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Abstract We demonstratdow to modelmacromolecularegulatorynetworkswith
JigCellandthe ParameteiEstimationToolkit (PET). Thesesoftwaretools are de-
signedspeci cally to supportthe processypically usedby systemshiologiststo
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1 Intr oduction

Mathematicamodelsof gene-proteimegulatorynetworks play key rolesin archi-
ing andadwancingourunderstandingf themoleculatbasisof cell physiology Mod-
elsprovide rigorousconnectiondetweerthe physiologicalpropertiesof a cell and
the molecularwiring diagramsof its control systemsA simple exampleis the set
of reactionscontrollingthe activity of MPF (mitosispromotingfactor)in Xenopus
oocgytes(1), which we referto hereinasthe frog egg model.In the diagramof this
network (Fig. 1), verticesrepresensubstratesand products(collectively referred
to asspecies)solid directededgesepresenbiochemicakeactionsanddashedli-
rectededgegepresentegulatorysignals.

Collectively, thesebiochemicalreactionscausethe concentrationsf the chem-
ical specieqS) to changen time accordingto a setof differentialequationgone

for eachspecies)

whereR is thenumberof reactionsN is the numberof speciesy; is thevelocity of
the j reactionin the network, andbjj is the stoichiometriccoefcient of species
in reactionj (bj; < Ofor substratedy;; > Ofor productspi; = 0if species takesno
partin reactionj). Fig. 1 shavs differentialequationsderivedfrom the reactionsn
thenetwork diagram.The setof rateequationsandassociategarametevaluesis a
mathematicatepresentationf thetemporalbehaior of theregulatorynetwork.
Sincethe purposeof thesemodelsis to codify a systems-leel understandingf
the controlof someaspecbf cell physiology it is necessaryo validatea proposed
modelagainstbsenedbehaior of thereferencesystemln mostcasest is essen-
tial to modelthe behavior of not only the wild-type form of the organism,but also

of mary mutantforms (whereeachmutantform typically representone or two
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variationsin thegeneticspeci cationof the controlsystem) For example,if we are
modelingthe cell cycle of an organism thenwe would wish to know featuressuch
asthecell sizeatdivision,thetime requiredfor variousphase®f thecell cycle (G1,
S, G2, M), andthe viability or point of failure for eachmutation. Measurements
of the amountsfor variouscontrol specieswithin the cell over time would alsobe
valuableinformation.In the caseof athoroughlystudiedorganismsuchasSacha-
romycegetrevisiae(buddingyeast),a modelcanbe comparedagainstmary dozens
of mutantsdefectie in theregulatorynetwork.

A realisticmodelof the buddingyeastcell cycle consistsof over 30 differential
equationsand 100 rate constantsandis testedagainstthe phenotype®f over 150
mutants(2). A modelof this compleity representshe upperlimit of whata dedi-
catedmodelercanproduce'by hand”with nothingbut a goodnumericalintegrator
like LSODE (3). Beyond this size,we begin to lose our ability evento meaning-
fully displaythe wiring diagramthat representshe model, let alonecomprehend
theinformationit containsor determinesuitablerate constantsn the correspond-
ing high-dimensionaspaceTo adequatelyglescrib6undamentaphysiologicalpro-
cessegsuchasthe controlof cell division)in mammaliarcellswill requiremodels
of 100-1000equations.To handlethis next generationof dynamicalmodelswill
requiresophisticatedoftwareto automatehemodelingprocessnetwork speci ca-
tion, equationgenerationsimulationanddatamanagementind parameteestima-
tion.

Therearea numberof distinct approacheso simulation.Deterministicmodels
usuallyrepresenthe systemof chemicalreactionswith ordinarydifferentialequa-
tions (4, 5, 6). In somecasespartial differentialequationsare usedto accountfor
spatialeffects (7). Stochastianodelingis in its infang/, andmostoftenis doneby

somevariationof Gillespie's algorithm(8, 9, 10). For the remaindeiof our discus-
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sion,we will consideronly deterministicsimulationby ordinary differentialequa-
tions(ODES).

Creatinga modelthat mimics the obsered behaior of a living organismis a
dif cult task.This processnvolvesacombinationof biologicalinsight,persistence,
and supportby good modelingtools. In the following sectionswe will describe
themodeldevelopmenprocesghatwe employ andthe softwaretoolsthatwe have
developedto constructandtestmodels We thenprovide a detailedexampleof how
the tools can be usedto createa simple model of the frog egg cell cycle andto

estimateaheassociatedateconstants.

2 The Modeling Process

Successfumodelingof macromolecularegulatorynetworks canbe aidedby soft-
waretoolsbasednawell-de ned modelingprocessSuchtoolsshouldsupporthe
line of thoughtfollowedby modelersasthey approacha problem.Mid-sizedmod-
els of macromolecularegulatory networks track reactionsamongtensof species
andaretestedagainsthundredf experimentabbsenations.Thus,modelerseed
toolsthat helpto organizethe relevantinformationandautomateas mary stepsof
the processaspossible Fig. 2 shavs our conceptionof the modelingprocessThe
modelerstartswith anideaaboutan organismand a regulatory systemto model.
Next, the modelergathersinformation (from the literatureandfrom their own ex-
periments)relatedto the regulatory systemof the organism.During the literature
searchthe modelerbuilds a hypothesigrom informationalreadypublished contin-
uouslycheckingthe hypothesisgainstheexisting literature.Oncethemodelerhas
a testablehypothesisaboutthe regulatory system the hypothesiscan be codi ed

into four typesof technicalinformation:
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ExperimentaData: Theinformationthatwill beusedto validatethemodel.This
informationmight comeastime seriesdataof the concentrationsf certainreg-
ulatory chemicalspeciesasotherobsenablessuchasthe averagesize of cells
at division, or as qualitative propertiessuchasthe viability or inviability of a
mutant.

SimulationRuns:Speci cationsfor the simulationsthatwill be madeto model
the experimentaldata. For example,eachsimulationmight relateto a speci c
mutationof the organism.The speci cationwill de ne the distinct conditions
necessaryo simulatethat mutation,suchasdifferencesn rate constantsfrom
thewild-type values.

Reactiometwork: Thechemicakquationshatdescribegheregulatoryprocesses.

RateconstantsThe parametershatgovernthereactionrates.

Typically, the experimentaldataand simulationrun descriptionsare part of the
problemde nition andarenot subjectto frequentmodi cations. Nor arethey con-
sideredto be “right” or “wrong” in the sameway asthe reactionnetwork andrate
constantaluestypically will be.Thenetwork andrateconstantsogetherde ne the
mathematicamodelthatwill besimulatedcomparedo experimentabbsenations,
andjudged“acceptable’or “unacceptablé.

One simulationrun of an ODE modeltakes only a fraction of a secondon a
typical desktopcomputerin 2007.As describedabore, a completemodelactually
involvesa large collection of simulations,to be comparedagainsta collection of
experimentakesults.This entiresetof runsmight take a secondor sofor a smaller
modelsuchasour frog egg exampleon a desktopcomputerfor onechoiceof rate
constantsand abouta minute or two for a larger model neededto describethe
buddingyeastcell cycle.

Onceaninitial speci cation of thesefour typesof informationhasbeenmade,

the next phaseof the processbegins. This is a simulation-compare-updateop,



6 Clifford A. Shafer, JasonW. Zwolak, Ranjit Randhava, andJohnJ. Tyson

wherebysimulationresultsare comparedo the experimentaldata.ln someway;,
eithera humanor a computerwill make a judgementasto the quality of the rela-
tionshipbetweerthetwo. At thatpoint, sincethe modelis typically judgedunsatis-
factory themodelerwill make adjustmentandrepeathecycle. We preferto view
this asa doubleloop, in thatchangego rate constantvaluesare mademuchmore
frequentlythanchangego thereactionnetwork. Thatis, the modelerwill typically
“twiddle” the rate constantsso long asprogresss beingmadein matchingsimu-
lation outputto experimentaldata.When changego the rate constantsappeamo
longerto improvethematch thenthemodelemwill attemptto improvethemodelby
changingthereactionnetwork, whichin turnwill triggeranotheroundof changes
to therateconstantsThe processs continueduntil the modelis judgedsatisactory
or totally hopeless.

Modelersoftentry to assigrnvaluesto rateconstantdy atime-consumingrocess
of “parametetwiddling” andvisualcomparisorof simulationresultsto experimen-
tal data.A betterapproachis automategarameteestimation(oncethe modeleris
con dent that the basicstructureof the reactionnetwork is soundenough).To t
amodelto experimentaldataby automatedptimizationalgorithmsrequiresthou-
sandgo millions of repetitionsof thefull calculations.

The processof comparingreal-world obsenation (experimentaldata)with the
mathematicamodel(time-serieoutputfrom a simulation)is calledmodelvalida-
tion. Model validationis closelyrelatedto automatedor manual)parameteesti-
mation,becauséothrequirethatsomemeasuref the quality of the modelcanbe
made.In the caseof automatedparameteestimation,we needa way to take the
experimentadataandthe outputfrom a simulationrun, andcreatea singlenumber
asa measuref thequality of the t.

This canbeextremelydif cult. First,the simulationdata(usuallyin theform of

time seriesplots) might not be similar to the form of the experimentaldata(often



ModelingMolecularRegulatoryNetworkswith JigCellandPET 7
qualitative information suchas whethera cell is viable or not). In general,some
complex computationmustbe doneto relatethe two. The function that doesthis
computatioris calledatransformandis discussedurtherin Section3.3.1 Second,
while it might be a simplejudgemento measureghe goodnes®f t betweenone
simulationandoneexperimentit is oftendif cult to judgethegoodnessf t of an
entireensemblef runs,whereimprovementsn matchingsomeexperimentamight
comeat the costof worse ts for others.The function that balanceghese ts is

calledthe objectie functionandis discussedn Section3.3.2

3 Software Tools

Before the currentgenerationof modelingtools for systemsbiology was devel-
oped,mary stagesn themodelingcycle describedn Section2 weredoneby hand.
This presentgwo problems First, it takesa greatdealof time andeffort to corvert
the original intuitive conceptof a modelinto a suitablesetof reactionequations
andsimulations.Secondthereare mary opportunitiesfor errors,especiallyat the
(essentiallymechanicalstepof cornverting a reactionmechanisminto differential
equations.

A wiring diagram,like Fig. 1, nicely representshe topology of a reactionnet-
work (reactantsproductsgenzymes)But it is notagoodrepresentatiofor specify-
ing thekineticsof thenetwork (thereactionratelaws, v;). A largereactionnetwork
canbecomeso complex that evenits topologicalfeaturesare obscuredby a large
numberof intersectindines. Obscurityis increasedy thefactthatthereis no stan-
dardformatfor drawing suchgraphs.Without precisenotationalcorventions,it is
impossibleto corvertawiring diagramunambiguouslynto amodel,eitherby hand

or by machine.
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Anotherapproactor deriving a modelis to explicitly write outthe chemicalre-
actions.This losessomeof the intuitive appealof the diagrammatiapproachput
allows for amorecompactde nition of areactionnetwork. Normally, the modeler
hasalreadymadea handor CAD-drawn versionof the network in graphicalform,
shaving theinteractionsn a qualitatve sensebut without the quantitatve informa-
tion of therateequationor therateconstantalues.

Modelsoftenincludeconceptaot capturedby the differentialequationsalone.
Consenrationrelationsarede ned by linearcombinationof speciexoncentrations
thatremainconstanthroughouta simulation:T; &2 ,a&S(t), whereg; is a con-
stantandT; is constantSuchconstraintsarisefrom lineardependencies the stoi-
chiometrymatrix: 4,2 ; a;bj; = 0. Eventsarespecialactionsthattriggerin themodel
undergiven conditions.For example,cellular division could be representedby a
halving of cell mass,andmight occurwhena givenfunctioninvolving somenum-
berof chemicalspecieseaches thresholdduringa simulation.

The key to successfullycreatingand managingsuchcomple< modelsis to use
softwaretoolsthat organizethe informationin a coherentway andcatchinconsis-
tenciesanderrorsearly in the processin this sectionwe will describethe JigCell
ModelBuilder (11, 12), whichis usedto de ne thereactionequationsandratecon-
stantsof the model.We thenpresenthe JigCell Run Manager(13), which is used
to de ne a seriesof simulationrunsthatwill generateutputto validatethe model.
Finally, we describehe ParameteEstimationTool (PET)(14), which supportsex-
plorationof the parametespaceandautomategarameteestimationwith the goal
of selectingateconstantaluesthatbestt thesimulationoutputto theexperimen-
tal data.

Underlyingary suchsoftwaretool is a representatiorschemefor describinga
model,thatis, alanguagdor expressinghe modelin acompleteandformal sense.

The System®Biology MarkupLanguaggSBML) (15, 16) hasnow becomehestan-
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dardreferencdanguagdor reactionnetwork modeling.SBML describesll neces-
saryfeaturegertainingto the reactionnetwork, conserationrelations,events,and
rate constantsSBML doesnot describeall datanecessaryor modeling,includ-
ing informationdescribingthe simulationrunsand experimentaldatafrom Fig. 2,
which mustbe storedin separateles. SBML alsois not a suitablelanguagefor
humancomprehensionThus,softwaretools areneededo provide aninterfacebe-

tweentheuserandSBML.

3.1 The JigCell Model Builder

The JigCell Model Builder (referredto hereinasthe “Model Builder”) is usedto
de ne the componentghat make up an SBML model. The Model Builder usesa
spreadsheenterface,allowing a large amountof datato be displayedin an orga-
nizedmanner

The Model Builder providesfunctionalitiesfor both rst-time usersand expert
modelers.The Model Builder supportsthe de nition of eventsand userde ned
units. An event,suchascell division, canbe de ned by specifyinga conditionthat
mustbe metto trigger the event, and the changeghat resultdue to the event. A
major goal of the Model Builder is to minimize thetime anderrorsassociateavith
translatinga regulatory network to a setof equationsAs the userentersreaction
equationsratelaws, andfunctionsinto their cellsin the main spreadsheeteveral
otherspreadsheetare updatedto track the variousentitiesthat make up a model.
After theuserhas nished de ning amodelusingtheModelBuilder, thismodelcan
beusedwith otherSBML-compliantsoftwareto simulatetheresponsef themodel
to givenconditions.

The Model Builder's interfaceis brokeninto 10 spreadsheetsll accessibldy

clicking on the appropriatetah Fig. 3 shows the “Reactions”spreadsheeflThere
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is a spreadshedbr eachof the eight SBML componentsn a model (reactions,
functions,rules,compartmentsspeciesparametergjnitsandevents).Thereis one
spreadshedbr conseration relationsand one spreadsheefor the equations(in-
cludingbothODEsandrule equations).

The “Reactions”spreadsheas the primarytool usedto createthe reactionnet-
work of a model. The other spreadsheetare either partially or completely lled
by the Model Builder from the “Reactions”spreadsheef reactionrepresentsry
chemicaltransformationfransportor binding processhat canchangethe amount
of oneor morespeciesEachrow de nesasinglechemicareactionFig. 3 shavsthe
“Reactions”spreadshedbadedwith the frog egg model. The threemain columns

in this spreadsheetre:"Reaction; “Type; and“Equation”.

1. The“Reaction"columnde nesthespeciegreactanteandproductsyndtheirsto-
ichiometriesA list of substrateseparatetby “+' signsis enteredrst. An arrow
(! ) is thenenteredandis followedby a list of productsalsoseparatedby "+
signs.Substratandproducthnamescancontainary combinatiorof letters,num-
bers,underscoresandapostrophesThereis no limit to the numberof species
thatcanbe enteredassubstrate®r products.The stoichiometryof a reactionis
de ned by placinga numberandan **' characteiin front of the speciege.g.,
3 My).

2. By picking aratelaw from a dropdown list in the“Type” column,the usercan
specifythe kinetics of the reactionbeingde ned. The Model Builder provides
threebuilt-in ratelaws (MassAction, MichaelisMenten,Local) andalsoallows
usersto de ne their own ratelaws in the “Functions” spreadsheetor all rate
laws otherthan Local, the Model Builder will enterthe associatedate law in
the“Equation” eld. The Local type allows the userto de ne thereactionrate
of a single reactionwithout creatinga new rate law. If the userselectsLocal,

the equation eld will remainemptyuntil the userde nes the equationfor the
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reactionrate.Local ratelaws may containalgebraicexpressionsvith parameters
andspecies.

3. The“Equation” columnspeci esthe equationfor the rateof thereaction.If the
reactiontype is not Local, the “Equation” column displaysthe unsubstituted
equationof the selectedrate law until the useredits the rate law equationby
clicking on the cellsin this column.Clicking on one of thesecells displaysthe
“Parameters/Modi ers’Editor (Fig. 4), wherethe userassignsinterpretations'
to the rate constantsand modi ers. The “interpretations'can be numericcon-
stants,expressionsspeciesor speciesrelatedexpressionsThe Model Builder
partially lls the“Parameters/Modi ers’Editor whenbuilt-in ratelaws areused
(e.g.,S1lbecome<iin Fig. 4 automaticallypecaus¢heuserde nedthereaction
Ci! Ca). TheModel Builder will substitutethe users interpretationgentered
viathe“Parameters/Modi ers’Editor)into theEquation eld of the“Reactions”
spreadsheetothattheusercanseethe nal ratelaw usecdto governthereaction.

Expressionareevaluatedo numericalvalueswhenthe modelis simulated.

The “Functions” spreadshedfFig. 5) is usedto createand edit function de -
nitions. A function de nition is a namedmathematicafunction that may be used
throughoutthe restof a model. For example,userde ned ratelaws arecreatedas
functionde nitions. Checkingtheboxin the“RateLaw” columncauseshe newly
createdrate law to be includedin the drop-dawn list of rate laws in the “Type”
column of the “Reactions”spreadsheetunctionsare de ned with placeholders
for agumentsof theform A#, where# is somenumber The function My rate law
in (Fig. 5) contains ve agumentsAl AS5. Theseargumentscanbe assignedn
the “Parameters/Modi ers”Editor (Fig. 4) when the function is selectedas the
ratelaw for a reaction.Otherwise,to usethis functionit may be calledlike this:
My_rate_law(vwp; Wi; vwpp; Wa; Ma). Any of the functionargumentscanbe a pa-

rameteyspeciespr algebraicexpression.



12 Clifford A. Shafer, JasorW. Zwolak, Ranjit Randhava, andJohnJ. Tyson

The“Rules” spreadshedFig. 6) senestwo purposesFirst, it displaysalgebraic
rules,which aretheconserationrelationsin themodel. Theprogramdeduceshese
relationsfrom thestoichiometrianatrix of themodelanddisplayseachconseration
relationin theform (a1$ + axS+ i) T = 0, whereT; is the consered quantity
anday, ay, ::: areconstantcalculatedfrom the stoichiometrymatrix. The user
cannotedit an algebraicrule on this spreadshediut may specify how the Model
Builder usestherule on the “Consenation Relation” spreadsheef he secondour-
poseof the “Rules” spreadshees to createandedit assignmentules.Assignment
rulesareusedto expressequationghat setthe value of variables.The “Variable”

eld in theassignmentule canbe a speciesparametenr compartmentln thecase
of specieghe “Equation” eld setsthe quantityto be determinedeitherconcen-
tration or substancamount),in the caseof compartmentshe“Equation” eld sets
the compartmens size,andin the caseof parametershe “Equation” eld setsthe
parametes value. The value calculatedby the assignmentule's “Equation” eld

overridesthe value assignedn the “Compartments, “Species, or “Parameters”
spreadsheet.

The next threetabsare usedto de ne compartmentsspeciesand parameters.
A compartmentepresents boundedspacein which speciesanbe located.Spa-
tial relationshipsbetweendifferentcompartmentsan be speci ed. Modelersare
not requiredto entercompartmentnformationwhende ning a model,asa single
compartmentalledcell' is createcby default. The “Species”spreadshedFig. 7)
providesalist of all specieghatarepartof achemicalreactionor de nedin aRule.
The list of specieds generatecutomaticallyby the Model Builder, thougha user
canadd, delete,and modify speciesThereare several editableattributesassoci-
atedwith eachspeciesThe “Parameter'spreadshedfig. 8) is usedby the Model
Builder to manageall parameterandtheir valuesassociatedvith a model. A pa-

rameteris usedto declarea value for usein mathematicaformulae.The Model
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Builder recognizessa parameterary nameon the “Reactions”spreadsheehatis
notde ned asaspecies.

The “Events” spreadshegfFig. 9) allows the userto de ne actionsassociated
with amodel.For example,whenmodelingthe cell cycle, sometriggerfor cell di-
visionmustbede ned andthe consequences thatdivision mustbespeci ed. The
“Name” columnprovidesan (optional)identi er for an event. The “Trigger” col-
umn de nes the conditionsunderwhich the event takes place. The format of this
entryallows the userto specifyanequalityrelationship Whenever the relationship
enteredin the “Trigger” columnis satis ed, the actionsspeci ed in the “Assign-
ments”columnwill occur The“Event AssignmentEditor” letsthe userde ne the
changeshatwill occurwhenaneventis executed.

The “Units” Spreadshedists all unit typesusedin the model,alongwith their
de nitions. A unit de nition providesanamefor a unit thatcanthenbe usedwhen
expressingquantitiesin a model. The Model Builder hasa numberof basicunits
and5 built-in unit de nitions (arealength,time, substancandvolume).Comple
unit de nitions suchasmeer=second canbe created.

The “Consenation Relations”spreadshedFig. 10) is usedto view a list of all
consenrationrelationshipghat exist betweerspeciesn the model.Thelist of con-
senationequationss generatecutomaticallyusingReders method(17).

The “Equations” spreadsheeffFig. 11) allows the modelerto seea list of the
differenttypesof equationghatde ne themodel. The userdoesnot edit equations
here,as they are createdautomaticallyfrom dataenteredon other spreadsheets.
The “Equation” columndisplaysdifferentialequationsassignmentule equations,
consenrationrelationequation®r theconditionsetonthe speciesvhenno equation

exists.



14 Clifford A. Shafer, JasorW. Zwolak, Ranjit Randhava, andJohnJ. Tyson

3.2 The JigCell Run Manager

TheJigCellRunManagefrreferredto hereinasthe“Run Manager”)letsusergde ne
speci cationsfor anensemblef simulationruns.Hierarchiesof simulationscanbe
built up, wherebya givensimulationinheritsparametechanged$rom a “basal” run
de nition. Thishierarchicabrganizatiorof simulationss usefulbecausenodelsare
oftenvalidatedagainsta collectionof experimentaprotocols eachoneof whichre-
quiresonly slightly differentsimulationconditions.For example the buddingyeast
cell cycle modelmustcapturethe differencesamongmary dozensof mutationsof
thewild typeorganismlIf the basal'runrepresentthewild-type organismthenthe
hierarchycande ne unambiguoushand compactlythe deviationsfrom wild-type
thatarenecessaryo specifyeachmutanttype.

Usersinput the descriptionof ensemblesising5 spreadsheet&®uns,BasalPa-
rameters,Basal Initial Conditions, Simulator Settingsand Plotter Settings.The
“Runs” spreadshedfFig. 12) speci eshow to simulatea certainexperiment.The
namecolumncan (optionally) be usedto identify the experimentbeingsimulated.
The parentcolumnlists all runsfrom which therow inheritschangesThechanges
columnlists additionalchangedo parameterdpitial conditions,simulatorsettings
andplottersettinggthatareneededor this run. The changesarespeci ed usingthe
“Changes”editor (Fig. 13), which openswhenclicking on the changescell for a
particularrun. The changedor a particularrun overridethe changesnheritedfrom
ary parents,andthesechangespropagateo its children. Color is usedto re ect
wherethe changesaremade:Blue is usedto indicatechangesnadein the current
run (locally) and greento indicate changesnheritedfrom a parentrun (or some
previous ancestor)This informationis alsoindicatedin the “Parents”column of
Fig. 13, whichindicateseitherthe nameof theancestothatcausedhatparametes

settingto changeopr states'local” if thechangewasexplicitly madeby theuserfor
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thisrun.Fig. 12 shovsa“Runs” spreadshedor simulatingsomeexperimentgone
onfrog egg extractsto characterizéhe activationof MPFE

Eachrow correspondgo a separateexperiment.The run named“Interphase”
(on row 1) describeschangedo the initial modelin orderto simulatean extract
startingin interphaseThis run is thensetasa parentto the run named‘K umagai
and Dunphy 1995Fig 3C Interphase™on row 6. Therun on row 6 inheritsall its
parents changesandrepresentsn experimentto measurehe phosphorylatiorof
MPF by WeelduringinterphaseThe“Changes’columndisplayschangesnadeby
thecurrentrun but notchangesnheritedfrom the parents.

The RunManagemrovidesa “Plot” buttonon the “Runs” spreadshedhatgen-
eratesanimmediatesimulationfor aspeci edrow andthenplotstheresults.

The“SimulatorSettings"spreadshedFig. 14) speci esthesimulatorto beused
and appropriatevaluesfor the simulators con guration parameterssuchastotal
time of integration,tolerancesputputinterval, etc.In this casethesimulatorchosen
is XPP(18). Othersimulatorsarealsoprovided,suchasStochKit(19) (for stochastic
simulation)andOscill8 (20).

The“Plotter Settings”spreadshedFig. 15) enableshe userto specifythevari-
ablegto beplottedfrom asimulationrun'soutput.The“Plotter Settings”spreadsheet
alsocontainsoptionsto customizeheplot by selectingcolors,markstyles whether

to connectpoints,etc.

3.3 PET: ParameterEstimation Toolkit

TheParameteEstimationToolkit (PET)is designedo helpusersexploreparameter
spaceand t simulationoutput(e.g.,time coursesimulations}o experimentaldata.

Typical useof PETfollowsthemodelingprocessliscussedn Section2:
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1. The userimportsan SBML le createdby the Model Builder or someother
SBML editor.

2. A basalparametesetis createddirectly from the SBML le or importedfrom
theRunManagersbasal le.

3. Simulationrunsarede ned in PET or importedfrom arun le createdby the
RunManager

4. At this point the usermay simulatethe model, even thoughexperimentaldata
have notyetbeende ned.

5. Experimentablataarede ned andtransformssetup for the simulationruns.

6. Experimentatiataandmodeloutputarecomparedy theuser(HumanAnalysis)
or by the parameteestimatorfAutomatedAnalysis).Parameterareadjustedo

seekabettert of themodelto thedata.

PET supportsutandpasteof experimentaldatainto andfrom applicationssuch
as Microsoft Excel, copying of plotsinto presentation®r other documentsand
generatiorof PDF les containingplots. PET supportsundoandredoof mostop-
erations(including all deleteoperations)semanticchecksof userinput, andcolor
coding(e.qg.,of parametershangedy theuserin the “Edit Basals"spreadsheet).

The following subsectionsletail somegeneralfeaturesof PET. Speci ¢ exam-

plesof thesefeaturesareprovidedin Section4.

3.3.1 Experimental Data and Transforms

Usersenterexperimentabataandde ne whattransformgo useonthemodeloutput
in the“Edit Data” screen(Fig. 16). Transformscorvertthe time seriesdatagener

atedby a simulationinto a form comparabldo the experimentaldata.For example,
experimentaldatamight measurehe time it takesfor a speci ¢ eventto happen

(timelag)or how muchof a speciesnustbe addedto a systemto changea steady
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state(threshold),or the viability of a mutant.In thesecasesthe computersimula-
tion mustproducea numbercomparablédo the experimentadatum(i.e., measuring
thesameobsenable).Automatedparameteestimatiorroutinesthentake the differ-
encebetweertheexperimentabbsenationandthetransformeautputof themodel,
andattemptto minimizethis differenceby adjustingparametevalues A transform
might be quite sophisticatedFor example,it might needto analyzethetime series
outputfor somemeasuremengsuchas cell size) to deducethat an oscillationis
takingplace,andits period. TransformsareimplementechsFORTRAN functions.
The name of every simulationrun de ned in the “Edit Simulations” screen
(Fig. 17) appearsn the “Edit Data” screen(Fig. 16). In the “Edit Data” screen
the usercanselectthe nameof a simulationrun andde ne experimentaldataand
atransform.Notethatsomerun speci cationsmight notde ne eitherexperimental
dataor atransform.Thesespeci cationsmight beinheritedby otherruns(e.g.,the
“M-phase”and“Interphase’runsin theexamplein Section4), or themodelemight

wishto storethesespeci cationsfor anotheipurpose.

3.3.2 Parameter Exploration and Estimation

A usercanexplore parametespaceby settingparametewralues(Fig. 18), clicking
the“Simulate” button,andview theresults(Fig. 19). Thiswill generateime course
plots of selectedspecieqFig. 19). Changesn basalparameterandinitial condi-
tionscanbe madein the “Edit Basals"screenTheusermightwish to keeptrack of
multiple basalsets,which areall displayedin the “Edit Basals”"screen Whenthe
userclicksthe“Simulate” buttonasimulationis runfor eachbasaketchecledin the
“Edit Basals"screenpairedwith eachsimulationchecledin the“Edit Simulations”
screenFor theexample,in Fig. 17 andFig. 18, sixteensimulationsareperformed:

the eight simulationschecledin Fig. 17 arerun for eachof the two basalparam-
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etersetschecledin Fig. 18. Every simulationperformedgenerates plot andthe
appropriateexperimentaldatafrom the“Edit Data” screeris plottedwith themodel
simulationpoints. This allows the userto quickly comparemodelsimulationswith
experimentadata.

By manuallychangingparametergunningsimulationsandviewing plots,auser
might discover parametewaluesthat bring the simulationsinto acceptableagree-
mentwith the experimentaldata.But this manualprocesss time consumingPET
also provides automatedparameteestimation,which searchegor parametewal-
uesthatbestt a modelto experiments Automatedparameteestimationcan be
con guredthroughthe “Estimator Settings”screen(Fig. 20) andthenrun with the
“Estimate”button.

Two algorithmsarecurrentlyavailablein PET for automategarameteestima-
tion: ODRRACK95 (21, 22) andVTDirect (23). Both minimize an objective func-
tion de ned asthe weightedsumof squareof the differencesbetweerthe model

andexperimentaldata:

E(b) = gwaq2+wqd|2; 1)
i=1
fi(x+ d;b) = yi+q; for i=1::nm &)

whereb is the parametevector(referredto asa parametesetin this chapter)each
fi is a function of the model(e.g.,a time coursesimulation)and could be differ-
entfor eachi, x; is thei® independenexperimentaldatum(e.g.,time), y; is theit
dependengéxperimentadatum(e.g.,speciesoncentration)d ande aretherespec-
tive errorsattributedto the independenaind dependenexperimentaldata,andw,
andw, arethe weightsfor d and e suppliedby the user(PET automaticallycal-
culatesdefault valuesfor these).The algorithmssearchor a d andb to minimize

Equationl (notethat e canbe calculatedrom Equation2 onced andb arecho-
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sen).Zwolaket. al. (21) andBoggset. al. (24, 22) explain this objective functionin
more detail. ODRFACK95 is a local optimizationalgorithmbasedon Levenbeg-
Marquardt.VTDirect is a global optimizationalgorithm basedon the “DIV iding
RECTangles"algorithmof Joneq23).

When estimatingparametersautomatically the user can selectwhich experi-
mentsareto be t by checkingthemin the “Edit Simulations”screen(Fig. 17).
For a particular“estimation; the usermight allow only certainparameterso be
variedby PET. The x ed parametersnight be partof a consered quantity have a
known value,or arenot well constrainedy the currentdata.Suchparametersre
selectedas” x ed” by checkingthe box in the “Fixed” column of the “Estimator
Settings”screen(Fig. 20).

Rangeson eachparametecanalsobe de ned (and mustbe de ned for global
optimizationwith VTDirect). Fig. 20 shovs the“EstimatorSettings"screenn PET
wherethe rangescan be edited.Whenthe parameterangeextendsover multiple
ordersof magnitudethenthe usermaywishto usealogarithmicscaleby checking
the box in the “Log” column.This featureis only available for global estimation
andaffectsthe way VTDirect searcheparametespace For example,for alinear
scalewith a rangeof 0.01to 1000for someparameterp;, VTDirect might select
valuesof approximately200,400,600,and800.If alogarithmicscaleis selected,
theequivalentpointsselectedy VTDirectwouldbe0.1,1,10,and100.In thelinear
casesmallvaluesof p; areneverexplored,which might notbedesirable.

Weightscanbeassignedo the experimentadatato re ect relative con dencein
thedatain the“EstimatorSettings”screenFig. 20). Thesearethe weightsappear

ing in Equationl. PET assignslefault valuesfor the weightsof
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Theseweightscanre ect error boundson the datadeterminedby repeatsof the
experiment,if available.Largervaluesfor theweightcanbe assignedor datawith
smallerrorbounds Similarly, smallervaluesfor theweightcanbeassignedor data

with large errorbounds.

4 A Modeling Example

We now provideadetailedexampleof how ourtoolsareusedo build amodel,based
on the modelingprocesdescribedn Section2. The modelusedherewasderived
from Marlovits et. al. (1) andZwolak et. al. (25, 26) andcanbe seenin Fig. 1. It
modelsthe regulation of entry into mitosisin frog egg extractsby MPF, Cdc25,
and Weel.Experimentaldatafrom Kumagaiand Dunphy (27, 28) and Tang et.
al. (29) are t usinglocal andglobal optimization.We discussanalternatve model
motivatedby the parameteisetreturnedfrom the global optimizer Implementing

thealternatve modelwould continuethe modelingprocess$eyondthis example.

4.1 Entering the Molecular Network

We begin by enteringthe molecularnetwork from Fig. 1 into the Model Builder.
Eachreactionappearsas a line in the reactionspreadsheefFig. 3). Michaelis-
Mentenkineticsareusedfor theforwardandreversereactionf Cdc25andWeel.
A userde ned ratelaw (My _ratelaw) is usedto de ne MPF phosphorylatiorand
dephosphorylatiomy the active forms of Cdc25(C,;) and Weel (W) aswell as
a small residualactivity of the inactive forms of Cdc25(C;j) andWeel(W). Two
species. andL2, areaddedto the modelfor comparisorto measurementsf la-

beledMPF L is usedto measurdhe rateat which Cdc25removesthe phosphate
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groupfrom MPF (KumagaiandDunphy(28) Figure3C).L2 is usedto measurg¢he
rateat which Weeladdsthe phosphategroupto MPF (Kumagaiand Dunphy (28)
Figure 4B). The map of namesusedin the modelto the biological namescanbe
seenn Fig. 1.

The Marlovits (1) parameteset (buariovits in Tah 1) is enteredinto the Model
Builder via the “Parameters’spreadsheegndexportedto a basal le for lateruse
with the RunManagerandPET. Initial conditionsfor the speciesarede ned in the
“Species’spreadshedor interphas€Tah 2). Interphasés de ned asa stateof low
MPF andCdc25actiity andhigh Weelactiity.

In someexperiments,a buffer is addedto an extract, therebydiluting the en-
dogenousoncentrationsf proteinsin theextract. Thedilution factoris setto 1 for
the experimentsrom Kumagaiand DunphyFigures3C and4B (28). For the other
experimentswe usea dilution factor(“Dilution”) relative to the KumagaiandDun-
phy (28) experiments.The dilution of speciesn the modelis handledin the Run
Managerasdiscussedn Section4.2. For WeelandCdc25we would lik e thetotal
concentratiorto be scaledto 1, even afterthey have beendiluted, andthis canbe
speci edin the“Rules” spreadsheetdf the Model Builder. In the“Species”spread-
sheetwe createtwo new speciesandassignthemvaluesin the“Rules” spreadsheet

with therulesCaScaled Ca=Dilution andWaScaled= Wa=Dilution.

4.2 De ning Simulation Runs

In this section,we de ne simulationrunsin the Run Manager Eachexperiment
hasa line in the Run Managerandall the valuessetfor the runs canbe seenin
Fig. 12. TheRunManagereadsn the SBML le containingour modelandthe le
containingbasalparametewaluesandinitial conditions.Oneway to specifythese

les is throughthe “File” menu.
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Experimentfrom Kumagaiand DunphyFigures3C and4B (28), Kumagaiand
DunphyFigure10A (27), andTanget. al. Figure2 (29) specifywhatstatetheextract
wasin whenthe experimentbegan,eitherinterphaser M-phaselnitial conditions
for themodelarecreatedo mimic theseextractstatesandthevaluesof theseinitial
conditionscanbeseenin Tah 2.

For theinitial conditionsfor M-phaseandinterphasewve createtwo runsin the
Run Managercalled “M-phase” and “Interphase”respectiely (Fig. 12). All runs
startingin M-phasewill inheritfrom theM-phasebasalrun. Similarly, all runsstart-
ing in interphasewill inheritfrom the Interphaseun.

Experimentsin Kumagaiand Dunphy Figure 10A (27) and Tang et. al. Fig-
ure2 (29) addabuffer thatdilutesthe extractsby a factorof 0.83and0.67,respec-
tively. We handlethis by creatinga simulationrun for eachcase called“Dilution
=0.83"and"Dilution = 0.67". Theserunssetthe parameteDilution to thecorrect
value.Thenwe createa simulationrun “Dilute” thatappliesthe parameteDilution
to all specieshatarediluted(e.g.,Ct = Cy Dilution, Wy = Wy Dilution, etc.).The
initial conditionsfor the speciesarediluted by their assignmentgTah 2). Noneof
theserunsareintendedto be simulated.They exist justto be inheritedby runsthat

usediluted species.

4.3 Entering the ExperimentalData

With this modelwe will attemptto reproducehe experimentaldatafrom Kumagai
andDunphy (27, 28) andTanget. al. (29). The datafrom thesepapers(imagesof
gels,the pointson plots, etc.)arequanti ed in Tah 3. Thesedataare enterednto
PETviathe“Edit Data” screen(Fig. 16). A basalsetis de nedin the“Edit Basals”
screenfrom the basal le containingthe Marlovits parametersFor eachexperi-

mentthe“time series”transformis selectedn the“Edit Data” screenthemeasured
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speciesis selectedandthe experimentaldatais enteredso that the optimization
codewill beableto comparesimulationoutputto the experimentaldata.Now a set
of simulationscanbe run andwe canseehow well the Marlovits parameterg the

experimentadata(Fig. 21).

4.4 Performing Local ParameterEstimation

We choosethe Marlovits parametergsaninitial guesgo be usedby thelocal op-
timization algorithm ODRFACK95 and set somereasonabldower boundson the
parameter§Tah 4). Only thesimulationrunsthatwe wishto t to dataarechecled
in the“Simulations”screerof PET, andonly the parameters/e wishto beestimated
arechecledin the“EstimatorSettings”screenWe usethedefaultsettingsfor ODR-
PACKO95, which, in practice areusuallyadequateAs theinitial guessve selectthe
“Marlovits (1998)” basalset. The optimizerreturnsthe parameter®qcq in Tah 1,
andwe cancomparethe resultsto the Marlovits setby runningsimulationson the
basalsetandonthe tted parametewvalues(Runningthe simulationwould actually
shav a window similar to Fig. 19, but herewe shav the plots more compactlyin
Fig. 21). We seefrom Fig. 21 thatthe parameteestimatordoesreturnparameters
that t the databetter We canalso seethat the parametewvaluesare closeto the

startingvalueof Marlovits (Tah 1).

4.5 Global ParameterEstimation

In somecasegheusermaynot have agoodstartingpoint for the parameterspr the
usermightwish to explore parametespacen searchof othergoodparametesets.

PETsupportghesecasedy providing aglobalparameteestimatioralgorithm,VT-
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Direct. VTDirect requiresupperandlower boundson the parameteralues.In our
example,we assumehatwe know little aboutthetruevaluesof the parametersie
give boundsthat spanseveral ordersof magnitude andwe usea logarithmicscale
to distributethesearchevenly acrossheseordersof magnitudeSincewe usealog-
arithmic scale,we mustsetnon-zerolower bounds.We setmostlower boundsto
10 6, which allowstheseparameterto getsufciently closeto zeroto have anegli-
gible quantitatve effectonthemodel. Theboundsarerecordedn Tah 4. VTDirect
is run with the settingsfrom Tah 5, andthe resultingparametessetis passedo
ODRRACK95 for re nement.We resetthe parameteboundsfor the ODRRACK95
runto thoseof Tah 4. ODRFACK95 doesnot usethelogarithmicscalesettingand
thereforecanhave lower boundsof O for this run. Theglobalre ned parameteset

is calledbgjopar in Tak 1.

4.6 Next Steps

Visually, the parametergieneratedy the global andlocal optimizationrunsboth

t the experimentaldata(Fig. 21). The parametesets(bjocal andbgiobal in Tak 1)
aresimilar, exceptfor the valuesof vc, V8%andKme. For Kme = 20andCr = 1, the
Michaelis-Menterratelaw for reactionC; ! C, in Fig. 1 shouldbereplacedby a
massactionratelaw, (Ve=Kmc Ma Gi). This changeto the modelis addressedh
Zwolaket. al. (26), andwe will notgo throughtheanalysishere.

Next, we cancreateanothewariationof the modelby addingexperimentaldata
for timelagsandthresholdsasdiscussedn Zwolak et. al. (25). Automatedparam-
eterestimationcanberunto nd parametervaluesthat t thesenew experiments,
aswell asthe experimentsdiscussedn this section.The modelcancontinueto be

re ned andexpandedn this way to testfurtherhypotheseandachieve new goals.



ModelingMolecularRegulatoryNetworkswith JigCellandPET 25

The les for the modelingexampleandits variationsaredistributedwith JigCell

andPETandcanbefoundat http://mpf.biol.vt.edu/MMRNchapter/.

5 Summary

We have demonstratetion a modelerwould enterall of the necessarynformation
neededo de ne, simulate andvalidatea modelof a molecularregulatorynetwork.

Advancedsupporttools like the JigCell Model Builder make it easyto checkthe
syntacticconsisteng andcompletenesesf themodel. This makesit possibleto con-
structlarger modelsthancanbe done“by hand” andthusopensthe possibility of

constructingnorecomple« modelsthanpreviously possible The JigCellRunMan-

agerprovidesa way to organizeand managethe informationneededo de ne the
ensembleof simulationrunsfor validatingthe modelagainsta speci ¢ setof ex-

periments PET providesa tool to help the usercomparesimulationoutputto ex-

perimentadata.PET alsoprovidesautomatedoolsfor nding “best tting” values
of therateconstantsn a model.Our examplewalksthe readerthrougha complete
cycle of enteringthe model,testingit for initial validity, andusingparameteesti-
mationto improvethemodel.

While tools suchas JigCell and PET allow modelersto build andtestlarger
modelsthanwere possiblebefore,thereis still along way to go beforeit will be
possibleto build modelsthat capturethe complex regulatorysystemsawithin mam-
malian cells. Currentmodelsare de ned as a single monolithic block of reaction
equationsanapproachhatis reachingts limits. In future,modelerswill beableto
expresstheir modelsasa collectionof interactingcomponentsthusallowing them
to build largemodelsfrom smallerpiecesimprovementsarealsoneededn simula-
tors (includingthe ability to performef cient stochasticsimulations)jn parameter

estimationandin computemperformance.
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C. ActiveCdc25 yes
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W, Active Weel no
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Fig. 1: Network diagram,mappingof speciesnames,and the correspondingset
of ordinarydifferential equationsfor a model of the mitotic regulatory systemin

frog eggs.Theregulationof MPF (Mitosis PromotingFactor)by Wee1(kinase)and
Cdc25(phosphatasea)ontrolswhenthe cell entersmitosis.Notice the two positive

feedbackoopswherebyMPF activesCdc25(MPF's activator)andinactivatesWeel
(MPF'sinactivator). The active forms (M, C4, andW,) have associatedlifferential
equationsThe total amountsof MPF (M), Weel(Wr) andCdc25(Cy) arecon-
sened(i.e.,remainconstanthroughoutheprocess)M; + My = M1, W + W, = Wr,

andC; + C, = Cr. Thereforetheinactiveforms(M;, C;, andW) donothavedifferen-
tial equationdecausehey canbe calculatedrom theseconserationrelationships.
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Fig. 2: ThemodelingprocessOncethemodelethasgeneratedtestablehypothesis
abouttheorganismheor shemustassembl¢hefour necessargollectionsof infor-
mation (experimentaldata,simulationruns, reactionnetwork, andrate constants).
This de nesboththe mathematicainodelandthe behaior thatthe modelmustre-
produce.The modelerthenwill repeatedlysimulateandupdatethe model,perhaps
with the aid of automatednalysistools, until anacceptableesultis obtained.
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- Publication
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Fig. 3: The“Reactions"spreadsheet.
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Fig. 4: The“Parameters/Modi ers’Editor.
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| M_rate_laws | 1 (AT A+ (AT A)TAS)

Fig. 5: The“Functions”spreadsheet.
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&) TigCell ModelBuilder =

MaodelBuilder File Edit
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Algebraic (Ca+Ci-CT |
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| Algshraic (AT AT |
| ke Assignment (ot fewpp™iia) |
flkc Agsignment (vep*Cil+{vepp*Ca) :
| CaScaled Assignment CaiDilution |

| WaScaled Assignment  |Wa/Dilulion

Fig. 6: The Model Builder “Rules” spreadsheef he algebraicrulesare automati-
cally createdby the Model Builder from the conseration relations.The lines for
kw andkc de ne theratesfor thereactionsf L2 andL, respectiely. CaScalednd
WaScaledscalethe concentrationef CaandWa to 1 afterthey have beendiluted
by Dilution. SeeSection4.1for moreaboutdilution.
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Fig. 7: TheModel Builder “Species”spreadsheet.
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) JigCell MadelBuilder E=icH
MadelBuilder File Edit

| Reactians | Functions | Rules | Campariments | Species [} Events | Units | Conservation Relations | Equations |

Narme | Walue i Uinits i Constam| MNotes |

MT 1.0 X

cT 1.0 X

AT 1.0 X

AR 0.01 X

nwpp 1.0 X

vep 0017 X

wvepp 017 X

Kmcr 1.0 X

veppp 005 X

Ve 20 X

Kmc 01 X

Kl 01 X

A 20 X

K 01 X

nwppp 005 X

Dilution 1.0 X

oy

ke

RecordTimelag

Fig. 8: The“Parameter’spreadsheet.
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| 2| JigCell ModelBuilder [ [ el
ModelBuilder File Edit
| Reactions | Functions | Rules | Compattments | Species | Parameters EV S‘ Units | Conservation Relations | Equations |
Assignments Motes

MName Trigger Delay Tirme Units
|RecordTimelag=@@lime |

| Timelag |Ma=(WTi2.0) i} [tirme

Fig. 9: The“Events”spreadsheeThe symbol“@time” representsime in the sys-
temof differentialequationsThis eventsets‘RecordTimelag” to the valueof time
whenthe “Trigger” becomedrue andis usedto getthetime for actve MPF (Ma)
to reachhalf the total MPF concentratioMT). This s provided asan exampleof
how eventsarede ned, but it is notusedin thelatermodelingexample.
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| JigCell ModelBulder
ModelBuilder File Edit

=l e

| Heaclluné | Functions | Rules | Compartments | Species | Parameters | Events | lms | Conservation Relah‘n‘ns'i Equations |

Caonsenation Relation

Constant Total Mame

Dependent Species
(Ca+Ci) cT Ci - )
(Ma+Miy MT i
(Wa -+ WT AT -
el

Wi

s

i'/ REGEMERATE Conservation Relation(s) ) € DELETE Consefvation Relation(s) ) ( VALIDATE Conservation Relations )

Fig. 10: The“ConsenationRelations"spreadsheet.
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= T -
| £/ JigCell ModelBuilder
ModelBuilder File Edit
| Reactions | Functions | Rules | Compartments | Species | Parameters | Events | Units | Conservation Relations \;Eﬂﬂétmns;!_
Species | Equation | Motes |
dhdasct - (My_rate_lawdnnp VW vpp Wia Ma)) + (Wy_rate_lawivcp, Clvcpp, Ca M)
i =(a - MT) Set by conservation relation
dCardt - fveppp Tve) T Ca T 1.0 i(Kmer + Ca) + fvc * Ci T Ma iiKmce + Cip
Ci -(Ca-CT) Set by conservation relation
divaidt - e e M ime+ WED + deappp Fved * T L0 K e + W)
i - - W) Set by conservation relation
dl/ct - fketl)
dL2idt (ka*(1.0-L2)
dnaScaledidt REL]
CaScaled (Ca/Dilution) Set by rule
WaScaled (Aia/Dilution) Set by rule
Fercentage of equations calculatad: € 100% B

Fig. 11: The“Equations”spreadsheet.
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|/ JigCell Run Manager - C:\Program Files\ligCell\bookchapter'fragegg.nun
Runhlanager File Edit

RUns \ Basal Parameters | Basal Inftial Conditions | Simulatar Setfings | Plotter Settings |

Model file | kcha ‘ { Piot ) { Show Description )
Narme Farents | Changes
1 Interphase Mi=MT, Ca=0, :
2 M-phase IT, Mi=0, Ca=CT, Ci=0, Wa=0,
3 Dilute CT and 'WT T * Dilution, YWT=T * Dilution
4 Dilution = 0.67 Dilution=0.67
I} Dilution = 0.83 Dilution=0.83
[ Kumagai and Dunphy 1885 Fig 3¢ Interphase Interphase
7 Kumagai and Dunphy 1995 Fig 3C M-phase M-phase
8 Kumagal and Dunphy 1885 Fig 4B Interphase ilmerphase

) Kumagai and Dunphy 18895 Fig 4B M-phaw iM-phase
10 Kumagai and Dunphy 1992 Fig 10A Interphase  |Dilution = 0.83, Dilute CT and WT, Int... M

Wig=0, Wi=WT, Ca=CT, Ci=0

11 Kurmagai and Dunphy 1892 Fig 104 M-phase Dilution = 0.83, Dilute CT and WT, M- \M 25 Ca=0, CT
12 Tang et al. 1993 Fig 2 Interphase Dilution = 0.67, Dilute CT and WT, Int..|MT=0, Ca=CT, Ci=0, Wa=0, Wi=\WT
13 Tang et. al. 1993 Fig 2 M-phase Dilution = 0.67, Dilute CT and WT, M-.. MT=0.254, Wa=WT, Wi=0

Fig. 12: The“Runs” spreadsheet.
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Fig. 13: The“ChangesEditor for a particularrun. In the “Setting” columnof MT
the cell would be coloredblueto representlocal changeln the“Setting” column
for CT, WT, and Dilution, the cell would be coloredgreento representhanges

inheritedfrom a parentrun.
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Fig. 14: The“Simulator Settings”spreadsheet.
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Fig. 15: The“Plotter Settings"spreadsheet.
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Fig. 16: The “Edit Data” screenshavs experimentaldataandthe setup for trans-
forms.This gure shawvs alist of numberdor the time seriesconcentratiorof L2.
The“Time Series"transformis selectedor thetype of experimentadata.
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Fig. 17: The“Edit Simulations”screershaving parameteandinitial conditionval-
ues.PET highlightsinheritedchangesn gray Whena parents selectedn the“In-

herits” list, the changesnheritedfrom thatparentarehighlightedin a pastelpurple
(alsoshawvn in grayin this gure).
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Fig. 18: The “Edit Basals”screenlets usersde ne basalsetsof initial conditions
andparametersChangesnadeto parameterandinitial conditionsarehighlighted
in green(parameterswp andvwpp in this gure). The “Commit Changesut-
ton sares changesand removes the highlight colors. Alternatively, the “Discard
Changes’buttonwill restoreall changedvaluesto the last commit or the original
basalset,whicheveris morerecent.



ModelingMolecularRegulatoryNetworkswith JigCellandPET a7

Fig. 19: The PET report window shaws the plots using the basal set named
“Marlovits (1998)” (left column)side-by-sidewith plotsusingthe basalsetshavn
in Fig. 18 (right column).Eachsimulationrun takesa row in thegrid of plots. The
simulationrun “K umagaiand Dunphy 1995 Figure 3C Interphase’is on the rst
row, “K umagaiandDunphy1995Figure3C M-phase”is onthe secondow, andso
forth. As mary simulationrunsandbasalsetswill be simulatedasthe userchecks
in the“Edit Simulations”(Fig. 17) and“Edit Basals”(Fig. 18) screensn PET. This
featureof PETallowstheuserto quickly comparemultiple basaketsto experiments
andassessvhich basalsetbest ts experimentadata.
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Fig. 20: The “Estimator Settings”screershavs the parameterso be estimatedand
rangesonthoseparametergleft), experimentaldataweights(center) andalgorithm
settingg(right).
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Table 1: Parametersets byariovits from Marlovits et. al. (1), bjgca from the local
parameteestimatoyandbgqna from the global parameteestimator Theweighted
sum of squareg(the value of the objectve function E) for eachestimatedsetis
shavn in thelastrow.

Parameteyariovits Dlocal Bglobal

Viy 2 1.7 3.0
v, 0.01  2.4e-43.5e-6
Wo 1 1.4 2.4
VJoo 0.05  0.027 0.014
Ve 2 30 120
Vo 0.017 0.015 0.015
V20 0.17 0.18 0.18

Cc
00 0.05  0.017 0.0027
Kmw 01  0.01 0.099

Kmwr 1 0.01 0.01
Kme 0.1 0.14 20
Kmer 1 0.14 3.4

E 0.018 0.059
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Fig.21: Theparameteset‘Marlovits (1998)" (bmarlovits), “BetaLocal” (b ocal), and
“BetaGlobal” (bgiopar) areplottedalongwith theexperimentabatafor comparison.
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Table 2: Initial conditionsof the speciego modelextractsstartingin M-phaseor
InterphaseFor example,in Interphaseheinitial valueof inactve MPF (Mi) is set
to the total amountof MPF (MT) while theinitial valueof actve MPF (Ma) is set
to 0.

SpeciesM-phaselnterphase
Ma MT 0

Mi 0 MT
Ca CT 0

Ci 0 CT
Wa 0 WT

Wi WT 0
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Table3: Experimentatataquanti ed andcompiledfor thefrog egg extractmodel.

Experiment SpeciesTime Concentration
KumagaiandDunphyFigure3C (28) Interphase L2 2 1
4 1
16 1
KumagaiandDunphyFigure3C (28) M-phase L2 4 0
16 0
KumagaiandDunphyFigure4B (28) Interphase L 2 1
4 1
8 0.85
KumagaiandDunphyFigure4B (28) M-phase L 2 0.75
4 0.51
8 0.21
KumagaiandDunphyFigure10A (27) Interphase Ca 5 0.75
10 0.5
20 0.1
40 0
KumagaiandDunphyFigure10A (27) M-phase Ca 1.25 0.8
25 0.9
5 1
10 1
Tanget. al. Figure?2 (29) Interphase Wa 7.5 0.5
15 1
Tanget. al. Figure2 (29) M-phase Wa 2 0.5
5 0
7 0
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Table4: Lower andupperboundsfor the parametersVTDirect will only explore
parametespacewithin thesebounds We usedifferentlower boundsfor VTDirect
andODRRACK95, asexplainedin thetext.

Parametejower (VTDirect) Lower (ODRFACK95) Upper

Vi le-6 0 led
v, le-6 0 led
W0 le-6 0 led
Woo0 le-3 0 100
Ve le-6 0 led
Vo le-6 0 led
V20 le-6 0 led
V200 le-3 0 100
Kmw 0.01 0.01 100
Kmwr 0.01 0.01 100
Kme 0.01 0.01 100
Kmer 0.01 0.01 100
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Table5: Settingsusedby VTDirect for the example.

Setting Value
EPS 1.0
Sumof Squaredolerancel.Oe-10
Maximumlterations 1.0e4
Maximum Evaluations 1.0e5




