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Abstract

Methodsdevelopedor thequalitative simulationof
dynamicalsystemshave turnedout to be powerful
tools for studyinggeneticregulatory networks. A
bottleneckin the applicationof thesemethodsis
the analysisof the simulationresults. In this pa-
per, we proposea combinationof qualitative sim-
ulationandmodel-checkingechniquego perform
this task systematicallyand ef ciently . We apply
our approachto the analysisof the comple net-
work controlling the nutritional stressresponsen
the bacteriumEsderichia coli.

1 Intr oduction

Qualitativesimulationaimsat makingpredictionsof the be-
havior of dynamicalsystemsn theabsencef detailed quan-
titative informationon parameteraluesandfunctionalrela-
tions[Kuipers,1994. Theideaof qualitative simulationhas
attractedmuchinterestin the context of a biological appli-
cation, the analysisof geneticregulatory networks that s,
the networks of regulatoryinteractionsbetweengenes pro-
teins, and small moleculesunderlyingthe developmentand
functioningof all living organisms On the onehand,mathe-
maticalmethodssupportedby computertools areindispens-
ablefor theanalysiof genetiaegulatorynetworks: mostnet-
worksof interesinvolve mary genesonnectedhroughcom-
plex feedbacKoops,thusmakinganintuitive understanding
of their dynamicsdif cult to obtain. On the otherhand,nu-
merical simulation methodsare dif cult to apply, because
only a few networks are well-understoodon the molecular
level, and quantitatve informationon the interactionss sel-
domavailable.

We have previously developeda methodfor the quali-
tative simulation of genetic regulatory networks [de Jong
et al., 20044. This method differs from traditional
approachestowards qualitatve simulation in that it has
been tailored to a class of piecavise-linear (PL) differ-
ential equationswith favorable mathematical properties
[Glass and Kauffman, 1973. This allows it to deal
with large and complex networks of regulatory interac-
tions. The qualitatve simulation method has beenimple-
mentedin a publicly-available computertool, called Ge-
netic Network Analyzer (GNA) [de Jong et al., 200d.

GNA hasbeenusedto analyzeseveral geneticregulatory
networksof biologicalinterest(e.g., [de Jongetal., 20044).

Givena modelof a geneticregulatorynetwork, the above
qualitatve simulation method producesa state transition
graph,consistingof qualitative statesandtransitionsbetween
qualitatve states. Thegraphdescribeshepossiblequalitatve
behaiors of the network. Whensimulatinglarge and com-
plex geneticregulatory networks, the statetransitiongraph
usually consistsof hundredsor eventhousand®f statesas
a consequencef which the analysisof the graphby visual
inspectionalonebecomesrrorproneor even practicallyin-
feasible. In orderto analyzelarge statetransition graphs,
previouswork in qualitative simulationhasproposedhe use
of model-tiedking techniques[Brajnik and Clangy, 1998;
Shultsand Kuipers,1997]. Thesetechniquesallow for the
efcient veri cation of propertiesof discretetransitionsys-
tems[Clarke etal., 1999.

Theaim of this paper extendingpreliminaryideasin [Batt
etal., 2003, is to demonstratehe effectivenessand practi-
calapplicabilityof thecombineduseof qualitative simulation
and modelcheckingfor the analysisof large statetransition
graphsproducedy the qualitative simulationof geneticreg-
ulatory networks. In particular we shav how statetransition
graphscanbereformulatedasso-calledKripke structureon
which propertieof thebehaior of thenetwork, expressedn
temporallogic, canbeveri ed. In addition,we presentanew
implementatiorof GNA thatconnectghe qualitative simula-
tor to state-of-the-annodelcheclers.

We have appliedthe above approactto the analysisof the
comple regulatorynetwork controlling the nutritional stress
responseén the bacteriumesderichia coli. Amongotherre-
sults,theuseof model-checkingoolshasallowedthecharac-
terizationof cyclesin a large statetransitiongraphobtained
through qualitative simulation of the network. The cycles
correspondo biologically-importanphenomenghatarecur-
rently beingexperimentallytestedin our laboratory

In the next sectionof this paper we briey review the
qualitatve modelingandsimulationof genetiaregulatorynet-
works. Thiswill setthestagefor adiscussiorof thecombined
useof qualitative simulationandmodel-checkingechniques
in the third section. The applicationof this approacho the
analysisof the nutritional stressesponsaetwork is the sub-
ject of the next section. We nish with a discussiorof the
approachin the context of relatedwork.



2 Qualitative modeling and simulation of
geneticregulatory networks

Thedynamicsof geneticregulatorynetworkscanbemodeled
by a classof piecavise-linear(PL) differential equationsof
thefollowing generaform [GlassandKauffman,1973:

x=h(x)=f(x) g(x)x; @
wherex = (x1;:::;%,)?2 is avectorof cellular protein
concentrationsf = (f1;:::;f1)% g= diagg:;:::;0n), and

R", is abounded-dimensionaphasespacebox. The
rate of changeof eachproteinconcentratiorx;, i 2 f1l::ng,
is thusde ned asthedifferenceof therateof synthesid; (x)
andtherateof degradationg; (x) x; of theprotein.

The functionf; : I R o expressedow the rate of
synthesisof the protein encodedby genei dependson the
concentrationx of the proteinsin the cell. More speci -
cally, thefunctionf; is de ned asa sumof termshaving the
generaform ! H(x), where | > 0is arateparametgrand
H: ! f0;1ga piecavise-continuousegulationfunction
de nedin termsof stepfunctionss* ands :
st (xi; i) = é :;i: Z : ands (x; i) =1 s"(xi; i);
wherex; is anelemenbf thestatevectorx and ; aconstant
denotinga thresholdconcentratioror x; .

Thefunctiong; expressingheregulationof proteindegra-
dationis de ned analogouslyexceptthatwe demandhatg;
is strictly positive. Noticethatwith theabovede nitions, h is
a piecawise-linear(PL) vectorvaluedfunction. An example
of a simple geneticregulatory network andits PL modelis
shavn in Figurel(a)-(b).

The useof stepfunctionss (x;; i) in (1) givesrise to
complications, becausethe step functions are discontinu-
gusatx; = , and thereforehlis discontinuouson =

i2in g 2epf X 2 X = ' g, theunionof thethresh-
old hyperplanesln orderto dealwith this problem following
anapproactwidely usedin controltheory we extendthedif-
ferentialequation(1), dened on n , to the differential

inclusion

X 2 H(x); &)
de nedon , whereH (x) is the smallestclosedhyperect-
angularsetcontainingthe setof all limit valuesof h(y), for
y 62 andy ! x [Gouz andSari,2002;de Jonget al.,
2004b;Batt et al., 2009. A solutionof the differentialin-
clusion(2) on atime interval | is an absolutely-continuous
vectorvaluedfunction (t) suchthat (t) 2 H( (t)) almost
everywhereon| .

Formally, we de ne the PL system as the triple
( ; ;H), thatis, the set-\waluedfunction H given by (2),
de ned onthen-dimensionaphasespacebox ,with the
union of the thresholdhyperplanes Also, we denoteby
the setof all solutions (t), ona nite orin nite time inter-
val, of the differentialinclusion (2), that reachandleave a
thresholdhyperplanenitely-many times.

The mathematicahnalysisof PL systemshasshowvn that
mere knowledge of the relative order of thresholdparame-
tersandratios of synthesisand degradationparametersge-
scribing the local strengthof geneexpression,is sufcient

for the de nition of a nite partition D of the phasespace

into hyperrectangularegions,calleddomains This parti-
tion is suchthat the derivativesof the solutionsin eachdo-
main have a uniquesign pattern (Figure 1(b)-(d)). The def-
inition of the sign patternS(x) for apointx in adomainD
is complicatedby the fact that the solution of a differential
inclusionis in generahot unique.In particularif x liesona
thresholchyperplaneH (x) is multi-valued andseveralsolu-
tions (t) maypasshroughx with differentderivative signs.
We thereforede ne S(x) = fsign ((tx)) j 2 inD;

(tx) = x; and(tx) 2 H( (tx))g. We have proventhat

S(x) is thesamefor everyx 2 D [Battetal., 2009.1

Using the domain partition D of the phasespace , to-
getherwith the above qualitative characterizatiorf the dy-
namicsin eachof the domainswe candiscretizethe contin-
uousdynamics.In theresultingabstractescriptionthe state
of the systemis representedy a domain,and there exists
a transitionfrom a domainD to a domainD?, if andonly
if thereexists a solutionreachingD © from D, without leav-
ing D [ D% This leadsto the introductionof the so-called
qualitative transition system -QTS = (D;! ; ;F ),
whereD is the setof all domains,! D D isatransi-
tion relationdescribingall transitionsbetweenthe domains,

= fDsign = Sj S 2 2f 109" gjs asetof propositions
describinghe derivative signpatternsand= D isa
satishctionrelationthatassociateso eachdomaina qualita-
tive descriptionof the dynamicsof the systemin thedomain,
denedbyD E Dsign= Siffforallx 2 D: S(x) = S.

The graphrepresentationf the qualitative transitionsys-
tem,G = (D;! ), is calleda statetransitiongraph The
domainsarealsocalledqualitativestates A qualitative state
D is calledinstantaneoudf nosolutionremainsin D longer
thanatime instant,andpersistent otherwise.Moreover, it is
a qualitative equilibriumstate if D F Dsign = S, with
0 2 S, sincethenfor everyx 2 D, (t) = x isasolution.
The statetransitiongraphfor the examplenetwork is shavn
in Figurel1(e). A pathin thegraphdescribes possiblequal-
itative behavior of the system(Figure 1(f)).

In [Battetal., 2009, thequalitativetransitionsystemis de-
ned asthe discrete quotientof a continuousransitionsys-
tem having the samereachabilitypropertiesas the original
PL system , giventhe equivalencerelationinducedby the
partitionD. Usingstandardesultsfrom hybrid systemghe-
ory [Alur etal., 2004, it directly follows thatthe qualitative
transitionsystem -QTS is a conservativeapproximationof

, in thesensehatif asolution of thePL system , de ned
onsometime interval | , passeshroughthetime-orderedse-

pathin -QTS. On the otherhand,it may happenthat no
solutionof  passeghrougha sequencef domainscorre-
spondingto apathin  -QTS.?

Simplerulesexploiting thefavorablemathematicaproper
tiesof theclassof PL modelshave beenformulatedsuchthat
the qualitative transition systemcan be symbolically com-

In previouswork [de Jonget al., 20044, a coarsemgrainedpar
tition of  is used for whichthis propertydoesnothold.

2In the terminology of qualitative simulation, the methodis
soundbut incomplete.
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Figurel: Qualitatve simulationof a two-genenetwork. (a) Graphicalrepresentatioflegendin Figure3(a)). Geneb encodes
proteinB, which inhibits genea expressionthatis, proteinA synthesis(b) Model consistingof PL differentialequationsand
parameteinequalities Xa andxy aretheproteinconcentrations, ; and , ( 5 and ) thesynthesigdegradationyatesof the
protems,and a a,and bthresholcboncentratlonsTheseconcdlfferentlalequatmrstatesihatthesynthesm’ateof proteinB
is pif x5 isbelowv 1, and0if x, isabove 1, andthatits degradatiorrateis pxp. Theparameteinequalitiesfor proteinB state
thatgeneb mayinhibit genea expressionpecausavhensynthesizedproteinB concentratiortendstowardsthe level =y,
forwhichs (xp; p) = 0. (c) Domainpartitionof thephasespace : D = fD?;:::D?’g. (d) Sketchof the owin shawing
the unicity of the derivative sign patternin eachdomain. Dots denoteequilibrium points. (e) Graphrepresentatiorf the

qualitatve transitionsystem -QTS. Dotsdenoteself-transitions(f) Temporalevolution of the proteinconcentrationin the

path(D?;:::; D®). Arrowsindicatethederivative signsin persistenstateg" for S = f1g; #forS= f 1g;

putedfrom a PL modelof the network anda setof parameter
inequalitiesde ning therelative orderof theparameter§Batt
etal., 2009. Theimplementatiorof theseruleshasresulted
in anew versionof the computertool GeneticNetworkAna-
lyzer (GNA), availableat http://www-helix.inrialpes.fr/gna.

3 Analysis of geneticregulatory networks by
model checking

Models of geneticregulatory networks of biological inter
est may producelarge statetransition graphs,thus making
manualanalysisof dynamicalpropertieserror-proneor even
practicallyinfeasible.To addresshis problem,we proposdo
combinethequalitatve modelingandsimulationmethodout-
linedabove with techniquegor modelchedking[Clarke etal.,
1999. Thesetechniquesllow for theef cient veri cation of
propertiesof the behavior of discretetransitionsystemsgex-
pressedsformulaein sometemporallogic.

Various model-checkingframeworks exist, differing by
their expressvenessuserfriendlinessandcomputationaef-
ciency. For the sale of clarity of exposition,we focuson
oneparticularframework in this paper in which the discrete
transition systemtakes the form of a Kripke structue, and
the behaioral propertiesare expressedn ComputationTree
Logic (CTL) [Clarke et al., 1999. However, we emphasize
that our approachs not restrictedto CTL model-checking,
andallows other, moreexpressve temporallogicsto beused
aswell (Section3.3).

for S = f0g).

3.1 Translate qualitati ve transition systeminto
Kripk estructure

As a preliminary step,we introducea set of atomic propo-
sitions AP, to describethe stateof the system. More pre-
cisely the set of atomic propositionswe use consistsof
simple expressiongdescribinga protein concentratione.g.,
valuex; = j, valuex; < =), thesignof its derivative
(e.g., dsign_x; = f1g), or thetype of a state(type = pers,
type = inst, type = eq, for persistentjnstantaneousand
equilibrium state,respectiely). The setof atomic proposi-
tionsfor thetwo-geneexampleis shavn in Figure2(a).

We de ne the Kripke structue over AP correspondingo
-QTSas -KS= (D;! ;Fap ), WhereFpp D 247
is the satishctionrelationassociatindo every domainD the
atomicpropositionghatholdin D. The existenceof atleast
onesolution onsometimeintenal [0; ], > 0, with initial

condition (0) = Xy, for everyxo 2 , guaranteeshat!
is total (i.e., every statehasa successor)which is required
for Kripke structures.The Kripke structurefor the two-gene
exampleis shavn in Figure2(b).

3.2 Expressdynamical propertiesin temporal
logic

CTL formulaeareinterpretedwith respecto a Kripke struc-
ture. A CTL formulais built uponatomicpropositions.The
usual operatorsfrom propositionallogic, such as negation
(: ), disjunction(_), conjunction(”), andimplication (! ),
canalsobeused.In addition,CTL providestwo typesof op-



(@ AP = fvaluexa= O;valuexa> 0;:::;dsignxa=f 1g;dsignx,="f0g;:::;type=inst;type= eqg:
(b) -KS = (D;! ;Eap ); with
D=fD%D?D?3:::;D¥ g
! = f(D;DY); (D*;D?); (D*;D™); (D*;D*); :::;(D¥;D%®)g;
Ear = f(DYvaluexa 0); (DY;valuexa< 1)::::;(DY;dsignxa=f1g); (D*;dsignx,=f1g); (D?;type= pers);
(D?;valuexa= 1);:::;(D?type=inst);:::;(D?;valuexa> 32);:::;(D*;type= pers) g
(c) [ Biologicalproperty CTL formula Do NuSMV resultanddiagnostic
Thenetwork reaches statein whichbothproteinconcentration§ EF (dsign x, = f1g” dsign x, = f1g” fDIg| True:(DT;D%;D°,D";D?)
increaseandfrom thatstateonwards,a secondstatein which pro- EF (dsign x, = f1g” dsign x, = f 1g)) (witness,
tein A concentratiorincreasesindthatof proteinB decreases
The network will inevitably reachan equilibrium statewhere| AF (type= eq” value x4 = 0) fDg | False:(D*;D3%;D%D7;DF)
proteinA hasvanished (countergample)
A highlevel of proteinB guaranteethe eventualdisappearance A G (value X, > , | AF value x5 = 0) D False:(D?°;D*;D% D";D®)
of proteinA (countergample)

Figure2: Veri cation of propertief thetwo-genenetworkin Figurel. (a) Setof atomicpropositionsAP . (b) Kripke structure
-KS over AP correspondingo the qualitative transitionsystem -QTS showvnin Figurel(e). (c) Biological propertieswith

their CTL translationtheir truth valuein
computecoy NUSMV.

erators: pathquanti ers, E andA, andtemporaloperators,
suchasF andG. Pathquanti ers areusedto specifythata

propertyp holdsfor some(E p) or every (A p) pathstarting

from a given statein the Kripke structure. Temporalopera-
torsareusedto specifythat, givena stateanda pathstarting

from thatstate a propertyp holdsfor some(F p) or for every

(G p) stateof the path. Eachpathquanti er mustbe paired
with atemporaloperatofClarke etal., 1999.

A variety of biologically-interestingpropertiesof the dy-
namicsof a geneticregulatory network canbe expressedn
CTL [ChabrierRivier etal., 2004. Typical questionscon-
cernthepossibilityor theinevitability for thenetwork to reach
somestate(s) the absenceor the universality of someprop-
erty, andresponse@r precedenceropertieqi.e., apropertyis
alwaysfollowed or precededy someotherproperty). Some
examplesaregivenfor the two-genenetwork in Figure2(c).
More generally thesepropertiescan be usedfor testingthe
validity of amodelgivenexperimentadata,or understanding
how the dynamicsof a systememegesfrom theinteractions
betweerits components.

3.3 Checkif modelsatis es dynamical properties

The model-checkingproblemconsistsin verifying whether
atemporal-logicformulaholdsin the discretetransitionsys-
tem at the initial state(s). Highly-ef cient algorithmshave
beendevelopedandimplementedn model checlersfor au-
tomatically solving this problem. Two widely-usedmodel
checlersareNuSMV [Cimatti et al., 2003 and Evaluator a
componenbf the CADP toolbox [Mateescland Sighireanu,
2003. NuSMV is anefcient, state-of-the-annodelchecler
for CTL, whereasEvaluatoris an on-the- y modelchecler
for the regular alternation-free -calculus,a temporallogic
basedonregularexpressionsThealgorithmiccompleity of
thesetoolsis linearin the size of the transitionsystemand
theformula. In additionto ayes/noanswerthetoolsreturna
diagnostic eithera witnessor a countergample,depending
onwhetherthe propertyholdsor not.

In orderto combineour qualitative simulatorwith model-
checkingtools, we have integratedexport functionalitiesin
GNA. Thetext les generatedy GNA canbe importedin

-KS for thesetof initial statesD o, anda diagnostiqwitnessor countergample),as

the modelcheclers,afterwhich the veri cation of the prop-
ertiesof interestcontinuesin the ervironmentof the latter
tools. Figure2(c) illustratesthe veri cation of someproper
ties of the two-genenetwork. Fairnessconditions[Clarke et
al., 1999 have beenusedto ensurethat attractors(equilib-
rium states,strongly connecteccomponentspare eventually
reachednotshawn).
Recall that the qualitatve abstractionused to obtain
-QTSfrom isaconsenrativeapproximationCanthecon-
clusionsdrawn from theveri cation of apropertyon -QTS
(or morepreciselyon -KS) betransposedo ? If every
pathin -QTS satis esa property thenfrom the consera-
tivenessa correspondingropertyholdsfor every solutionof
. Corversely if apropertyholdsfor somepathin  -QTS,
then,sincethis pathmaybespuriousthecorrespondingrop-
erty may hold for no solutionof . Onecande ne the set
of temporal-logicformulaesuchthat, if a propertyholdsin
-QTS, it doessoin . In the CTL model-checkindrame-
work, this setis the setof formulaethatcanbe expressedn
thetemporallogic called8CTL [Grumbeg andLong, 1994.

4 Application: Analysis of the nutritional
stressresponsean E. coli

In caseof nutritional stress,an E. coli populationabandons
exponentialgrowth andentersa non-grawth statecalledsta-
tionary phase This growth-phaséransitionis accompanied
by numerougphysiologicalchangesn the bacteria|Huisman
etal., 1996. On the molecularlevel, this transitionis con-
trolled by a complex geneticregulatory network integrating
variousernvironmentakignals.A network includingsix genes
believedto play akey role in the nutritionalstresgesponsés
shavnin Figure3(a)[Ropersetal., 2004.

A PL modelof sevenvariableshasbeenconstructedpne
protein concentratiorvariable for eachgeneand one input
variablerepresentinghe presencer absencef a nutritional
stresssignal. Seven differential equationsand forty param-
eter inequalitiesdescribethe dynamicsof the system(Fig-
ure 3(b)). Using the new versionof GNA, we have simu-
latedtwo phenomenapamelynutrientstanation,causinghe
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Figure 3: Network of key genes,proteins,and regulatory interactionsinvolved in the nutritional stressresponsén E. coli
[Ropersetal., 2004. (b) PL differentialequationandparametemequalitiesfor the proteinFis. (c) Someexpectedproperties
of the network. Their translationinto CTL and interpretationare not detailedhere. U is the standardCTL operatorUntil

[Clarkeetal., 1999. DS andD" correspondo theinitial statesfor nutrientstanationandnutrientupshift, respectiely.

transitionfrom exponentialto stationaryphase andnutrient
upshift, leadingto the reentryinto exponentialphase. The
simulationresultshave beemanalyzedy meanof themodel-
checler NuSMV, usingthe export functionality of GNA. Be-
low, we give someexamples.

The simulationof a nutrientstanation hasgivenriseto a
statetransitiongraphof 66 stateq27 of which arepersistent),
computedin lessthan1 s. on a PC (800 MHz, 256 Mb).
The graphcontainsa single equilibrium statecorresponding
to stationary-phaseonditions. Are the predictionsobtained
from the modelconsistentvith experimentadata?in [Azam
etal., 1999, themeasuredoncentratiomf theglobalregula-
tor Fisis shavn to decreas@ndbecomesteadyin stationary
phasewhichis characterizedby alow concentratiorx,,, of
stableRNAs:

EF (dsignxs = f 1g* 3
EF (dsignxs = f0Og” valuexyn < m)) ®)
Theveri cation of (3) takesafractionof asecondo complete
and shows that the obsened temporalevolution of the Fis
concentrations reproducedy the model.

We have alsostudiedthereentryinto exponentialphaseaf-
ter a nutrientupshift. Using the samemodelasabove, but
startingthe simulationfrom the qualitative statecharacteriz-
ing stationary-phaseonditionsandwith thenutritionalstress
signal switchedoff, qualitatve simulationresultsin a state
transitiongraphof 1143stateq202 of which arepersistent),
generatedn 1.7 s. The graphcontainsseveral stronglycon-
nectedcomponent{SCCs). One of theseSCC, containing
222 statescanbereachedrom all statesin the graph. The
gualitative transitionsystemsatis esthe property

A G (statesInSCC! A G statesInSCC); 4

wherethe predicatestatesInSCC is satis ed by all andonly
statedn the SCC.Thatis, if thesystemhasreachedhis SCC,

it alwaysremainsin it. Checkingthis propertyby visualin-
spectionis tediousand error-prone,while it takes NuSMV
only 3.3 s. Furthermathematicahnalysishasrevealedthat
the cyclic pathscorrespondo solutionsspiralinginwardsto
an equilibrium point [Roperset al., 2004. In otherwords,
during the reentryinto stationaryphase the concentrations
of someof the proteinsoscillatetowardsa new equilibrium
level. Thisis a surprisingresult,whichis currentlysubjecto
experimentalveri cation in ourlaboratory We alsochecled
a dozenof otherpropertiestwo of which areshovn in Fig-
ure 3(c).

5 Discussion

We proposea combination of qualitatve simulation and
model-checkingechniquedor the analysisand veri cation
of qualitatve modelsof geneticregulatorynetworks. Model
checlershelpin dealingwith theproblemthatthe statetransi-
tion graphsgeneratedy qualitative simulationmay become
prohibitively large. They permitcomplex dynamicalproper
ties, whoseveri cation defeatamanualanalysiscapabilities,
to beefciently andreliably checled. Theanalysisof thege-
neticregulatorynetwork composeaf key genesnvolvedin
the nutrientstressresponsen E. coli illustratesthe applica-
bility of theapproach.

Model-checkingtechniqueshave been used before for
analyzing biological networks. Most approachesstart
from discretemodels,suchasconcurrentransitionsystems
[ChabriefRivier etal., 2004 andBooleannetworks[Bernot
et al., 2004. In this paperwe shav that model-checking
techniquesanalsobe usedfor more corventionalcontinu-
ousmodels,in particulardifferentialequationmodels,when
using qualitatve abstractiongo discretizethe dynamicsof
the system. In comparisorwith ideasalongthe sameline



[Brajnik and Clangy, 1998; Shultsand Kuipers, 1997, our
approachis adaptedto a particularclassof PL differential
equationswith favorable mathematicaproperties,allowing
the developmentof tailored algorithmsthat scaleup well to
modelsof largeandcomplex geneticregulatorynetworks.
The model-alidationapproachof this paperhasbeenil-
lustratedin the context of CTL model checking. While
CTL allows a variety of biologically-meaningfulproperties
to be expressedsomepropertiesfall outsideits scope. For
instance,in Section4 we would have liked to be able to
expressthe occurenceof oscillationsin some of the pro-
tein concentrationsafter a nutrient upshift. The formula
EG(p! F:p "™ :p! Fp) expresseshisproperty wherep
meanghatthe concentratiorof someproteinis above a cer
tain threshold. Unfortunatelyit is nota CTL formulaandit
doesnotadmitary CTL equialent[Clarke andDraghicescu,
1984. However, the propertycanbeexpressedn -calculus
and evaluatedusing XTL, a componenif the CADP tool-
box[MateesciandGaravel, 1994. Thecapabilityof GNA to
generatexport les for differentmodelcheclers,allows one
to take advantagdrom the speci c strengthof eachof these.
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