the literature,may be incomplete. As a remedy
we could postulatethatan unknown signaldecreasethe ac-
tivity of SpoOEat the onsetof sporulation.Molecularstudies
of theinteractionof SpoOEwith componentsf thephospore-
lay suggesthe existenceof sucha cellular factorwhich re-
mainsasof yetunidentified[Ohlsenet al., 1994.

5 Discussion

We have presentednimplementednethodfor thequalitatve
simulationof geneticregulatorysystemghatcanhandlelarge
andcomplex networksof genesandinteractions.Themethod
is ageneralizatiomf themethodin [de JongandPage,200d,
in thatit allows a larger classof regulatoryrelationshipse-
tweengenesto be modeled. In the first place,thereare no
restrictionson the logical functionsthat can be represented
by (2). This permitscomplex regulatory interactionsto be
includedin the models,as illustrated by the stateequation
for abrBin Fig. 3(b). In the secondplace,the regulation of
proteindegradationcanbetakeninto account.Althoughthis
featureof the methodhasnot beenusedin the sporulation
example,it turnedout to be crucialin modelingthe network
controllingtheinductionof thelytic cycle following phageu
infectionof E. coli (resultsnotshavn here).

The applicability of the methodto actualregulatory net-
works has beendemonstratedy an analysisof the large



andcomple network underlyingtheinitiation of sporulation
in B. subtilis The analysishasresultedin a suggestiorto
completethe modelcompiledfrom the sporulationliterature,
which shaws the potentialof the methodas a tool to focus
further exprimentation. To our knowledge, qualitative sim-
ulation of geneticregulatory networks of the size and com-
plexity consideredn this paperhasnot beenundertalenthus
far.

Upscalingof the simulationmethodis achiezedby model-
ing geneticregulatorysystemdy a classof piecavise-linear
differentialequationdmposingstrongconstraintson the lo-
cal dynamicsof the system. Besidesin moleculargenetics,
PLDEs of this form have beenusedin otherbiological do-
mains,for instancein populationbiology. In orderto effec-
tively apply the constraints the representatiorof the qual-
itative stateof the systemand the simulationalgorithm are
adaptedo the mathematicastructureof theequations.

Adaptationto a specificclassof modelsis the principal
respectin which the methodpresentedn this paperdiffers
from well-known QR methoddike QPTandQSIM [Forbus,
1984;Kuipers,1994. A major differencewith QSIM is that
the qualitative stateof a regulatorysystemis describedbn a
higherlevel of abstractionln particular thebehavior insidea
regulatorydomainis abstractedhto a singlequalitative state,
makinguseof the factthatinsidea regulatorydomaineither
& < 0,% > 0,0r# = 0. In QSIM onewould have to
distinguishan exponentiallygrowing numberof qualitatve
statesnsideandon the boundaryof aregulatorydomain.

Approximating step functions by infinitely steepramp
functionsallows a precisedefinition of the behaior of the
systemin thethresholdplanesandhenceof the possiblesuc-
cessoref aqualitative state. Thestatetransitionrulein Def. 4
is simpleandintuitively clear but doesnot presere sound-
nessof the algorithm. Eventhoughthe practicallimitations
of this may be limited, the developmentof statetransition
rulesguaranteeingoundnesis animportanttopic for further
research.

The B. subtilis example suggestan approachto validate
hypothesizednodelsof geneticregulatorynetworks. Given
temporal gene expressionpatternsobsened under certain
physiological conditionsin wild-type or mutant strains of
the bacterium,one candevelop algorithmsto systematically
searchthespaceof freely adjustablgparameteinequalitiego
find constraintgor whichthemodelis ableto accounfor the
obsenations. Extensionsof this type would allow the simu-
lation methodpresentedn this paperto evolve into a more
generamodelingtool.
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