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10.1 Introduction

In the precedingchapterswe have taken the building blocksfor neuronalmodelsin the
form of ion channelsmembraneompartmentandsynapse¢Chapterst, 5 and6) andput
themtogetherto form neuronssmallneuralcircuits,andthennetworks (Chapter<, 8 and
9). We concludehis sectionof thebookby openingthelid onthebuilding blocks,andsee-
ing whathappensnsidethem. Thereusedto be a view of theatomasa tiny solarsystem,
which led to exotic visionsof anin nite seriesof everdecreasingvorldsasoneexamined
matterat ner and ner scalesNeurobiologynow hasto facea similar unsettlingconcept:
that hiddenwithin “atomic” compartment&nd underall the ion channelsthereexists a
wholenew universeof subcellulametworks. Thesenetworks, of course arethe multitudes
of interactingbiochemicakignalingpathways. They profoundlyaffect everythingfrom the
propertiesof singlechannelgo the morphologyof neuronsandthe wiring of the brainit-

self. Recentwork on biochemicakignalingreactiondhasemphasizethe sheercompleity

of thesenetworks. Therearedozensof knovn major signalingpathways, eachhaving at
least ve to ten enzymeisoforms,eachof which communicatesvith a differentsubsebf

othermessengerandpathvays. As with neuronahetworksthemseles,thesebiochemical
networks cannotbe analyzedn isolation. Neuronalsignalingeventsfrom abore, andnu-

clearandmetaboliceventsfrom belaw, provide a barrageof signalsthatthis network must
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process.

What role do signalingpathways play in the life of a cell? In a word: everything.
Metabolism,cytoslkeletonformation, generegulation, responsédo externalinputs, differ-
entiation, cell cycle, synapticcomputation— all theseoperationsarein the domain of
signalingpathways. Considera large industrialchemicalcomplex. The controlsystemfor
sucha systemis typically a hugecomputerwith hundredsof control pointsandsensors.
A living cell is a chemicalsystemwhosecompleity is ordersof magnitudebeyond ary-
thing man-madeandits control systemsare correspondinglicomple. Althougha lot of
the “software” is encodedn DNA, therole of “hardware” (more properly “wetware”) is
carriedout by biochemicapathways.

Thegoalof this chapteiis to introduceyou to biochemicatomputationyith particular
emphasion aspectsmportantfor neurobiology Theseincludegatingand modulationof
ion channelssignalingby diffusible andretrogrademessengergndthe myriad processes
involvedin longtermpotentiation(LTP). After abriefintroductionto afew majorpathvays,
the chaptercoverssomeof the theoryunderlyingbiochemicaimodels. The secondhalf of
thechapterdescribeshe speci csof building suchmodelsusingGENESISandKinetikit

10.1.1 Nomenc lature

A signalingpathway in the sensd emplo it, is ary seriesof reactionsthat manipulate
informationof importanceo a cell. Thisde nition is ratherbroad,andmight, for instance,
be consideredo includemetabolicregulatory pathwaysthat do not have muchto do with
theoutsideworld. We aremostlyconcernedvith pathwaysthatdo involve interactionwith
externalevents,particularlyneuronakvents.

It is sometimedlif cult to decidewhereonepathway endsandanothemegins. | will
usethe term pathwayto describea group of reactionsin uencing a single signalingen-
zyme. In this sensethen,the classicalcyclic AMP pathway shavn in Fig. 10.1 (Gilman
1987)consistof atleastfour pathways: thereceptofligand pathway, the G proteinactiva-
tion pathway, the adewylyl cyclasepathway, andthe proteinkinaseA activation pathvay.
Anotherway of looking atit is to considera pathway asa nodeat which informationcan
converge, be processedandsentonto multiple othernodes.

The term secondmessengr is typically usedfor a small signalingmolecule(i.e., not
a protein)thatis producedndirectly throughthe actionof someprimary messengesuch
asa neurotransmitterExamplesare cAMP (cyclic adenosinenonophosphateDAG (di-
agylglycerol), IP3 (inositol 1,4,5triphosphate)AA (arachidonicacid), and,of course,Ca
(calcium). Given the proliferationof interactionsamongsignalingpathwvays, it is some-
timesdif cult to decideif a given moleculeis a secondthird, or nth messengenVe will
applythetermto mostsmallnon-proteirsignalingmolecules.

Theterm signal transductiorwill be appliedin a restrictve mannerto receptorghat
changeor transducenesignalingmodality (suchaslight) to anothersuchasbiochemical
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Figure10.1 Thecyclic AMP pathway. In this chaptemwe treatit asfour successie pathways: (1) activation
of the b-adrenegic receptor (2) activation of the G protein Gs, (3) activation of aderylyl cyclase,and (4)
activation of proteinkinaseA. This pathway was one of the ®rst to be examinedin detail, andincorporates
mary of theinteractionssubsequentljoundin otherpathways.

signals.In this sensea Cachanneis a sortof signaltransductioormechanismbut the more
speci ¢ termion channelwill be usedin this case. Receptas will be usedto describe
proteinsthatdetectneurotransmittersisuallyata synapse.

10.1.2 A Short Short Course in Bioc hemistr y

Thislittle sectionis meantfor non-biologistandshouldbeskippedby anyonewhohassur
vivedamoderrbiology course Any of thestandardextbooksonbiochemistryor molecular
biology of the cell arerecommendedeading(e.g.,Alberts, Bray, Lewis, Raff, Robertsand
Watson1994,Kandel,SchwartzandJessell991).

DNA (deoxyribonuclei@cid)is the geneticmaterialof the cell. It encodednformation
in the sequencef four chemicalbuilding blockscalledbases.ThesearelabeledA, T, C
andG.

A protein is a chain of amino acids (anotherbuilding block). Thereare 20 amino
acids.The sequencef aminoacidsis speci edby DNA, andin turn determineshethree-
dimensionaktructureandbiochemicalpropertiesof the protein. Proteinsfrequentlyasso-
ciatein pairsto form dimess, or triplets(trimers), or largernumbergmultimes).

An isoformof a proteinis anothermprotein,with a differentbut usuallycloselyrelated
sequencelsoformsusuallyhave similar enzymatigpropertiesput may beregulateddiffer-
ently.
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An enzymas a proteinwith catalyticactvity. It speedsip reactions Enzymeausually
exhibit greatspeci city in their substates the moleculesthey actupon,andalsoin the
productsthey generate.

ATP (adenosingriphosphate)s the major sourceof chemicalenegy in thecell. The
removal of oneor two phosphateBom ATP release&negy. Thisreactionis calledhydiol-
ysis GTP (guanosindriphosphate)s a chemicalcousinof ATP, andsharests enegetic
propertieshut is notinvolvedin asmary reactionsn thecell.

A protein kinaseis an enzymethat addsa phosphatdrom ATP to an aminoacid on
aprotein. This procesds calledphosphorylation The addedphosphatefrequentlymod-
ify the actwvity of the tamget protein, which malkesthis a processof greatimportancefor
signaling.

A phosphataseaversegheactionof akinase:it removesthe phosphatgroup.

Buffering is a way of holding the free concentratiorof a given moleculecloseto a
desiredsetpoint by a suitablecombinatiornof chemicalsourcesandsinksfor themolecule.
It is mostcommonlyusedfor holdingthe pH, thatis, the acidity, of a solutionata desired
level.

10.1.3 Common Signaling Pathways

Regrettably this sectionlooksratherlik e analphabesoup.It canbeskimmedthroughona
rst readingputit is actuallythebaresbf introductiongo thetopic. Anyonecontemplating
researctsimulationson signalingwill needto go into muchgreatebreadthanddepththan
this incompletelist. You shouldassumehat thereare tensof knovn examplesin each
catgyory, eachof which hastensof known isoforms.You shouldalsobeawarethatthe eld
is in anexponentialgrowth phasenew isoformsarereportecalmostdaily, andentirelynewn
pathwaysandsignalingmechanismsurn up every few months.

Receptor s

Thesecollectinformationfrom outsidethe cell, andcoupleit into intracellularpathways.

Therearetwo main subclassesf receptors.Ligand-gatedon channelsaredirectly gated
by receptorsuchasthefamiliar NMDA receptorandpasssignalingions suchascalcium

into the cell whensuitablystimulatedoy the presencef aligand. G proteincoupledrecep-
tors, suchasthe beta-adrengic receptorbelongto a secondcategyory thatgateschannels
indirectly Thesereceptorsaactivate G proteinswhenstimulatedby ligands. The G protein

may theneithermodulatechannelactiity by binding directly to the channel,or regulate

theactvity of anenzymeinvolved in a secondnessengepathvay thatmodulateshannel
actity.
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G Protein Pathways

ThetermG proteinrefersto proteinsthatbind guaninenucleotidessuchasGTR Thereare
atleastfour differentmajor G proteinfamilies,Gs, G;, Go, andGg. G; (transducin)jn the
visualreceptompathway, is a G proteinin the G; family thatis stimulatedoy light. As usual,
eachfamily has vetotenknown isoforms.Theserimeric,membrane-associatsijnaling
proteinscontaina, b, andgsulunits. Theb andg sutunits have their own setsof isoforms,
sothereare plenty of permutations.Only a small fraction of theseare believed to occur
in nature.Activateda wandersaroundon its own, activating further pathways, but the bg
comple remainsdimerized.The prototypicalG proteinreactionis shavn in Fig. 10.2.

N Receptor
Gbg
GaGDP
GDP GTP

GTPase

Activated
enzyme

The main stepsin the cycle are asfollows. First, the ligand activatesthe G protein
coupledreceptor The activatedreceptorpromotesthe replacemenof GDP by GTR fol-
lowing which, the active G,-GTP splitsoff from the Gy dimer Theactve G, bindsto an
effectorenzymesuchasaderylyl cyclaseandturnsit on. In parallel,G,4 bindsto its own
target enzymesor channels.After a while (a few secondgo minutes),the slov GTPase
actvity of the G; hydrolyzesthe GTPto GDP. Now the piecesreassembleG,-GDP and
the G4 associateandthe inactive heterotrimercanbind to anothemreceptorto repeathe
cycle. Therearetwo majorfeaturego notehere.First,theG proteinloop ampli es signals.
A receptorcan catalyzethe activation of numerouss proteinswhile the ligandis bound.
EachG, remainsactive until the GTPis hydrolyzed,andthis takesa minuteor so. During
this time, the activatedeffector enzymecanprocessa large amountof substrate.Second,
therearetwo signalingoutputsfrom a G protein:the G, andthe G,y Eachcanpotentially
in uence severalsignalingpathvays.

Thereis alsoa large subfimily of “small G proteins), which lack bg sulunits. These

Inactive
enzyme

Figure10.2 G proteinsignalingcycle.

Phosphat:
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includeRas,Rab,andmary others.They have their own family of regulatoryproteinsthat
affecttherateof GTPturnover.

Protein Kinase Pathways

Proteinkinasesaddphosphatgroupsto speci c siteson otherproteins,andtherebyaffect
their actvity. Therearedozensof kinasesknowvn, which fall into two main classes:ser
ine/threonin&kinasesandtyrosinekinases.Theseclassesndicatethe aminoacidsthatare
phosphorylatethy the kinase.The major serine/threonin&inasesare PKC (proteinkinase
C), PKA (proteinkinaseA), CaM-KII (calcium-calmoduliregulatedtype |l kinase),and
MAPK (mitogen-actiatedproteinkinase).ReceptotyrosinekinasegRTKs) areanimpor
tantclassof tyrosinekinase. Beyondthe speci city for a particularaminoacid substrate,
eachkinasehasits own rangeof sequencereferencesyhich canbe exquisitelyspeci c or
verybroad.Kinaseactvity is regulatedn mary ways,includingsecondnessengersuchas
Ca,DAG or cAMP, phosphorylationmembranessociationor evendirectligandbinding.

Phosphatases

Thesereversethe actvity of kinases:they remove phosphategyroups. Like kinases they
have their own classesisoforms,substratespeci citiesandsoon. Major phosphatasesre
PP-2A(proteinphosphatasg A), PP-1(proteinphosphatasg) andcalcineurin.It usedto
be thoughtthattheir only role wasto balanceout kinasefunction, but it is now clearthat
they arein turnregulatedin awide variety of waysandcontritute actively to signaling.

Phospholipases

Thesetake phospholipidswhich are a major constituentof the cell membraneandturn
theminto active signalingmolecules ExamplesncludePLA, (phospholipasé,), PLCb
(phospholipas€-b), andphospholipas®. PLC-b is particularlyinterestingasit produces
two signals: diagylglycerol (DAG) and IP3 (inositol triphosphate).PLA, producesAA,
which is a membrane-permeabkignal and may be involved in retrogradesignaling. It
shouldbe pointedout thatmary phospholipidgshemselesareimportantin signaling.

Cyclases

The main cyclasesare AC and GC (aderylyl andguarylyl cyclases)which producethe
cyclic nucleotidescsAMP andcGMP from ATP and GTR respectiely. Thereareat least
tenACsknown, eachof which hasits own regulatorypreferencesAll ACsareactivatedby
G« ; mostareinhibitedby G, andthereis regulationby bg, phosphorylationandsoon,
in variouscombinations.
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Phosphodiesterases

ThesedegradecAMP andcGMR andtherebyturn off signalsfrom cyclases.Regulatory
mechanism#cludeCaM-dependencandphosphorylation.

Calcium

Althoughcalciumis justa simpleion, andnotreally a pathway; it is arguablythe mostim-
portantsinglesignalingmolecule. Theregulationof Caaloneinvolvesligandandvoltage-
gatedchannelspumpsintracellularstores puffers, diffusive microervironmentsandmore.
It is involvedin theregulationof almostall kindsof pathways,andtherearewholefamilies
of proteinssuchasCaM (calmodulin),whoseonly role is to detectCalevels aspartof the
regulationof otherproteins.

10.2 Modeling Signaling Pathways

10.2.1 Theory

Chemicakatetheoryis anold, well-establishedubject.A lot of it hasto dowith analytical
derivation of resultsthatwe, in our modern-daydecadencedgare to computers.For our
purposesll we have to understands a singlerateequation:

k
A B k; C D (10.1)

By de nition, thisis describedy a differentialequationof theform
dA dt k,CD kiAB (10.2)

wherethe squarebracletsindicatethe concentratiorof the speci ed molecule. The mass
consenration laws constrainthe remainingconcentrationspncethe startingconcentrations
andthe currentvalue of [A] areknown. You have alreadyencounteredery similar rate
egutionswhenstudyingthe Hodgkin-Huxley modelof activationof sodiumchannel{Egs.
4.11-4.13).

Enzymecatalysids averyimportantpartof biochemicafreactions Oneof thesimplest
and bestdescriptionsof enzymekineticsis dueto Michaelisand Menten. Way backin
1913,they describedtatalysisasa two-stepprocesswherethe enzymeandsubstraterst
reversibly combineto form a complex (Michaelisand Menten1913). This comple can
thencango forwardto form the productin anessentiallyirreversiblestep:

k
Enz Subkl EnzSub’® Enz Prd (10.3)

2
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Althoughwe needthreerateconstantdiere, MichaelisandMentenwentonto specifyonly
two parametersvhich do anexcellentjob of representingnzymeproperties Theseare:

Km ko ks kg (10.4)

and
Vmax k3 (10-5)

Km is the Michaelis-Menterconstanfor the enzyme.lt is the concentratiorof substratet
whichtherateof generatiorof productis half maximal.| leave the derivation of thisasan
exercisefor thereader

Vmaxis themaximumvelocity of theenzymej.e., therateof formationof productwhen
therearesaturatingamountof substratgresentAll of theenzymewill thenbecompleed
with the substratesoVyax is justks.

10.2.2 Sources of Data

A brief digressionon sourcesof datais in orderhere. It is almostcertainthat a mod-

elerin searchof biochemicaldatawill have to referto the original literature,both for the

reactionmechanismand for the parameters.Journal of Biological Chemistryaccounts
for abouthalf of the work on the subject. It providesits entire contentson the Inter

net (http://www-jbc.stanfat.edu/jlz/) andon CD-ROM, makingliteraturesearcheslmost
pleasant. The remainderis partitionedbetweenmary otherjournals, suchas European
Journal of Biochemistry Proceedingof the National Academyof Science Biochemistry

andmary others.

10.2.3 Figuring Out the Mechanisms

Signalingpathwaysaretypically represente@dsneatlittle black boxesconnectedvith ar
rows. The rst stepin constructinga modelof sucha pathway is to openup the black box
andrecoilin horrorattheseethingnasf interactionsnside. Thesenteractionswhichare
frequentlyill-de ned in mechanisti¢erms ,mustbeframedin termsof individual chemical
reactions.In GENESIS thesearebinding/reversiblereactionsand Michaelis-Menteren-
zymereactions.Completemechanistidetailsfor signalingpathwaysareavailablein only
afew cases.G proteinsignaling,for example,hasbeenworked outin considerablaletail
(Fig. 10.2,and Gilman 1987). The classicalpathway for cAMP signalinghasalsobeen
extensvely studiedand modeled(Levitzki 1984). Lauffenturger and Linderman(1993)
provide mary examplesof signalingpathways that have beenmodeledwith varying de-
greesof realism. It is muchmore commonto have partial mechanistiddetailsavailable.
For example,severalimportantkinasesncluding PKC andPKA areknown to incorporate
an enzymesite and a pseudosubstrategion, which bindsto andinactivatesthe enzyme
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site. The procesof activation of theseenzymesanthenbe describedn termsof there-
leaseof the pseudosubstratieom the enzymesite. As a modeley onemay have to male
compromise®n severalfronts:

If oneis lucky, the mechanistidatamay actuallygo beyond whatyou needor can
handle. PKA regulationis a casewherethereis suchan overalundanceof infor-
mation (e.g., Dgslelandand @greid 1984). Judicioussimpli cation is usually not
dif cult in suchcases.

At theotherextreme mechanisticletailsmaybesosparsehatyou have to developan
“empirical” model,whichuseghesimplestpossiblanechanismthat t theobsered
data. This approachworks surprisinglywell, especiallyif thereareplenty of datato
constrairthesystemA commonsituationis wherethereareseveralknown activators
for anenzyme eachof which is describedy a differentconcentration-&éct curve.
Thedumbestpproachs thento treateachactivation processasa separateeaction,
resultingin anactvatedenzymewith differentrates.Thishasbeendone for example,
for the activation of PLA,. One can often go a stepfurther and rule out certain
possiblemechanism®n the basisof suchraw concentration-ééct curves. This is
discussedbelow.

The generalandmostcommoncase s that someof the crucialmechanistiadetails
areknown, andthe restarea bit fuzzy Onecanoftenfall backon mechanismsor
similar pathwaysto Il in thegaps.Otherwisepnejusthasto plugtheholeswith the
simplestmechanismshatwill work.

As anexampleof guring outmechanistiadetails,consideiproteinkinaseC (Nishizuka
1992).1t is known to beregulatedby a pseudosubstratdomainthatnormally bindsto and
blocksthe kinasesite. Activatorsfunction by releasingthis blockage,in assortedvays.
This crucial regulatoryinformationenableaus to predictthat mostactivatorswill expose
anenzymesite of identicalactivity. Thisimpliesthatthe strengthof the activatoris likely
to dependon its efcacy in releasingthe block, ratherthan on specialpropertiesof the
enzyme-actiator comple. So, the actve enzymecanbe representedsa single pool, to
which differentactivatorscontribute anamountdeterminedy their respectie ef cacy. To
round off the picture, let us consideractiation by Ca, DAG, and AA. This lets us drav
up the rst skeletonof the activation process(Fig. 10.3). We just needto sum up the
individual contritutionsinto a total nal actiity, aswe assumehatthe exposedenzyme
siteis identicalin all cases.We canfurther elaborateon the activation processy noting
thateachof the activatorsworks synegistically with the others.Oneway of modelingthis
might be to add further reactionswherethe two actvatorscombine,asillustratedby the
Ca-AA synegistic pathway in dottedlines. As it turnsout, we canconsiderablye ne the
activationmechanismbecauséhe concentration-ééct curvesrequireevenmorecomplex
interactiondor themodelto t well.
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Figure10.3 (A) Skeletonmodelof PKC activation. (B) Exampleconcentration-ééct curve.

10.2.4 Reaction Rate Constants

Whena signalingpathway is modeledn termsof biochemicakeactionstheimmediatepa-
rametergequiredarerate constantandinitial concentrationsUnfortunately biochemists
rarely provide parametersvith modelersn mind. The mostcommonform for expressing
biochemicaldatais the concentation-efect curve (Fig. 10.3B)which describesan effect
suchasactwation, rate of production,or somesimilar experimentalquantity in termsof
the concentation of an activating agent. Mechanistically the link betweenthe concen-
tration andthe effect is quite likely to involve numeroudntermediatesteps. By the time
you get to the point whereyou wantto Il in rates,we assumehatyou have a speci c
mechanistienodelin mind, soyou shouldhave anideaof whatthesestepsare. Obviously;
you wantto startwith the simplestcurwve involving the fewestunknavns. If onemustex-
pressa concentration-&ct curve asa single number(losing informationin the process)
it is the concentratiorat half-maximum,Ky. Assumingthat your reactionis rst-order,
Kg ky ki. If in additiononehasinformationaboutthetime-course of thereaction,one
cancompletelyde ne k, andk;. This procedurds ne in theory In practice,if you do
not actuallyrun your simulationandcomparethe concentration-&ct plot point-by-point,
you will thronv away a lot of valuabledataand probablylosethe chanceto catchserious
mistalesin your assumptionsMany paperseportfamiliesof concentration-ééct cures
undervariousconditions.Suchsetsof curvesembodyenormousamountf informationto
helpconstrairrates mechanismsandinteractionsbetweerdifferentactivators.

10.2.5 Enzyme Rate Constants

Enzymerate constantsare usually reportedas the maximal enzymaticrate Vinax and the
Michaelis-Menterconstant,,. Thisis obviously insufcient datafor the threerate con-
stantdn the standardormulationfor anenzymereaction.As alreadymentionedthe max-
imum velocity of the reactionVinax k3. From the Michaelis-Mentende nition, Kp,
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ks ko ki. Oneoptionto Il in themissingrateconstanis to assumehatks andk, are
ina x edratio:

k2 Xk3 (106)

Then,
ki 1 xks Kp (10.7)

| useavalueof x 4. Exploringa hugerangeof suchscalefactors(from 0.4to 40)
leadsmeto believe thatthe behaior of mostmodelsis remarkablyinsensitve to the exact
valueof x. In otherwords,the Michaelis-Menteriormulationcapturesnostof theessential
propertiesof theenzyme.

Thereare someexotic complicationsto considerwhen obtainingenzymeratesfrom
theliterature.Many membrane-boundcheasurementreconductedn arti cial membrane
systems.The compositionof thesemembranesnay stronglyaffect rates. Onealsohasto
be extremelycarefulof situationswherethe enzymehasaccesso only alimited amountof
substrate This may happenin experimentsvhereboth enzymeand substratearemicelle-
bound,for example,PLA,.

10.2.6 Initial Concentrations

Determininginitial concentrationgor signalingmoleculess a taskfraughtwith peril. In
principle,onejusthasto look up puri cation stagegor enzymesandstandardiochemical
measurement®r substrateandmessengersn practice oneneedgo watchoutfor:

Tissueandspeciespeci city

Partitioning betweendifferentfractionsof tissue(membranegytosolic, particulate,
etc.)

Puri cation methodsandyield andlossof activity duringpuri cation

Lossof activity (or sometimegvengainof actvity!) duringstorage

andmary othercomplications.Givenall thesehazardsthe morereferencegor eachcon-
centrationthebetter

Typically, onewill needto provide only afew initial concentrationandjustlet thesim-
ulationrunto steady-statéo obtaintheremainderThisis essentialasit is experimentally
verydif cult to obtainsteady-statealuesfor mary of thereactionintermediateslf onehas
equilibriumvaluesfor somemoleculesthatis abonusandanexcellentcross-check.
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10.2.7 Rening the Model

Thereisno nal stepto building agoodmodelof ary kind. In signalingmodelsn particular
it takesmary iterationgo corvergeto agoodrepresentationf thesystem All thepreceding
steps{excepthopefullythetheory)will needto berevisitedasthe modelevolves. Most of
my modelsof individual pathways have involved 20 or more cyclesof improvement. An
importantpartof this re nementincludesrepeatedscanghroughthe literatureto huntout
alternatve sourcedor eachparameterandcross-checkthatbecomefeasibleasthe model
becomesnorepredictie.

10.3 Building Kinetics Models with GENESIS and Kinetikit

As with othersimulationsanddemonstrations this book, we drav a distinctionbetween
the underlyingGENESISsimulationmodulesandthe userinterface basedon them. The
modulesfor kinetic modelingare provided by the kineticslibrary, whereaKinetikit (or
kkit) is the userinterface. Kinetikit is similar to Neuokit in the sensehatit is aresearch
tool ratherthana tutorial program. It makes muchbetteruseof the featuresprovided by
XODUS, andwe hopeyouwill nd it easierto use.

10.3.1 The kinetics Library

As youwill learnin Chapterl2,a GENESISlibrary containghe de nitions of commands
thatwill be acceptedy GENESIS aswell asbasicbuilding blocks,calledobjects which
are usedfor the constructionof simulations. The kineticslibrary de nes additionalcom-
mandsandobjectsto extendthe capabilitiesof GENESISto simplemodelsof biochemical
signaling. By “simple” | merelymeanthatthe only interactionsconsideredarechemical.
Thereis amplecompleity in biological signaling,evenwhensuchvital complicationsas
diffusion,compartmentalizatiomndenzymaticscafolding arenot addressed.

A simpleexponentialEuler schemgSec. 20.3)is usedby the kineticslibrary. Fortu-
nately stiffnessdoesnotseemnmo besuchaproblemin thekineticcomputationsTime steps
of 2 msearesufcient for mostsimulationsof biochemicaleactionsystemsit is trivial to
implementacrudevariabletime stepschemeavhenknown steepstimuli occur— justlower
the time step. About 100 psecwill usuallygive you sufcient stability andaccurag for
suchcasesA ksolve object(cousinto the hsolwe) is beingdesignedo usemuchfasterim-
plicit andvariabletime steptechniquesEventhe currentmethodswvork mary timesfaster
thanreal-timefor all but themostcomplex simulations.

All calculationsare carriedout on numbersof molecules ratherthanconcentrations.
This simpli es computationsvheremoleculesare exchangedetweernchemicalcompart-
mentsof differentvolumes.However, concentrationarecalculatedocally by eachmolec-
ular pool, by dividing the numberof moleculesby avol eld of the pool object. The vol
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eld istypically scaledo includeAvogadros numbersothattheconcentratiomnitsarelM

or someotherfamiliar units. Thekineticslibrary assumes$ulk quantitiesof all molecules.
Markov modelsare speci cally not simululatedin the currentkineticslibrary. Caution
shouldthereforebe employed whendealingwith tiny compartmentsit hasbeenestimated
thatthereareabouttenCaionsin a smalldendriticspine.Meanratetheorymay not apply
in suchsituations.

The GENESISobjectsprovided by the kineticslibrary arethe pool of moleculesthe
reacfor simplereactionsandanenzwhich canbeattachedo areactanpoolto provide an
enzymesite. A simpleconcchanobijectis provided for constructingconcentration-dven
channelsvithin thekineticslibrary. It is amuchsimplerversionof thevoltage-andligand-
gatedchannelsusedelsavhere. Theseobjectsare describedn much more detail in the
GENESISReferencevanual.

10.3.2 Kinetikit

The methodof choicefor developingkinetic simulationsin GENESISis to useKinetikit,

which is a graphicalinterfaceandsimulationtool designedspeci cally to malke it easyto

build andmanagecomple kinetic simulations Kinetikit is internallydocumentedh detail.
To get you startedquickly, we'll go througha demonstratiorsimulationthat illustrates
mary of its features. This demonstrationinvolves a simple reactionwherea moleculeA

reversibly corvertsinto amoleculeB:

ks
A B (10.8)

Step O

Make sureyou have a versionof GENESISthat includesthe kineticslibrary. If thereis

a startupmessagef the form “The kinetics library is copylefted underthe LGPL, see
kinetics/ COPYRIGHT thenit is there. If not, you will needto follow the installation
stepsdetailedin the kineticsdocumentationOnceyou have it installed,you arereadyto

go. After changingto the directoryin which Kinetikit resides(usually Scripts/kinetikix,

performthefollowing steps.

Step 1

Type:

Thiswill displaya start-upwindow detailingthe philosophybehindKinetikit models,and
alsoindicatingthelicensingterms(free!). As soonasKinetikit hasloaded this window will
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vanishandwill bereplacedby a screensimilar to thatin Fig. 10.4. The control window
includesvariousmenuoptionson the top. The simulationrun control buttonsin bright
traf c-light colorsarejustbelown, anddialogsfor the simulationdurationandcurrenttime
belav them. At the bottomis a row of strangeicons. Theseare the building blocksfor
a kineticssimulation,andtheir role will shortly becomeclear Below the controlwindow
is the Kinetikit edit window, wherethe reactionsaresetup. It will initially be blank. The
graphwindows arethe only otherwindows currentlyvisible.

Figure10.4 Screerdumpof Kinetikit.

Step 2
Usethe left mousebutton to click anddragthe rst of the icons, the blue icon,
into the edit window. Two thingsshouldhappen:a icon shouldappeaiin the edit

window, anda newv window shouldpop up with lots of dialogsfor parametersWhatyou

have justdoneis to createanew pool of moleculesn thesimulation,andto helpyou along,

the parametewindowv hasbeendisplayed. Typically the rst thing onedoesis to change

the color andnameof theicon to somethingthat suitsyou. Try and . Thenhit the
buttonin the parametewindow.
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Step 3

Familiarizeyourselfwith thepropertieof theeditwindov. Movethe iconin theedit
window arounda little, usingclick-and-dragwith the mouse. The layout of the reactions
hasnothingto dowith thenumericakalculationsbut a cleanlayoutmakesit mucheasieto

gure outwhatis goingon. Now double-clickon the icon. The parametewindow
reappearsSettheinitial concentration to 1. Now dragthe iconto thegraph
window. You have just madeyourselfa plot, labeled . The* " sufx indicatesthe

eld thatis beingplotted,in this casetheconcentration of elementA.

Step 4
Dragin a andanother (let'scallit ). Addthe tothegraphaswell. Now we
cansetupareaction.Drag onto , andthen onto . Little greenarraovs should

appearlinking them. If your reactioncomponentsretoo closetogetherthelittle arravs
dont t, andsothey vanish.Youcanzoomandpantheeditwindow usingtheangle-brackt
andarrav keys, to seethis effect. Also try rearranginghe reactionusingclick-and-drag
within the editwindow.

Step 5

Run the reaction. Hit the green button, andwatchthe reactionproceed. You can
hit the button in mid-stream,and startup againwithout affecting the calculations.
The button clearsthe simulation. Play aroundwith the parameter®f the pools
(esspecially , and ), andthereaction( and ) togetafeelfor how it
all works. Double-clickon or while the simulationis running,or hit the button
in the parametewindow, to monitorconcentrationsAlso try double-clickingon thegraph
axesandontheplot labelsto popup parametewindows for specifyingdisplayparameters.

Step 6

Edit the reaction. Drag onto again. The greenarronv disappears.Repeatthe
drag,andit reappears.Thisis ne for simple editing, but what happensf you wantto
male it a second-ordereaction2A  B? Youwill have to goto the menuand
enablehigherorderreactionsto accomplishthis feat. Now drag onto Barng, the
evil dinosauticon in the controlwindon. Chomp! Barneg/ hasdeleted . Thisworks
for everythingin theeditwindow, andalsofor plots.
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Step 7
Sarethereaction.Click onthe menubutton, Il in somenotesandenteryour chosen
lename, e.g.," U It will beascript le, soyoushouldhavetheusual* " sufx.

Having savedthe le, youcanrestoreyour simulationby typing:

I will assumefor the remainderof the chapter that you have the good sensdo sare
eachversionof your simulationsrequently

Exercise for the reader:

Make andtestan enzymereaction.Hint; anenzymesite cannotexist withoutanenzyme.
So,youwill needto dragthe enzymeontoanexisting pool.

10.3.3 A Feedback Model

As a more completeexample of the developmentof a kinetics simulation, we will use
Kinetikitto comeup with afeedbackpathway thatexhibits someinterestingpropertiesuch
asbistability We thenshav how to runthis modelwithouttheinterface,and nally how to
hookthis up to otherGENESIScomponents.

The Model

The feedbackmodelconsistsof two enzymesX andY, eachof which is actvatedby the
productof the otherenzyme.The activation procesds second-orderWe assumehatthe
substratesire buffered: their concentrations x ed no matterhov muchis usedup. The
productsare degradedin a simple rst-order reactionto avoid runavay feedback. The
reactionsare representedn Fig. 10.5. The gure hasalmosta one-to-onerelationship
with the Kinetikit implementationsoit shouldbe easyto implement. The saved modelis

availablein thekinetikit/examplesdirectoryasfeedbak.g

Notes on setting up the feedback model

1. All enzymeandreactionratesare 1.0, exceptfor the degradationreactionswhich
have ak; of 0.16andaky, of 0. Notethatthesearenotthedefault values,soyou will
have to explicitly setthem.

2. All initial concentrationsre0.0, exceptthe X andY substratesyhich arebuffered
to aninitial valueof 1, andtheinactive formsof X andY, whichareataninitial value
of 1 but arenot buffered.
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3. Two moleculesof productbind to one moleculeof inactve enzymeto activate it.
Look up the menuto seehow to do this sortof second-andhigherorder
reaction.All otherreactionsare rst-order.

4. Thearravs with adoublebendrepresenenzymereactions.
5. Thedefaulttime stepof 0.01is goodfor runningthemodel.

6. Plot out the concentration®f X andY to monitor the simulation. You can also
double-clickX orY atary timeto readouttheconcentratiodromthe  dialog.

7. Do notusespacesn the namesof the componentsn the model. It will confusethe
simulatorwhenit triesto restoresimulationsrom a le.

Degade

X substate ) <=—— (X pradud
X
Y

G oo ) o= (Y susrae >

Figure10.5 Reactiormechanisnior feedbackmodel.

Bistability

As a preliminarycheckon your model,justrun it for, say 100 secondsX andY should
remainsteadyata concentratiomf 0 0. Thesteady-statgalueyou have now reacheds the
lower bistablepoint. To corvince yourselfthatthereis an uppersteady-statenode,dump
someX productinto thesystemby settingits  to 2, usingthedialogboxthatwill appear
whenyouclick on _ . Watchthe systemclimb up to the upperactivatedstate. Let it
runawhile longer andcorvinceyourselfthatthe systemhasnow stabilizedat a new level.
Notethislevel. If youareambitious,you cannow gure outhow to pushthe systemback
andforth betweerthe two stablelevels. Are they alwaysthesame?

Concentration-Eff ect Curves

This manual ddling with reactionparameterss a rathercumbersomevay of identifying
a bistablesystem anddoesnot easilygeneralize¢o a complex model. Thereis a simpler
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experimentallymorefeasible andtheoreticallyinformative way of characterizingbiolog-
ical feedbacksystemof this kind. This techniqueworks by “breaking™ the loop at some
point, and plotting concentration-éfct curvesof X vs. Y andvice versa. Whenthe two
cunesareplottedonthesameaxes,sothatthe X vs. Y curve now hasbeenipped around,
their intersectiorpointsde ne the behaior of the system.You cancorvince yourselfthat
a singleintersectiorpoint alwaysde nesthe steady-stateandthatif you have threeinter

sectionpointsthe outertwo mustbe steady-statandthe middle onethethreshold.This is

discussedh moredetailin Bhallaandlyengar(1997).We will usetwo methodgor gener

atingthe concentration-é&c curves. In eachcase we buffer oneof the enzymedo break
theloop, andstepit througha seriesof concentratiorvalues.

Brute force The simpleway of doing this is to double-clickon , and ip the
toggleon. Now theconcentratiorof X is setby . Rununtil it reachesteady-
state andnotetheconcentratiolfY]. IncreaseX, andrepeauntil Y saturatesNow go
throughthewholeprocessagain,with Y bufferedandX free. Hmm. .. Thenumbers
look familiar. Couldyou have predictecthis?

Usingxtab If you have to generatehe concentration-&ct curve morethanonce,say for
differentparametersjouwill probablywishto automatehewholeprocessThextab
objectis goodfor this. Thisis anextendedobject(seeSec.14.5)whichis createdoy

Kinetikit Dragin an icon,andconnecit upto . Setupthe waveformto
a “staircase”of levels, with appropriateimesfor eachstep. You may needto refer
to the Kinetikit documentatiorno helpyou with this. Activatethe , andrunthe

simulationagain. Your concentration-ééct curve will be generatedvithout further
effort onyour part.

Exercises:

Using the numbersyou painstakinglynoteddown before,plot out the two concentration-
effect curvesof X vs. Y andY vs. X. Putthemboth on the sameaxisand nd theinter
sectionpoints. You mayneedto smooththecurves,or nd extra points.Do they tally with
your previousestimatedor the bistablepoints?Devise a way of testingthe accurag of the
estimateof thethreshold Hint: adjustthedegradationratesagainto setup aninitial condi-
tion for X andY. Alternatively, buffer the productconcentrationsef X or Y. Why won't it
work if you setup theinitial conditionby buffering X or Y to theinitial desiredevel, and
thenreleasdhe buffering?

This modelis ratherunrealistichecauséehe baselineactiity of X andY is zero. You
couldputin abaselineactvity by settingk, of the degradationpathway to somenon-zero
number Find anumberthatgivesreasonableesults.
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10.3.4 Beyond Kinetikit

The simulation les generatedy Kinetikit areregular GENESISscript les. This means
thatyou canmanipulatehemandhook themup to simulationsin muchthe sameway as
otherscript les. (You will bestunderstandhis sectionafter readingthe introductionto

GENESISprogrammingn Chapterl2.)

Batch Mode

Thebestpartof a graphicalinterfaceis oftenthe ability to turnit off. In Kinetikit this, and
mary othersimulationdefaults,canbe assignedhroughthe PARMS.gle. Make a copy of

thePARMS.gle inyourcurrentdirectory andeditit tosetthe _ ag tozero.Now when
you loadyour simulation,therewill be afew minor complaintsvhichyou canignore.The
simulationcanbe examinedas usualthroughthe commandine, but no XODUS modules
will bedisplayed.Thisis anidealarrangemenfior thoselong overnightrunsthatyou want
to grind away in thebackground.

Modifying Parameters

The mostcommonapplicationfor batchmoderunsis parametesearchesModifying the
parametersn suchsituationsis just a matterof usingstandardset eld andget eld com-
mands,usuallyin batch les. Whenyou combinethis with the standardSENESISscript
commanddor saving valuesto data les, you have an effective way of automatinglong
runs. For example,supposeve wishedto run our concentration-ééct curvesfor the feed-
backloop with variousratesfor the degradationpathways. This could be accomplished
usingthefollowing script le.
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The outputof sucha run would be a setof concentration-&ct curvesthat could be
examinedto nd all theintersectiorpoints.

Saving Outputs

Therearevariouswaysyou cansave resultsof simulationsn Kinetikit The simplestis to

createplots for the desiredquantities,run the simulation,and dumpthe resultsfrom the

plots. This canbe donefor individual plots (double-clickon the plot) or for all of them(go

to the menu). The examplescriptabore illustratesanothemway of savzing speci c

guantitiesto a le. The standardSENESIScommanddor dumping gures to postscript
les (by typing Ctrl-p within thewindow) alsowork for the graphandeditwindow. There
arespecialpostscripoptionsin the menu.

10.3.5 Connecting Kinetic Models to the Rest of GENESIS

Kinetikit allows you to do a lot of things,but only with afew kinds of GENESISbuilding

blocks. It is often desirableto link Kinetikit modelsto the restof GENESIS especially
to develop modelsthat spanmultiple levels of neuronalfunction. Again, one cantake

adwantageof the factthatKinetikit modelsarestoredin regularscript les. Therearetwo

mainwaysof hookingkinetic modelsup to therestof GENESIS.
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1. Tabs A very ef cient way of couplingdifferentkinds of simulationis to usetablesto
provide inputsto Kinetikit or to a batch le basedon a kinetic model. For example,
you might wantto feedthe Calevels from a singlecell modelinto a kineticssimu-
lation. Aside from its simplicity andcomputationag&f ciency, the adwantagehereis
thatthetime stepsusedin thetwo situationscanberadicallydifferent. The big draw-
backof this approachs, of course thatit assumeshatthe sourceof the tatulated
datadoesnt carewhatthekinetic partof themodeldoes.

2. DirectmessagingThisis the“proper” way of hookingupkineticandothersimulations.
The simplestway to getinformationinto kinetic modelsis to identify a molecule
whoseconcentrations determinedy the non-kineticpart of the model,andthatis
explicitly modeledthere.ConsiderCain ux throughanion channelwhich maybe
modeledusinga Ca concobject.Wejustneedto createa kinetic “slave” counterpart
of this Ca_cong andhook it into the kinetic model. Likewise, messagesan be
sentfrom “pools” from the kineticslibrary to specify concentrationsisedby other
GENESISmodules.

It is oftennecessaryo do unit corversionsin suchsituations.For example,we may
needto factorin Faradays constantor Avogadras numbey or the volume of dif-
ferentcellular compartmentsThe xtab modulein Kinetikit (which is basedon the
GENESIStable object)is a goodway of implementinglinear, logarithmic,or even
moreexotic conversionoperationwherenecessary

Thekineticslibrary alsoallows oneto sendmessaget® reacelementsoasto control
theirrateconstantsThis providesa greatdealof e xibility. (SeeExercise5 below.)

10.4 Summary: Molecular Computation

At therisk of statingthe obvious, a few aspectof the computationapropertiesof signal-
ing pathvaysareoutlinedhere. Parallelshave beendravn betweersignalingsystemsand
Booleanlogic (Bray 1995),andeven betweemeuralnetworks (Albertsetal. 1994). Such
analogiesof course,are only part of the story — otherwise,we could avoid the whole
messybusinesf modelingchemicalkinetics.

It is easyto seehow a signalingpathway could performlogic operations.And gates
couldberepresentedsenzymeghatneedtwo or moresimultaneousignalsfor actiation.
Or gatesare enzymeghat canbe activatedby eitherof two signals. Invertes aresimply
inhibitory signals. Examplesof all thesesituationsexist, but the actualbiochemistryis
muchricherthanBooleanlogic.

Analog computationmight be a betterway to think of biochemicalsignaling. This
would allow oneto considersuchsignalingpropertiesasampli cation, aswe have seerfor
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G proteins,synegy, wherethe effect of two signalsis morethanadditive, coopeativity,
wheretheresponseune is stronglynonlineayandsoon.

Eventhis viewpoint hasits limitations. One of the mostimportantpropertiesof real-
world neuronalaswell asbiochemicalkignalingis time-delays.Ratherthanbeinga limi-
tation of suchsignaling,this is one of the mostinterestingelementsn the computational
repertoireof suchnetworks. Integration and differentiation of the time-courseof signals
now becomegpossible asdoesshort-termstorage of information.

Theanalogiexould be takento the absurd by invoking electricalcircuitry asthe next
level of analysis At this pointtheanalysids almostascomplex astheoriginalbiochemistry
itself, soit doesnt helpmuch. In ary case we still have not consideredhe computational
implicationsof diffusion, compartmentalizatiorgndthe anchoringof successie enzymes
on proteinscafolds. Beyond that, thereare all the possibilitiesinherentin biochemical
control of the cytoskeleton, membrandrafc, and of coursethe genesthemseles. To
put the scaleof this probleminto perspectie, computerscientistsong agorealizedthat
self-modifyingcodewasinsanelydif cult to analyze.Naturehasdonemuchbetterhere.
Imaginea computemwhereyou couldredesigrthe CPU,while it wasrunning,from within
software. Biochemicalcontrol of the cytoskeletonand genesis a functioningexampleof
self-modifyinghardware,software,andeverythingin between.

| regardthe currentstateof the artin the eld of biochemicalsignalingas similar to
thatin electrophysiologyfty yearsago:onecanbegin to analyzetheinteractionsaspoint
processedyut limitationsin theavailabledataandthetechniquegurrentlymale it dif cult
to constructmorecomplex models.Thisis likely to changeapidlyin thecomingyears.We
arenow at the point wherea few speci ¢ examplesof microcompartmentalizatioof sig-
nalingpathwayshave beenfound. Thesehave enormousmplicationsfor thewaysin which
we analyzesuchpathways. Macroscopiaateconstantandconcentrationbecomealmost
irrelevant in suchcases.Reactionmechanismsnd pathways themseles may changein
waysthatarenearlyimpossibleto duplicatein atesttube. Computationaimethodsareone
possiblewvay in whichwe canbegin to take test-tubedataandscalethemdownnto t inside
adendriticspine. They arealsoperhapghe only way in which we cantacklethe growing
mountainof availabledata,andbegin to understantheimmenselycomplex network within
thecell.

10.5 Exercises

1. Using the feedbackioop model, compareresultsat differenttime stepsand using
explicit conserationrules.Youwill needto look attheKinetikit on-linehelpmanual
to nd outhow to setup conserationrulesin themodel.

2. Build the G proteinmodelfrom Fig. 10.2. Estimatethe ampli cation provided by
this G protein. Parametersor G proteinsare readily available from the literature,
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or from thelibrary of modelsof signalingpathwaysavailablethroughthe GENESIS
UsersGroup(AppendixA.3).

3. One of the most useful operationsin developing complex signalingmodelsis to
meige multiple pathwaysinto a complex model. Groupsarea very usefulorganizing
tool in suchsituations. Take the feedbackmodelyou built previously, andputit all
into agroup.Now loadin the G proteinmodelontop of this. Canyou now seearole
for groups?Experimentwith usingthe G proteinmodelasaninput pathway for the
feedbackmodel.

4. In thefeedbacknodel,oneway of gettingthe concentration-ééct curve wasto pro-
vide a seriesof concentratiorstepsusingan xtab element. Try to replacethe step
waveformwith a linearly or logarithmicallyincreasingable. Why might you have
problemshere?How longwould you have to runto getareasonablanswer?

5. Theks andk, of thereacobjectclassin thekineticslibrary canbecontrolledthrough
messagesThis allows oneto implementmary kinds of rate equations.Implement
a Hodgkin-Huxlg type ion channelusingthis facility. This canbe doneboth us-
ing someof the specialoptionsin Kinetikit, and of coursedirectly from the script
language. Estimatethe executionspeedof sucha channel,and comparewith the
tabchannelsyhich arehighly optimized.

6. Exerciseon buffering (challenging!): Designa buffer systemfor Cathat holdsits
concentratiorat 1 UM over awide rangeof addedCa. Work out how to improve the
buffering by changing

Theorderof thereaction
Cooperatiity
TheKq of the buffer

Thetotalamountof the buffer vs. its Ky, for agiveninitial Calevel of 0.1 uM.

Estimatethe speedof the buffer, by seeinghowv well it suppressea large but
bufferablein ux of Calastingfor 10 msec

Estimatenow fastsucha buffer would work to lower Calevelsif thebuffer were
suddenlyreleasedby a ash of light) from a cagedcompoundnto a solution
containingCa.
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