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Abstract We demonstratehow to modelmacromolecularregulatorynetworkswith

JigCell andthe ParameterEstimationToolkit (PET).Thesesoftwaretools arede-

signedspeci�cally to supportthe processtypically usedby systemsbiologiststo

modelcomplex regulatorycircuits.A detailedexampleillustrateshow a modelof

thecell cycle in frog eggsis createdandthenre�ned throughcomparisonof sim-

ulation output with experimentaldata.We show how parameterestimationtools

automaticallygeneraterateconstantsthat�t a modelto experimentaldata.
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1 Intr oduction

Mathematicalmodelsof gene-proteinregulatorynetworksplaykey rolesin archiv-

ingandadvancingourunderstandingof themolecularbasisof cellphysiology.Mod-

elsprovide rigorousconnectionsbetweenthephysiologicalpropertiesof a cell and

themolecularwiring diagramsof its control systems.A simpleexampleis theset

of reactionscontrollingtheactivity of MPF (mitosispromotingfactor)in Xenopus

oocytes(1), which we refer to hereinasthe frog egg model.In thediagramof this

network (Fig. 1), verticesrepresentsubstratesandproducts(collectively referred

to asspecies),solid directededgesrepresentbiochemicalreactions,anddasheddi-

rectededgesrepresentregulatorysignals.

Collectively, thesebiochemicalreactionscausetheconcentrationsof thechem-

ical species(Si) to changein time accordingto a setof differentialequations(one

for eachspecies)

dSi

dt
=

R

å
j= 1

bi jv j ; i = 1; : : : ;N;

whereR is thenumberof reactions,N is thenumberof species,v j is thevelocityof

the j th reactionin thenetwork, andbi j is thestoichiometriccoef�cient of speciesi

in reactionj (bi j < 0 for substrates,bi j > 0 for products,bi j = 0 if speciesi takesno

partin reactionj). Fig. 1 showsdifferentialequationsderivedfrom thereactionsin

thenetwork diagram.Thesetof rateequationsandassociatedparametervaluesis a

mathematicalrepresentationof thetemporalbehavior of theregulatorynetwork.

Sincethepurposeof thesemodelsis to codify a systems-level understandingof

thecontrolof someaspectof cell physiology, it is necessaryto validatea proposed

modelagainstobservedbehavior of thereferencesystem.In mostcasesit is essen-

tial to modelthebehavior of not only thewild-type form of theorganism,but also

of many mutantforms (whereeachmutantform typically representsone or two
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variationsin thegeneticspeci�cationof thecontrolsystem).For example,if weare

modelingthecell cycle of anorganism,thenwe would wish to know featuressuch

asthecell sizeatdivision,thetimerequiredfor variousphasesof thecell cycle(G1,

S, G2, M), and the viability or point of failure for eachmutation.Measurements

of theamountsfor variouscontrol specieswithin thecell over time would alsobe

valuableinformation.In thecaseof a thoroughlystudiedorganismsuchasSaccha-

romycescerevisiae(buddingyeast),a modelcanbecomparedagainstmany dozens

of mutantsdefective in theregulatorynetwork.

A realisticmodelof thebuddingyeastcell cycle consistsof over 30 differential

equationsand100 rateconstantsandis testedagainstthe phenotypesof over 150

mutants(2). A modelof this complexity representstheupperlimit of whata dedi-

catedmodelercanproduce“by hand”with nothingbut a goodnumericalintegrator

like LSODE (3). Beyond this size,we begin to loseour ability even to meaning-

fully display the wiring diagramthat representsthe model, let alonecomprehend

the informationit contains,or determinesuitablerateconstantsin thecorrespond-

ing high-dimensionalspace.To adequatelydescribefundamentalphysiologicalpro-

cesses(suchasthecontrolof cell division) in mammaliancellswill requiremodels

of 100-1000equations.To handlethis next generationof dynamicalmodelswill

requiresophisticatedsoftwareto automatethemodelingprocess:network speci�ca-

tion, equationgeneration,simulationanddatamanagement,andparameterestima-

tion.

Therearea numberof distinct approachesto simulation.Deterministicmodels

usuallyrepresentthesystemof chemicalreactionswith ordinarydifferentialequa-

tions (4, 5, 6). In somecases,partialdifferentialequationsareusedto accountfor

spatialeffects(7). Stochasticmodelingis in its infancy, andmostoften is doneby

somevariationof Gillespie's algorithm(8, 9, 10). For theremainderof our discus-
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sion,we will consideronly deterministicsimulationby ordinarydifferentialequa-

tions(ODEs).

Creatinga model that mimics the observed behavior of a living organismis a

dif�cult task.Thisprocessinvolvesacombinationof biologicalinsight,persistence,

and supportby good modelingtools. In the following sections,we will describe

themodeldevelopmentprocessthatweemploy andthesoftwaretoolsthatwehave

developedto constructandtestmodels.We thenprovideadetailedexampleof how

the tools can be usedto createa simple model of the frog egg cell cycle and to

estimatetheassociatedrateconstants.

2 The Modeling Process

Successfulmodelingof macromolecularregulatorynetworkscanbeaidedby soft-

waretoolsbasedonawell-de�nedmodelingprocess.Suchtoolsshouldsupportthe

line of thoughtfollowedby modelersasthey approacha problem.Mid-sizedmod-

els of macromolecularregulatorynetworks track reactionsamongtensof species

andaretestedagainsthundredsof experimentalobservations.Thus,modelersneed

tools thathelp to organizetherelevant informationandautomateasmany stepsof

theprocessaspossible.Fig. 2 shows our conceptionof themodelingprocess.The

modelerstartswith an ideaaboutan organismanda regulatorysystemto model.

Next, themodelergathersinformation(from the literatureandfrom their own ex-

periments)relatedto the regulatorysystemof the organism.During the literature

searchthemodelerbuildsa hypothesisfrom informationalreadypublished,contin-

uouslycheckingthehypothesisagainsttheexisting literature.Oncethemodelerhas

a testablehypothesisaboutthe regulatorysystem,the hypothesiscanbe codi�ed

into four typesof technicalinformation:
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� ExperimentalData:Theinformationthatwill beusedto validatethemodel.This

informationmight comeastime seriesdataof theconcentrationsof certainreg-

ulatory chemicalspecies,asotherobservablessuchasthe averagesizeof cells

at division, or asqualitative propertiessuchas the viability or inviability of a

mutant.

� SimulationRuns:Speci�cationsfor thesimulationsthatwill bemadeto model

the experimentaldata.For example,eachsimulationmight relateto a speci�c

mutationof the organism.The speci�cation will de�ne the distinct conditions

necessaryto simulatethat mutation,suchasdifferencesin rateconstantsfrom

thewild-typevalues.

� Reactionnetwork:Thechemicalequationsthatdescribetheregulatoryprocesses.

� Rateconstants:Theparametersthatgovernthereactionrates.

Typically, theexperimentaldataandsimulationrun descriptionsarepart of the

problemde�nition andarenot subjectto frequentmodi�cations.Nor arethey con-

sideredto be“right” or “wrong” in thesameway asthereactionnetwork andrate

constantvaluestypically will be.Thenetwork andrateconstantstogetherde�ne the

mathematicalmodelthatwill besimulated,comparedto experimentalobservations,

andjudged“acceptable”or “unacceptable.”

One simulationrun of an ODE model takes only a fraction of a secondon a

typical desktopcomputerin 2007.As describedabove, a completemodelactually

involvesa large collectionof simulations,to be comparedagainsta collectionof

experimentalresults.This entiresetof runsmight take a secondor sofor a smaller

modelsuchasour frog egg exampleon a desktopcomputerfor onechoiceof rate

constants,and abouta minute or two for a larger model neededto describethe

buddingyeastcell cycle.

Oncean initial speci�cationof thesefour typesof informationhasbeenmade,

the next phaseof the processbegins. This is a simulation-compare-updateloop,
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wherebysimulationresultsarecomparedto the experimentaldata.In someway,

eithera humanor a computerwill make a judgementasto thequality of the rela-

tionshipbetweenthetwo. At thatpoint,sincethemodelis typically judgedunsatis-

factory, themodelerwill make adjustmentsandrepeatthecycle.We preferto view

this asa doubleloop, in thatchangesto rateconstantvaluesaremademuchmore

frequentlythanchangesto thereactionnetwork. Thatis, themodelerwill typically

“twiddle” the rateconstantsso long asprogressis beingmadein matchingsimu-

lation output to experimentaldata.Whenchangesto the rateconstantsappearno

longerto improvethematch,thenthemodelerwill attemptto improvethemodelby

changingthereactionnetwork, which in turn will triggeranotherroundof changes

to therateconstants.Theprocessis continueduntil themodelis judgedsatisfactory

or totally hopeless.

Modelersoftentry to assignvaluesto rateconstantsbyatime-consumingprocess

of “parametertwiddling” andvisualcomparisonof simulationresultsto experimen-

tal data.A betterapproachis automatedparameterestimation(oncethemodeleris

con�dent that the basicstructureof the reactionnetwork is soundenough).To �t

a modelto experimentaldataby automatedoptimizationalgorithmsrequiresthou-

sandsto millions of repetitionsof thefull calculations.

The processof comparingreal-world observation (experimentaldata)with the

mathematicalmodel(time-seriesoutputfrom a simulation)is calledmodelvalida-

tion. Model validationis closelyrelatedto automated(or manual)parameteresti-

mation,becausebothrequirethatsomemeasureof thequality of themodelcanbe

made.In the caseof automatedparameterestimation,we needa way to take the

experimentaldataandtheoutputfrom a simulationrun,andcreatea singlenumber

asa measureof thequalityof the�t.

This canbeextremelydif�cult. First, thesimulationdata(usuallyin theform of

time seriesplots) might not be similar to the form of theexperimentaldata(often
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qualitative informationsuchaswhethera cell is viable or not). In general,some

complex computationmustbe doneto relatethe two. The function that doesthis

computationis calleda transformandis discussedfurtherin Section3.3.1. Second,

while it might be a simplejudgementto measurethegoodnessof �t betweenone

simulationandoneexperiment,it is oftendif�cult to judgethegoodnessof �t of an

entireensembleof runs,whereimprovementsin matchingsomeexperimentsmight

comeat the cost of worse�ts for others.The function that balancesthese�ts is

calledtheobjective functionandis discussedin Section3.3.2.

3 Software Tools

Before the currentgenerationof modeling tools for systemsbiology was devel-

oped,many stagesin themodelingcycledescribedin Section2 weredoneby hand.

This presentstwo problems.First, it takesa greatdealof time andeffort to convert

the original intuitive conceptof a model into a suitablesetof reactionequations

andsimulations.Second,therearemany opportunitiesfor errors,especiallyat the

(essentiallymechanical)stepof convertinga reactionmechanisminto differential

equations.

A wiring diagram,like Fig. 1, nicely representsthe topologyof a reactionnet-

work (reactants,products,enzymes).But it is notagoodrepresentationfor specify-

ing thekineticsof thenetwork (thereactionratelaws,v j ). A largereactionnetwork

canbecomeso complex that even its topologicalfeaturesareobscuredby a large

numberof intersectinglines.Obscurityis increasedby thefactthatthereis nostan-

dardformat for drawing suchgraphs.Without precisenotationalconventions,it is

impossibleto convertawiring diagramunambiguouslyinto amodel,eitherby hand

or by machine.
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Anotherapproachfor deriving a modelis to explicitly write out thechemicalre-

actions.This losessomeof the intuitive appealof thediagrammaticapproach,but

allows for a morecompactde�nition of a reactionnetwork. Normally, themodeler

hasalreadymadea handor CAD-drawn versionof thenetwork in graphicalform,

showing theinteractionsin aqualitativesensebut without thequantitative informa-

tion of therateequationsor therateconstantvalues.

Modelsoften includeconceptsnot capturedby thedifferentialequationsalone.

Conservationrelationsarede�ned by linearcombinationsof speciesconcentrations

that remainconstantthroughouta simulation:Ti � å N
i= 1aiSi(t), whereai is a con-

stantandTi is constant.Suchconstraintsarisefrom lineardependenciesin thestoi-

chiometrymatrix:å N
i= 1aibi j = 0.Eventsarespecialactionsthattriggerin themodel

undergiven conditions.For example,cellular division could be representedby a

halvingof cell mass,andmight occurwhena givenfunctioninvolving somenum-

berof chemicalspeciesreachesa thresholdduringa simulation.

The key to successfullycreatingandmanagingsuchcomplex modelsis to use

softwaretools thatorganizethe informationin a coherentway andcatchinconsis-

tenciesanderrorsearly in theprocess.In this sectionwe will describetheJigCell

ModelBuilder (11, 12), which is usedto de�ne thereactionequationsandratecon-

stantsof themodel.We thenpresenttheJigCellRunManager(13), which is used

to de�ne a seriesof simulationrunsthatwill generateoutputto validatethemodel.

Finally, we describetheParameterEstimationTool (PET)(14), which supportsex-

plorationof theparameterspaceandautomatedparameterestimationwith thegoal

of selectingrateconstantvaluesthatbest�t thesimulationoutputto theexperimen-

tal data.

Underlyingany suchsoftwaretool is a representationschemefor describinga

model,thatis, a languagefor expressingthemodelin acompleteandformalsense.

TheSystemsBiology MarkupLanguage(SBML) (15, 16) hasnow becomethestan-
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dardreferencelanguagefor reactionnetwork modeling.SBML describesall neces-

saryfeaturespertainingto thereactionnetwork, conservationrelations,events,and

rate constants.SBML doesnot describeall datanecessaryfor modeling,includ-

ing informationdescribingthesimulationrunsandexperimentaldatafrom Fig. 2,

which mustbe storedin separate�les. SBML also is not a suitablelanguagefor

humancomprehension.Thus,softwaretoolsareneededto provideaninterfacebe-

tweentheuserandSBML.

3.1 TheJigCell ModelBuilder

The JigCell Model Builder (referredto hereinasthe “Model Builder”) is usedto

de�ne the componentsthat make up an SBML model.The Model Builder usesa

spreadsheetinterface,allowing a large amountof datato be displayedin an orga-

nizedmanner.

The Model Builder providesfunctionalitiesfor both �rst-time usersandexpert

modelers.The Model Builder supportsthe de�nition of eventsand user-de�ned

units.An event,suchascell division,canbede�ned by specifyinga conditionthat

mustbe met to trigger the event, and the changesthat resultdue to the event. A

majorgoalof theModel Builder is to minimizethetime anderrorsassociatedwith

translatinga regulatorynetwork to a setof equations.As the userentersreaction

equations,ratelaws, andfunctionsinto their cells in themainspreadsheet,several

otherspreadsheetsareupdatedto track thevariousentitiesthat make up a model.

After theuserhas�nished de�ning amodelusingtheModelBuilder, thismodelcan

beusedwith otherSBML-compliantsoftwareto simulatetheresponseof themodel

to givenconditions.

The Model Builder's interfaceis broken into 10 spreadsheets,all accessibleby

clicking on the appropriatetab. Fig. 3 shows the “Reactions”spreadsheet.There
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is a spreadsheetfor eachof the eight SBML componentsin a model (reactions,

functions,rules,compartments,species,parameters,unitsandevents).Thereis one

spreadsheetfor conservation relationsand one spreadsheetfor the equations(in-

cludingbothODEsandruleequations).

The“Reactions”spreadsheetis theprimarytool usedto createthereactionnet-

work of a model.The other spreadsheetsare eitherpartially or completely�lled

by theModel Builder from the“Reactions”spreadsheet.A reactionrepresentsany

chemicaltransformation,transport,or bindingprocessthatcanchangetheamount

of oneormorespecies.Eachrow de�nesasinglechemicalreaction.Fig. 3 showsthe

“Reactions”spreadsheetloadedwith the frog egg model.The threemaincolumns

in this spreadsheetare:“Reaction,” “Type,” and“Equation”.

1. The“Reaction”columnde�nesthespecies(reactantsandproducts)andtheirsto-

ichiometries.A list of substratesseparatedby `+' signsis entered�rst. An arrow

(! ) is thenentered,andis followedby a list of products,alsoseparatedby `+'

signs.Substrateandproductnamescancontainany combinationof letters,num-

bers,underscores,andapostrophes.Thereis no limit to the numberof species

thatcanbeenteredassubstratesor products.Thestoichiometryof a reactionis

de�ned by placinga numberandan `*' characterin front of the species(e.g.,

3� Ma).

2. By picking a ratelaw from a dropdown list in the“Type” column,theusercan

specifythe kineticsof the reactionbeingde�ned. The Model Builder provides

threebuilt-in ratelaws (MassAction, MichaelisMenten,Local) andalsoallows

usersto de�ne their own rate laws in the “Functions” spreadsheet.For all rate

laws other thanLocal, the Model Builder will enterthe associatedrate law in

the “Equation” �eld. The Local type allows the userto de�ne the reactionrate

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 ratelawsmaycontainalgebraicexpressionswith parameters

andspecies.

3. The“Equation” columnspeci�estheequationfor therateof 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 thecells in this column.Clicking on oneof thesecellsdisplaysthe

“Parameters/Modi�ers”Editor (Fig. 4), wheretheuserassigns̀ interpretations'

to the rate constantsandmodi�ers. The `interpretations'canbe numericcon-

stants,expressions,speciesor speciesrelatedexpressions.The Model Builder

partially �lls the“Parameters/Modi�ers”Editor whenbuilt-in ratelaws areused

(e.g.,S1becomesCi in Fig. 4 automaticallybecausetheuserde�nedthereaction

Ci ! Ca).TheModel Builder will substitutetheuser's interpretations(entered

via the“Parameters/Modi�ers”Editor) into theEquation�eld of the“Reactions”

spreadsheetsothattheusercanseethe�nal ratelaw usedto governthereaction.

Expressionsareevaluatedto numericalvalueswhenthemodelis simulated.

The “Functions” spreadsheet(Fig. 5) is usedto createand edit function de�-

nitions.A function de�nition is a namedmathematicalfunction that may be used

throughoutthe restof a model.For example,user-de�ned ratelaws arecreatedas

functionde�nitions. Checkingthebox in the“RateLaw” columncausesthenewly

createdrate law to be includedin the drop-down list of rate laws in the “Type”

columnof the “Reactions”spreadsheet.Functionsarede�ned with placeholders

for argumentsof theform A#, where# is somenumber. ThefunctionMy rate law

in (Fig. 5) contains� ve argumentsA1 � A5. Theseargumentscanbe assignedin

the “Parameters/Modi�ers”Editor (Fig. 4) when the function is selectedas the

rate law for a reaction.Otherwise,to usethis function it may be called like this:

My rate law(vwp;Wi;vwpp;Wa;Ma). Any of thefunctionargumentscanbea pa-

rameter, species,or algebraicexpression.
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The“Rules” spreadsheet(Fig. 6) servestwo purposes.First, it displaysalgebraic

rules,whicharetheconservationrelationsin themodel.Theprogramdeducesthese

relationsfrom thestoichiometricmatrixof themodelanddisplayseachconservation

relationin theform (a1S1 + a2S2 + :::) � Ti = 0, whereTi is theconservedquantity

and a1, a2, : : : are constantscalculatedfrom the stoichiometrymatrix. The user

cannotedit an algebraicrule on this spreadsheetbut may specifyhow the Model

Builder usestherule on the“ConservationRelation”spreadsheet.Thesecondpur-

poseof the“Rules” spreadsheetis to createandedit assignmentrules.Assignment

rulesareusedto expressequationsthat set the valueof variables.The “Variable”

�eld in theassignmentrulecanbeaspecies,parameteror compartment.In thecase

of speciesthe “Equation” �eld setsthe quantity to be determined(eitherconcen-

trationor substanceamount),in thecaseof compartmentsthe“Equation” �eld sets

thecompartment's size,andin thecaseof parametersthe“Equation” �eld setsthe

parameter's value.The valuecalculatedby the assignmentrule's “Equation” �eld

overridesthe value assignedin the “Compartments,” “Species,” or “Parameters”

spreadsheet.

The next threetabsareusedto de�ne compartments,species,andparameters.

A compartmentrepresentsa boundedspacein which speciescanbe located.Spa-

tial relationshipsbetweendifferentcompartmentscan be speci�ed. Modelersare

not requiredto entercompartmentinformationwhende�ning a model,asa single

compartmentcalled`cell' is createdby default.The“Species”spreadsheet(Fig. 7)

providesa list of all speciesthatarepartof achemicalreactionor de�ned in aRule.

The list of speciesis generatedautomaticallyby theModel Builder, thougha user

can add,delete,and modify species.Thereare several editableattributesassoci-

atedwith eachspecies.The“Parameter”spreadsheet(Fig. 8) is usedby theModel

Builder to manageall parametersandtheir valuesassociatedwith a model.A pa-

rameteris usedto declarea value for usein mathematicalformulae.The Model
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Builder recognizesasa parameterany nameon the“Reactions”spreadsheetthat is

notde�ned asa species.

The “Events” spreadsheet(Fig. 9) allows the userto de�ne actionsassociated

with a model.For example,whenmodelingthecell cycle, sometriggerfor cell di-

visionmustbede�ned andtheconsequencesof thatdivisionmustbespeci�ed.The

“Name” columnprovidesan (optional) identi�er for an event.The “Trigger” col-

umn de�nes the conditionsunderwhich the event takesplace.The format of this

entryallows theuserto specifyanequalityrelationship.Whenever therelationship

enteredin the “Trigger” columnis satis�ed, the actionsspeci�ed in the “Assign-

ments”columnwill occur. The“EventAssignmentEditor” lets theuserde�ne the

changesthatwill occurwhenaneventis executed.

The“Units” Spreadsheetlists all unit typesusedin themodel,alongwith their

de�nitions. A unit de�nition providesa namefor a unit thatcanthenbeusedwhen

expressingquantitiesin a model.The Model Builder hasa numberof basicunits

and5 built-in unit de�nitions (area,length,time, substanceandvolume).Complex

unit de�nitions suchasmeter=second2 canbecreated.

The“ConservationRelations”spreadsheet(Fig. 10) is usedto view a list of all

conservationrelationshipsthatexist betweenspeciesin themodel.Thelist of con-

servationequationsis generatedautomatically, usingReder'smethod(17).

The “Equations”spreadsheet(Fig. 11) allows the modelerto seea list of the

differenttypesof equationsthatde�ne themodel.Theuserdoesnot edit equations

here,as they are createdautomaticallyfrom dataenteredon other spreadsheets.

The“Equation” columndisplaysdifferentialequations,assignmentrule equations,

conservationrelationequationsor theconditionsetonthespecieswhennoequation

exists.
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3.2 TheJigCell Run Manager

TheJigCellRunManager(referredtohereinasthe“RunManager”)letsusersde�ne

speci�cationsfor anensembleof simulationruns.Hierarchiesof simulationscanbe

built up,wherebya givensimulationinheritsparameterchangesfrom a “basal” run

de�nition. Thishierarchicalorganizationof simulationsis usefulbecausemodelsare

oftenvalidatedagainstacollectionof experimentalprotocols,eachoneof whichre-

quiresonly slightly differentsimulationconditions.For example,thebuddingyeast

cell cycle modelmustcapturethedifferencesamongmany dozensof mutationsof

thewild typeorganism.If the`basal'runrepresentsthewild-typeorganism,thenthe

hierarchycande�ne unambiguouslyandcompactlythe deviationsfrom wild-type

thatarenecessaryto specifyeachmutanttype.

Usersinput thedescriptionof ensemblesusing5 spreadsheets:Runs,BasalPa-

rameters,Basal Initial Conditions,Simulator Settingsand Plotter Settings.The

“Runs” spreadsheet(Fig. 12) speci�eshow to simulatea certainexperiment.The

namecolumncan(optionally)beusedto identify theexperimentbeingsimulated.

Theparentscolumnlistsall runsfrom which therow inheritschanges.Thechanges

columnlists additionalchangesto parameters,initial conditions,simulatorsettings

andplottersettingsthatareneededfor this run.Thechangesarespeci�edusingthe

“Changes”editor (Fig. 13), which openswhenclicking on the changescell for a

particularrun.Thechangesfor a particularrun overridethechangesinheritedfrom

any parents,and thesechangespropagateto its children.Color is usedto re�ect

wherethechangesaremade:Blue is usedto indicatechangesmadein thecurrent

run (locally) andgreento indicatechangesinheritedfrom a parentrun (or some

previous ancestor).This information is also indicatedin the “Parents”columnof

Fig. 13, which indicateseitherthenameof theancestorthatcausedthatparameter's

settingto change,or states“local” if thechangewasexplicitly madeby theuserfor
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this run.Fig. 12showsa“Runs” spreadsheetfor simulatingsomeexperimentsdone

on frog eggextractsto characterizetheactivationof MPF.

Eachrow correspondsto a separateexperiment.The run named“Interphase”

(on row 1) describeschangesto the initial model in order to simulatean extract

startingin interphase.This run is thensetasa parentto the run named“K umagai

andDunphy1995Fig 3C Interphase”on row 6. The run on row 6 inheritsall its

parent's changesandrepresentsan experimentto measurethe phosphorylationof

MPFby Wee1duringinterphase.The“Changes”columndisplayschangesmadeby

thecurrentrun but not changesinheritedfrom theparents.

TheRunManagerprovidesa “Plot” buttonon the“Runs” spreadsheetthatgen-

eratesanimmediatesimulationfor aspeci�edrow andthenplotstheresults.

The“SimulatorSettings”spreadsheet(Fig. 14) speci�esthesimulatorto beused

andappropriatevaluesfor the simulator's con�guration parameters,suchas total

timeof integration,tolerances,outputinterval,etc.In thiscasethesimulatorchosen

isXPP(18). Othersimulatorsarealsoprovided,suchasStochKit(19) (for stochastic

simulation)andOscill8 (20).

The“Plotter Settings”spreadsheet(Fig. 15) enablestheuserto specifythevari-

ablestobeplottedfrom asimulationrun'soutput.The“PlotterSettings”spreadsheet

alsocontainsoptionsto customizetheplot by selectingcolors,markstyles,whether

to connectpoints,etc.

3.3 PET: ParameterEstimationToolkit

TheParameterEstimationToolkit (PET)is designedto helpusersexploreparameter

spaceand�t simulationoutput(e.g.,time coursesimulations)to experimentaldata.

Typical useof PETfollows themodelingprocessdiscussedin Section2:
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1. The user imports an SBML �le createdby the Model Builder or someother

SBML editor.

2. A basalparametersetis createddirectly from theSBML �le or importedfrom

theRunManager'sbasal�le.

3. Simulationrunsarede�ned in PET or importedfrom a run �le createdby the

RunManager.

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

havenot yetbeende�ned.

5. Experimentaldataarede�ned andtransformssetup for thesimulationruns.

6. Experimentaldataandmodeloutputarecomparedby theuser(HumanAnalysis)

or by theparameterestimator(AutomatedAnalysis).Parametersareadjustedto

seeka better�t of themodelto thedata.

PETsupportscutandpasteof experimentaldatainto andfrom applications,such

as Microsoft Excel, copying of plots into presentationsor other documents,and

generationof PDF �les containingplots.PETsupportsundoandredoof mostop-

erations(includingall deleteoperations),semanticchecksof userinput, andcolor

coding(e.g.,of parameterschangedby theuserin the“Edit Basals”spreadsheet).

The following subsectionsdetail somegeneralfeaturesof PET. Speci�c exam-

plesof thesefeaturesareprovidedin Section4.

3.3.1 Experimental Data and Transforms

Usersenterexperimentaldataandde�ne whattransformsto useonthemodeloutput

in the“Edit Data” screen(Fig. 16). Transformsconvert the time seriesdatagener-

atedby asimulationinto a form comparableto theexperimentaldata.For example,

experimentaldatamight measurethe time it takes for a speci�c event to happen

(timelag)or how muchof a speciesmustbe addedto a systemto changea steady
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state(threshold),or theviability of a mutant.In thesecases,thecomputersimula-

tion mustproduceanumbercomparableto theexperimentaldatum(i.e.,measuring

thesameobservable).Automatedparameterestimationroutinesthentakethediffer-

encebetweentheexperimentalobservationandthetransformedoutputof themodel,

andattemptto minimizethisdifferenceby adjustingparametervalues.A transform

might bequitesophisticated.For example,it might needto analyzethetime series

output for somemeasurement(suchas cell size) to deducethat an oscillation is

takingplace,andits period.TransformsareimplementedasFORTRAN functions.

The nameof every simulation run de�ned in the “Edit Simulations” screen

(Fig. 17) appearsin the “Edit Data” screen(Fig. 16). In the “Edit Data” screen

theusercanselectthenameof a simulationrun andde�ne experimentaldataand

a transform.Notethatsomerun speci�cationsmight not de�ne eitherexperimental

dataor a transform.Thesespeci�cationsmight beinheritedby otherruns(e.g.,the

“M-phase”and“Interphase”runsin theexamplein Section4), or themodelermight

wish to storethesespeci�cationsfor anotherpurpose.

3.3.2 Parameter Exploration and Estimation

A usercanexploreparameterspaceby settingparametervalues(Fig. 18), clicking

the“Simulate”button,andview theresults(Fig. 19). Thiswill generatetimecourse

plots of selectedspecies(Fig. 19). Changesin basalparametersandinitial condi-

tionscanbemadein the“Edit Basals”screen.Theusermightwish to keeptrackof

multiple basalsets,which areall displayedin the “Edit Basals”screen.Whenthe

userclicksthe“Simulate”buttonasimulationis runfor eachbasalsetcheckedin the

“Edit Basals”screen,pairedwith eachsimulationcheckedin the“Edit Simulations”

screen.For theexample,in Fig. 17 andFig. 18, sixteensimulationsareperformed:

the eight simulationschecked in Fig. 17 arerun for eachof the two basalparam-
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etersetschecked in Fig. 18. Every simulationperformedgeneratesa plot andthe

appropriateexperimentaldatafrom the“Edit Data”screenis plottedwith themodel

simulationpoints.This allows theuserto quickly comparemodelsimulationswith

experimentaldata.

By manuallychangingparameters,runningsimulations,andviewingplots,auser

might discover parametervaluesthat bring the simulationsinto acceptableagree-

mentwith theexperimentaldata.But this manualprocessis time consuming.PET

alsoprovidesautomatedparameterestimation,which searchesfor parameterval-

uesthat best�t a model to experiments.Automatedparameterestimationcanbe

con�gured throughthe“EstimatorSettings”screen(Fig. 20) andthenrun with the

“Estimate”button.

Two algorithmsarecurrentlyavailablein PETfor automatedparameterestima-

tion: ODRPACK95 (21, 22) andVTDirect (23). Both minimizean objective func-

tion de�ned asthe weightedsumof squaresof thedifferencesbetweenthemodel

andexperimentaldata:

E(b) =
n

å
i= 1

wei e
2
i + wdi d

2
i ; (1)

fi (xi + di;b ) = yi + ei ; for i = 1: : :n; (2)

whereb is theparametervector(referredto asaparametersetin thischapter),each

fi is a function of the model (e.g.,a time coursesimulation)andcould be differ-

ent for eachi, xi is the ith independentexperimentaldatum(e.g.,time), yi is the ith

dependentexperimentaldatum(e.g.,speciesconcentration),d ande aretherespec-

tive errorsattributedto the independentanddependentexperimentaldata,andwd

andwe are the weightsfor d ande suppliedby the user(PET automaticallycal-

culatesdefault valuesfor these).Thealgorithmssearchfor a d andb to minimize

Equation1 (notethat e canbe calculatedfrom Equation2 onced andb arecho-
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sen).Zwolaket.al. (21) andBoggset.al. (24, 22) explain this objective functionin

moredetail.ODRPACK95 is a local optimizationalgorithmbasedon Levenberg-

Marquardt.VTDirect is a global optimizationalgorithm basedon the “DIV iding

RECTangles”algorithmof Jones(23).

When estimatingparametersautomatically, the usercan selectwhich experi-

mentsare to be �t by checkingthem in the “Edit Simulations”screen(Fig. 17).

For a particular“estimation,” the usermight allow only certainparametersto be

variedby PET. The�x edparametersmight bepartof a conservedquantity, have a

known value,or arenot well constrainedby thecurrentdata.Suchparametersare

selectedas“�x ed” by checkingthe box in the “Fixed” columnof the “Estimator

Settings”screen(Fig. 20).

Rangeson eachparametercanalsobe de�ned (andmustbe de�ned for global

optimizationwith VTDirect). Fig. 20showsthe“EstimatorSettings”screenin PET

wherethe rangescanbe edited.Whenthe parameterrangeextendsover multiple

ordersof magnitude,thentheusermaywish to usea logarithmicscaleby checking

the box in the “Log” column.This featureis only availablefor global estimation

andaffectsthe way VTDirect searchesparameterspace.For example,for a linear

scalewith a rangeof 0.01 to 1000for someparameterp1, VTDirect might select

valuesof approximately200,400,600,and800.If a logarithmicscaleis selected,

theequivalentpointsselectedbyVTDirect wouldbe0.1,1,10,and100.In thelinear

case,smallvaluesof p1 areneverexplored,whichmightnotbedesirable.

Weightscanbeassignedto theexperimentaldatato re�ect relativecon�dencein

thedatain the“EstimatorSettings”screen(Fig. 20). Thesearetheweightsappear-

ing in Equation1. PETassignsdefaultvaluesfor theweightsof

wdi =
1

x2
i + 1

; wei =
1

y2
i + 1

:
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Theseweightscan re�ect error boundson the datadeterminedby repeatsof the

experiment,if available.Largervaluesfor theweightcanbeassignedfor datawith

smallerrorbounds.Similarly, smallervaluesfor theweightcanbeassignedfor data

with largeerrorbounds.

4 A Modeling Example

Wenow provideadetailedexampleof how ourtoolsareusedto build amodel,based

on themodelingprocessdescribedin Section2. Themodelusedherewasderived

from Marlovits et. al. (1) andZwolak et. al. (25, 26) andcanbe seenin Fig. 1. It

modelsthe regulationof entry into mitosis in frog egg extractsby MPF, Cdc25,

and Wee1.Experimentaldatafrom Kumagaiand Dunphy (27, 28) and Tang et.

al. (29) are�t usinglocal andglobaloptimization.We discussanalternativemodel

motivatedby the parameterset returnedfrom the global optimizer. Implementing

thealternativemodelwould continuethemodelingprocessbeyondthis example.

4.1 Entering the Molecular Network

We begin by enteringthe molecularnetwork from Fig. 1 into the Model Builder.

Each reactionappearsas a line in the reactionspreadsheet(Fig. 3). Michaelis-

Mentenkineticsareusedfor theforwardandreversereactionsof Cdc25andWee1.

A userde�ned ratelaw (My rate law) is usedto de�ne MPF phosphorylationand

dephosphorylationby the active forms of Cdc25(Ca) and Wee1(Wa) as well as

a small residualactivity of the inactive forms of Cdc25(Ci) andWee1(Wi). Two

species,L andL2, areaddedto the modelfor comparisonto measurementsof la-

beledMPF. L is usedto measurethe rateat which Cdc25removesthe phosphate
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groupfrom MPF (KumagaiandDunphy(28) Figure3C).L2 is usedto measurethe

rateat which Wee1addsthephosphategroupto MPF (KumagaiandDunphy(28)

Figure4B). The mapof namesusedin the model to the biological namescanbe

seenin Fig. 1.

The Marlovits (1) parameterset(bMarlovits in Tab. 1) is enteredinto the Model

Builder via the“Parameters”spreadsheet,andexportedto a basal�le for lateruse

with theRunManagerandPET. Initial conditionsfor thespeciesarede�ned in the

“Species”spreadsheetfor interphase(Tab. 2). Interphaseis de�ned asastateof low

MPF andCdc25activity andhigh Wee1activity.

In someexperiments,a buffer is addedto an extract, therebydiluting the en-

dogenousconcentrationsof proteinsin theextract.Thedilution factoris setto 1 for

theexperimentsfrom KumagaiandDunphyFigures3C and4B (28). For theother

experimentswe usea dilution factor(“Dilution”) relative to theKumagaiandDun-

phy (28) experiments.The dilution of speciesin the model is handledin the Run

Manager, asdiscussedin Section4.2. For Wee1andCdc25we would like thetotal

concentrationto be scaledto 1, even after they have beendiluted,andthis canbe

speci�ed in the“Rules” spreadsheetof theModel Builder. In the“Species”spread-

sheetwe createtwo new speciesandassignthemvaluesin the“Rules” spreadsheet

with therulesCaScaled= Ca=Dilution andWaScaled= Wa=Dilution.

4.2 De�ning SimulationRuns

In this section,we de�ne simulationruns in the Run Manager. Eachexperiment

hasa line in the Run Managerandall the valuesset for the runscanbe seenin

Fig. 12. TheRunManagerreadsin theSBML �le containingourmodelandthe�le

containingbasalparametervaluesandinitial conditions.Oneway to specifythese

�les is throughthe“File” menu.
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Experimentsfrom KumagaiandDunphyFigures3C and4B (28), Kumagaiand

DunphyFigure10A (27), andTanget.al.Figure2 (29) specifywhatstatetheextract

wasin whentheexperimentbegan,eitherinterphaseor M-phase.Initial conditions

for themodelarecreatedto mimic theseextractstates,andthevaluesof theseinitial

conditionscanbeseenin Tab. 2.

For the initial conditionsfor M-phaseandinterphasewe createtwo runsin the

Run Managercalled“M-phase” and“Interphase”respectively (Fig. 12). All runs

startingin M-phasewill inherit from theM-phasebasalrun.Similarly, all runsstart-

ing in interphasewill inherit from theInterphaserun.

Experimentsin Kumagaiand Dunphy Figure 10A (27) and Tang et. al. Fig-

ure2 (29) adda buffer thatdilutestheextractsby a factorof 0.83and0.67,respec-

tively. We handlethis by creatinga simulationrun for eachcase,called“Dilution

= 0.83” and“Dilution = 0.67”. TheserunssettheparameterDilution to thecorrect

value.Thenwe createasimulationrun “Dilute” thatappliestheparameterDilution

to all speciesthatarediluted(e.g.,CT = CT �Dilution, WT = WT �Dilution, etc.).The

initial conditionsfor thespeciesaredilutedby their assignments(Tab. 2). Noneof

theserunsareintendedto besimulated.They exist just to be inheritedby runsthat

usedilutedspecies.

4.3 Entering the ExperimentalData

With this modelwe will attemptto reproducetheexperimentaldatafrom Kumagai

andDunphy(27, 28) andTanget. al. (29). Thedatafrom thesepapers(imagesof

gels,thepointson plots,etc.)arequanti�ed in Tab. 3. Thesedataareenteredinto

PETvia the“Edit Data”screen(Fig. 16). A basalsetis de�ned in the“Edit Basals”

screenfrom the basal�le containingthe Marlovits parameters.For eachexperi-

mentthe“time series”transformis selectedin the“Edit Data”screen,themeasured
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speciesis selected,and the experimentaldatais enteredso that the optimization

codewill beableto comparesimulationoutputto theexperimentaldata.Now a set

of simulationscanberun andwe canseehow well theMarlovits parameters�t the

experimentaldata(Fig. 21).

4.4 Performing Local ParameterEstimation

We choosetheMarlovits parametersasan initial guessto beusedby the local op-

timization algorithmODRPACK95 andsetsomereasonablelower boundson the

parameters(Tab. 4). Only thesimulationrunsthatwewish to �t to dataarechecked

in the“Simulations”screenof PET, andonly theparameterswewishto beestimated

arecheckedin the“EstimatorSettings”screen.Weusethedefaultsettingsfor ODR-

PACK95,which, in practice,areusuallyadequate.As theinitial guessweselectthe

“Marlovits (1998)” basalset.Theoptimizerreturnstheparametersblocal in Tab. 1,

andwe cancomparetheresultsto theMarlovits setby runningsimulationson the

basalsetandonthe�tted parametervalues.(Runningthesimulationwouldactually

show a window similar to Fig. 19, but herewe show the plotsmorecompactlyin

Fig. 21). We seefrom Fig. 21 that theparameterestimatordoesreturnparameters

that �t the databetter. We canalsoseethat the parametervaluesarecloseto the

startingvalueof Marlovits (Tab. 1).

4.5 GlobalParameterEstimation

In somecasestheusermaynothaveagoodstartingpoint for theparameters,or the

usermight wish to exploreparameterspacein searchof othergoodparametersets.

PETsupportsthesecasesby providingaglobalparameterestimationalgorithm,VT-
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Direct. VTDirect requiresupperandlower boundson theparametervalues.In our

example,weassumethatweknow little aboutthetruevaluesof theparameters.We

give boundsthatspanseveralordersof magnitude,andwe usea logarithmicscale

to distributethesearchevenlyacrosstheseordersof magnitude.Sinceweusea log-

arithmic scale,we mustsetnon-zerolower bounds.We setmost lower boundsto

10� 6, whichallowstheseparametersto getsuf�ciently closeto zeroto haveanegli-

giblequantitativeeffecton themodel.Theboundsarerecordedin Tab. 4. VTDirect

is run with the settingsfrom Tab. 5, and the resultingparameterset is passedto

ODRPACK95 for re�nement.We resettheparameterboundsfor theODRPACK95

run to thoseof Tab. 4. ODRPACK95 doesnot usethelogarithmicscalesettingand

thereforecanhave lower boundsof 0 for this run. Theglobal re�ned parameterset

is calledbglobal in Tab. 1.

4.6 Next Steps

Visually, the parametersgeneratedby the global andlocal optimizationrunsboth

�t theexperimentaldata(Fig. 21). Theparametersets(blocal andbglobal in Tab. 1)

aresimilar, exceptfor thevaluesof vc, v000
c , andKmc. For Kmc = 20 andCT = 1, the

Michaelis-Mentenratelaw for reactionCi ! Ca in Fig. 1 shouldbereplacedby a

massactionrate law, (vc=Kmc � Ma � Ci ). This changeto the model is addressedin

Zwolaket.al. (26), andwe will notgo throughtheanalysishere.

Next, we cancreateanothervariationof themodelby addingexperimentaldata

for timelagsandthresholds,asdiscussedin Zwolak et.al. (25). Automatedparam-

eterestimationcanbe run to �nd parametervaluesthat �t thesenew experiments,

aswell astheexperimentsdiscussedin this section.Themodelcancontinueto be

re�ned andexpandedin this way to testfurtherhypothesesandachievenew goals.



ModelingMolecularRegulatoryNetworkswith JigCellandPET 25

The�les for themodelingexampleandits variationsaredistributedwith JigCell

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

5 Summary

We havedemonstratedhow a modelerwould enterall of thenecessaryinformation

neededto de�ne, simulate,andvalidateamodelof amolecularregulatorynetwork.

Advancedsupporttools like the JigCell Model Builder make it easyto checkthe

syntacticconsistency andcompletenessof themodel.Thismakesit possibleto con-

structlargermodelsthancanbe done“by hand”andthusopensthe possibility of

constructingmorecomplex modelsthanpreviouslypossible.TheJigCellRunMan-

agerprovidesa way to organizeandmanagethe informationneededto de�ne the

ensembleof simulationrunsfor validatingthe modelagainsta speci�c setof ex-

periments.PET providesa tool to help the usercomparesimulationoutputto ex-

perimentaldata.PETalsoprovidesautomatedtoolsfor �nding “best�tting” values

of therateconstantsin a model.Our examplewalksthereaderthrougha complete

cycle of enteringthemodel,testingit for initial validity, andusingparameteresti-

mationto improvethemodel.

While tools suchas JigCell and PET allow modelersto build and test larger

modelsthanwerepossiblebefore,thereis still a long way to go beforeit will be

possibleto build modelsthatcapturethecomplex regulatorysystemswithin mam-

maliancells. Currentmodelsarede�ned asa singlemonolithic block of reaction

equations,anapproachthatis reachingits limits. In future,modelerswill beableto

expresstheir modelsasa collectionof interactingcomponents,thusallowing them

to build largemodelsfrom smallerpieces.Improvementsarealsoneededin simula-

tors(includingtheability to performef�cient stochasticsimulations),in parameter

estimation,andin computerperformance.
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MPFMPFP

Cdc25Cdc25P

Wee1PWee1

SpeciesDescription Phosphorylated
Ma ActiveMPF no
Mi InactiveMPF yes
Ca ActiveCdc25 yes
Ci InactiveCdc25 no
Wa ActiveWee1 no
Wi InactiveWee1 yes

dMa

dt
= (v0

c �Ci + v00
c �Ca) � Mi � (v0

w �Wi + v00
w �Wa) � Ma

dCa

dt
=

vc � Ma �Ci

Kmc+ Ci
�

v000
c � vc �Ca

Kmcr + Ca

dWa

dt
= �

vw � Ma �Wa

Kmw+ Wa
+

v000
w � vw �Wi

Kmwr+ Wi

Fig. 1: Network diagram,mappingof speciesnames,and the correspondingset
of ordinarydifferentialequationsfor a modelof the mitotic regulatorysystemin
frog eggs.Theregulationof MPF(MitosisPromotingFactor)by Wee1(kinase)and
Cdc25(phosphatase)controlswhenthecell entersmitosis.Noticethetwo positive
feedbackloopswherebyMPFactivesCdc25(MPF'sactivator)andinactivatesWee1
(MPF's inactivator).Theactive forms(Ma, Ca, andWa) haveassociateddifferential
equations.The total amountsof MPF (MT ), Wee1(WT ) andCdc25(CT ) arecon-
served(i.e.,remainconstantthroughouttheprocess).Mi + Ma = MT ,Wi + Wa = WT ,
andCi + Ca = CT . Therefore,theinactiveforms(Mi ,Ci , andWi) donothavedifferen-
tial equationsbecausethey canbecalculatedfrom theseconservationrelationships.
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Network
Reaction Rate

Constants

Idea

Simulate

Compare
Experiments to Simulations

Analysis
Automated

Analysis
Human Publication

Search
Literature

Experimental
Data

Simulation
Runs

Hypothesis

(ODEs, SDEs, PDEs, etc.)
Mathematical Model

Simulation Output

Fig. 2: Themodelingprocess.Oncethemodelerhasgeneratedatestablehypothesis
abouttheorganism,heor shemustassemblethefour necessarycollectionsof infor-
mation(experimentaldata,simulationruns,reactionnetwork, andrateconstants).
This de�nesboththemathematicalmodelandthebehavior thatthemodelmustre-
produce.Themodelerthenwill repeatedlysimulateandupdatethemodel,perhaps
with theaidof automatedanalysistools,until anacceptableresultis obtained.



ModelingMolecularRegulatoryNetworkswith JigCellandPET 31

Fig. 3: The“Reactions”spreadsheet.
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Fig. 4: The“Parameters/Modi�ers”Editor.
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Fig. 5: The“Functions”spreadsheet.
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Fig. 6: The Model Builder “Rules” spreadsheet.The algebraicrulesareautomati-
cally createdby the Model Builder from the conservation relations.The lines for
kw andkc de�ne theratesfor thereactionsof L2 andL, respectively. CaScaledand
WaScaledscaletheconcentrationsof CaandWa to 1 after they have beendiluted
by Dilution. SeeSection4.1for moreaboutdilution.



ModelingMolecularRegulatoryNetworkswith JigCellandPET 35

Fig. 7: TheModelBuilder “Species”spreadsheet.
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Fig. 8: The“Parameter”spreadsheet.
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Fig. 9: The“Events”spreadsheet.Thesymbol“@time” representstime in thesys-
temof differentialequations.This eventsets“RecordTimelag” to thevalueof time
whenthe “Trigger” becomestrueandis usedto get the time for active MPF (Ma)
to reachhalf thetotal MPF concentration(MT). This is providedasanexampleof
how eventsarede�ned,but it is notusedin thelatermodelingexample.
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Fig. 10:The“ConservationRelations”spreadsheet.
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Fig. 11:The“Equations”spreadsheet.
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Fig. 12:The“Runs” spreadsheet.
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Fig. 13: The“Changes”Editor for a particularrun. In the“Setting” columnof MT
thecell would becoloredblueto representa local change.In the“Setting” column
for CT, WT, and Dilution, the cell would be coloredgreento representchanges
inheritedfrom a parentrun.
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Fig. 14:The“SimulatorSettings”spreadsheet.
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Fig. 15:The“PlotterSettings”spreadsheet.
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Fig. 16: The“Edit Data” screenshows experimentaldataandthesetup for trans-
forms.This �gure shows a list of numbersfor the time seriesconcentrationof L2.
The“TimeSeries”transformis selectedfor thetypeof experimentaldata.
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Fig. 17:The“Edit Simulations”screenshowing parameterandinitial conditionval-
ues.PEThighlightsinheritedchangesin gray. Whena parentis selectedin the“In-
herits” list, thechangesinheritedfrom thatparentarehighlightedin a pastelpurple
(alsoshown in grayin this �gure).
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Fig. 18: The “Edit Basals”screenlets usersde�ne basalsetsof initial conditions
andparameters.Changesmadeto parametersandinitial conditionsarehighlighted
in green(parametersvwp andvwpp in this �gure). The “Commit Changes”but-
ton saves changesand removes the highlight colors. Alternatively, the “Discard
Changes”button will restoreall changedvaluesto the last commit or the original
basalset,whichever is morerecent.
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Fig. 19: The PET report window shows the plots using the basal set named
“Marlovits (1998)” (left column)side-by-sidewith plotsusingthebasalsetshown
in Fig. 18 (right column).Eachsimulationrun takesa row in thegrid of plots.The
simulationrun “K umagaiandDunphy1995Figure3C Interphase”is on the �rst
row, “K umagaiandDunphy1995Figure3CM-phase”is on thesecondrow, andso
forth. As many simulationrunsandbasalsetswill besimulatedastheuserchecks
in the“Edit Simulations”(Fig. 17) and“Edit Basals”(Fig. 18) screensin PET. This
featureof PETallowstheuserto quickly comparemultiplebasalsetsto experiments
andassesswhichbasalsetbest�ts experimentaldata.



48 Clifford A. Shaffer, JasonW. Zwolak,RanjitRandhawa, andJohnJ.Tyson

Fig. 20: The“EstimatorSettings”screenshows theparametersto beestimatedand
rangesonthoseparameters(left), experimentaldataweights(center),andalgorithm
settings(right).
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Table 1: ParametersetsbMarlovits from Marlovits et. al. (1), blocal from the local
parameterestimator, andbglobal from theglobalparameterestimator. Theweighted
sum of squares(the value of the objective function E) for eachestimatedset is
shown in thelastrow.

ParameterbMarlovits blocal bglobal

vw 2 1.7 3.0
v0

w 0.01 2.4e-43.5e-6
v00

w 1 1.4 2.4
v000

w 0.05 0.027 0.014
vc 2 3.0 120
v0

c 0.017 0.015 0.015
v00

c 0.17 0.18 0.18
v000

c 0.05 0.017 0.0027
Kmw 0.1 0.01 0.099
Kmwr 1 0.01 0.01
Kmc 0.1 0.14 20
Kmcr 1 0.14 3.4
E 0.018 0.059
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(a)Kumagai95Figure3C Interphase
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(b) Kumagai95Figure3CM-phase
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(c) Kumagai95Figure4B Interphase

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  5  10  15  20  25  30  35  40
P

ho
sp

ho
ry

la
te

d 
M

P
F

 (
L)

Time (min)

(d) Kumagai95Figure4B M-phase
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(e)Kumagai92Figure10A Interphase
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(f) Kumagai92Figure10A M-phase
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Fig.21:Theparameterset“Marlovits (1998)”(bMarlovits), “BetaLocal” (bLocal), and
“BetaGlobal” (bGlobal) areplottedalongwith theexperimentaldatafor comparison.
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Table2: Initial conditionsof the speciesto modelextractsstartingin M-phaseor
Interphase.For example,in Interphasethe initial valueof inactive MPF (Mi) is set
to thetotal amountof MPF (MT) while the initial valueof active MPF (Ma) is set
to 0.

SpeciesM-phaseInterphase
Ma MT 0
Mi 0 MT
Ca CT 0
Ci 0 CT
Wa 0 WT
Wi WT 0
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Table3: Experimentaldataquanti�ed andcompiledfor thefrog eggextractmodel.

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
2.5 0.9
5 1
10 1

Tanget.al. Figure2 (29) Interphase Wa 7.5 0.5
15 1

Tanget.al. Figure2 (29) M-phase Wa 2 0.5
5 0
7 0
10 0
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Table4: Lower andupperboundsfor the parameters.VTDirect will only explore
parameterspacewithin thesebounds.We usedifferentlower boundsfor VTDirect
andODRPACK95,asexplainedin thetext.

ParameterLower (VTDirect) Lower (ODRPACK95) Upper
vw 1e-6 0 1e4
v0

w 1e-6 0 1e4
v00

w 1e-6 0 1e4
v000

w 1e-3 0 100
vc 1e-6 0 1e4
v0

c 1e-6 0 1e4
v00

c 1e-6 0 1e4
v000

c 1e-3 0 100
Kmw 0.01 0.01 100
Kmwr 0.01 0.01 100
Kmc 0.01 0.01 100
Kmcr 0.01 0.01 100
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Table5: Settingsusedby VTDirect for theexample.

Setting Value
EPS 1.0

Sumof SquaresTolerance1.0e-10
MaximumIterations 1.0e4

MaximumEvaluations 1.0e5


