Compar tmental Modeling

JAMES M. BOWER andDAVID BEEMAN

Beforebeginningto explorethetutorials,it is importantto understandomethingaboutthe
assumptionsindthe mathematicamodelsthatunderliethesesimulations.Thus,although
the rst sectionof the book describesvhatareessentially‘point andclick” tutorials, it is
importantnotto usetheseutorialsblindly. Theireffective userequiressomeunderstanding
of thebasicof neuralmodeling,aswell astheconceptsn neurosciencthatareintroduced
alongwith the tutorials. Entire bookshave beenwritten on this subject,so obviously we
canonly highlighttheissueshere.However, throughoutthe text we have referencedther
source®f information.If youareseriouslyconsiderinduilding modelsyourself,wewould
stronglyrecommendhatyou consultthesereferences.

2.1 Modeling Neurons

Figure2.1A shavs anexampleneuronbasedn a draving of a pyramidalcell by Ranbny
Cajalthatwe wouldlike to model,eitherasasinglecell, or asa componenin a network of
interactingneuronsThis gure shavsthetree-like structureof thedendriteswhichreceve
synapticinputsfrom otherneurons. Synapticallyactivatedion channelsn the dendrites
createpostsynaptipotentialghat,we assumdnerefor simplicity, arepassiely propagated
to the pyramid-shapedell body (soma)wherevoltage-actiatedion channelamay create
actionpotentialsIn mostcells,thesechannel@reconcentratedearthebaseof thesomain
theregion calledthe axonhillock nearthe axon. Thelong axonat the bottomof the gure
propagatesiction potentialsto terminal brancheghat form synapsesvith otherneurons.
In somecaseqChapter7) neuronamay have voltage-actiatedchannelsn their dendrites.
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8 Chapter 2. Compartmentallodeling

This not only complicategheir electricalpropertiesandthustheir simulation,but alsois
responsibldor thecomplex dynamicsof theseneurons.

2.1.1 Detailed Compar tmental Models

When constructingdetailedneuronalmodelsthat explicitly considerall of the potential
compleities of a cell, the increasinglystandardapproachss to divide the neuroninto a
nite numberof interconnectednatomicatompartmentsFigure2.1B shavs a simpli ed

modelin which the neuronis divided into several dendritecompartmentsa soma,andan
axon.Eachcompartmenis thenmodeledwith equationglescribinganequivalentelectrical
circuit (Rall 1959). With the appropriataifferentialequationdor eachcompartmentye
canmodelthe behaior of eachcompartmenaswell asits interactionswith neighboring
compartments.
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Figure2.1 (A) A pyramidalcell with dendritessoma,andaxon. (B) A simpli®eddiscretecompartmental
modelof thesameneuron.

In this type of detailedcompartmentamodel,eachcompartmenmustbe madesmall
enoughto be at approximatelythe sameelectricalpotential. Oftenthis meansconstructing
simulationsout of very large numbersof compartments.For example,we have recently
publisheda GENESISmodelof acerebellaPurkinjecell thatusesA550compartmentand
8021channelgDe SchuttelandBower 1994a,b) Therepresentatioof thismodelis shavn
in Fig. 2.2.
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Figure2.2 A detailedmulti-compartmentamodelof a cerebellafurkinjecell, createdvith GENESIShy
De SchutterandBower (1994a,b).Visualizationby JasorLeigh usingthe GENESISVisualizerprogram.The
experimentadatadescribinghe cell morphologywasprovidedby M. Rapp,l. Segev andY. Yarom.

2.1.2 Equivalent Cylinder Models

For somepurposesijt may be adequaté¢o modelneuronswith a smallernumberof non-
equipotentiatompartmentsModelsof this sortcanbeusedto modelbasicelectricalprop-
ertiesof cells,or to construcsmallnetworks of neuronsUndertheseconditions thereare
de ned methodsfor constructingneuronalmodelsdependenbn the anatomyand physi-
ology of the neuronin question.Many of thesehave beenpioneeredy Wilfrid Rall (cf.,
Sajev, Rinzeland Shepherdl995). For example,Rall hasshavn analyticallythatif den-
dritic treesapproximatelysatisfya“3/2 powverlaw” anddo notcontainactive conductances,
they cansafelybe mappednto anequialentlinear structure(Chapters). In this way, un-
derde ned conditions,a complicatedbranchingstructurecanbe approximatedy a much
simplerlineardendritemodel,aswasdonein the modelshavn in Fig. 2.1B. However, in
generalasthe knowvn compleity of the physiologyor anatomyof the neuronincreasesit
is usuallynecessaryo revertto full-blown compartmentaiodels.
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2.1.3 Single and Few Compar tment Models

In casewherelarge numberf neuronsarebeingplacedin network models Jimited com-
puterresourcesometimesequirethatneuronde modeledwith singlecompartmentsr a
very small numberof compartmentsFor example,a large-scaleGENESISsimulationof
the olfactory cortex usesa network of 4500 neuronscontainingsimple modelpyramidal
cells similar to the oneshavn in Fig. 2.1B (Wilson andBower 1989,1992). As you will
seefor yourselfin Chapter9, even suchsimpli ed neuronscansometimesaptureexper
imentally obsered behaior. In Chapter7, we will seethatonly a singlecompartments
neededto modelthe behaior of someinvertebrate'pacemaler” neurons. On the other
hand,whenbuilding modelsof this type, one mustalways be aware that thereare mary
local “computations’thatoccurin the extensve dendriticsystemof mary neurons Again,
if theseareof interestto the modeleyit is usuallynecessaryo usehundredsor thousands
of compartments.

2.2 Equivalent Circuit of a Single Compar tment

Having describedhe generalapproacheso modelingsingle neuronswe now discussin
a bit more detail the basisfor compartmentainodeling. The readershouldnote that this
sectionis intendedasa very basicovervien of neuralmodeling. The topicscoveredhere
aretreatedn moredetailin Chaptergl—-6andby Segev, FleshmarandBurke (1989).

As we have describedthe notionof anequivalentelectricalcircuit for a small pieceof
cellularmembranaes the basisfor all compartmentamodeling. This arisesfrom the fact
that neuronalmembrane$iave beendemonstratedo behae as simple electricalcircuits
with somecapacitancetesistanceand voltage sources. Thesemodel parametersie ne
the so-calledpassivepropertiesthat are responsibldor the way that electricalimpulses
aretransmittedalongthe dendritictree. It is generallynecessaryaswell asadvisableto
begin all singlecell modelingefforts with a consideratiorof passie cellular propertiesof
thecell. Thesepropertieform the basisfor the usuallymoreinterestingneuronabehaior
that arisesfrom the active propertiesprovided by differentvoltage-or ligand-dependent
conductanceslf the passie propertiesare not modeledcorrectly spuriousresultswith
active conductancearelikely to be obtained.

Figure2.3 shavs the equivalentelectricalcircuit of a basicneuralcompartmentHere,
Vi representthe membrangpotential,or the potentialin theinterior of acompartmentel-
ative to apointoutsidethecell. The“ground” symbolatthebottomof the gure represents
this externalpoint, taken to be at zeropotential. As the conductingionic solutionsinside
andoutsideof the cell areseparatedby the cell membranethe compartmengctsasa ca-
pacitor Thisis chagedor dischagedby current o wing into or out of the compartment.
This current o w may be from adjacenttcompartmentsfrom the passagef ions through
channelsdn the cell membranegr from currentinjectionfrom anelectrodensertednto the
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cell. Themembrangotentialappear@acrosshe membraneapacitanc€y,, andcancause
acurrent o w into or outof thecompartmenattheleft throughtheaxial resistanc®; when
thereis a differencein potentialVy, V,, betweerthetwo compartmentsLikewise, there
maybea o w of currentinto or outof the primedcompartmenéttheright throughits axial

resistancd,.

Vi | Vi | Vin
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Figure2.3 Theequialentcircuit for a®genericheuralcompartment.

Theresistowith thearrav throughit representsneof mary possiblevariablechannel
conductancethatare speci c to a particularion or combinationof ions that give individ-
ual neuronsandneurontypestheir uniquecomputationaproperties By corvention,these
aredescribedn termsof the conductancés, ratherthanthe resistance.As the conduc-
tanceis the reciprocalof resistancethe units of G, arein reciprocalohms,or siemens.
Differencedn the concentratiorof the ion betweenthe inside andthe outsideof the cell
resultin an osmoticpressurevhich tendsto move ions alongthe concentratiorgradient.
Theresultingchagedisplacementreates potentialdifferencethatopposeshis o w. The
membrangotentialat which thereis no net ux of theion is the equilibrium potential (or
reversal potentia) Ei, representedby a batteryin serieswith the conductanceln the ab-
senceof synaptidnput, currentinjection,or spontaneousing of actionpotentialsyy, will
approacha steadystaterestpotentialE;eq, typically in therangeof 40to 100mV. This
is determinedy the conditionthatthereis nonetcurrent o w into thecell from thevarious
typesof ion channels.

The otherresistorandbatterylinking the exterior andtheinterior of the cell represent
thecombinedeffect of passie channelgmainly thosefor chlorideions)having arelatively

x edconductanceTheresistancés usuallycalledthe membaneresistancedRy, although
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it is sometimeseferredto asaleakaye conductanc&ax 1 Ry Theassociateéquilib-
rium potentialEy, is typically closeto therestpotential.In somecasesit is givenaslightly
differentvalue, EjeaK in orderto reducethe netchannelcurrentto zerowhenVy,  Ereg.
Finally, the currentsourcelinjes representsn optionalinjection currentwhich could be
providedby anelectrodensertednto thecompartment.

Onemay thencalculateVy, usinga differentialequationwhich expresseghe fact that
therate of changeof the potentialacrossCy, is proportionalto the netcurrent o wing into
thecompartmento chagethecapacitanceOntheright-handsideof Eq.2.1,0hm'slaw is
usedto calculatethe currentdueto eachof the sourceshawvn in Fig. 2.3:

Vo En M g g oy g Vm M Vo W

Cm
dt Rm ak Ra Ra

Iinjed (2-1)

Here,the sumover k representa sumover the differenttypesof ion channelghatare
presenin the compartment.The sign corventionusedin the GENESISsimulatorde nes
a positive channelcurrentto be onethat causesa o w of positve chage into the com-
partment.The variableconductancef eachchanneltype Gy givesthe net effect of mary
individual channelghatopenandclosein abinarymanner

To modelthis on a computerwe needto numericallysolve Eq. 2.1 for eachcompart-
ment. Of course theV,, andV,, in the adjacenttompartmentsiffect the currents o wing
into or out of the compartmentsso we are solving mary coupledequationsin parallel.
Also, we will needgoodmodelsfor theway thatthe conductancesgary with voltage time
or synapticinput.

2.3 Axonal Connections, Synapses and Networks

Typically, but notalways,neuronscommunicatdy meanof chemicalsynapsesThemost
commonsituationis onein which anactionpotentialcauseshereleasef aneurotransmit-
terfrom a presynapticerminalat the endof anaxonbranch.This diffusesacrossa narraw
gapto the postsynaptigunction(usuallyon adendrite) causinganincreasen conductance
for a speci ¢ setof ion channelghat are sensitve to this transmitter However, synaptic
connectiongnay also be found betweentwo axonsor betweentwo dendrites. In mary
casesaxonsmale connectiongo the cell body ratherthanto dendriticbranches.

Usually we cantreatanaxonasasimpledelayline for the propagatiorof actionpoten-
tials, althoughit could alsobe modeledasa seriesof compartment# we wereinterested
in understandinghe detailsof axonalpropagation.In mostcasesthe changen the post-
synapticchannelonductancés a simplefunction of time which may be determinedrom
experimentalmeasurementsThen,we may avoid having to modelthe detailsof the pro-
cessof presynaptidransmittemeleasejts binding to postsynapticeceptorsandthe way
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in which the permeabilityof the postsynaptianembranas affected. Instead we may use
an analyticalexpressionsuchasthe alphafunction describedn Chapter6, to represent
theresultingconductancef synapticallyactivatedchannels. Whenmoredetailedmodels
of the biochemicalreactionsunderlyingsynaptictransmissiorare required,they may be
createdusingthetechniqueglescribedn Chapterl0 andthe graphicalinterfaceKinetikit,
whichwascreatedor the developmentof modelsof biochemicakignalingpathvways.

Of course,eachsynapseéhasassociatedvith it an effect of a particularmagnitudeor
“weight” on the postsynapticcell. Furthermore theseweights can changeundersome
circumstancesThe implementatiorof this synapticplasticity is discussedn Chapterl5.
Chapterl9 treatsone classof receptorsthe voltage-dependeéNMDA receptorswhich
have beenshavn to confersuchweight-changingpropertieson synapsesChapterl9 also
consider®lectricalsynapsesyhichareyetanothetypeof connectiorbetweercells. Once
we have modeledsingleneuronsandthewaysin whichthey mayinteractwe canproceedo
modelingneuralcircuitsandnetworks. Examplemodelsarediscussedh Chapters and9,
andthedetailsof constructingyour own network simulationsaregivenin Chapterl8.

2.4 Simulation Accuracy

Onceamodelerthasconstructed simulation,theaccurag of theresultsdepend®n mary
factors,from the quality of the datausedto constructthe simulation,to theway in which
the simulationis run numerically In the caseof an analytic solution,one knows the re-
sultis correct,assuminghatthe underlyingmodelis correct. For numericalsimulations,
it is trickier. Is a surprisingresulttheresultof someerror, or is it anexciting new discor-
ery? How do we know whento trusta simulation? Throughouthis book, we offer some
suggestionsor developingthe sortof intuition andfeeling for neuronabehaior thatwill
helpyouto identify “suspicious’resultsandtheir possiblecausesAs describedelow, the
causesanrangefrom mistalesin theuseof thesimulationlanguagéprogramminggrrors),
conceptuaerrorsin themodel,inappropriatechoicesof parametersandnumericalinaccu-
raciesdueto thewrongsizenumericalintegrationstep,to thelegitimatebut unanticipated
behaior of acomple system.

2.4.1 Choice of Numerical Integration Technique

A neuralsimulationprogramsolves a setof coupledequationdike Eq. 2.1 by replacing
thedifferentialequationwith a differenceequationthatis solved at discretetime intenals.
Typically, smallertime intenals lead to greateraccurag but slowver executiontime, as
moretime stepsarerequiredfor the solutionover a giventime period. A wide variety of
numericalintegrationtechniqueshasbeendevelopedto carry out this procedurewith the
bestcompromisébetweerspeedandaccurayg. Thesefall into two generakateories. So-
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calledexplicit methodsarethe simplest,but canrequirevery smalltime stepsin orderto
avoid numericalinstabilitieswhenthereare mary small compartmentsn a model. The
implicit methodsaremorecomple, but aremuchmorestable(Mascagnil989).

GENESISprovidesa choicebetweerseveral differentnumericalintegrationmethods,
rangingfrom the crudeexplicit forward Euler method  throughhighly stableimplicit
methods.Thesemethodsaredescribedn Chapter20. In generalthe bestmethodto use
dependson the natureof the model. Often, thereis a tradeof betweeneaseof useand
computationakf ciency. Thedefaultintegrationmethodis the exponentialEuler method,
whichis optimizedfor thesolutionof equationsghatareof thegeneraform of Eq.2.1(Mac-
Gregor 1987).Thisis generallythe bestchoicefor cell modelshaving only a few compart-
ments,asusedin mostnetwork simulations.Chapter20 discusseshe useof a generalized
versionof the algorithmdevelopedby Hines(1984)for implementingthe backward Euler
andCrank-Nidolsonimplicit methods Thesearethefastesof thenumericamethodsised
by GENESISandarestableandaccuratevhenusedwith relatively large integrationsteps.
Theseare usedfor detailedcell modelsthat containmary compartmentsHowever, they
requiresomeadditionalstepsn settingupthesimulationandmalke it harderto interactvely
modify the simulation.For thisreasonpneusuallydevelopsandre nes a simulationusing
thedefaultmethodandswitchedo oneof theimplicit methodsf additionalspeeds needed
for long simulationruns. The Cabletutorial which is describedn Chapter5 allows youto
experimentwith thevariousintegrationmethodghatareavailable.

2.4.2 Integration Time Step

Even after you have selecteda numericalintegrator the stepsize usedin the numerical
integrationof the differentialequationghatdescribeéhe modelis important. The dif culty
is that certaincombinationsof parametergan sometimegesultin a situationwherethe
stepsizeis too large to yield accurateresults. On the other hand, the use of too small
a time stepmay leadto round off errors,aswell asunnecessarilglov executionof the
simulation. In general,the stepsize shouldbe much smallerthanthe time scalefor the
mostrapidly occurringevents. For example,the action potentialsthat are producedin a
simulationtypically rise to their maximumvaluein aboutl msec Thus,a time stepof
0 01 mseds anappropriatehoice.

The default value of the time stepthatis given for thesetutorialsusuallyresultsin a
goodcompromisédetweeraccurag andspeedf computationHowever, if you have made
signi cant changesn the default parametergor a simulation,it would be a goodideato
experimentwith the stepsize.If increasingt makesno changesn theresults you canuse
thelarger stepsizeto speedup thesimulation.If decreasinghe stepsizecausesheresults
to changeyou shouldcontinueto decreasé until you seeno signi cant changesSereral
exercisesn thetutorialsthatfollow dealwith this question.
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2.4.3 Accurac y of GENESIS

Finally, evenif amodelerhasbheenextremelycarefulin constructinga particularmodel,its
accuray is still dependentnthesoftwarein whichit is coded.Thisis especialljthecasef
oneis usinga general-purpossimulationsystemsuchasGENESIS For thisreasonwhen
choosinganeuralsimulatoy thereliability andaccurag of thesimulatoris atleastasimpor-
tanta consideratiorasits speed.To quantifythespeedandaccurag of bothGENESISand
othersimulatorswe have developedthe “Rallpacks” suiteof benchmarkg¢Bhalla, Bilitch
andBower 1992). The Rallpacksarecurrentlybasedn threesetsof benchmarksalinear
passie cablewith mary compartmentsa highly branchedcable;anda linear axoncon-
tainingHodgkin-Huxlg channelsin the rst two casessimulatorresultscanbecompared
to exactanalyticsolutions.In thethird case which alreadyis an examplewherethe com-
plexity of themodelmakesanalyticsolutionsimpossibleyesultscanbe comparedo other
frequentlyused but independentlylevelopedsimulators Thesemeasuresemonstratéhat
GENESISis asfastandaccurateasary existing simulationsystemt However, asmodels
within GENESISor ary simulationsystembecomanorecomple, modelersnustbemore
andmoreskeptical,vigilant andself-critical.

1The setof Rallpackbenchmarksnay be obtainedby ftp in the samemanneras GENESIS following the
procedureoutlinedin AppendixA.
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