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The Network Within: Signaling
Pathways

UPINDERS.BHALLA

10.1 Intr oduction

In the precedingchapters,we have taken the building blocksfor neuronalmodelsin the
form of ion channels,membranecompartmentsandsynapses(Chapters4, 5 and6) andput
themtogetherto form neurons,smallneuralcircuits,andthennetworks(Chapters7, 8 and
9). Weconcludethissectionof thebookby openingthelid onthebuilding blocks,andsee-
ing whathappensinsidethem.Thereusedto bea view of theatomasa tiny solarsystem,
which led to exotic visionsof anin�nite seriesof ever-decreasingworldsasoneexamined
matterat �ner and�ner scales.Neurobiologynow hasto facea similarunsettlingconcept:
that hiddenwithin “atomic” compartmentsandunderall the ion channels,thereexists a
wholenew universeof subcellularnetworks.Thesenetworks,of course,arethemultitudes
of interactingbiochemicalsignalingpathways.They profoundlyaffecteverythingfrom the
propertiesof singlechannelsto themorphologyof neuronsandthewiring of thebrain it-
self. Recentwork onbiochemicalsignalingreactionshasemphasizedthesheercomplexity
of thesenetworks. Therearedozensof known major signalingpathways,eachhaving at
least� ve to tenenzymeisoforms,eachof which communicateswith a differentsubsetof
othermessengersandpathways.As with neuronalnetworksthemselves,thesebiochemical
networkscannotbeanalyzedin isolation. Neuronalsignalingeventsfrom above, andnu-
clearandmetaboliceventsfrom below, 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,cytoskeletonformation,generegulation,responseto external inputs,differ-
entiation,cell cycle, synapticcomputation— all theseoperationsare in the domainof
signalingpathways.Considera large industrialchemicalcomplex. Thecontrolsystemfor
sucha systemis typically a hugecomputer, with hundredsof control pointsandsensors.
A living cell is a chemicalsystemwhosecomplexity is ordersof magnitudebeyond any-
thing man-made,andits controlsystemsarecorrespondinglycomplex. Althougha lot of
the “software” is encodedin DNA, the role of “hardware” (moreproperly, “wetware”) is
carriedoutby biochemicalpathways.

Thegoalof thischapteris to introduceyouto biochemicalcomputation,with particular
emphasison aspectsimportantfor neurobiology. Theseincludegatingandmodulationof
ion channels,signalingby diffusibleandretrogrademessengers,andthemyriadprocesses
involvedin longtermpotentiation(LTP).After abrief introductiontoafew majorpathways,
thechaptercoverssomeof thetheoryunderlyingbiochemicalmodels.Thesecondhalf of
thechapterdescribesthespeci�csof building suchmodelsusingGENESISandKinetikit.

10.1.1 Nomenc lature

A signalingpathway, in the senseI employ it, is any seriesof reactionsthat manipulate
informationof importanceto acell. Thisde�nition is ratherbroad,andmight,for instance,
beconsideredto includemetabolicregulatorypathwaysthatdo not have muchto do with
theoutsideworld. Wearemostlyconcernedwith pathwaysthatdo involve interactionwith
externalevents,particularlyneuronalevents.

It is sometimesdif�cult to decidewhereonepathway endsandanotherbegins. I will
usethe term pathwayto describea groupof reactionsin�uencing a singlesignalingen-
zyme. In this sense,then,the classicalcyclic AMP pathway shown in Fig. 10.1(Gilman
1987)consistsof at leastfour pathways: thereceptor-ligandpathway, theG proteinactiva-
tion pathway, the adenylyl cyclasepathway, andtheproteinkinaseA activation pathway.
Anotherway of looking at it is to considera pathway asa nodeat which informationcan
converge,beprocessed,andsenton to multipleothernodes.

The termsecondmessenger is typically usedfor a small signalingmolecule(i.e., not
a protein)that is producedindirectly throughtheactionof someprimarymessengersuch
asa neurotransmitter. ExamplesarecAMP (cyclic adenosinemonophosphate),DAG (di-
acylglycerol), IP3 (inositol 1,4,5triphosphate),AA (arachidonicacid),and,of course,Ca
(calcium). Given the proliferationof interactionsamongsignalingpathways, it is some-
timesdif�cult to decideif a givenmoleculeis a second,third, or nth messenger. We will
applythetermto mostsmallnon-proteinsignalingmolecules.

The term signal transductionwill be appliedin a restrictive mannerto receptorsthat
changeor transduceonesignalingmodality(suchaslight) to another, suchasbiochemical
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Figure10.1 Thecyclic AMP pathway. In thischapterwe treatit asfour successive pathways:(1) activation
of the b-adrenergic receptor, (2) activation of the G protein Gs, (3) activation of adenylyl cyclase,and (4)
activation of proteinkinaseA. This pathway wasoneof the ®rst to be examinedin detail, andincorporates
many of theinteractionssubsequentlyfoundin otherpathways.

signals.In thissenseaCachannelis asortof signaltransductionmechanism,but themore
speci�c term ion channelwill be usedin this case. Receptors will be usedto describe
proteinsthatdetectneurotransmitters,usuallyatasynapse.

10.1.2 A Shor t Shor t Cour se in Bioc hemistr y

Thislittle sectionis meantfor non-biologistsandshouldbeskippedby anyonewhohassur-
vivedamodernbiologycourse.Any of thestandardtextbooksonbiochemistryormolecular
biologyof thecell arerecommendedreading(e.g.,Alberts,Bray, Lewis, Raff, Robertsand
Watson1994,Kandel,SchwartzandJessel1991).

DNA (deoxyribonucleicacid)is thegeneticmaterialof thecell. It encodesinformation
in thesequenceof four chemicalbuilding blockscalledbases.ThesearelabeledA, T, C
andG.

A protein is a chain of amino acids(anotherbuilding block). Thereare 20 amino
acids.Thesequenceof aminoacidsis speci�edby DNA, andin turndeterminesthethree-
dimensionalstructureandbiochemicalpropertiesof theprotein. Proteinsfrequentlyasso-
ciatein pairsto form dimers, or triplets(trimers), or largernumbers(multimers).

An isoformof a proteinis anotherprotein,with a differentbut usuallycloselyrelated
sequence.Isoformsusuallyhave similarenzymaticproperties,but mayberegulateddiffer-
ently.
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An enzymeis a proteinwith catalyticactivity. It speedsup reactions.Enzymesusually
exhibit greatspeci�city in their substrates, the moleculesthey act upon,andalso in the
productsthey generate.

ATP (adenosinetriphosphate)is themajorsourceof chemicalenergy in thecell. The
removal of oneor two phosphatesfrom ATPreleasesenergy. Thisreactionis calledhydrol-
ysis. GTP (guanosinetriphosphate)is a chemicalcousinof ATP, andsharesits energetic
propertiesbut is not involvedin asmany reactionsin thecell.

A protein kinaseis an enzymethat addsa phosphatefrom ATP to an aminoacid on
a protein. This processis calledphosphorylation. Theaddedphosphatesfrequentlymod-
ify the activity of the target protein,which makes this a processof greatimportancefor
signaling.

A phosphatasereversestheactionof akinase:it removesthephosphategroup.
Buffering is a way of holding the free concentrationof a given moleculecloseto a

desiredsetpointby asuitablecombinationof chemicalsourcesandsinksfor themolecule.
It is mostcommonlyusedfor holdingthepH, that is, theacidity, of a solutionat a desired
level.

10.1.3 Common Signaling Pathwa ys

Regrettably, thissectionlooksratherlikeanalphabetsoup.It canbeskimmedthroughona
�rst reading,but it is actuallythebarestof introductionsto thetopic.Anyonecontemplating
researchsimulationsonsignalingwill needto go into muchgreaterbreadthanddepththan
this incompletelist. You shouldassumethat thereare tensof known examplesin each
category, eachof whichhastensof known isoforms.Youshouldalsobeawarethatthe�eld
is in anexponentialgrowth phase:new isoformsarereportedalmostdaily, andentirelynew
pathwaysandsignalingmechanismsturnupevery few months.

Receptor s

Thesecollect informationfrom outsidethecell, andcoupleit into intracellularpathways.
Therearetwo mainsubclassesof receptors.Ligand-gatedion channelsaredirectly gated
by receptorssuchasthefamiliar NMDA receptor, andpasssignalingionssuchascalcium
into thecell whensuitablystimulatedby thepresenceof a ligand.G proteincoupledrecep-
tors,suchasthebeta-adrenergic receptor, belongto a secondcategory thatgateschannels
indirectly. ThesereceptorsactivateG proteinswhenstimulatedby ligands.TheG protein
may theneithermodulatechannelactivity by binding directly to the channel,or regulate
theactivity of anenzymeinvolved in a secondmessengerpathway thatmodulateschannel
activity.
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G Protein Pathways

ThetermG proteinrefersto proteinsthatbindguaninenucleotides,suchasGTP. Thereare
at leastfour differentmajorG proteinfamilies,Gs, Gi, Go, andGq. Gt (transducin),in the
visualreceptorpathway, is aG proteinin theGi family thatis stimulatedby light. As usual,
eachfamily has� veto tenknown isoforms.Thesetrimeric,membrane-associatedsignaling
proteinscontaina, b, andgsubunits.Theb andgsubunitshave theirown setsof isoforms,
so thereareplenty of permutations.Only a small fraction of thesearebelieved to occur
in nature.Activateda wandersaroundon its own, activating furtherpathways,but thebg
complex remainsdimerized.TheprototypicalG proteinreactionis shown in Fig. 10.2.
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Figure 2: G protein signalling cycle.
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Figure10.2 G proteinsignalingcycle.

The main stepsin the cycle are as follows. First, the ligand activatesthe G protein
coupledreceptor. The activatedreceptorpromotesthe replacementof GDP by GTP, fol-
lowing which, theactive Ga-GTPsplitsoff from theGbg dimer. Theactive Ga bindsto an
effectorenzymesuchasadenylyl cyclase,andturnsit on. In parallel,Gbg bindsto its own
target enzymesor channels.After a while (a few secondsto minutes),the slow GTPase
activity of theGa hydrolyzestheGTPto GDP. Now thepiecesreassemble:Ga-GDPand
theGbg associate,andthe inactive heterotrimercanbind to anotherreceptorto repeatthe
cycle. Therearetwo majorfeaturesto notehere.First,theG proteinloopampli�essignals.
A receptorcancatalyzethe activation of numerousG proteinswhile the ligand is bound.
EachGa remainsactive until theGTPis hydrolyzed,andthis takesa minuteor so.During
this time, theactivatedeffectorenzymecanprocessa large amountof substrate.Second,
therearetwo signalingoutputsfrom a G protein:theGa andtheGbg. Eachcanpotentially
in�uence severalsignalingpathways.

Thereis alsoa large subfamily of “small G proteins,” which lack bg subunits. These
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includeRas,Rab,andmany others.They have theirown family of regulatoryproteinsthat
affect therateof GTPturnover.

Protein Kinase Pathways

Proteinkinasesaddphosphategroupsto speci�c sitesonotherproteins,andtherebyaffect
their activity. Therearedozensof kinasesknown, which fall into two main classes:ser-
ine/threoninekinasesandtyrosinekinases.Theseclassesindicatetheaminoacidsthatare
phosphorylatedby thekinase.Themajorserine/threoninekinasesarePKC(proteinkinase
C), PKA (proteinkinaseA), CaM-KII (calcium-calmodulinregulatedtype II kinase),and
MAPK (mitogen-activatedproteinkinase).Receptortyrosinekinases(RTKs) areanimpor-
tantclassof tyrosinekinase.Beyondthespeci�city for a particularaminoacidsubstrate,
eachkinasehasits own rangeof sequencepreferences,whichcanbeexquisitelyspeci�c or
verybroad.Kinaseactivity is regulatedin many ways,includingsecondmessengerssuchas
Ca,DAG or cAMP, phosphorylation,membraneassociation,or evendirectligandbinding.

Phosphatases

Thesereversethe activity of kinases:they remove phosphategroups. Like kinases,they
have their own classes,isoforms,substratespeci�citiesandsoon. Major phosphatasesare
PP-2A(proteinphosphatase2 A), PP-1(proteinphosphatase1) andcalcineurin.It usedto
be thoughtthat their only role wasto balanceout kinasefunction,but it is now clearthat
they arein turn regulatedin awidevarietyof waysandcontributeactively to signaling.

Phospholipases

Thesetake phospholipids,which area major constituentof the cell membrane,andturn
theminto active signalingmolecules.ExamplesincludePLA2 (phospholipaseA2), PLC-b
(phospholipaseC-b), andphospholipaseD. PLC-b is particularlyinterestingasit produces
two signals: diacylglycerol (DAG) and IP3 (inositol triphosphate).PLA2 producesAA,
which is a membrane-permeablesignaland may be involved in retrogradesignaling. It
shouldbepointedout thatmany phospholipidsthemselvesareimportantin signaling.

Cyclases

The main cyclasesareAC andGC (adenylyl andguanylyl cyclases),which producethe
cyclic nucleotidescAMP andcGMP from ATP andGTP, respectively. Thereareat least
tenACsknown, eachof whichhasits own regulatorypreferences.All ACsareactivatedby
Gsa ; mostareinhibitedby Gia , andthereis regulationby bg, phosphorylation,andsoon,
in variouscombinations.
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Phosphodiesterases

ThesedegradecAMP andcGMP, andtherebyturn off signalsfrom cyclases.Regulatory
mechanismsincludeCaM-dependenceandphosphorylation.

Calcium

Althoughcalciumis just a simpleion, andnot reallya pathway, it is arguablythemostim-
portantsinglesignalingmolecule.Theregulationof Caaloneinvolvesligandandvoltage-
gatedchannels,pumps,intracellularstores,buffers,diffusivemicroenvironmentsandmore.
It is involvedin theregulationof almostall kindsof pathways,andtherearewholefamilies
of proteinssuchasCaM (calmodulin),whoseonly role is to detectCalevelsaspartof the
regulationof otherproteins.

10.2 Modeling Signaling Pathwa ys

10.2.1 Theor y

Chemicalratetheoryis anold, well-establishedsubject.A lot of it hasto dowith analytical
derivation of resultsthat we, in our modern-daydecadence,leave to computers.For our
purposesall wehave to understandis asinglerateequation:

A � B
kf

��

kb

C � D � (10.1)

By de�nition, this is describedby adifferentialequationof theform

d � A��� dt � kb � C�	� D ��
 kf � A�	� B�
� (10.2)

wherethesquarebracketsindicatetheconcentrationof thespeci�ed molecule.Themass
conservation laws constraintheremainingconcentrations,oncethestartingconcentrations
andthe currentvalueof [A] areknown. You have alreadyencounteredvery similar rate
equtionswhenstudyingtheHodgkin-Huxley modelof activationof sodiumchannels(Eqs.
4.11–4.13).

Enzymecatalysisis avery importantpartof biochemicalreactions.Oneof thesimplest
andbestdescriptionsof enzymekinetics is due to MichaelisandMenten. Way back in
1913,they describedcatalysisasa two-stepprocess,wheretheenzymeandsubstrate�rst
reversibly combineto form a complex (MichaelisandMenten1913). This complex can
thencango forwardto form theproductin anessentiallyirreversiblestep:

Enz � Sub
k1�

�

k2

Enz� Sub
k3� Enz � Prd� (10.3)
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Althoughweneedthreerateconstantshere,MichaelisandMentenwenton to specifyonly
two parameterswhichdoanexcellentjob of representingenzymeproperties.Theseare:

Km ��� k2 � k3 �

� k1 (10.4)

and
Vmax � k3 � (10.5)

Km is theMichaelis-Mentenconstantfor theenzyme.It is theconcentrationof substrateat
which therateof generationof productis half maximal.I leave thederivationof this asan
exercisefor thereader.

Vmax is themaximumvelocityof theenzyme,i.e.,therateof formationof productwhen
therearesaturatingamountsof substratepresent.All of theenzymewill thenbecomplexed
with thesubstrate,soVmax is justk3.

10.2.2 Sour ces of Data

A brief digressionon sourcesof datais in order here. It is almostcertainthat a mod-
eler in searchof biochemicaldatawill have to refer to theoriginal literature,both for the
reactionmechanismsand for the parameters.Journal of Biological Chemistryaccounts
for abouthalf of the work on the subject. It provides its entire contentson the Inter-
net(http://www-jbc.stanford.edu/jbc/) andon CD-ROM, makingliteraturesearchesalmost
pleasant. The remainderis partitionedbetweenmany other journals,suchas European
Journal of Biochemistry, Proceedingsof the NationalAcademyof Science, Biochemistry,
andmany others.

10.2.3 Figuring Out the Mechanisms

Signalingpathwaysaretypically representedasneatlittle blackboxesconnectedwith ar-
rows. The�rst stepin constructinga modelof sucha pathway is to openup theblackbox
andrecoilin horrorattheseethingmassof interactionsinside.Theseinteractions,whichare
frequentlyill-de�ned in mechanisticterms,mustbeframedin termsof individualchemical
reactions.In GENESIS,thesearebinding/reversiblereactions,andMichaelis-Mentenen-
zymereactions.Completemechanisticdetailsfor signalingpathwaysareavailablein only
a few cases.G proteinsignaling,for example,hasbeenworkedout in considerabledetail
(Fig. 10.2,andGilman 1987). The classicalpathway for cAMP signalinghasalsobeen
extensively studiedand modeled(Levitzki 1984). Lauffenburger andLinderman(1993)
provide many examplesof signalingpathways that have beenmodeledwith varying de-
greesof realism. It is muchmorecommonto have partial mechanisticdetailsavailable.
For example,several importantkinasesincludingPKC andPKA areknown to incorporate
an enzymesite anda pseudosubstrateregion, which bindsto andinactivatesthe enzyme
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site. Theprocessof activationof theseenzymescanthenbedescribedin termsof there-
leaseof the pseudosubstratefrom theenzymesite. As a modeler, onemayhave to make
compromisesonseveralfronts:

� If oneis lucky, themechanisticdatamayactuallygo beyondwhatyou needor can
handle. PKA regulation is a casewherethereis suchan overabundanceof infor-
mation(e.g.,DøskelandandØgreid1984). Judicioussimpli�cation is usuallynot
dif�cult in suchcases.

� At theotherextreme,mechanisticdetailsmaybesosparsethatyouhavetodevelopan
“empirical” model,whichusesthesimplestpossiblemechanismsthat�t theobserved
data.This approachworkssurprisinglywell, especiallyif thereareplentyof datato
constrainthesystem.A commonsituationis wherethereareseveralknown activators
for anenzyme,eachof which is describedby a differentconcentration-effect curve.
Thedumbestapproachis thento treateachactivationprocessasa separatereaction,
resultingin anactivatedenzymewith differentrates.Thishasbeendone,for example,
for the activation of PLA2. One can often go a stepfurther and rule out certain
possiblemechanismson the basisof suchraw concentration-effect curves. This is
discussedbelow.

� Thegeneral,andmostcommoncase,is thatsomeof thecrucialmechanisticdetails
areknown, andthe restarea bit fuzzy. Onecanoften fall backon mechanismsfor
similarpathwaysto �ll in thegaps.Otherwise,onejusthasto plugtheholeswith the
simplestmechanismsthatwill work.

As anexampleof �guring outmechanisticdetails,considerproteinkinaseC (Nishizuka
1992).It is known to beregulatedby a pseudosubstratedomainthatnormallybindsto and
blocks the kinasesite. Activatorsfunction by releasingthis blockage,in assortedways.
This crucial regulatoryinformationenablesus to predictthat mostactivatorswill expose
anenzymesiteof identicalactivity. This impliesthat thestrengthof theactivator is likely
to dependon its ef�cacy in releasingthe block, ratherthanon specialpropertiesof the
enzyme-activator complex. So, the active enzymecanbe representedasa singlepool, to
whichdifferentactivatorscontributeanamountdeterminedby their respective ef�cacy. To
roundoff the picture, let us consideractivation by Ca, DAG, andAA. This lets us draw
up the �rst skeletonof the activation process(Fig. 10.3). We just needto sum up the
individual contributions into a total �nal activity, aswe assumethat the exposedenzyme
site is identicalin all cases.We canfurtherelaborateon theactivation processby noting
thateachof theactivatorsworkssynergistically with theothers.Oneway of modelingthis
might be to addfurther reactionswherethe two activatorscombine,asillustratedby the
Ca-AA synergistic pathway in dottedlines. As it turnsout,we canconsiderablyre�ne the
activationmechanismsbecausetheconcentration-effect curvesrequireevenmorecomplex
interactionsfor themodelto �t well.
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Figure10.3 (A) Skeletonmodelof PKCactivation. (B) Exampleconcentration-effect curve.

10.2.4 Reaction Rate Constants

Whenasignalingpathway is modeledin termsof biochemicalreactions,theimmediatepa-
rametersrequiredarerateconstantsandinitial concentrations.Unfortunately, biochemists
rarelyprovide parameterswith modelersin mind. Themostcommonform for expressing
biochemicaldatais theconcentration-effect curve(Fig. 10.3B)which describesaneffect,
suchasactivation, rateof production,or somesimilar experimentalquantity, in termsof
the concentration of an activating agent. Mechanistically, the link betweenthe concen-
tration andthe effect is quite likely to involve numerousintermediatesteps.By the time
you get to the point whereyou want to �ll in rates,we assumethat you have a speci�c
mechanisticmodelin mind,soyoushouldhave anideaof whatthesestepsare.Obviously,
you want to startwith thesimplestcurve involving the fewestunknowns. If onemustex-
pressa concentration-effect curve asa singlenumber(losing informationin the process)
it is the concentrationat half-maximum,Kd. Assumingthat your reactionis �rst-order,
Kd � kb � kf . If in additiononehasinformationaboutthetime-courset of thereaction,one
cancompletelyde�ne kb andkf . This procedureis �ne in theory. In practice,if you do
not actuallyrun your simulationandcomparetheconcentration-effect plot point-by-point,
you will throw away a lot of valuabledataandprobablylosethe chanceto catchserious
mistakesin your assumptions.Many papersreportfamiliesof concentration-effect curves
undervariousconditions.Suchsetsof curvesembodyenormousamountsof informationto
helpconstrainrates,mechanisms,andinteractionsbetweendifferentactivators.

10.2.5 Enzyme Rate Constants

Enzymerateconstantsare usually reportedas the maximalenzymaticrateVmax and the
Michaelis-MentenconstantKm. This is obviously insuf�cient datafor the threeratecon-
stantsin thestandardformulationfor anenzymereaction.As alreadymentioned,themax-
imum velocity of the reactionVmax � k3. From the Michaelis-Mentende�nition, Km �
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� k3 � k2 �

� k1. Oneoptionto �ll in themissingrateconstantis to assumethatk3 andk2 are
in a �x edratio:

k2 � xk3 � (10.6)

Then,
k1 � � 1 � x

�

k3 � Km � (10.7)

I usea valueof x � 4. Exploringa hugerangeof suchscalefactors(from 0.4 to 40)
leadsmeto believe thatthebehavior of mostmodelsis remarkablyinsensitive to theexact
valueof x. In otherwords,theMichaelis-Mentenformulationcapturesmostof theessential
propertiesof theenzyme.

Therearesomeexotic complicationsto considerwhenobtainingenzymeratesfrom
theliterature.Many membrane-boundmeasurementsareconductedin arti�cial membrane
systems.Thecompositionof thesemembranesmaystronglyaffect rates.Onealsohasto
beextremelycarefulof situationswheretheenzymehasaccessto only a limited amountof
substrate.This mayhappenin experimentswherebothenzymeandsubstratearemicelle-
bound,for example,PLA2.

10.2.6 Initial Concentrations

Determininginitial concentrationsfor signalingmoleculesis a taskfraughtwith peril. In
principle,onejusthasto look uppuri�cation stagesfor enzymes,andstandardbiochemical
measurementsfor substratesandmessengers.In practice,oneneedsto watchout for:

� Tissueandspeciesspeci�city

� Partitioningbetweendifferentfractionsof tissue(membrane,cytosolic,particulate,
etc.)

� Puri�cation methods,andyield andlossof activity duringpuri�cation

� Lossof activity (or sometimesevengainof activity!) duringstorage

andmany othercomplications.Givenall thesehazards,themorereferencesfor eachcon-
centration,thebetter.

Typically, onewill needto provideonly afew initial concentrationsandjust let thesim-
ulationrun to steady-stateto obtaintheremainder. This is essential,asit is experimentally
verydif�cult to obtainsteady-statevaluesfor many of thereactionintermediates.If onehas
equilibriumvaluesfor somemolecules,thatis abonusandanexcellentcross-check.
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10.2.7 Re�ning the Model

Thereisno�nal stepto buildingagoodmodelof any kind. In signalingmodelsin particular,
it takesmany iterationsto convergetoagoodrepresentationof thesystem.All thepreceding
steps,(excepthopefullythetheory)will needto berevisitedasthemodelevolves.Mostof
my modelsof individual pathwayshave involved 20 or morecyclesof improvement.An
importantpartof this re�nementincludesrepeatedscansthroughtheliteratureto huntout
alternative sourcesfor eachparameter, andcross-checksthatbecomefeasibleasthemodel
becomesmorepredictive.

10.3 Building Kinetics Models with GENESIS and Kinetikit

As with othersimulationsanddemonstrationsin this book,we draw a distinctionbetween
the underlyingGENESISsimulationmodulesandthe userinterfacebasedon them. The
modulesfor kinetic modelingareprovided by the kinetics library, whereasKinetikit (or
kkit) is the userinterface. Kinetikit is similar to Neurokit in the sensethat it is a research
tool ratherthana tutorial program. It makesmuchbetteruseof the featuresprovided by
XODUS,andwehopeyouwill �nd it easierto use.

10.3.1 The kinetics Librar y

As you will learnin Chapter12,a GENESISlibrary containsthede�nitions of commands
thatwill beacceptedby GENESIS,aswell asbasicbuilding blocks,calledobjects, which
areusedfor the constructionof simulations.The kineticslibrary de�nes additionalcom-
mandsandobjectsto extendthecapabilitiesof GENESISto simplemodelsof biochemical
signaling. By “simple” I merelymeanthat theonly interactionsconsideredarechemical.
Thereis amplecomplexity in biologicalsignaling,evenwhensuchvital complicationsas
diffusion,compartmentalization,andenzymaticscaffolding arenotaddressed.

A simpleexponentialEulerscheme(Sec. 20.3) is usedby thekineticslibrary. Fortu-
nately, stiffnessdoesnotseemto besuchaproblemin thekineticcomputations.Timesteps
of 2 msecaresuf�cient for mostsimulationsof biochemicalreactionsystems.It is trivial to
implementacrudevariabletimestepschemewhenknown steepstimuli occur— just lower
the time step. About 100 µsecwill usuallygive you suf�cient stability andaccuracy for
suchcases.A ksolve object(cousinto thehsolve) is beingdesignedto usemuchfasterim-
plicit andvariabletime steptechniques.Eventhecurrentmethodswork many timesfaster
thanreal-timefor all but themostcomplex simulations.

All calculationsarecarriedout on numbersof molecules,ratherthanconcentrations.
This simpli�es computationswheremoleculesareexchangedbetweenchemicalcompart-
mentsof differentvolumes.However, concentrationsarecalculatedlocally by eachmolec-
ular pool, by dividing thenumberof moleculesby a vol �eld of the pool object. Thevol
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�eld is typicallyscaledto includeAvogadro'snumbersothattheconcentrationunitsareµM
or someotherfamiliar units.Thekineticslibrary assumesbulk quantitiesof all molecules.
Markov modelsare speci�cally not simululatedin the currentkinetics library. Caution
shouldthereforebeemployedwhendealingwith tiny compartments:it hasbeenestimated
thatthereareabouttenCaionsin a smalldendriticspine.Meanratetheorymaynot apply
in suchsituations.

TheGENESISobjectsprovided by the kineticslibrary arethe pool of molecules,the
reacfor simplereactions,andanenzwhichcanbeattachedto areactantpool to providean
enzymesite. A simpleconcchanobjectis provided for constructingconcentration-driven
channelswithin thekineticslibrary. It is amuchsimplerversionof thevoltage-andligand-
gatedchannelsusedelsewhere. Theseobjectsaredescribedin muchmoredetail in the
GENESISReferenceManual.

10.3.2 Kinetikit

Themethodof choicefor developingkinetic simulationsin GENESISis to useKinetikit,
which is a graphicalinterfaceandsimulationtool designedspeci�cally to make it easyto
build andmanagecomplex kineticsimulations.Kinetikit is internallydocumentedin detail.
To get you startedquickly, we'll go througha demonstrationsimulationthat illustrates
many of its features.This demonstrationinvolvesa simplereactionwherea moleculeA
reversiblyconvertsinto amoleculeB:

A
kf

��

kb

B � (10.8)

Step 0

Make sureyou have a versionof GENESISthat includesthe kinetics library. If thereis
a startupmessageof the form “The kinetics library is copylefted under the LGPL, see
kinetics/COPYRIGHT.” then it is there. If not, you will needto follow the installation
stepsdetailedin thekineticsdocumentation.Onceyou have it installed,you arereadyto
go. After changingto the directory in which Kinetikit resides(usuallyScripts/kinetikit),
performthefollowing steps.

Step 1

Type:

�������������
	�	���


This will displaya start-upwindow detailingthephilosophybehindKinetikit models,and
alsoindicatingthelicensingterms(free!). As soonasKinetikit hasloaded,thiswindow will
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vanishandwill be replacedby a screensimilar to that in Fig. 10.4. Thecontrol window
includesvariousmenuoptionson the top. The simulationrun control buttonsin bright
traf�c-light colorsarejust below, anddialogsfor thesimulationdurationandcurrenttime
below them. At the bottomis a row of strangeicons. Thesearethe building blocksfor
a kineticssimulation,andtheir role will shortlybecomeclear. Below thecontrolwindow
is theKinetikit edit window, wherethereactionsaresetup. It will initially beblank. The
graphwindowsaretheonly otherwindows currentlyvisible.

Figure10.4 Screendumpof Kinetikit.

Step 2

Use the left mousebutton to click and drag the �rst of the icons, the blue 	�������� icon,
into theedit window. Two thingsshouldhappen:a 	�������� icon shouldappearin the edit
window, anda new window shouldpopup with lots of dialogsfor parameters.Whatyou
have justdoneis to createanew poolof moleculesin thesimulation,andto helpyoualong,
theparameterwindow hasbeendisplayed.Typically the �rst thing onedoesis to change
the color andnameof the icon to somethingthat suitsyou. Try �

��� and 	 . Thenhit the

���
��

buttonin theparameterwindow.
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Step 3

Familiarizeyourselfwith thepropertiesof theeditwindow. Movethe 	�� � ��� iconin theedit
window arounda little, usingclick-and-dragwith themouse.The layoutof the reactions
hasnothingto dowith thenumericalcalculations,but acleanlayoutmakesit mucheasierto
�gure out what is goingon. Now double-clickon the 	�������� icon. Theparameterwindow
reappears.Settheinitial concentration

�

�

�

����
 to 1. Now dragthe 	�� � ��� icon to thegraph
window. You have just madeyourselfa plot, labeled	��

�

� . The“
�

� ” suf�x indicatesthe
�eld thatis beingplotted,in thiscasetheconcentration

�

� of elementA.

Step 4

Dragin a �

����� andanother	�������� (let's call it � ). Add the � to thegraphaswell. Now we
cansetup a reaction.Drag 	 onto �

�	�
� , andthen �

�	�
� onto � . Little greenarrows should
appear, linking them. If your reactioncomponentsaretoo closetogether, the little arrows
don't �t, andsothey vanish.Youcanzoomandpantheeditwindow usingtheangle-bracket
andarrow keys, to seethis effect. Also try rearrangingthe reactionusingclick-and-drag
within theeditwindow.

Step 5

Run the reaction. Hit the green ��

�

�


 button, andwatchthe reactionproceed.You can
hit the ��
�� � button in mid-stream,andstartup againwithout affecting the calculations.
The �

� � ��
 button clearsthe simulation. Play aroundwith the parametersof the pools
(esspecially

�

�

�

����
 , �

�

����
 and �

� � ), andthereaction( 	
� and 	�� ) to geta feel for how it
all works.Double-clickon 	 or � while thesimulationis running,or hit the �
�




	��

�

button
in theparameterwindow, to monitorconcentrations.Also try double-clickingon thegraph
axesandontheplot labels,to popupparameterwindowsfor specifyingdisplayparameters.

Step 6

Edit the reaction. Drag 	 onto 	

�

�	�
� again. The greenarrow disappears.Repeatthe
drag,and it reappears.This is �ne for simpleediting, but what happensif you want to
make it a second-orderreaction2A �� B? You will have to go to the �

� 
�� ��� � menuand
enablehigher-order reactionsto accomplishthis feat. Now drag 	

�

�	�
� onto Barney, the
evil dinosauricon in thecontrolwindow. Chomp! Barney hasdeleted	

�

�	��� . This works
for everythingin theeditwindow, andalsofor plots.
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Step 7

Savethereaction.Click onthe �

� ��� menubutton,�ll in somenotes,andenteryourchosen
�lename,e.g.,“ �

����� �

�

� .” It will beascript�le, soyou shouldhave theusual“ �

� ” suf�x.
Having savedthe�le, youcanrestoreyoursimulationby typing:

�������������

�

�	�
���

�

�

I will assume,for the remainderof the chapter, that you have the goodsenseto save
eachversionof yoursimulationsfrequently.

Exercise for the reader:

Make andtestanenzymereaction.Hint: anenzymesitecannotexist without anenzyme.
So,you will needto dragtheenzymeontoanexistingpool.

10.3.3 A Feedbac k Model

As a more completeexampleof the developmentof a kinetics simulation,we will use
Kinetikit to comeupwith afeedbackpathwaythatexhibitssomeinterestingpropertiessuch
asbistability. Wethenshow how to run thismodelwithout theinterface,and�nally how to
hookthisup to otherGENESIScomponents.

The Model

The feedbackmodelconsistsof two enzymes,X andY, eachof which is activatedby the
productof theotherenzyme.Theactivationprocessis second-order. We assumethat the
substratesarebuffered: their concentrationis �x ed no matterhow muchis usedup. The
productsare degradedin a simple �rst-order reactionto avoid runaway feedback. The
reactionsare representedin Fig. 10.5. The �gure hasalmosta one-to-onerelationship
with theKinetikit implementation,so it shouldbeeasyto implement.Thesavedmodelis
availablein thekinetikit/examplesdirectoryasfeedback.g.

Notes on setting up the feedback model

1. All enzymeandreactionratesare1.0, except for the degradationreactions,which
have akf of 0.16andakb of 0. Notethatthesearenot thedefault values,soyouwill
have to explicitly setthem.

2. All initial concentrationsare0.0,excepttheX andY substrates,which arebuffered
to aninitial valueof 1, andtheinactive formsof X andY, whichareataninitial value
of 1 but arenotbuffered.
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3. Two moleculesof productbind to onemoleculeof inactive enzymeto activate it.
Look up the �

��
 � � � � menuto seehow to do this sort of second-andhigher-order
reaction.All otherreactionsare�rst-order.

4. Thearrows with adoublebendrepresentenzymereactions.

5. Thedefault timestepof 0.01is goodfor runningthemodel.

6. Plot out the concentrationsof X and Y to monitor the simulation. You can also
double-clickX or Y atany timeto readout theconcentrationfrom the

�

� dialog.

7. Do not usespacesin thenamesof thecomponentsin themodel. It will confusethe
simulatorwhenit triesto restoresimulationsfrom a �le.

4

X

X productX substrate

Y inactive

Degrade

Y

Y product Y substrate

X inactive

Degrade

Figure10.5 Reactionmechanismfor feedbackmodel.

Bistability

As a preliminarycheckon your model,just run it for, say, 100seconds.X andY should
remainsteadyataconcentrationof 0 � 0. Thesteady-statevalueyouhavenow reachedis the
lower bistablepoint. To convinceyourselfthat thereis anuppersteady-statemode,dump
someX productinto thesystemby settingits

�

� to 2, usingthedialogbox thatwill appear
whenyou click on �

�

�

� . Watchthe systemclimb up to the upperactivatedstate.Let it
runawhile longer, andconvinceyourselfthatthesystemhasnow stabilizedatanew level.
Notethis level. If you areambitious,you cannow �gure out how to pushthesystemback
andforth betweenthetwo stablelevels.Are they alwaysthesame?

Concentration-Eff ect Curves

This manual�ddling with reactionparametersis a rathercumbersomeway of identifying
a bistablesystem,anddoesnot easilygeneralizeto a complex model. Thereis a simpler,
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experimentallymorefeasible,andtheoreticallyinformative wayof characterizingabiolog-
ical feedbacksystemof this kind. This techniqueworksby “breaking”' the loop at some
point, andplotting concentration-effect curvesof X vs. Y andvice versa. Whenthe two
curvesareplottedon thesameaxes,sothattheX vs. Y curvenow hasbeen�ipped around,
their intersectionpointsde�ne thebehavior of thesystem.You canconvinceyourselfthat
a singleintersectionpoint alwaysde�nes thesteady-state,andthat if you have threeinter-
sectionpointstheoutertwo mustbesteady-stateandthemiddleonethethreshold.This is
discussedin moredetailin BhallaandIyengar(1997).Wewill usetwo methodsfor gener-
atingtheconcentration-effect curves. In eachcase,we buffer oneof theenzymesto break
theloop,andstepit throughaseriesof concentrationvalues.

Brute force The simpleway of doing this is to double-clickon � , and �ip the �����	� �

�

toggleon. Now theconcentrationof X is setby
�

�

�

� ��
 . Rununtil it reachessteady-
state,andnotetheconcentration[Y]. IncreaseX, andrepeatuntil Y saturates.Now go
throughthewholeprocessagain,with Y bufferedandX free.Hmm. . .Thenumbers
look familiar. Couldyou have predictedthis?

Usingxtab If youhave to generatetheconcentration-effect curve morethanonce,say, for
differentparameters,youwill probablywishto automatethewholeprocess.Thextab
objectis goodfor this. This is anextendedobject(seeSec.14.5)which is createdby
Kinetikit. Dragin an �



� � icon,andconnectit up to � . Setup the �



� � waveformto
a “staircase”of levels,with appropriatetimesfor eachstep. You mayneedto refer
to theKinetikit documentationto helpyou with this. Activatethe �



� � , andrun the
simulationagain.Your concentration-effect curve will begeneratedwithout further
effort onyourpart.

Exercises:

Using the numbersyou painstakinglynoteddown before,plot out the two concentration-
effect curvesof X vs. Y andY vs. X. Put thembothon thesameaxisand�nd the inter-
sectionpoints.Youmayneedto smooththecurves,or �nd extrapoints.Do they tally with
yourpreviousestimatesfor thebistablepoints?Deviseawayof testingtheaccuracy of the
estimateof thethreshold.Hint: adjustthedegradationratesagainto setupaninitial condi-
tion for X andY. Alternatively, buffer theproductconcentrationssof X or Y. Why won't it
work if you setup theinitial conditionby buffering X or Y to theinitial desiredlevel, and
thenreleasethebuffering?

This modelis ratherunrealisticbecausethebaselineactivity of X andY is zero. You
couldput in a baselineactivity by settingkb of thedegradationpathway to somenon-zero
number. Findanumberthatgivesreasonableresults.
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10.3.4 Beyond Kinetikit

Thesimulation�les generatedby Kinetikit areregularGENESISscript �les. This means
thatyou canmanipulatethemandhook themup to simulationsin muchthesameway as
otherscript �les. (You will bestunderstandthis sectionafter readingthe introductionto
GENESISprogrammingin Chapter12.)

Batch Mode

Thebestpartof a graphicalinterfaceis oftentheability to turn it off. In Kinetikit this,and
many othersimulationdefaults,canbeassignedthroughthePARMS.g�le. Makeacopy of
thePARMS.g�le in yourcurrentdirectory, andedit it to setthe




� � �ag to zero.Now when
you loadyoursimulation,therewill bea few minorcomplaintswhichyou canignore.The
simulationcanbeexaminedasusualthroughthecommandline, but no XODUS modules
will bedisplayed.This is anidealarrangementfor thoselongovernightrunsthatyouwant
to grindaway in thebackground.

Modifying Parameter s

Themostcommonapplicationfor batchmoderunsis parametersearches.Modifying the
parametersin suchsituationsis just a matterof usingstandardset�eld andget�eld com-
mands,usuallyin batch�les. Whenyou combinethis with thestandardGENESISscript
commandsfor saving valuesto data�les, you have an effective way of automatinglong
runs.For example,supposewe wishedto run our concentration-effect curvesfor thefeed-
back loop with variousratesfor the degradationpathways. This could be accomplished
usingthefollowing script�le.
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The outputof sucha run would be a setof concentration-effect curves that could be
examinedto �nd all theintersectionpoints.

Saving Outputs

Therearevariouswaysyou cansave resultsof simulationsin Kinetikit. Thesimplestis to
createplots for the desiredquantities,run the simulation,anddumpthe resultsfrom the
plots.Thiscanbedonefor individual plots(double-clickon theplot) or for all of them(go
to the 
��

� ��� � menu).Theexamplescriptabove illustratesanotherway of saving speci�c
quantitiesto a �le. The standardGENESIScommandsfor dumping�gures to postscript
�les (by typingCtrl-p within thewindow) alsowork for thegraphandeditwindow. There
arespecialpostscriptoptionsin 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 a few kindsof GENESISbuilding
blocks. It is often desirableto link Kinetikit modelsto the restof GENESIS,especially
to develop modelsthat spanmultiple levels of neuronalfunction. Again, one can take
advantageof the fact thatKinetikit modelsarestoredin regularscript �les. Therearetwo
mainwaysof hookingkineticmodelsup 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 want to feedtheCa levels from a singlecell modelinto a kineticssimu-
lation. Asidefrom its simplicity andcomputationalef�ciency, theadvantagehereis
thatthetimestepsusedin thetwo situationscanberadicallydifferent.Thebig draw-
backof this approachis, of course,that it assumesthat the sourceof the tabulated
datadoesn't carewhatthekineticpartof themodeldoes.

2. Direct messagingThis is the“proper” wayof hookingupkineticandothersimulations.
The simplestway to get information into kinetic modelsis to identify a molecule
whoseconcentrationis determinedby thenon-kineticpartof themodel,andthat is
explicitly modeledthere.ConsiderCain�ux throughanion channel,which maybe
modeledusingaCa concobject.Wejustneedto createakinetic“slave” counterpart
of this Ca conc, and hook it into the kinetic model. Likewise, messagescan be
sentfrom “pools” from the kineticslibrary to specifyconcentrationsusedby other
GENESISmodules.

It is oftennecessaryto do unit conversionsin suchsituations.For example,we may
needto factor in Faraday's constant,or Avogadro's number, or the volumeof dif-
ferentcellularcompartments.Thextab modulein Kinetikit (which is basedon the
GENESIStable object)is a goodway of implementinglinear, logarithmic,or even
moreexotic conversionoperationswherenecessary.

Thekineticslibraryalsoallowsoneto sendmessagesto reacelementssoastocontrol
their rateconstants.Thisprovidesagreatdealof �e xibility. (SeeExercise5 below.)

10.4 Summar y: Molecular Computation

At therisk of statingtheobvious,a few aspectsof thecomputationalpropertiesof signal-
ing pathwaysareoutlinedhere.Parallelshave beendrawn betweensignalingsystemsand
Booleanlogic (Bray 1995),andevenbetweenneuralnetworks(Albertset al. 1994).Such
analogies,of course,are only part of the story — otherwise,we could avoid the whole
messybusinessof modelingchemicalkinetics.

It is easyto seehow a signalingpathway could performlogic operations.And gates
couldberepresentedasenzymesthatneedtwo or moresimultaneoussignalsfor activation.
Or gatesareenzymesthatcanbe activatedby eitherof two signals. Inverters aresimply
inhibitory signals. Examplesof all thesesituationsexist, but the actualbiochemistryis
muchricherthanBooleanlogic.

Analog computationmight be a betterway to think of biochemicalsignaling. This
wouldallow oneto considersuchsignalingpropertiesasampli�cation, aswehaveseenfor
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G proteins,synergy, wherethe effect of two signalsis morethanadditive, cooperativity,
wheretheresponsecurve is stronglynonlinear, andsoon.

Even this viewpoint hasits limitations. Oneof the mostimportantpropertiesof real-
world neuronalaswell asbiochemicalsignalingis time-delays.Ratherthanbeinga limi-
tationof suchsignaling,this is oneof themostinterestingelementsin the computational
repertoireof suchnetworks. Integration anddifferentiationof the time-courseof signals
now becomespossible,asdoesshort-termstorage of information.

Theanalogiescouldbetakento theabsurd,by invoking electricalcircuitry asthenext
level of analysis.At thispointtheanalysisis almostascomplex astheoriginalbiochemistry
itself, soit doesn't helpmuch. In any case,we still have not consideredthecomputational
implicationsof diffusion,compartmentalization,andtheanchoringof successive enzymes
on proteinscaffolds. Beyond that, thereareall the possibilitiesinherentin biochemical
control of the cytoskeleton,membranetraf�c, and of coursethe genesthemselves. To
put the scaleof this probleminto perspective, computerscientistslong agorealizedthat
self-modifyingcodewasinsanelydif�cult to analyze.Naturehasdonemuchbetterhere.
Imaginea computerwhereyou couldredesigntheCPU,while it wasrunning,from within
software. Biochemicalcontrol of the cytoskeletonandgenesis a functioningexampleof
self-modifyinghardware,software,andeverythingin between.

I regardthe currentstateof the art in the �eld of biochemicalsignalingassimilar to
thatin electrophysiology�fty yearsago:onecanbegin to analyzetheinteractionsaspoint
processes,but limitationsin theavailabledataandthetechniquescurrentlymake it dif�cult
to constructmorecomplex models.Thisis likely to changerapidlyin thecomingyears.We
arenow at thepoint wherea few speci�c examplesof microcompartmentalization of sig-
nalingpathwayshavebeenfound.Thesehaveenormousimplicationsfor thewaysin which
we analyzesuchpathways.Macroscopicrateconstantsandconcentrationsbecomealmost
irrelevant in suchcases.Reactionmechanismsandpathways themselvesmay changein
waysthatarenearlyimpossibleto duplicatein a testtube.Computationalmethodsareone
possibleway in whichwecanbegin to take test-tubedataandscalethemdown to �t inside
a dendriticspine.They arealsoperhapstheonly way in which we cantacklethegrowing
mountainof availabledata,andbegin to understandtheimmenselycomplex network within
thecell.

10.5 Exercises

1. Using the feedbackloop model, compareresultsat different time stepsand using
explicit conservationrules.Youwill needto look at theKinetikit on-linehelpmanual
to �nd outhow to setupconservationrulesin themodel.

2. Build the G proteinmodel from Fig. 10.2. Estimatethe ampli�cation provided by
this G protein. Parametersfor G proteinsarereadily available from the literature,
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or from thelibrary of modelsof signalingpathwaysavailablethroughtheGENESIS
UsersGroup(AppendixA.3).

3. One of the most useful operationsin developing complex signalingmodelsis to
mergemultiplepathwaysinto acomplex model.Groupsareaveryusefulorganizing
tool in suchsituations.Take the feedbackmodelyou built previously, andput it all
into agroup.Now loadin theG proteinmodelon topof this. Canyounow seearole
for groups?Experimentwith usingtheG proteinmodelasaninput pathway for the
feedbackmodel.

4. In thefeedbackmodel,onewayof gettingtheconcentration-effect curve wasto pro-
vide a seriesof concentrationstepsusingan xtab element.Try to replacethe step
waveformwith a linearly or logarithmicallyincreasingtable. Why might you have
problemshere?How longwouldyouhave to run to geta reasonableanswer?

5. Thekf andkb of thereacobjectclassin thekineticslibrary canbecontrolledthrough
messages.This allows oneto implementmany kindsof rateequations.Implement
a Hodgkin-Huxley type ion channelusing this facility. This canbe doneboth us-
ing someof the specialoptionsin Kinetikit, andof coursedirectly from the script
language.Estimatethe executionspeedof sucha channel,and comparewith the
tabchannels,whicharehighly optimized.

6. Exerciseon buffering (challenging!): Designa buffer systemfor Ca that holds its
concentrationat 1 µM over a wide rangeof addedCa. Work out how to improve the
bufferingby changing

� Theorderof thereaction
� Cooperativity
� TheKd of thebuffer
� Thetotalamountof thebuffer vs. its Kd, for agiveninitial Calevel of 0.1µM.
� Estimatethe speedof the buffer, by seeinghow well it suppressesa large but

bufferablein�ux of Calastingfor 10msec.
� Estimatehow fastsuchabuffer wouldwork to lowerCalevelsif thebuffer were

suddenlyreleased(by a �ash of light) from a cagedcompoundinto a solution
containingCa.
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