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Compar tmental Modeling

JAMES M. BOWERandDAVID BEEMAN

Beforebeginningto explorethetutorials,it is importantto understandsomethingaboutthe
assumptionsandthemathematicalmodelsthatunderliethesesimulations.Thus,although
the �rst sectionof thebookdescribeswhatareessentially“point andclick” tutorials,it is
importantnotto usethesetutorialsblindly. Theireffectiveuserequiressomeunderstanding
of thebasicsof neuralmodeling,aswell astheconceptsin neurosciencethatareintroduced
alongwith the tutorials. Entirebookshave beenwritten on this subject,so obviously we
canonly highlight theissueshere.However, throughoutthetext we have referencedother
sourcesof information.If youareseriouslyconsideringbuildingmodelsyourself,wewould
stronglyrecommendthatyouconsultthesereferences.

2.1 Modeling Neurons

Figure2.1A shows anexampleneuronbasedonadrawing of apyramidalcell by Raḿony
Cajalthatwewould like to model,eitherasasinglecell, or asacomponentin anetwork of
interactingneurons.This�gure showsthetree-likestructureof thedendrites,whichreceive
synapticinputs from otherneurons.Synapticallyactivatedion channelsin the dendrites
createpostsynapticpotentialsthat,weassumeherefor simplicity, arepassively propagated
to the pyramid-shapedcell body (soma)wherevoltage-activatedion channelsmaycreate
actionpotentials.In mostcells,thesechannelsareconcentratednearthebaseof thesomain
theregion calledtheaxonhillock neartheaxon.Thelong axonat thebottomof the�gure
propagatesactionpotentialsto terminalbranchesthat form synapseswith otherneurons.
In somecases(Chapter7) neuronsmayhave voltage-activatedchannelsin their dendrites.
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8 Chapter 2. CompartmentalModeling

This not only complicatestheir electricalpropertiesandthustheir simulation,but alsois
responsiblefor thecomplex dynamicsof theseneurons.

2.1.1 Detailed Compar tmental Models

When constructingdetailedneuronalmodelsthat explicitly considerall of the potential
complexities of a cell, the increasinglystandardapproachis to divide the neuroninto a
�nite numberof interconnectedanatomicalcompartments.Figure2.1Bshows a simpli�ed
modelin which theneuronis divided into severaldendritecompartments,a soma,andan
axon.Eachcompartmentis thenmodeledwith equationsdescribinganequivalentelectrical
circuit (Rall 1959). With theappropriatedifferentialequationsfor eachcompartment,we
canmodelthe behavior of eachcompartmentaswell asits interactionswith neighboring
compartments.

apical dendrites

soma

basal dendrites

axon

(A) (B)

Figure 2.1 (A) A pyramidalcell with dendrites,soma,andaxon. (B) A simpli®eddiscretecompartmental
modelof thesameneuron.

In this typeof detailedcompartmentalmodel,eachcompartmentmustbemadesmall
enoughto beat approximatelythesameelectricalpotential.Oftenthis meansconstructing
simulationsout of very large numbersof compartments.For example,we have recently
publishedaGENESISmodelof acerebellarPurkinjecell thatuses4550compartmentsand
8021channels(DeSchutterandBower1994a,b).Therepresentationof thismodelis shown
in Fig. 2.2.



2.1.ModelingNeurons 9

Figure 2.2 A detailedmulti-compartmentalmodelof a cerebellarPurkinjecell, createdwith GENESISby
De SchutterandBower (1994a,b).Visualizationby JasonLeighusingtheGENESISVisualizerprogram.The
experimentaldatadescribingthecell morphologywasprovidedby M. Rapp,I. Segev andY. Yarom.

2.1.2 Equiv alent Cylinder Models

For somepurposes,it may be adequateto modelneuronswith a smallernumberof non-
equipotentialcompartments.Modelsof thissortcanbeusedto modelbasicelectricalprop-
ertiesof cells,or to constructsmallnetworksof neurons.Undertheseconditions,thereare
de�ned methodsfor constructingneuronalmodelsdependenton the anatomyandphysi-
ology of theneuronin question.Many of thesehave beenpioneeredby Wilfrid Rall (cf.,
Segev, RinzelandShepherd1995). For example,Rall hasshown analyticallythat if den-
dritic treesapproximatelysatisfya“3/2 powerlaw” anddonotcontainactiveconductances,
they cansafelybemappedinto anequivalentlinearstructure(Chapter5). In this way, un-
derde�ned conditions,a complicatedbranchingstructurecanbeapproximatedby a much
simplerlineardendritemodel,aswasdonein themodelshown in Fig. 2.1B.However, in
general,astheknown complexity of thephysiologyor anatomyof theneuronincreases,it
is usuallynecessaryto revert to full-blown compartmentalmodels.
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2.1.3 Single and Few Compar tment Models

In caseswherelargenumbersof neuronsarebeingplacedin network models,limited com-
puterresourcessometimesrequirethatneuronsbemodeledwith singlecompartmentsor a
very smallnumberof compartments.For example,a large-scaleGENESISsimulationof
the olfactorycortex usesa network of 4500neuronscontainingsimplemodelpyramidal
cellssimilar to theoneshown in Fig. 2.1B (Wilson andBower 1989,1992). As you will
seefor yourselfin Chapter9, evensuchsimpli�ed neuronscansometimescaptureexper-
imentallyobserved behavior. In Chapter7, we will seethatonly a singlecompartmentis
neededto model the behavior of someinvertebrate“pacemaker” neurons. On the other
hand,whenbuilding modelsof this type, onemustalwaysbe awarethat therearemany
local “computations”thatoccurin theextensive dendriticsystemof many neurons.Again,
if theseareof interestto themodeler, it is usuallynecessaryto usehundredsor thousands
of compartments.

2.2 Equiv alent Circuit of a Single Compar tment

Having describedthe generalapproachesto modelingsingleneurons,we now discussin
a bit moredetail the basisfor compartmentalmodeling. The readershouldnotethat this
sectionis intendedasa very basicoverview of neuralmodeling. The topicscoveredhere
aretreatedin moredetailin Chapters4–6andby Segev, FleshmanandBurke (1989).

As we have described,thenotionof anequivalentelectricalcircuit for a smallpieceof
cellularmembraneis the basisfor all compartmentalmodeling. This arisesfrom the fact
that neuronalmembraneshave beendemonstratedto behave assimpleelectricalcircuits
with somecapacitance,resistance,and voltagesources.Thesemodelparametersde�ne
the so-calledpassivepropertiesthat are responsiblefor the way that electricalimpulses
aretransmittedalongthedendritictree. It is generallynecessary, aswell asadvisable,to
begin all singlecell modelingefforts with a considerationof passive cellularpropertiesof
thecell. Thesepropertiesform thebasisfor theusuallymoreinterestingneuronalbehavior
that arisesfrom the activepropertiesprovided by differentvoltage-or ligand-dependent
conductances.If the passive propertiesarenot modeledcorrectly, spuriousresultswith
active conductancesarelikely to beobtained.

Figure2.3shows theequivalentelectricalcircuit of a basicneuralcompartment.Here,
Vm representsthemembranepotential,or thepotentialin theinteriorof acompartmentrel-
ative to apointoutsidethecell. The“ground” symbolat thebottomof the�gure represents
this externalpoint, taken to beat zeropotential. As theconductingionic solutionsinside
andoutsideof thecell areseparatedby thecell membrane,thecompartmentactsasa ca-
pacitor. This is chargedor dischargedby current�o wing into or out of thecompartment.
This current�o w may be from adjacentcompartments,from the passageof ions through
channelsin thecell membrane,or from currentinjectionfrom anelectrodeinsertedinto the
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cell. ThemembranepotentialappearsacrossthemembranecapacitanceCm, andcancause
acurrent�o w into or outof thecompartmentattheleft throughtheaxialresistanceRa when
thereis a differencein potentialVm �

V
� �

m betweenthe two compartments.Likewise, there
maybea�o w of currentinto or outof theprimedcompartmentat theright throughits axial
resistanceR

�

a.
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Figure2.3 Theequivalentcircuit for aªgenericºneuralcompartment.

Theresistorwith thearrow throughit representsoneof many possiblevariablechannel
conductancesthatarespeci�c to a particularion or combinationof ionsthatgive individ-
ual neuronsandneurontypestheir uniquecomputationalproperties.By convention,these
aredescribedin termsof the conductanceGk ratherthanthe resistance.As the conduc-
tanceis the reciprocalof resistance,the units of Gk are in reciprocalohms,or siemens.
Differencesin the concentrationof the ion betweenthe insideandthe outsideof the cell
result in an osmoticpressurewhich tendsto move ions alongthe concentrationgradient.
Theresultingchargedisplacementcreatesapotentialdifferencethatopposesthis �o w. The
membranepotentialat which thereis no net�ux of theion is theequilibriumpotential(or
reversal potential) Ek, representedby a batteryin serieswith theconductance.In theab-
senceof synapticinput,currentinjection,or spontaneous�ring of actionpotentials,Vm will
approachasteadystaterestpotentialErest , typically in therangeof

�

40 to
�

100mV. This
is determinedby theconditionthatthereis nonetcurrent�o w into thecell from thevarious
typesof ion channels.

Theotherresistorandbatterylinking theexterior andtheinterior of thecell represent
thecombinedeffectof passivechannels(mainly thosefor chlorideions)having arelatively
�x edconductance.Theresistanceis usuallycalledthemembraneresistanceRm, although
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it is sometimesreferredto asa leakage conductanceGleak
� 1

�

Rm. Theassociatedequilib-
rium potentialEm is typically closeto therestpotential.In somecases,it is givenaslightly
differentvalue,Eleak, in orderto reducethe net channelcurrentto zerowhenVm

� Erest .
Finally, the currentsourceIin ject representsan optional injection currentwhich could be
providedby anelectrodeinsertedinto thecompartment.

Onemay thencalculateVm usinga differentialequationwhich expressesthe fact that
therateof changeof thepotentialacrossCm is proportionalto thenetcurrent�o wing into
thecompartmentto chargethecapacitance.Ontheright-handsideof Eq.2.1,Ohm's law is
usedto calculatethecurrentdueto eachof thesourcesshown in Fig. 2.3:

Cm
dVm

dt
���

Em �

Vm �

Rm

� å
k

�

�

Ek �

Vm�

Gk �

�

�

V
�

m �

Vm�

R
�

a

�

�

V
� �

m �

Vm�

Ra

�

Iin ject �

(2.1)

Here,thesumover k representsa sumover thedifferenttypesof ion channelsthatare
presentin thecompartment.Thesignconventionusedin theGENESISsimulatorde�nes
a positive channelcurrentto be one that causesa �o w of positive charge into the com-
partment.Thevariableconductanceof eachchanneltypeGk givestheneteffect of many
individual channelsthatopenandclosein abinarymanner.

To modelthis on a computer, we needto numericallysolve Eq. 2.1 for eachcompart-
ment. Of course,theV

� �

m andV
�

m in theadjacentcompartmentsaffect the currents�o wing
into or out of the compartments,so we aresolving many coupledequationsin parallel.
Also, we will needgoodmodelsfor theway thattheconductancesvary with voltage,time
or synapticinput.

2.3 Axonal Connections, Synapses and Networks

Typically, but notalways,neuronscommunicateby meansof chemicalsynapses.Themost
commonsituationis onein whichanactionpotentialcausesthereleaseof aneurotransmit-
ter from a presynapticterminalat theendof anaxonbranch.Thisdiffusesacrossa narrow
gapto thepostsynapticjunction(usuallyonadendrite),causinganincreasein conductance
for a speci�c setof ion channelsthat aresensitive to this transmitter. However, synaptic
connectionsmay alsobe found betweentwo axonsor betweentwo dendrites. In many
cases,axonsmake connectionsto thecell body, ratherthanto dendriticbranches.

Usually, wecantreatanaxonasasimpledelayline for thepropagationof actionpoten-
tials, althoughit couldalsobemodeledasa seriesof compartmentsif we wereinterested
in understandingthedetailsof axonalpropagation.In mostcases,thechangein thepost-
synapticchannelconductanceis a simplefunctionof time which maybedeterminedfrom
experimentalmeasurements.Then,we mayavoid having to modelthedetailsof the pro-
cessof presynaptictransmitterrelease,its binding to postsynapticreceptors,andtheway
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in which thepermeabilityof thepostsynapticmembraneis affected. Instead,we mayuse
an analyticalexpressionsuchasthe alpha function, describedin Chapter6, to represent
theresultingconductanceof synapticallyactivatedchannels. Whenmoredetailedmodels
of the biochemicalreactionsunderlyingsynaptictransmissionarerequired,they may be
createdusingthetechniquesdescribedin Chapter10 andthegraphicalinterfaceKinetikit,
whichwascreatedfor thedevelopmentof modelsof biochemicalsignalingpathways.

Of course,eachsynapsehasassociatedwith it an effect of a particularmagnitudeor
“weight” on the postsynapticcell. Furthermore,theseweightscan changeundersome
circumstances.The implementationof this synapticplasticity is discussedin Chapter15.
Chapter19 treatsoneclassof receptors,the voltage-dependent NMDA receptors,which
have beenshown to confersuchweight-changingpropertieson synapses.Chapter19 also
considerselectricalsynapses,whichareyetanothertypeof connectionbetweencells.Once
wehavemodeledsingleneuronsandthewaysin whichthey mayinteract,wecanproceedto
modelingneuralcircuitsandnetworks.Examplemodelsarediscussedin Chapters8 and9,
andthedetailsof constructingyourown network simulationsaregivenin Chapter18.

2.4 Simulation Accurac y

Oncea modelerhasconstructeda simulation,theaccuracy of theresultsdependson many
factors,from thequality of thedatausedto constructthesimulation,to theway in which
the simulationis run numerically. In the caseof an analyticsolution,oneknows the re-
sult is correct,assumingthat theunderlyingmodelis correct. For numericalsimulations,
it is trickier. Is a surprisingresulttheresultof someerror, or is it anexciting new discov-
ery? How do we know whento trusta simulation?Throughoutthis book,we offer some
suggestionsfor developingthesortof intuition andfeelingfor neuronalbehavior thatwill
helpyou to identify “suspicious”resultsandtheirpossiblecauses.As describedbelow, the
causescanrangefrom mistakesin theuseof thesimulationlanguage(programmingerrors),
conceptualerrorsin themodel,inappropriatechoicesof parameters,andnumericalinaccu-
raciesdueto thewrongsizenumericalintegrationstep,to thelegitimatebut unanticipated
behavior of a complex system.

2.4.1 Choice of Numerical Integration Technique

A neuralsimulationprogramsolvesa setof coupledequationslike Eq. 2.1 by replacing
thedifferentialequationwith a differenceequationthat is solvedat discretetime intervals.
Typically, smallertime intervals lead to greateraccuracy but slower executiontime, as
moretime stepsarerequiredfor thesolutionover a given time period. A wide varietyof
numericalintegrationtechniqueshasbeendevelopedto carry out this procedurewith the
bestcompromisebetweenspeedandaccuracy. Thesefall into two generalcategories.So-
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calledexplicit methodsarethe simplest,but canrequirevery small time stepsin orderto
avoid numericalinstabilitieswhen therearemany small compartmentsin a model. The
implicit methodsaremorecomplex, but aremuchmorestable(Mascagni1989).

GENESISprovidesa choicebetweenseveraldifferentnumericalintegrationmethods,
rangingfrom the crudeexplicit forward Euler method throughhighly stableimplicit
methods.Thesemethodsaredescribedin Chapter20. In general,thebestmethodto use
dependson the natureof the model. Often, thereis a tradeoff betweeneaseof useand
computationalef�ciency. Thedefault integrationmethodis theexponentialEuler method,
whichis optimizedfor thesolutionof equationsthatareof thegeneralformof Eq.2.1(Mac-
Gregor1987).This is generallythebestchoicefor cell modelshaving only a few compart-
ments,asusedin mostnetwork simulations.Chapter20 discussestheuseof a generalized
versionof thealgorithmdevelopedby Hines(1984)for implementingthebackward Euler
andCrank-Nicholsonimplicit methods.Thesearethefastestof thenumericalmethodsused
by GENESISandarestableandaccuratewhenusedwith relatively largeintegrationsteps.
Theseareusedfor detailedcell modelsthat containmany compartments.However, they
requiresomeadditionalstepsin settingupthesimulationandmakeit harderto interactively
modify thesimulation.For this reason,oneusuallydevelopsandre�nes asimulationusing
thedefaultmethodandswitchesto oneof theimplicit methodsif additionalspeedis needed
for long simulationruns.TheCabletutorialwhich is describedin Chapter5 allows you to
experimentwith thevariousintegrationmethodsthatareavailable.

2.4.2 Integration Time Step

Even after you have selecteda numericalintegrator, the stepsizeusedin the numerical
integrationof thedifferentialequationsthatdescribethemodelis important.Thedif�culty
is that certaincombinationsof parameterscansometimesresult in a situationwherethe
stepsize is too large to yield accurateresults. On the other hand,the useof too small
a time stepmay leadto roundoff errors,aswell asunnecessarilyslow executionof the
simulation. In general,the stepsizeshouldbe muchsmallerthanthe time scalefor the
mostrapidly occurringevents. For example,the actionpotentialsthat areproducedin a
simulationtypically rise to their maximumvalue in about1 msec. Thus,a time stepof
0

�

01msecis anappropriatechoice.
The default valueof the time stepthat is given for thesetutorialsusuallyresultsin a

goodcompromisebetweenaccuracy andspeedof computation.However, if youhavemade
signi�cant changesin the default parametersfor a simulation,it would be a goodideato
experimentwith thestepsize.If increasingit makesnochangesin theresults,you canuse
thelargerstepsizeto speedup thesimulation.If decreasingthestepsizecausestheresults
to change,you shouldcontinueto decreaseit until you seeno signi�cant changes.Several
exercisesin thetutorialsthatfollow dealwith thisquestion.
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2.4.3 Accurac y of GENESIS

Finally, evenif amodelerhasbeenextremelycarefulin constructingaparticularmodel,its
accuracy is still dependentonthesoftwarein whichit is coded.Thisis especiallythecaseif
oneis usinga general-purposesimulationsystemsuchasGENESIS.For this reason,when
choosinganeuralsimulator, thereliability andaccuracy of thesimulatoris atleastasimpor-
tantaconsiderationasits speed.To quantifythespeedandaccuracy of bothGENESISand
othersimulators,we have developedthe“Rallpacks”suiteof benchmarks(Bhalla,Bilitch
andBower 1992).TheRallpacksarecurrentlybasedon threesetsof benchmarks:a linear
passive cablewith many compartments;a highly branchedcable;anda linear axoncon-
tainingHodgkin-Huxley channels.In the�rst two cases,simulatorresultscanbecompared
to exactanalyticsolutions.In thethird case,which alreadyis anexamplewherethecom-
plexity of themodelmakesanalyticsolutionsimpossible,resultscanbecomparedto other
frequentlyused,but independentlydevelopedsimulators.Thesemeasuresdemonstratethat
GENESISis asfastandaccurateasany existing simulationsystem.1 However, asmodels
within GENESISor any simulationsystembecomemorecomplex, modelersmustbemore
andmoreskeptical,vigilant andself-critical.

1Thesetof Rallpackbenchmarksmaybeobtainedby ftp in thesamemannerasGENESIS,following the
procedureoutlinedin AppendixA.
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