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Abstract

The pathway controlling chemotaxisn Escherichia coli is the simplestand
most well-understoodcell signalling systemto date. However, quantita-
tive modelsbasedon the availabledatastill fail to reproducémportantfea-
turesof the pathway. Most notably the obsered sensitvity of cellsto very
smallchangesn stimulusconcentrationsannotbereproducedy cornven-
tional modelsbasedon the measuredoncentrationshinding affinities and
rate constantf the proteinsinvolved. This discrepang togetherwith re-
centexperimentalfindingsdrewn our attentionto the spatialorganisationof
moleculeswithin the cell andin particularto the clustersof receptordo-
calisedatthecell poles.

A stochasticsimulatorfor chemicalreactions,STOCHSIM, was previ-
ouslydevelopedto modelthe chemotaxigpathvay at the level of individual
molecularinteractions. This programhasnowv beenextendedto incorpo-
rate a spatialrepresentatiothat allows the interactionbetweenmolecules
in atwo-dimensionalattice to be simulated.In silico "experiments"using
thisnew versionof STOCHSIM demonstratéhatlateralinteractiondetween
clusteredreceptorscansignificantly enhancehe excitation response.The
adaptatiorreactionsmay also exploit the proximity of receptormolecules,
anda hypotheticalmechanisnby which this may occuris currently being

tested.



TheEscherichiacoli chemotaxisystenpresentauniqueopportunityto iden-
tify theprinciplesandto developthemethodgequiredfor studyingcell signalling
insilico. It hasbeenthesubjectof intensiveinvestigatiorfor overthreedecadess
amodelcell sensoryandsignallingsystemandanextensve bodyof literaturehas
developedasaresult(for recentreviews, seeBren& Eisenbach2000;Falke etal,
1997). All of the enzymesn the pathway have beencharacterisedkinetically,
andalargecollectionof mutantstrainsareavailablefor quantitatve physiological
analysis.Atomic resolutionstructuresave alsobeendeterminedor nearlyall of
the involved proteinsin recentyears,andthis hasopenedthe door to a detailed
molecularexplanationof the mechanismghat accountfor the obsered kinet-
ics. The structureof the pathway is simple, consistingof the chemotactiaecep-
torsandonly six cytoplasmicproteins(seeFigure 1A andTablel), but it shares
mary featuresin commonwith more complicatedpathways of euacaryotesin-
cludingphosphorylatiortascades;ovalentmodification,multiproteincomplexes
andclusteredreceptors.A smallnumberof proteinspeciescombineto generate
surprisinglysophisticatedehaiour including signal detection,integration,am-
plification and adaptation. The nearcompletenessf molecularinformation on
this pathway makesit an ideal prototypesystemfor for the simulationof cell
signallingpathwaysin general.

A standardmethodfor simulatingbiochemicalpathwaysis to representach
reactionby a continuousgdeterministicrateequationandto numericallyintegrate

3



theresultingsetof equationdo obtainthe changesn speciesoncentrationsver
time. This approachhasbeenappliedto the chemotaxispathway for nearly a
decadewith considerablesuccess.One of the first of suchefforts, a computer
programnamedBCT, was developedin an attemptto incorporatethe available
biochemicaldatain a coherentsimulation. Initially, BCT consistedof 10 ordi-
nary differential equationsdescribingthe excitation responseand a simplified
modelof theflagellarmotorto producea behaioural output(Bray etal, 1993).1t
hassincebeenextendedto includethe bindingreactiondeadingto the formation
of the receptorcomplex (Bray & Bourret,1995),anda simplified adaptatiorre-
sponsgLevin etal, 1998).It now consistof 75 differentialequationscapableof
reproducinghe chemotactiphenotype®f over 60 mutantsandis actively main-
tainedasareferenceanodef. In anotherapplicationof deterministicequation-
basedmodelling, Barkai and Leibler have proposedand simulateda mechanism
thatensuresherobustnes®f exactadaptatiorio perturbationsn biochemicapa-
rametergBarkai & Leibler, 1997),andthis propertywasdemonstratedater by
experiment(Alon etal, 1999).

Certainquantitatvefeatureof thechemotacticesponsehowever, have proven
difficult to reproduceCellsof E. coli displayremarkablesensitvity to very small
changesn stimulusover a wide rangeof backgroundconcentrationgMesibors
etal, 1973;Berg & Tedescol1975;Segall etal, 1986). This combinationof high
sensitvity andwide dynamicrangeis notreproducedy BCT or ary othersimu-
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lation basedon the measuregbroteinconcentrationgndrateconstantsOnepos-
sible explanationfor this discrepang wasthatthesemodelsdo not fully account
for the large numberof statesthatthe receptorcomplex canoccupy. For exam-
ple in BCT, the aspartateeceptor(Tar) is modelledwith only one methylation
site whereadn reality therearefour. The BarkaiandLeibler model,which does
include multiple methylation,ignoresthe downstreamphosphorylatiorcascade.
Thefull complemenbf receptorstatesshouldinclude,in addition,the binding of
ligandin the periplasmandof the modificationenzymesaswell asthe actiity of
thereceptor The deterministicequation-basedpproachbreaksdown whenone
triesto incorporateall of thesestatesasseparatenolecularspeciesThisis dueto
the combinatorialexplosionin the numberof equationghatneedto beintegrated
— asadditionalbindingsor modificationsareconsideredthenumberof reactions
which needto be explicitly representedsrateequationgrowns exponentially

To overcomethis difficulty, andto study the randomfluctuationsthat may
influencethe pathway, a novel stochasticsimulationprogramnamedSTOCHSIM
wasdevelopedby Carl Firth (Morton-Firth,1998). In STOCHSIM, everymolecule
in thereactionsystems representedsanindividual softwareobject,andaunique
algorithmtestsa pair of moleculedor reactionin every simulationiteration. Be-
causeevery copy of eachmolecularspeciess storedasa software“object” in a

separatdocation of memory the internal stateof eachmoleculecanbe encap-

*availablefor downloadatht t p: / / ww\. zoo. cam ac. uk/ conp- cel |
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sulatedwithin a moleculeobject. This removesthe needto representachstate
of a proteincomplex asa separatenolecularspeciesand greatlyincreaseghe
efficiency of simulationwhenthe numberof internalstatess large. In addition,
becausehe interactionbetweendiscreteparticlesare computedusing reaction
probabilities, STOCHSIM is capableof reproducingrealistic fluctuationsin the
concentratiorof moleculesvhich canbe significantwhenthe numberof particles
of oneor morereactantspeciesarevery small. This featurehasbeenexploited
in a studyof thetemporalfluctuationsin the concentratiorof the active response

regulatorCheYpof the chemotaxigpathway (Morton-Firth& Bray, 1998).

The STocHSIM model of chemotaxis

StocHSIM’s individual-basea@lgorithmhasallowedusto developadetailedsim-
ulationof thechemotaxigpathwayin which the Tarreceptorcomplex is modelled
with the full complemenbf known bindings, modificationsand conformational
stateqFigure1B). The key assumptiorof the modelis thatthe signallingoutput
of the receptorcomple is determinedby a rapid, thermally driven equilibrium
betweentwo conformationaktatesactive andinactive. The probabilitythatare-
ceptorcomple is in theactive stateatary instantin time (p) canthenbeobtained

by assignincafreeenepy differencg AG) betweertheactive andinactive states,



andusingthethermodynamicelationship

P

whereR is thegasconstanandT is the absoluteemperature.
Theinputsthatmodulatethis equilibriumarethebindingof stimulusligandin
the periplasm,andthe methylationstateof the receptordimer. We expresstheir
contributionsto AG by assigningspecificenegy valuesbasedon experimental
obsenationsto eachligand binding and methylationevent (E. andEy, respec-

tively), andassumehattheir effectsareadditive sothat
AG = E_ + En. (2)

Thisresultsin auniquevalueof AG for every permutatiorof ligand-bindingand
methylationstate,someexamplesof which are depictedin Figure 2A. Solving
Eqgs1 and2 for eachof thesecombinationsyields the requiredsetof activation
probabilities(p).

Using theseprobabilitiesfor receptoractivation and experimentally deter
mined ratesof the downstreamreactions,the full model of aspartatesignalling
from ligand binding to CheY phosphorylationwas constructed. The response

time-coursesf this modelto stepstimuli (suddenjumpsin concentrationspf



aspartatevere in good agreementvith experiment(Morton-Firth et al, 1999).
However, the thresholdof the responseavasstill muchhigherthanexperimental

obsenations,indicatingthatthe sensitvity of the modelwasstill insufficient.

A novel mechanismfor signal amplification

This led us to considerthe possibility that an as yet unidentifiedamplification
mechanisms responsiblgor the obsered gain in sensitvity. Specifically we
asled whetherthe spatialorganisationof moleculesn the cell could accountfor
this discrepang. Significantly it wasshavn in 1993thatE. coli chemotactiae-
ceptorsaggreatein clustersat the cell poles(Maddock& Shapiro,1993). This
discoverywasparticularlystriking becausé hadbeenpreviously pointedoutthat
a uniform distribution of receptorsover the cell surfacewould maximisethe ef-
ficiengy of chemoreceptioiBerg & Purcell,1977). In an attemptto provide an
explanationfor this obsenation aswell asfor the high gain of the system,the
ideawas put forward that signalamplificationcould be achieved by interactions
betweemeighbouringeceptorsn theseclustergBray etal, 1998).Basedon this
proposal,a Monte Carlo simulationof receptorsignallingwasdeveloped,andit
wasshowvn thata simplemechanismnvolving nearest-neighbowrouplingof ac-
tivities (Figure2B) couldenhanceherespons@verawide dynamicrange(Duke

& Bray,1999).Thismodel,however, did notincludethedownstreanreactionsn



the pathway andthe receptorsvere modelledwith only onemethylationsite. To
make quantitatve comparisonsvith experimentalobsenations,a morerealistic

modelincorporatingthesefeaturesvould berequired.

The spatially extendedStocHSIM model

Wethereforesoughtto extendthe STocHSIM modelof thechemotaxigpathwayto
includea spatialrepresentationf nearest-neighbounteractionsn receptor The
original STocHSIM programdid not have ary explicit representatiof spatial
location— implicitly assuminga uniform distribution of moleculesthroughout
the cell volume. The programwas thereforemodified so asto allow the activ-
ity of eachreceptorto be dependentot only on its own internal state,but also
on the stateof neighbouringreceptorsin a cluster The free enegy difference
(AG) betweenthe active and inactive stateof a receptoris now dependenbn
threeinputs, ligand binding (E. ), methylation(Ey) and actvity coupling be-
tweennearesheighbourgE ;). For simplicity, we assumehatcontritutionsfrom

theseinputsareindependensothat

AG =E_ +Ey + Ej. (3)

E; takesdiscretevaluesdeterminedy thenumberof active neighbourssoin the

caseof a squarelattice, therearefive possiblevalues(with 0, 1, 2, 3 or 4 active



neighbours).Solving Eqs 1 and 3 for all possiblecombinationsof E| , Ey and
E,; yieldsthe completesetof activation probabilities(p) for the coupledmodel
(Table2).

Thenew modelof thechemotaxigpathway incorporatinghesespatialinterac-
tionsrevealsthatreceptorcouplingbringsthe expectedperformancenuchcloser
to experimentalobsenations. This is readily seenin the impulseresponsdthe
responseof the systemto a brief pulseof stimulus),which providesa succinct
phenomenologicatiescriptionof the systems responsecharacteristics.Experi-
mentally it hasbeenshown thattheresponsef E. coli cellsto shortpulseq~ 0.1
s) of aspartatas biphasic(Segall et al, 1986, left panelof Figure3A). Thefirst
phaseof theresponséastsfor approximatelyonesecondpverthecourseof which
the motor bias (the probability that the flagellarmotor spinsin the CCW mode)
rapidly jumpsto a peakvalueandthenfalls below the steadystatebias. The sec-
ond phaseof theresponses a slower recovery from this undershoobackto the
baseline which lastsapproximatelyfour seconds.In the uncoupledSTOCHSIM
model,thefirst phaseof this responseould be reproducedf a sufiiciently large
pulseof aspartatavasapplied,but no undershootould be obsened, evenin re-
sponseto a pulseof saturatingconcentratior{middle panelof Figure 3A). With
coupling,however, the STocHSIM modelproducesa significantundershoobf a
magnitudecomparabldo the experimentallydeterminedmpulseresponsdright
panelof Figure3A).
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Theincreasedsensitvity dueto the actiity-coupling mechanisntanbe ob-
sened quantitatvely by comparingthe dose-responseurvesof the coupledand
uncouplednodels.Figure3B is sucha plot which shovs theresponseén receptor
actiity to stepsof aspartateat zerobackgroundconcentration.Thereis a note-
worthy differencean the shapeof the curves(theuncouplednodelis satistctorily
fit by aHill function,whereadhefit to the coupledmodelis poor). More impor-
tantly, thereis a ~ 50-fold differencein the concentratiorat which half-maximal
inhibition occurs,indicatinga significantgainin sensitvity. This enhancement,
however, comesatthe costof increasedteady-stataoise(horizontallinesin fig-
ure3B).

Therangeof ambientconcentration®ver which the systemcanrespondhas
beentestedby doublingthe stimulusconcentratiorafter adaptatiorto an initial
stimulus (Figure 3C). In both the coupledand uncoupledcase,the responséas
masledby the steady-stataoiseatthe highandlow extremesof ambientconcen-
tration,but the coupledsystemexhibits awider rangeby anorderof magnitude It
canalsobe seenthatthe responsas significantlyamplifiedin the coupledmodel

overtheentirerange.
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Insights from a structural view

Oneconsequencef theway in which the coupledmodelis formulatedis thatits
performancaes very sensitveto theparametek j, theenegy inputdueto actvity
couplingbetweemeighbouringeceptorsThis suggestshatif suchamechanism
wereto stablyprovide amplificationfor the pathway, the receptorsvould needto
be arrangedn a well-orderediattice (Duke & Bray, 1999). Anotherconcernin
consideringamplificationis the stoichiometriaratio of receptoto CheWto CheA
in thereceptorcomple. Until recently this waswidely acceptedo be 2:2:2,as
suggestedby binding assaysusingreceptorsn membrangreparationgnd puri-
fied cytoplasmiccomponentgGegneret al, 1992). However, amorerecentstudy
using solublereceptorfragmentshasindicateda much higherreceptorcontent,
which couldhave significantconsequencesn amplification(Liu etal, 1997).
Theseconcernshave led usto considerthe physicalarrangemenof receptors
in the clusterandthedetailsof how thereceptorcytoplasmicdomains CheWand
CheA assembleo form the complex. Fortunately atomicresolutionstructures
of all threecomponent$ad beendeterminedn recentyears(Kim et al, 1999;
Bilweset al, 1999, FW. Dahlquist, personalcommunication2000). We useda
someavhatuncorventionalapproacho predicthow thesestructuresnight assem-
ble into a regular and laterally extendiblelattice (Shimizuet al, 2000). Briefly,

plasticmodelsof all threecomponentsveregeneratedisinga three-dimensional
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printer. Guidedby mutationaldataimplicating residuesvhich affect the pairwise
interactions(Liu & Parkinson,1991; Basset al, 1999) and manualexploration
of surfacecomplementaritypetweenthesehand-heldstructureswe wereableto
assemble& hexagonallattice composeaf trigonalunits (Figure4). Thereceptor
cytoplasmicdomainswhich areinsertedinto the centreof eachtrigonalunit, are
very long coiled-coilsof alphahelices,approximately26 nm in length. Because
it is known thatthe region of interactionwith CheWis at the cytoplasmicendof
these“pillars”, the lattice structureof Figure 4 implies that therewill be a sig-
nificant volume of cytoplasmthatis sandwichedetweenthe plasmamembrane
andthe CheA/CheWIlayer. This may function asan “adaptationcompartment”
becausall of the receptorresidueswhich are subjectto reversiblemethylation
would be locatedwithin this region. Sequestratiomf CheRand/orCheBwithin

sucha compartmentould have unexpectedconsequencesn adaptatiorkinetics.

Molecular brachiation: a novel mechanismfor adaptation?

The possibility that adaptatiorkinetics could be affectedby the spatialarrange-
mentof moleculesn thecell wasof particularinterestto usbecausealthoughthe
kinetics of both adaptationrenzymeshave beencharacterisedn vitro (Simms&
Subbaramaiah,991;Lupas& Stock,1989),a straightforward applicationof the

measuredateshadnot producedhe correctadaptationaphenotypédn previous
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models.In the STocHSIM model,it hasbeennecessaryo tunethe rateof either
CheRor CheBby nearlyan orderof magnitudeto obtainthe correctadaptation
phenotyp&Morton-Firth,1999).In addition,it hasbeenshavn recentlythatboth
CheRandCheBpossess$wo sitesfor interactingwith the receptorsraisingnewn
questionsabouttheir kinetic mechanismsin both CheRand CheB, the first site
that bindsto the receptords the catalytic site, which interactswith the methy-
latable glutamyl residueson the receptors. The secondsite hasan affinity for
the C-terminal pentapeptidef the receptorswhich is attachedo the cytoplas-
mic domainby aregion of undefinedsecondartructure.This flexible tether(~
30 residues)s sufficiently long for a CheRmoleculeattachedht its endto reach
the methylationsitesof a neighbouringeceptoyaccordingo thelattice depicted
in Figure 4, and suchinterreceptormethylationhasbeenobsered experimen-
tally (Li etal, 1997).

We have foundthatundersuitableconditions thecombinatiorof thistethering
effect andthe proximity of receptordn the lattice could have a significanteffect
on the movementandlocalisationof CheR (and possiblyCheB).By sequential
bindingandunbindingof thetwo sites,it is possiblehatthemoleculesouldmove
in ahand-wer-handfashion like anorang-outangwingingthroughthe branches
in ajungle(Figure5A). We usethetermmolecularbrachiatiorto characteriséhis
novel modeof movement(Levin etal, 2002).Using STOCHSIM, we arecurrently
investigatinghefeasibility of molecularbrachiatioraswell asits possibleeffects
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onthekineticsof CheR We predictthatsuchamechanismvould helpto sequester

CheRin thereceptodattice without compromisingts mobility (Figure5B, C).

Summary

Becauseof the unparalleledichnessof dataregardingits physiology biochem-
istry andgeneticsmary believe thatthebacterialchemotaxigpathway s setto be-
comethefirst cell signallingpathway to be understoodcompletely”. This alun-
danceof informationis allowing usto utilise anumberof computationamethods,
including deterministicand stochasticsimulations to reconstructhe pathway in
silico. While our deterministicmodel (BCT) allows usto efficiently analysethe
broadfeaturesof the chemotactiaesponsethe stochastianodel (STOCHSIM) is
capableof simulatingmore detailed,physically realistic models. Additionally,
therecentlydeterminedstructureof thecomponenproteins,in conjunctionwith
moleculargraphicsprograms,can be usedto explore possiblereactionmecha-
nismsandspatialorganisation.

In generalstochastisimulationsarecomputationallydemandingbut for cer
tain typesof modelsnotedabove, the STocHSIM algorithm can prove more ef-
ficient than its deterministiccounterparts. This advantagehas beenexploited
to constructa detailedmodel of the chemotaxispathway in which the receptor

complex possessea large complementof molecularstates. This model repro-
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ducedmary featuresof the physiologicalresponseput singularly failed to re-
producethe magnitudeof the signal. A two-dimensionalkpatial structurewas
implementedn STOCHSIM to reconcilethediscrepanyg, andthe new modelwith
nearest-neighbowouplingproducedesultsthataresignificantlycloserto exper
imentalobsenations. We also consideredhe three-dimensionakrrangemenof
the receptorcomplex and postulatedh lattice structurecapableof supportingthe
receptorcouplingmechanism.A novel mechanisnby which the adaptatioren-
zymesmay be sequesteretb, but not immobilisedat, the receptorsclusterhas
beenproposedandis currentlybeingtestedusinga combinationof deterministic

andstochasticimulations.
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Table 1. Component®f the bacterialchemotaxipathway.

Component Description
(copied cell)
Receptors Transmembrané&ransducerslso known as methyl acceptingchemo-

(~ 4000dimers)

taxis proteins(MCPs). They monitor variousattractantand repellent
concentrationsaswell astemperatureand pH. E. coli possessefive
MCP speciesnamedafterthe attractantshey bind: Tar (aspartate)Jsr
(serine),Trg (riboseandgalactose)Tap (dipeptidesandAer (oxygen).

ChewW
(~ 8000monomers)

Scafolding proteinthat couplesthe chemotactiaeceptordo CheA. It
hasbeenshavn thatCheWis requiredfor polarreceptorclusterforma-
tion (Maddock& Shapiro,1993).

CheA
(~ 4000dimers)

Histidine kinasethatdonategphosphorylgroupto CheY andCheB.lIts
activity is regulatedby the chemotacticreceptors. Attractantstimuli
inhibit CheAactiity andrepellentstimuli enhancet.

CheY
(~ 17000monomers)

Responseegulatorthatrelayssignalfrom receptorcomplex to flagellar
motors. The phosphorylatedorm of CheY (CheYp)interactsdirectly
with the switchcomplex of theflagellarmotorto promoteCW rotation.

CheR
(~ 200monomers)

Methyltransferasthataddsmethylgroupsto specificglutamylresidues
on the cytoplasmicdomainof MCPs. Eachaddedmethyl groupin-
creasesheactiity of CheAin complex with thereceptortherebycoun-
teractingthe effect of attractanbinding.

CheB
(~ 1700monomers)

Methylesterase/deamida#igat counteractghe effect of CheRby re-
moving the addedmethyl groupsand lowering the actiity of CheA.
Becausedhis actwity is stronglyenhancedn the phosphorylatedorm
of CheB (CheBp),which in turnis regulatedby CheA, it senesasa
negative feedbackin the pathway.

Chez
(~ 12000dimers)

Accelerateghe dephosphorylationf CheYp,therebydramaticallyin-
creasingthe speedat which E. coli cells canrespondto stimuli. Only
entericbacterigpossessa CheZgene.

Flagellarmotor
(~ 6)

Large proteincomplex comprisingover 100 sutunits. In the absence
of CheYp,it rotatesexclusively counterclockwise(CCW), causingthe
cell to swim forwardin a straightline (run). The probability of clock-
wise (CW) rotation,which causes swimmingcell to changedirection
(tumble),increasesvith theintracellularconcentratiorof CheYp.
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Table 2. Free energy changes and activation probabilities for coupled receptors.

Ligand unbound Ligand bound
active neighbours active neighbours
Species 0 1 2* 3 4 Species 0 1 2* 3 4

0.00 0.00 0.00 0.06 0.59

P A,FHW 0.00 0.00 0.02 0.31 0.91
7.42 551 3.60 1.69 -0.22

AG 6.22 4.31 240 049 -142
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0.00 0.00 0.02 0.31 0.91

6.22 4.31 2.40 049 -142

b mﬁqu o.ooo.o‘_ o.‘_mo.ﬂmo.ww
AG 5.02 3.1 1.20 -0.71 -2.62

0.00 0.01 0.13 0.76 0.99

P 0.00 0.04 0.50 0.96 1.00
va 5.02 3.11 120 -0.71 -2.62

AG 3.82 1.91 0.00 -1.91 -3.82

0.00 0.04 0.50 0.96 1.00

P 0.01 0.24 0.88 0.99 1.00
va 3.82 1.91 0.00 -191 -3.82

AG 2.62 0.71 -1.20 -3.11 -5.02

0.09 0.69 0.98 1.00 1.00
142 -0.49 -240 -431 -6.22

SO I e

n o.ﬁo.op‘_.ooeooeoo
AG m@ 022 -169 -3.60 -551 -7.42

* The free energies and activation probabilities for receptors with two active neighbours (shaded column) are equivalent to
uncoupled receptors.



Figure Legends

Figurel

Thebacteriachemotaxisignallingpathway. (A) Overview of thepathway. Chemo-
tacticreceptorgT) areclusteredprimarily atthecell poles,andform stableternary
complexeswith the histidinekinaseCheA (A) andthelinking proteinCheW(W).
Ligandbindingto thereceptorsnfluencegherateof phosphotransfdrom CheA
to theresponseegulatorCheY (Y), the phosphorylateform of which (Yp) inter-
actswith the flagellarmotorto controlswimming. The steady-statéevel of this
signalis regulatedby the antagonisticeffectsof two adaptatiorenzymesCheR
(R) and CheB (B). The reversible phosphorylationof CheB provides negative
feedbackin the pathway, and CheZ accelerateshe dephosphorylatiomf CheY.
SeeTable1 for a descriptionof eachcomponent.(B) The Tar receptorcomplex
asmodelledin STOCHSIM. The stateof eachreceptorcomple is representethy
eleven binary flags. Ten of theserepresenthe stateof binding or modification
sites: aspartatebinding (1), CheBpbinding (2), CheRbinding (3), methylation
(4-7), phosphorylatior8), CheY binding(9) andCheB(10) binding. Eachrecep-
tor comple is assumedo be in rapid equilibrium betweentwo conformational

statesactive (white) andinactive (black), representeddy thefinal flag (11).
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Figure 2

Free-engyy-basednodellingof receptoractiity. White indicatesreceptorsn the
active conformation,andblackinactive. (A) Dependencef receptoractivation
enegieson ligand binding and methylation. The actvation enegy is the free-
enepy differencebetweernthe active andinactive states.Settingthe unliganded
receptorwith two methylgroupsasthe averagestate(actvity = 0.5, free enegy
= 0), the enegy of ligand binding was obtainedfrom the obsenration that the
actwvity is reducedfour-fold whenligand binds (Borkovich & Simon,1990)and
solvingEqlfor AG at37°Ctoyield 1.2kcal/mol. Corverselyincreasingnethy-
lation hasthe cornverseeffect of reducingthe actvationenegy. Thetwo extreme
methylationstatesaredepictedmiddleright andfarright). (B) Activity coupling
mechanisnbetweemearesneighboursn receptorclusters.Every receptors ac-
tivity is positively coupledto thatof its four nearesheighbourssothatthe more
active neighbourghereare, the higherthe probability of beingactive. A small
portion (five lattice points) of an extendedsquarelattice is shovn here,andthe
activationenegy AG for the receptorat the centreis indicatedby the heightof
theplatform. A receptorsurroundedy inactive receptorgleft panel)hasahigher
activation enepgy, and hencea lower probability of beingactive, thanthe same

receptownhenit is surroundedy active neighbourgright panel).
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Figure3

Performanceof the STocHSIM modelwith nearest-neighbowouplingbetween
clusteredreceptors. (A) Impulseresponsdo aspartate.All three panelsshov
the responsen motor biasto a brief pulseof aspartat< 0.25s)at5s. The
biphasicexperimentalresponsgleft) reportedby Segall et al (1986) could not
be reproducedoy the STocHSIM modelwithout receptorcoupling, even when
pulsesof saturatingconcentrationl mM) were used(centre). However, when
receptorcoupling was incorporatednto the STocHSIM model, pulsesof com-
parablesizeto the thoseusedin the experiment(< 0.8 M) generatediphasic
time-course®f comparableshapeandamplitude(right). Motor bias(mb) for the

StocHSIM modelwas computedirom CheYpconcentratiorusingthe Hill-type

[Ypl"

by /e by e T Y™ where[Yp] is the CheYpconcen-

equationmb =1 —
tration, (Yp) is the CheYpconcentratiorat steadystate,(mb) is the motorbiasat
steadystateandthe Hill coeficient H wasassigned value of 10 (Cluzel et al,
2000).(B) Responseo stepstimuli atzerobackgroundtoncentrationTheinitial
responseorior to adaptationis measurecereasthe minimum receptoractuvity
encountereavithin 1 s afterstimulus.In the coupledmodel(crosses)the actiity
falls off muchmorerapidly thanthe uncouplednodel(circles)asthe stepsizeis
increased.(C) Respons®f systemto doublingin concentratiorafter adaptation

to aninitial stimulus. The responsdereis measuredsthe fractionalchangen
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receptoractwvity. It canbe seenthatthe signalis amplifiedin the coupledmodel
(circles)over the entirerangeof ambientconcentrationsested.Error barsshov
the steady-statdéevel of noisein the system,which canmaskthe signalat very

low andhigh ambientconcentrations.

Figure4

Hexagonalnetwork consistingof receptorsCheWandCheA predictedrom their
atomicresolutionstructures(A) Planview, asviewedfrom the plasmamembrane
towardsthe cytoplasm,of a smallportionof thelattice. The bindingarrangement
is suchthat a network with this geometrycould be extendedindefinitely in two
dimensionsNotethe poresat the centreof eachhexagonwhich arelarge enough
(~ 10nm)for CheRandCheBto pasghrough.(B) Thelayerof CheWandCheA,
which containsthe verticesof the network, is expectedto be separatedrom the
plasmamembrandyy theapproximatdengthof thereceptorcytoplasmicdomains
(~ 26 nm). Thecytoplasmicspacesandwichedetweerthis layerandthe plasma
membranecontainsall of the methylationsitesof the receptorsandthuscould

serne asan“adaptationcompartment”.
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Figure5

Molecular brachiation. (A) Schematidllustration of the of brachiationmecha-
nism. Eachreceptorhastwo (or more)sitesto which CheRcanbind, onetether
site and one (or more) sitesthat can undego methylation. The four panelsde-
pict the possiblestatesof binding for the CheRmolecule.Notethatthe presence
of two binding siteson the major chemotaxisreceptorsallows both inter and
intra-receptombinding of CheR.By alternatingbetweenstatesn which onesite
is attachedupperright andlower-left panels)andstatesin which both sitesare
attachedlower-right panel),CheRcould “brachiate” througha lattice of recep-
torssuchasthatdepictedn Figure4. (B) Stochastisimulationof brachiation. A
singleCheRmoleculein avolumeof 1.4 x 1071 L (theapproximatesolumeof a
bacterialcell) wasallowedto diffuseto alattice of bindingsitesandfollowedover
aperiodof 500s. (A) Coverageof thelatticeby the CheRmolecule.Binding sites
visited by the moleculeareshownn in shade®f gray, with the intensityindicating
the numberof repeatvisits (1, 2, 3, >4). (C) As for (B) but with the tetherson
thereceptorgemoved, sothateachreceptorhasonly onebinding site for CheR.
Brachiationdoesnot occurundertheseconditions andthelatticeis coveredmore

uniformly, but with fewer visits to eachvisitedsite.
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Figure 4
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Figure 5
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