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Abstract. Modeling and simulationtechniquesdevelopedwithin
qualitative reasoningmightbeprofitablyusedfor theanalysisof ge-
netic regulatorysystems.A major problemwith currentqualitative
simulationtechniquesis their lack of upscalability. We describea
methodthatis ableto dealwith largeandcomplex systems,anddis-
cussits performancein simulationexperimentswith randomregula-
tory networks.

1 Introduction

In thelastfew years,biologistshavecompletedthesequencingof the
entiregenomeof modelorganismslike S.cerevisiaeandE. coli, and
the humangenomeis expectedto follow without muchdelay. The
analysisof thesehugeamountsof datainvolves suchtasksas the
predictionof folding structuresof proteinsandthe identificationof
genesandregulatorysignals.It is clear, however, that thestructural
analysisof sequencedataneedsto be complementedwith a func-
tional analysisto elucidatethe role of genesin controlling funda-
mentalbiologicalprocesses.

Oneof thecentralproblemsto beaddressedis theanalysisof ge-
netic regulatory systemscontrolling the spatiotemporalexpression
of genesin the organism.Thestructureof theseregulatorysystems
canberepresentedasa network of interactionsbetweengenes,pro-
teins,metabolites,andothersmall molecules.The studyof genetic
regulatorynetworkswill contributeto ourunderstandingof complex
processeslike thedevelopmentof amulticellularorganism.

Computertoolsareindispensablefor theanalysisof geneticreg-
ulatory systems,as theseusually involve many genesconnected
throughregulatorycascadesand feedbackloops.Currently, only a
few regulatorynetworksarewell-understoodon themolecularlevel,
andquantitative knowledgeaboutthe interactionsis seldomavail-
able.Thishasstimulatedaninterestin modelingandsimulationtech-
niquesdevelopedwithin qualitative reasoning(QR), most notably
QSIM [9] andQPT[2]. QR methodshave beenappliedto theregu-
lation of tryptophansynthesis[7] and � phagegrowth [6] in E. coli,
and to the regulationof the transcriptionfactor families AP-1 and
NF- � B in differentclassesof animals[19].

A majorproblemis thelack of upscalabilityof theseapproaches.
As a consequenceof theweaknatureof qualitative constraints,and
thedifficulty to identify implicit constraints,behavior treesanden-
visionmentsquickly grow out of bounds.This causesthe rangeof
applicationof the methodsto be limited to regulatory systemsof
modestsizeandcomplexity. Systemsof evena few genesrelatedby
�
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positiveandnegative feedbackloopscannotbehandled,unlessthese
systemshave beensowell-studiedalreadythatbehavior predictions
canbetightly constrained.

In this paperwe will show that it is possibleto qualitatively anal-
ysegeneticregulatorynetworksof largersizeandcomplexity. In or-
derto achieve this,we describethesystemsby a classof piece-wise
linear differential equations(PLDEs) putting strongconstraintson
possibletrajectoriesin thephasespace.Simulationis carriedout by
an algorithmtailoredto this classof models.The methodhasbeen
implementedin Java andusedfor the simulationof regulatorynet-
works of currently up to 18 genesinvolved in complex feedback
loops.

In the next two sections,we will introducethe classof PLDEs
by which geneticregulatory systemscan be describedand review
its mathematicalproperties.The subsequentsectionsintroducethe
qualitativesimulationalgorithmandpresenttheresultsof simulation
studies.

2 Modeling genetic regulatory systems

In Fig. 1(a)a simpleexampleof a regulatorynetwork is shown, in-
volving threegenesand their mutual interactions.A regulatory in-
teractionis heredefinedasa relationbetweena regulatedgeneand
oneor moreregulatinggenes.Theregulatinggenescodefor proteins
that control the expressionof the regulatedgene,by functioningas
a transcriptionfactoror otherwise.An interactionhasmorethanone
regulatinggene,if thecorrespondingproteinsfulfill their regulatory
functioncooperatively, aswhentwo proteinsform a heterodimer. In
thefigure, the expressionof gene2 is controlledthroughoneinter-
actioninvolving two regulatinggenes,andgene3 throughtwo inter-
actionsinvolving oneregulatinggene.A genepositively (negatively)
regulatesanothergene,if theproteincodedfor by the former tends
to activate(inhibit) theexpressionof thelatter.

Generegulationis oftenmodeledby differentialequationsof the
form
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where � is a vector of cellular concentrationsof gene products
(mRNAs or proteins),��
 thedecayrateof 	�
 , and �
 ausuallyhighly
nonlinearfunction [3, 11, 18]. The rateof expressionof gene' is
dependentupon the concentrations� , possibly including the con-
centrationof the productof gene' . The term �,� 
 	 
 statesthat 	 

degradesat a rateproportionalto the concentrationitself. Eqs. (1)
arecalledthestateequationsof theregulatorysystem.

The functions  
 in (1) can be further specifiedasa sum of in-
teractiontermscorrespondingto the interactionsin the regulatory
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Figure 1. (a)Exampleregulatorynetwork modeledby thestateequationsin (b) andthethresholdandnullcline inequalitiesin (c)-(d).A regulatorynetwork is
adirectedgraphof genes(vertices)andinteractions(directededges),whereinteractionsinvolving severalregulatinggenesarerepresentedby directed

hyperedges.Thesymbols‘ I ’ and‘ J ’ denoteactivatingandinhibitory relations,respectively.

network. More precisely, for eachinteractioninvolving a regulated
gene ' and a set of regulating genes K , the sum containsa term
� 
�L MHN L9O �0	 M � , whereO �0	 M � is a regulationfunctionand � 
PL arate
constantdeterminingthe maximumexpressionlevel of ' underthe
influenceof K .

A regulationfunction O �0	 M � accountsfor thevariationin expres-
sionlevel of gene' with theconcentration	 M of theproductof geneQ
. A regulationfunctionoftenfoundin theliteratureis theHill curve:

-/. �0	 M ��1R
 M ��3"�S�T	�UM F �0	�UM ;�1/U
 M �V� (2)

where1R
 M denotesthethresholdfor theinfluenceof
Q

on ' , and3XW@#
a parameterdeterminingthe steepnessof the function around 1 
 M .
The functionrangesfrom ! to # , andincreasesas 	 MGY[Z

, so thatQ
positively regulates' . In order to expressthat

Q
negatively regu-

lates ' , the regulationfunction - . �0	 M ��1R
 M ��3(� mustbe replacedby- 7 �0	 M �21 
 M �23(�&�\#]� - . �0	 M ��1 
 M ��3"� . In Fig. 1(b) the stateequa-
tionsfor theexamplenetwork areshown.

Due to the nonlinearcharacterof the functions �
 , analyticalso-
lution of thestateequations(1) is not possible.Thenonlinearterms
canbe eliminatedby replacingthe continuousHill function by the
discontinuousstepfunction:

^ . �0	 M ��1R
 M �S� #_�`	 M W(1 
 M �
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 Mba (3)

The resultingequationsare piecewise-lineardifferential equations
(PLDEs)of theform
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wherec 
 is apiecewise-constantfunction.In particular, c 
 is asumof
productsof stepfunctionsweightedby a rateconstant.Theapproxi-
mationof acontinuoussigmoidby adiscontinuousstepfunctionhas
beenjustified on the groundof the switch-like characterdisplayed
by geneswhoseexpressionis regulatedby steepsigmoid curves
[3, 4, 18]. In what follows, we will assumethat geneticregulatory
systemsaremodeledby PLDEsof theform (4).

3 Mathematical analysis

Eqs.(4) have beenwell-studiedin mathematicalbiology [3, 4, 5, 10,
11, 12, 13, 14,16,17,18].Consideran * -dimensional(hyper)boxof
thephasespacedefinedasfollows:
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Figure 2. Thephasespaceboxof themodelin Fig. 1, dividedinto
��y

volumesby thethresholdplanes.Thestateequationsfor thevolumein bold
definedby z&{}| �,~>�D�5� , �x����~ | � {+���<� � , and �_6<6�~ | 6 {(���8� 6 are

shown in thelower right corner.
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It can be shown that all trajectoriesstarting inside the * -box will
remainin it, while trajectoriesstartingoutsidewill enterthe box at
sometime or approachit asymptoticallyas � Y�Z

. We assume
that 1 M 
 =X?BADC 
 for all genes

Q
regulatedby gene' . The *���# -

dimensionalthreshold(hyper)planes	 
 ��1 M 
 divide the * -box into
volumes. Thevolumesof the * -box aredeterminedby thethreshold
inequalities

!>=(��� ���
 = a�a�a =+��� ��� �
 =@?BADC 
 � (6)

obtainedby orderingandrenamingthe � 
 thresholds1 M 
 of gene' .
Sincethe stepfunction is not definedat its threshold,Eqs.(4) are
not definedin the thresholdplanesseparatingthe volumes.Fig. 2
displaysthephasespaceboxcorrespondingto theexamplenetwork.

In eachvolumeof the * -box,Eqs.(4) reduceto volumestateequa-
tionswith aconstantproductionterm� 
 composedof rateparameters
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NoticethatEqs.(7) arelinearandorthogonal.Fig. 2 givesanex-
ampleof thestateequationscorrespondingto thevolume!4%T	 � =1 �5� , 1 ��� =�	 � %�?BADC � , and 1 6<6 =�	 6 %�?GADC 6 . It canbe easily
shown thatwithin a volumeall trajectoriesevolve towardsa single,
stablefocal state� F:  , which lies at theintersectionof thenullcline
(hyper)planes	 
 � � 
 F � 
 definedby

�	 
 ��! . As thenullclinesare
assumednotto coincidewith thethresholdplanes,thefocalstatewill
belocatedatsomedistancefrom thethresholdplanes.
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Figure 3. Thefocal stateof thevolumein Fig. 2 projectedon the | � -| 6
plane.Dependingonwhether° 6:��±�²u6�³>�_6<6 or ° 6:��±�²R6�~´�_6<6 , thefocal

statelies insideor outsidethevolume.

The focal stateof a volume may lie inside or outsidethat vol-
ume. Whetherthe focal statelies inside or outsidethe volume is
determinedby thenullcline inequalities, which locatethenullclines	 
 � � 
 F � 
 betweentwo subsequentthresholdsof 	 
 :

� �¬µ¬� �
 = � 
 F ��
�=(� ��µ¬� . ���
 �d#&%+¶�
·= � 
�� (8)

with the specialcases!¸= � 
 F � 
 =`��� ���
 and ��� ��� �
 = � 
 F � 
 =?BADC 
 . If for every ' , � 
 F � 
 lies betweenthe thresholdboundaries
of the volume,thenthe focal statelies insidethe volume.If not, it
liesoutsidethevolume(Fig. 3). Thenullcline inequalitiesfor theex-
ampleregulatorysystemareshown in Fig. 1(d). Notice that several
nullcline inequalitieshave beenspecifiedfor 	 6 , asa consequence
of the fact that � 6 changesbetweendifferentvolumes.More gener-
ally, the setof possiblenullclines in the ' th dimensionis given by¹ c 
 ����� F � 
·º �}%+�»%�¼¾½/¿dÀ .

If thefocal statelies outsidethevolume,thetrajectorieswill tend
towardsoneor severalof thethresholdplanesboundingthevolume.
Since(4) is not definedat thethresholds,specialattentionshouldbe
given to the behavior of the systemas it approachesthe threshold
planes.Following [14], the behavior of the piecewise-linearequa-
tions(4) atthethresholdplanesisdefinedasthebehavior of theorigi-
nalnonlinearequations(1) in thelimit 3 YÁZ

(seealso[13]). This
is motivatedby the observation that, as 3 goesto

Z
, the sigmoid

function(2) approachesthestepfunction(3).
Giventhis definition,two differentthingscanhappenwhena tra-

jectory approachesa thresholdplane 	 
 ��1 M 
 . First, the trajectory
maybe continuedby a trajectoryin theneighbouringvolumemov-
ing towardsa different focal statedeterminedby the volume state
equationsof thenew volume.In this casea transitionfrom thevol-
umeto its neighbouringvolumetakesplaceandthe thresholdplane

is transparent. Second,if thefocal stateof theneighbouringvolume
is suchthat trajectoriesin that volumealsoapproachthe threshold
plane 	 
 �Â1 M 
 , no transitionbetweenthe volumesis possibleand
thethresholdplaneis non-transparent.

The global behavior of the PLDEsmay be quite complex andis
notwell understood.Continuationsof trajectoriesin severalvolumes
may give rise to (oscillationstowards)additionalsteadystateslo-
catedat the intersectionof thresholdplanes,cycles, limit cycles,
or even chaoticoscillations(for *Ã ÁÄ ) [5, 10, 12, 13, 14, 17].
Numericalsimulationstudieshave shown that, in many cases,the
global behavior of the piecewise-linearsystems(4) and nonlinear
systems(1) with steepsigmoidsexhibit the samequalitative prop-
erties[4, 13, 18].

4 Qualitative simulation method

Our methodperformsa qualitative simulationof regulatorysystems
describedby PLDEs(4). Thebasicideaunderlyingthemethodis to
determine,in an iterative way, all volumesthat arereachablefrom
an initial volume throughsuccessive volume transitions.For each
volumethathasbeenfoundreachable,thepositionof thefocalstate,
andhencethepossibletransitionsto new volumes,arecalculated.

Considera volumedefinedin the ' th dimensionby two consecu-
tive thresholds� �¬µ � �
 and� ��µ � . ���
 , #&%(¶ 
 = � 
 .3 Theinequalities

� ��µ¬� �
 =(	�
�=+� ��µ¬� . ���
 (9)

form the qualitative valueof 	 
 , denotedby ÅrÆ 
 . In additionto the
qualitativevaluefor 	 
 , wehavea qualitativevalue

�ÅrÆ 
 for
�	 
 , being

oneof thefollowing threeinequalities

�	 
 W"!�� �	 
 ="!�� or
�	 
�Ç ! a (10)

If the nullcline planefor 	�
 lies outsidethe volume,i.e., � 
 F ��
G=����µ¬� �
 or � 
 F � 
 WÈ����µ¬� . ���
 , the qualitative valuewill be
�	 
 =Â! or�	�
·W(! , respectively, everywherein thevolume.If thenullcline runs

throughthe volume, i.e., � ��µ¬� �
 = � 
 F ��
´=É� �¬µ¬� . ���
 , it holds that�	 
 =»! on onesideof thenullcline plane,
�	 
 W»! on theotherside,

and
�	 
 �@! in thenullcline plane.Thequalitative valueof

�	 
 in the
volumeis thenwrittenas

�	 
ÊÇ ! .
Givena volumeÆ with avector Ë�Ì of qualitative valuesfor � , ÍË�Ì

canbeeasilyinferredfrom theequationsandinequalities(5)-(8) by
meansof basicalgebraicrules.As a consequenceof theorthogonal-
ity of thevolumestateequations,thiscanbedoneseparatelyin each
dimension,thusrequiringonly Î �0*d� inferences.For thevolumeem-
phasizedin Fig. 2, we find thevector Ï �	 � Ç !�� �	 � ="!�� �	 6 ="!rÐ .

Thevector ÍË�Ì of qualitativevaluesfor Í� expressesthepositionof
the focal statewith respectto Æ , andhenceallows oneto determine
thepossibletransitionsfrom Æ to neighbouringvolumes.A volume
Æ ’ definedby Ë�Ì ’ is a candidatesuccessorvolumeof Æ , if thereis
exactly one ' suchthat ÅrÆuÑ
 ��Ò5ÓRÔVÔx� ÅbÆ 
 � , where ÒVÓuÔVÔ is definedin
Table1, and ÅbÆ ÑM � ÅrÆ M for all

QTÕ��' , #Ö% Q %×* . That is, only one
variablehaschangedits qualitative valuein thecandidatesuccessor
volume,implying thatconcentrationsof geneproductsareassumed
to never reachtheir thresholdssimultaneously.

For a candidatesuccessorÆuÑ to be an actualsuccessorof Æ , the
thresholdplaneseparatingÆ andÆuÑ mustbetransparent.This implies
6

Theprocedurecanbeeasilygeneralizedto the casesz ~TØ 
 ±�² 
 ~+Ù � ���

andÙ � ��� �
 ~´Ø 
 ±�² 
 ~ ���8� 
 .
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�=(� ��µ¬� . ���
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�W+! � �¬µ¬� . ���
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� �¬µ¬� �
 =+	�
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 � �	�
�=+! � �¬µ¬� 7 ���
 =(	�
·=(� ��µ¬� �

� �¬µ¬� �
 =+	�
�=(� ��µ¬� . ���
 � �	�
 Ç ! �

Table 1. Thefunction Û8Ü_Ý8Ý mappingqualitative valuesfor | 
 and Þ| 
 to a
successorqualitative valuefor | 
 , � ~´ß 
 ~Eà 
 J � . Thesuccessorrelations

aremotivatedby basiccontinuityrestrictions,asin [9].

that, for the 	�
 changingits qualitative value in the transition,the
qualitative valuesof its derivative shouldnot beopposite.That is, if
ÅrÆuÑ
 Õ� ÅbÆ 
 , thennot

�ÅbÆuÑ 
 W"!B�V="!�� and
�ÅrÆ 
 ="!Ö�VWá!Ê� , #&%(')%+* .

The simulation algorithm iteratively generates,in a depth-first
manner, all volumesthatarereachablefrom an initial volume Æ/â ã:â ä
definedby qualitative valuesË�Ì â ãHâ ä .
push(ÒVå�ADÔ�æ9� Æ â ãHâ ä )
determine ÍË�Ì â ãHâ ä
while not Ò5å�A_Ô�æ is emptydo

currentvolumeÆèç pop(Ò5å�A_Ô�æ )
declareÆ to bereachable
generatecandidatesuccessorvolumesof Æ
for all candidatesuccessorsé Ñ do

determine ÍË�Ì9ê
if é Ñ is actualsuccessor
then if not é Ñ is reachableand not é Ñ on stack

then push(Ò5å�A_Ô�æ�� éDÑ )
The volumesandtheir reachablesuccessorsform a directedtransi-
tion graph. Thegraphmaycontainvolumeswithout successorsand
volume cycles, which will be togetherreferredto as attractors. If
a volumehasno successors,it eithercontainsa steadystateor all
outgoingtrajectoriesapproachnon-transparentthresholdplane(s).In
the worst case,the algorithmwill generateÎ �<� � ;�#_�8ëÊ� reachable
volumes,where� is themaximumnumberof genesinfluencedby a
singlegene.
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Figure 4. Thenumberof reachablevolumesfrom aninitial volumefor
modelswith ìîí � and ïEí �ð�Vñ:ñVñ/�V��y . Eachdot in theplot representsa

simulation.

5 Experimental results

Thesimulationalgorithmpredictstheattractorsthatmaybereached
from an initial volumefollowing a sequenceof volumetransitions.
Froma biologicalpoint of view, this meansthatpossiblefunctional
statesof the regulatory systemare identified, given certain initial
geneexpressionlevels[8, 18]. As shown in theprevioussection,the
numberof reachablevolumestheoreticallygrows in an exponential
fashion.Thiscompromisestheobjectivetodealwith larger-scalereg-
ulatory systems.In orderto testwhetherthe average-casebehavior
is morefavorable,we have performeda seriesof computerexperi-
ments.

Theexperimentshave beencarriedoutwith animplementationof
thesimulationmethodin Java 1.2.Theprogramreadsandparsesin-
put files with theequationsandinequalitiesspecifyingthemodelof
the system(stateequations,thresholdandnullcline inequalities)as
well astheinitial volume.Thecoreof theprogramconsistsof anin-
equalityreasonerfor thedeterminationof ÍË�Ì ê in themainloopof the
algorithm.We have developeda versionof Simmons’[15] Quantity
Lattice,adaptedto the particularitiesof the classof PLDEswe are
dealingwith. Theoutputproducedby theprogramconsistsof a tab-
ular representationof thevolumetransitiongraph,a list of attractors,
andrun-timestatistics.Thesimulationsreportedbelow wererun on
a SUNUltra 10workstationwith 128Mb of RAM.

In orderto studytheupscalingpropertiesof themethodsin a sys-
tematicway, we have carriedout experimentswith randomregula-
tory networks.For eachof the * genesin a network, ò inputswere
randomlychosenamongtheothergenes.Next, thefunctions  
 were
randomlyselectedfrom the setof all possiblefunctionswith ò in-
puts.Further, a randomorderbetweenthe thresholdsof the regula-
tion functionswasgenerated,aswell asa lower andupperthreshold
boundfor the nullcline terms � 
 F ��
 . Eachof the modelsthus ob-
tainedwassimulatedfrom a randomly-selectedinitial volumein the
phasespace.

Theresultsof experimentswith ó %(*+%@#_ô and ò � ó areshown
in Fig. 4. For each* , 25 simulationswerecarriedout, eachwith a
differentmodelandinitial volume.Thenumberof volumesreachable
from the initial volume is displayedas a function of * . The most
importantobservation to be madeis that the average-casebehavior
is muchmorefavorablethanthe worst-casebehavior, shown asthe
drawn line in thefigure (noticethe logarithmicscaleof the õ -axis).
For *á��# ó , themediannumberof volumesreachableis 5418,about
1%of thetotalnumberof volumesin thephasespace.
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Figure 5. Exampleregulatorynetwork for ï´í y andìîí´ö .
Fig. 4 shows a largespreadin thesimulationresults.Simulations

for *÷�`#_ø give resultsvarying from 72 to 675,216reachablevol-
umes,althoughmostof thetime around#5!Êù volumesaregenerated.
A numberof factorscontributeto thesedifferences,in particularthe
distanceof theinitial volumeto thereachableattractorsandthenum-



berandthesizeof theattractors.Thenumberof reachableattractors
alsostronglyvariesbetweensimulations.For *ú�É#5Ä , the median
numberof reachableattractorsis 2, with 7 simulationsyieldingmore
than100attractors,mostlycycles.

Althoughno simulationtook morethanhalf anhourto complete,
for *�WÂ#rô over onethird of thesimulationsendedwith a memory
overflow dueto thelargenumberof volumesgenerated.Thisseldom
if ever happenedfor lower * . We have alsocarriedout simulations
for ò ��û and ò �×Ä , that is, for moredenselyconnectednetworks.
In thesecases,thenumberof reachablevolumestheoreticallygrows
as Î �gÄ/ëÊ� and Î �<ürëÊ� . As for ò � ó , theaverage-casebehavior tends
to be more favorable.However, for *ÈWÉ#_û simulationsstartedto
becomeintractablewith thecurrentimplementation.

Fig.5 showsanexampleof anetwork with *"��ô and ò ��û anda
largenumberof positive andnegative feedbackloops.Themodelis
definedby a total of 120equationsandinequalities.Simulatedfrom
arandominitial volume,3892volumesturnout to bereachable.The
trajectorieseitherendin thesinglevolumewith a steadystateor in
oneof the14 cycles.

6 Discussion

Themethodfor qualitative simulationof geneticregulatorysystems
presentedin this paperhasbeenshown capableof dealingwith net-
worksof largersizeandcomplexity thanpossiblewith existing QR
methods.Wehavemodeledregulatorysystemsby aclassof differen-
tial equationsputtingstrongconstraintson the local behavior in the
phasespace,in combinationwith a simulationalgorithmadaptedto
theseequations.Currentlyweareableto dealwith networksof upto
18 geneswith 2 to 4 regulatorsper geneandcomplicatedfeedback
structures.Thesimulationstudiesdescribedherepresentoneof the
first attemptsto systematicallyinvestigateupscalingof QR methods
in the context of a realisticapplication.The simulationmethodhas
beentailored to oneclassof models,but the principlesunderlying
ourapproachmightbeapplicableto otherproblemsaswell.

Adaptationto a specificclassof modelsis theprincipalrespectin
which theapproachpresentedin this paperdiffers from well-known
QR methodslike QPT andQSIM [2, 9]. The expressivity andgen-
erality of the formalismhave beentradedfor the capability to deal
with largerandmorecomplex systems.For instance,thedescription
of the stateof a regulatorysystemis achieved on a higher level of
abstraction.Thebasicelementin our formalismis avolume,defined
by a vector of qualitative values � ��µ¬� �
 =`	�
Ö=ý� ��µ¬� . ���
 . In QSIM
onewould have to distinguishindividual statesinsidea volumeas
well, suchasboundarystatesdefinedby 	 
 �+� ��µ � �
 or 	 
 ��� ��µ � . ���
 ,
andnullcline statesdefinedby

�	 
 �¸! . The methodpresentedhere
thusabstractsfrom trajectoriesinsidea volume,which amongother
thingsallows a morecompactrepresentationof the behavior of the
system.

Qualitative methodsfor the analysisof geneticregulatory sys-
temshave beendevelopedin mathematicalbiologyaswell, thebest-
known examplebeingBooleannetworks[8]. Simulationof Boolean
networks restson the assumptionthat a geneis eitheractive or in-
active, and that geneschangetheir activation statesynchronously.
Translatedto the formalism of this paper, this meansthat thereis
only onethresholdpergeneandthatthresholdsarereachedsimulta-
neously. For many purposes,theseassumptionsaretoo strong.The
use of randomnetworks to study the upscalingpropertiesof the
methodhasbeenstimulatedby Kauffman’s [8] simulationstudies
with Booleannetworks.Theobservation that trajectoriesremainlo-
calizedin a smallpartof thephasespaceagreeswith theresultsob-

tainedfor Booleannetworks.
Thomasandcolleagues[18] have proposeda generalizedlogical

methodthat permitsmultivaluedactivation statesand asynchronic
transitions.In fact, Snoussi[16] has demonstratedthat their for-
malism can be seenas an abstractionof a specialcaseof (4). Al-
thoughsimulationis possiblein thegeneralizedlogical method,the
emphasisis on the identificationof steadystates,including steady
stateslocatedon the thresholdplanes[13, 14, 17]. The useof log-
ical equationsabstractingfrom differential equationsmakes it dif-
ficult to integrate(semi-)quantitative information [1]. With the ad-
vent of cDNA microarraysand other new measurementtechnolo-
gies,(semi-)quantitative geneexpressiondatais becomingavailable
in largeamounts.

Thesimulationmethodpresentedin thispaperformsthecoreof a
systemcurrentlyunderdevelopmentcalledtheGeneticNetwork An-
alyzer(GNA). Thesystemwill beusedto addressa problemof high
biological relevance,namelythe validationof hypothesizedregula-
tory networksby meansof expressiondata.
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