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We have developed a computer program that simulates the intracellular reactions mediating
the rapid (nonadaptive) chemotactic response of Escherichia coli bacteria to the attractant
aspartate and the repellent Ni2+ ions. The model is built from modular units representing
the molecular components involved, which are each assigned a known value of intracellular
concentration and enzymatic rate constant wherever possible. The components are linked
into a network of coupled biochemical reactions based on a compilation of widely accepted
mechanisms but incorporating several novel features. The computer motor shows the same
pattern of runs, tumbles and pauses seen in actual bacteria and responds in the same way
as living bacteria to sudden changes in concentration of aspartate or Ni2+. The simulated
network accurately reproduces the phenotype of more than 30 mutants in which com-
ponents of the chemotactic pathway are deleted and/or expressed in excess amounts and
shows a rapidity of response to a step change in aspartate concentration similar to living
bacteria. Discrepancies between the simulation and real bacteria in the phenotype of certain
mutants and in the gain of the chemotactic response to aspartate suggest the existence of
additional as yet unidentified interactions in the in vivo signal processing pathway.

INTRODUCTION

Coupled protein phosphorylations are a universal
mechanism of intracellular signaling and the basis of
many complex nets of reactions in eucaryotic cells. Such
networks are poorly understood, despite their impor-
tance, because of the large number of components in-
volved, and the multiple links that exist between them.
Not only are quantitative data on the individual reac-
tions lacking, but we also lack a vehicle by which we
can comprehend the implications of such data and verify
the overall performance of the entire network. Without
making many detailed calculations, it will be difficult
to predict how the network performs under a particular
set of starting conditions, whether it will ever show os-
cillatory or chaotic behavior, and how the performance
of the network will be affected by genetic modifications.
The rational solution to this problem is to employ a

computer simulation that can be used to catalogue bio-
chemical data, test current hypotheses of mechanism,
and make predictions of performance under a virtually

f Present address: Department of Microbiology and Immunology,
University of North Carolina, Chapel Hill, NC 27599.

limitless variety of conditions. However, there have
been very few attempts to develop quantitative models
of this sort for cell signaling pathways involving coupled
phosphorylation reactions. Early steps in this direction
include models of the spatial propagation of oscillations
in Ca2+ concentration in a variety of cells (reviewed by
Dupont and Goldbeter, 1992) and the initial response
to light of vertebrate photoreceptors (Lamb and Pugh,
1992). For the vast majority of cell signaling pathways,
there is insufficient information to construct a mean-
ingful simulation. Without knowing most of the relevant
intracellular concentrations and enzymatic rate con-
stants in a pathway, computer simulations can only be
phenomenological representations having little analyt-
ical power or predictive force at the molecular level.
One of the few signaling pathways for which there

is presently sufficient information to attempt a detailed
computer simulation is that underlying the chemotactic
response in coliform bacteria. This entails a small and
defined set of intracellular proteins which, through
coupled phosphorylation and methylation reactions,
enable the bacterium to respond in an informed, if not
intelligent, way to its chemical environment. All of the
intracellular proteins involved in this response have
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been sequenced and purified. Many of the enzymatic
reactions they catalyze have been analyzed kinetically.
Mutants lacking identified proteins either singly or in
combination have been isolated in large numbers and
their chemotactic responses documented. There is, in
short, a uniquely large and complete set of data, un-
matched in any other cell signaling system, against
which a model can be tested.
We have therefore undertaken to simulate the bio-

chemical reactions of bacterial chemotaxis in a computer
program, which we hope will eventually reproduce all
the salient biochemical, genetic and behavioral obser-
vations made on living bacteria. As the first step toward
this aim we describe in this paper the simulation of the
chain of signals from the cell surface receptor to the
flagellar motor that mediate the rapid, excitatory re-
sponse to specific attractants and repellents. The slower
adaptation of the system due to receptor methylation,
the kinetics of which have been modeled previously
(Goldbeter and Koshland, 1982; Asakura and Honda,
1984), is not part of the present model.

MATERIALS AND METHODS

Signal Pathway
To provide a background to the model described in this paper, we
now review briefly the protein reactions that carry the chemotactic
signal from the membrane receptor to the flagellar motor.
The chemotactic response of coliform bacteria such as Escherichia

coli and Salmonella typhimurium depends on the ability to modulate
swimming behavior in response to external stimuli. This is achieved
with linked chains of protein phosphorylation, which carry signals
from the membrane receptors to the flagellar motor (Figure 1) (Bourret
et al., 1991; Stock et al., 1991, 1992). Although many details are still
debated, it is widely accepted that binding of an attractant or repellent
molecule to a receptor changes the rate of autophosphorylation of an
intracellular protein kinase, denoted CheA' (Borkovich et al., 1989;
Borkovich and Simon, 1990; Ninfa et al., 1991). The phosphorylated
form of CheA (CheAp) transfers its phosphate group to a second
protein CheY (Hess et al., 1988c; Wylie et al., 1988). The product of
this phosphotransferase reaction, CheYp, interacts with the flagellar
motor so as to increase clockwise rotation, which produces "tumble"
swimming behavior. The default state of the motor in the absence of
CheYp is counterclockwise rotation, which results in "run" swimming
behavior (Larsen et al., 1974; Parkinson, 1978). Two other components
involved in this direct or "excitation" response are CheW, which ap-
pears to mediate the effect of receptor on CheA phosphorylation
(Borkovich et al., 1989; Borkovich and Simon, 1990; Ninfa et al., 1991)
and CheZ, which counteracts the effect of CheYp by dephosphory-
lation (Hess et al., 1988a,c). Flagellar rotation is also modified on a
slower time scale by the methylation of receptor proteins by a meth-
yltransferase CheR (Springer and Koshland, 1977), and by the removal
of these methyl groups by the methylesterase CheB (Stock and Kosh-
land, 1978). Like CheY, the methylesterase CheB is regulated by
phosphotransfer from CheAp (Hess et al., 1988c; Lupas and Stock,
1989; Stewart et al., 1990).
Our model concerns the chain of coupled protein phosphorylations

that carry signals from the Tar receptor to the flagella motor, not the
modification of the Tar receptor by methylation, which forms the

lAbbreviations used: A, CheA; asp, aspartate; B, CheB; M, flagellar
motor; ni, Ni2" ion; p, phosphorylated form of indicated protein; R,
CheR; T, Tar; W, CheW; Y, CheY; Z, CheZ.

(sp)

Figure 1. Signal transduction pathway in bacterial chemotaxis.
Symbols within circles denote the Che proteins, in some cases phos-
phorylated, which carry the chemotactic signals from the receptor
protein Tar to the flagellar motor. Solid arrows represent phosphor-
ylation reactions. Dashed arrows indicate regulatory interactions. The
methylation reactions catalyzed by CheR and CheB (open arrows)
are not included in the computer simulation.

basis of the adaptation of this response. In consequence, we do not
expect the model to show the slow recovery of swimming behavior
characteristic of wild-type bacteria, but it should be able to reproduce
the short-term, impulsive responses of wild-type and mutant bacteria.
It should also reflect the short-term behavior of mutants in which the
demethylating enzyme CheB has been removed or overexpressed,
because the latter protein forms part of the flux of phosphate groups
in the excitatory pathway.

Theory
In this section we present the algorithms used to represent the signaling
reactions and the assumptions inherent in their use.

Information on the binding of aspartate or Ni2" to the Tar receptor
is relayed through the cytoplasm by changes in the concentrations of
various phosphorylated protein species. It is convenient to divide the
individual steps in this cascade into binding steps, in which two mo-
lecular components associate or disassociate, and reaction steps in
which a phosphate group is added or removed from a protein. Each
step is represented by an equation which is evaluated repeatedly at
intervals of time At, which is typically 5 ms.

Experimentally, the response of bacteria to a step change in attractant
or repellant concentration occurs in -0.2 s (Segall et al., 1982) and
evidence of a delay due to diffusion has been obtained only in ab-
normally long filamentous mutants (Segall et al., 1985). No data is
available regarding on and off rates for individual binding reactions.
Given the observed rapidity of signal propagation through the entire
pathway, and for the sake of computational stability, we therefore
make the simplest assumption, namely that individual binding steps
reach equilibrium within each iteration cycle. Note that the con-
centrations of binding species will nevertheless change with time
due to the phosphorylation and dephosphorylation reactions de-
scribed below.

Binding of a small molecular weight ligand L that is in large excess
to a protein receptor R, specifically the binding of aspartate or Ni2+
to Tar in one of its complexed forms, is described by the simple binding
equation

[RL] = [Ro](
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where [Ro] and [Lo] are the total concentrations of receptor and ligand,
respectively, [RL] is the concentration of the protein-ligand complex,
and Kd is the dissociation constant of the complex.

All other binding steps in the simulation involve the association of
cytoplasmic proteins at comparable, and usually low, concentrations
and for this we use the relationship:

[RL] = 0.5{[Ro] + [Lo] + Kd - V([Ro] + [Lo] + Kd)2 - 4[Ro] X [Lo]}
where [Ro] and [Lo] are arbitrarily assigned to the two proteins (see
Segel, 1975).

Reaction steps are not assumed to run to completion within At and
are integrated by successive steps of the simulation. For protein au-
tophosphorylations we use the simple Michaelis-Menten relationship

V J=[lkcat X [ATP]l

] [ATP] + Km
J

where v is the rate of formation of the phosphorylated species in
moles per second, [E] is the free enzyme concentration, [ATP] is the
concentration of ATP, k_cat is the catalytic rate constant and Km is
the Michaelis constant (Michaelis and Menten, 1913; Fersht, 1984).
For all other reactions we assume that the concentrations of reacting
species are small, so that the reactions are simply described by

v = (k.cat/Km) [E] X [S]

or, for autodephosphorylations

v = klcat [E]

Flagellar Motor
Unlike all other components of the simulation, the flagellar motor is
not a single molecular species. It is a complex structure, built from
approximately 40 distinct proteins that rotates either clockwise or
counterclockwise at speeds of .300 cycles/s (significantly less when
the bacterium is tethered to a surface) (Jones and Aizawa, 1991). The
direction of rotation is controlled by the phosphorylated form of CheY
through an interaction with the switch components (FliG, FliM, and
FliN proteins) of the motor Uones and Aizawa, 1991). The interaction
appears to be a simple binding of CheYp rather than a phosphotransfer
reaction (Bourret et al., 1990).

It was shown previously by Block et al. (1982, 1983) that a simple
two-state model in which run and tumble states differ in the binding
of a single ligand has similar stochastic properties to the runs and

Different states of the flagellar motor (M) are

determined by the binding of CheYp (Yp):

State 'T M
State '3' MYp
State '5' MYpYp
State '7' MYpYpYp
State '9' MYpYpYpYp

ccw rotation
ccw rotation
zero rotation
cw rotation
cw rotation

(run)
(run)
(pause)
(tumble)
(tumble)

Occupation of the different states is governed by
reversible equilibria:

M + Yp q-b MYp
MYp + Yp W MYpYp
MYpYp + Yp W MYpYpYp
MYpYpYp + Yp W.& MYpYpYpYp

Ki = kil/klr
K2 = k2l/k2r
K3 = k3d/k3r
K4 = k4l/k4r

Apgarent dissociation constants for the different states

are determined by two constants. a and K:

Ki =ic/4 K2 = 2alc/3 K3 = 3a21c/2 K4 = 4a3K

Figure 2. Multiple equilibria between the flagellar motor complex
(M) and the phosphorylated form of CheY (Yp) used to calculate
motor behavior.
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Figure 3. Proportion of time spent in run (l), tumble (0), and pause
(A) modes predicted for the flagellar motor model, with the resting
concentration of CheYp in a wild-type bacterium set to 9 nM.

tumbles of the flagellar motor. In the present simulation, this model
has been extended to incorporate two additional features. One is the
cooperativity between CheY levels and flagellar motor response seen
in mutant strains in which CheY is over-expressed to different levels
(Kuo and Koshland, 1989). The effective species is now thought to
be CheYp. The other feature added to the motor model is the capacity
for pausing, which has been reported by Eisenbach and colleagues
to be an inherent part of the behavioral repertoire of coliform bacteria
(Lapidus et al., 1988; Eisenbach et al., 1990).
These observations are incorporated into a model in which the motor

complex, denoted M, binds sequentially up to four CheYp molecules
thereby producing five distinct molecular species. Two of these (M
and MYp) rotate counterclockwise, another two (MYpYpYp and
MYpYpYpYp) rotate clockwise, and one species (MYpYp) is stationary,
corresponding to the pausing of the motor (Figure 2). In a population
of bacteria, the rotational bias (defined as the fraction of time spent
in the counterclockwise mode) is therefore given by the following:

bias = M + MYp
M + MYp + MYpYp + MYpYpYp + MYpYpYpYp

As in the earlier model of Block et al. (1982, 1983), transitions between
each pair of states are governed by paired first-order rate constants,
such as kl, and k2rYp (which is pseudo first-order at a given concen-
tration of Yp). For an individual motor, these rate constants represent
the probabilities per unit time of terminating the current state.
The Adair-Pauling model of a multisite allosteric enzyme allows

dissociation constants for each binding step to be calculated from two
parameters-the dissociation constant of binding of the first binding
site (K) and the factor (a) by which the affinity of successive binding
sites change (Segel, 1975). We have assumed that the flagellar motor
is similarly well-behaved and calculated K and a from an arbitrarily
assigned value for the resting (unstimulated) concentration of CheYp
and from the observed proportion of time spent in runs, pauses, and
tumbles of an unstimulated, wild-type bacterium (Lapidus et al., 1988;
Eisenbach et al., 1990). In trial simulations we found that the resting
concentration of CheYp could be varied over a wide range without
affecting overall performance. In the absence of experimental data
bearing on this value, we selected 9 nM, which in combination with
the best available values of reaction rates, produces an approximately
wild-type rotational bias for mutant strains lacking either Tar, CheW,
and CheZ; Tar and CheZ; or CheW and CheZ (Liu and Parkinson,
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Figure 4. Durations of runs and tumbles predicted for a wild-type
unstimulated bacterium using a random number generator. The last
category in each histogram represents all episodes > 10 s in length.
Results from 5 X 106 simulation cycles are displayed, totaling 2595
runs and 2093 tumbles. There were also 4683 pauses during the same
period distributed as follows: 0-0.4 s, 4250; 0.4-0.8 s, 403; 0.8-1.2 s,
29; 1.2-1.6 s, 1; >1.6 s, 0. The run and tumble distributions conform
closely to experimentally determined values (see Block et al., 1983).

1989). This choice results in values of a = 0.14, and K = 2.25 X 10-7
M. Figure 3 shows the changes in proportion of time spent in runs,
tumbles, and pauses as CheYp changes in concentration. The distri-
bution corresponds to positive cooperativity between CheYp and the
rotational bias with a Hill coefficient of about 3.0.
The multiple equilibria shown in Figure 2, which represent the

steady state population levels of the different rotational forms, can
also be used to reproduce the stochastic behavior of a single motor,
as might be observed in a bacterium tethered to a coverslip with a
single flagellar hook (Silverman and Simon, 1974). A similar calcu-
lation, although simpler, was made by Block et al. (1982) in respect
to their 2-state model. Thus with reference to Figure 2, the probability
that a given motor currently in state "3" will change to state "5" in

the next time interval of dt s, is k2rYpdt. The probability that a motor
that is currently turning counterclockwise (that is, in either state "1"
or state "3") will stop (move to state "5") in the next time interval is
given by

(2[pd [MYp]
k2[Ypdt [M] + [MYp]J

Similar expressions exist for the termination of tumbles and pauses.
Values of the rate constants k2,, k3l, k3r, and so on were estimated
from the dissociation constants of individual reactions (K1 = kl,/kl
etc.) in conjunction with the experimentally observed proportions of
runs, tumbles, and pauses seen in unstimulated wild-type bacteria.
Probabilities of transition between the different states of the motor
model were derived from these rate constants. Then the history of an
individual flagellar motor was simulated by starting it in state 1 (see
Figure 2) and allowing a random number generated within the program
to determine, at each cycle, whether the motor changed in state 3. If
and when the motor arrived at state 3, then a similar procedure de-
termined whether, in successive cycles, it changed to state 5 or back
to state 1. In this way the stochastic behavior of a single flagellar
motor was stimulated. The performance of wild-type, unstimulated
motors modeled according to this prescription, is closely similar to
that described experimentally, as illustrated in Figure 4 (see also
Figure 6).

Numerical Integration
The simulation uses a procedure in which each binding or reaction
step is taken in turn and the concentrations of the reactants and prod-
ucts are updated according to the appropriate algorithm. Changes
within a reaction step are predicted by the Euler method. We selected
this rudimentary integration procedure rather than one of the many
more sophisticated routines available because it makes it easy to treat
individual reactions separately for display purposes and because of
the computational stability it provides. Because each reaction or bind-
ing step is taken in turn there is no possibility of extrapolated con-
centrations exceeding the available material. The program is thus ex-
tremely robust, and ligand concentrations from 10-12 to 1M can be
applied without causing instability. Similarly, levels of enzymes can
be manipulated by "mutation" ad libitum.
The primary disadvantage of the method we have selected is its

inaccuracy when compared with the more usual methods of numerical
integration. As already mentioned, however, the values of binding
constants and rate constants available to us are only crude approxi-
mations to the actual kinetic parameters within the cell. Our primary
purpose here is to summarize the existing body of research in a simple
formulation and to test whether it gives approximately the correct
response following a variety of mutational modifications, and for this
the procedure we have used is adequate.
As with any form of numerical integration, there is the opportunity

to increase accuracy by reducing the step-size. Tests of the present
simulation with wild-type bacteria over a range of repellent and at-
tractant concentrations, showed stable values of rotational bias, with
<1% variation for step sizes in the range 10-4 to 10-2 s.

Data Management
The program was written in "C" on a Macintosh IIfx microcomputer
using a Think C compiler (Symantec Corporation, Cupertino, CA). A
PC-compatible version was prepared by Alastair Brown (MRC Human
Genetics Project, Edinburgh, Scotland) using a Microsoft C compiler
(Microsoft, Version 6.0) and run on an Elonex PC 433. The core of
the program is a series of 21 functions each of which represents a
single step in the signaling cascade. The entire series is performed in
sequence, once for each cycle of the simulation, the number of cycles,
and the bacterial time represented by each cycle both being set by
the user. All simulations reported in this manuscript used a cycle
representing 5 ms of elapsed time. A typical run might entail 2000
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cycles and occupy 1-2 s of real time on either the Macintosh or the
Elonex.
Data used by the program are contained in four files, each of which

can be modified by the user. These include specifications of the in-
tracellular concentration of ATP, the time duration and number of
cycles, the resting concentration of CheYp in a wild-type bacterium;
a listing of primary gene products used in the program, together with
the number of molecules per cell; a listing of all the molecular species
whose activity or concentration changes during the simulation; and
the rate constants and other information relating to the reactions (both
binding interactions and enzyme catalyzed steps) in the simulation.
Other parameters, such as the genotype of the organism, the stimulus
applied to it, and the starting phenotype can be specified by the user
while the program is running. Concentrations of the signaling mol-
ecules are stored at the beginning and end of the simulation, and at
specified intervals in between, and can be retrieved for analysis and
display. An error-detection algorithm monitors the stoichiometry of
each of eight protein species and indicates if any have changed by
more than a predetermined amount during the simulation.
The program allows signaling molecule concentrations to be dis-

played either all of them at a given time, or selected signals throughout
the simulation. It also allows the behavior of individual bacterial mo-
tors to be simulated (as opposed to the average performance of large
numbers of bacteria) by applying a Monte Carlo randomization pro-
cedure to the coupled equilibria representing the flagellar motor. Two
other quantities are calculated during the simulation and can be dis-
played on completion of a simulation. One is the rotational bias (the
proportion of time a flagellar motor spends in ccw rotation) which is
calculated with each cycle of the simulation. The second is the che-
motactic gain, here defined as the change in rotational bias caused
by a 1% change in receptor occupancy by aspartate. The gain is cal-
culated at the end of each simulation by increasing the concentration
of aspartate by 1 nM, performing an additional 1 second run, and
then normalizing the resulting change in bias to the change in receptor
occupancy.
An important feature of the program is the provision of internal

test routines that allow simulations to be run autonomously. Routines
available to the user include a test in which the concentration of a
Che protein, selected by the user, is incremented, a rate test in which
a selected rate constant is incremented, and a test in which the che-
motactic behavior of a selected set of mutant bacteria is calculated
and displayed. Tests of this kind were essential in the development
of the program, as described below.

Tethering Experiments

To further evaluate the model, we examined the behavior of several
bacterial strains for which no published data were available.
RP437recA is wild type for chemotaxis (Bourret et al., 1990); its com-
plete genotype is thr(am)l leuB6 his4 metF(am)159 eda50 rpsL136 thil
aral4 lacYl mtll xyl5 tonA31 tsx78 recAA(SstII-EcoRI) srl::TnlO.
KO642recA was made by P1 transduction of recAA(SstII-EcoRI)
srl::TnlO into RP1616, which carries cheZA6725 (Liu and Parkinson,
1989). The complete genotype of KO642recA is cheZA6725 thr(am)l
leuB6 his4 metF(am)159 rpsL136 thil aral4 lacYl mtll xyl5 tonA31 tsx78
recAz(Sstll-EcoRD srl::TnlO. Plasmids pRBB28 (pp cheA oriPBR322AmpR)
(Bourret et al., 1993), pRBB30 (pp cheAW ori,BR322 AmpR) (Bourret et
al., 1993), pRBB40 (pp cheYZ oripBR322 Amp ) (Bourret et al., 1990),
and pKB24 (ptac cheB oripAcyc184 CamR) (Borkovich et al., 1992) have
been described. pRBB43 (pp cheA oripBR322 AmpR) was made by deleting
the "cheW tar" EcoRV-PvuII fragment from pRBB28. The following
strains were evaluated (see Table 5) A2+W2+ = RP437recA/pRBB30,
y2+z2+ = RP437recA/pRBB40, A2+Z- = KO642recA/pRBB43, and
B2+Z-= KO642recA/pKB24.

Bacterial cultures for tethering experiments were grown overnight
in T broth (1% tryptone, 0.5% NaCl) with appropriate antibiotics, at
30°C. Cultures were diluted 50-fold into fresh media, coded to reduce
observer bias, and grown 2 h at 30°C. Appropriate inducer [100 ,g/
ml 1-indoleacrylic acid or 1 mM isopropylthiogalactose (IPTG)] was

then added and incubation continued until the culture reached OD600
0.4 (another 2 h). The cells were collected by centrifugation and

resuspended in an equal volume of ice-cold KEP-buffer (10 mM po-
tassium phosphate, pH 7.0, 0.1 mM EDTA). Flagella were sheared
off by 15-s treatment with a Brinkmann Homogenizer (Westbury,
NY, Model PT 10/35). Bacteria were collected by brief centrifugation
to remove free flagella, resuspended in an equal volume of ice cold
KEP, and centrifuged again. The cell pellets were left on ice until use

and then resuspended in an equal volume of ice cold tethering buffer
(KEP + 10 mM sodium lactate, 75 mM NaCl, 0.1 mM L-methionine,
and 100 ,ug/ml chloramphenicol). An aliquot of bacteria was mixed
with an appropriate dilution of anti-flagellar antibody, placed on a

coverslip, and allowed to adhere .10 min at room temperature. The
coverslip was then rinsed with tethering buffer, inverted over a cham-
ber containing tethering buffer, and .20 rotating cells observed .20
s each.

RESULTS

Development of the simulation entailed selection of a
suitable biochemical network of intracellular reactions,
the choice of algorithms to represent these reactions,
and the allocation of intracellular concentrations and
rate constants. Experimental data on many of the re-
quired intracellular concentrations and rate constants
are lacking (and there are still doubts about certain as-
pects of the reaction pathway) so that any model at this
stage has to be to some extent hypothetical. Many of
the parameters used in the program are averaged, or
are consensus values taken from various primary
sources. Published values for the periods of time spent
in runs and tumbles of wild type unstimulated E. coli,
for example, correspond to biases from 0.64 to 0.86 (Berg
and Brown, 1972; Block et al., 1982), and we have as-
sumed it to be 0.70. Similar compromises were also
made in assigning concentrations of Che proteins (Table
1) and enzymatic rate constants (Table 2).
To assign values to rate constants and concentrations

for which no experimental information is available, a
"boot-strapping" strategy was adopted in which Che
proteins were added one by one to a mutant strain lack-
ing everything but the flagellar motor (a "gutted" strain).
As each signaling protein was included, intracellular
concentrations and reaction rates were assigned from
published literature if possible. Parameters for which
no experimental data existed were titrated, using the
internal test routines, until the chemotactic performance
of the simulation matched the performance of actual
bacteria with a corresponding genotype.

Phosphate Flux

The intracellular concentration of CheYp, the deter-
minant of motor rotation, is maintained by the series
of linked cyclic phosphorylations and dephosphoryla-
tions shown in Figure 1. The cycle is driven by the kinase
CheA, which catalyzes the transfer of phosphate groups
from ATP to its own histidine residue (Hess et al.,
1988b). Phosphorylated CheA then transfers its phos-
phate group to CheY or CheB (the demethylating en-
zyme, here included solely for its participation in the
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Table 1. Amounts of chemotaxis proteins used
in the bct 1.1 simulation

Molecules/ Concentration
Protein cell (OUM) Referencesb

Tar 4 250 5 Clarke and Koshland (1979);
Hazelbauer and Engstrom
(1981); Ninfa et al. (1991);
Gegner et al. (1992)

CheR 850 1 DeFranco and Koshland (1981);
Stock et al. (1991)

CheB 1 700 2 DeFranco and Koshland (1981);
Stock et al. (1991)

CheW 4 250 5 Ninfa et al. (1991); Gegner
et al. (1992); Matsumura
et al. (1990); Gegner
and Dahlquist (1991)

CheA 4 250 5 Ninfa et al. (1991); Gegner
et al. (1992); Matsumura
et al. (1990); Gegner and
Dahlquist (1991)

CheY 8 500 10 Stock et al. (1985); Kuo and
Koshland (1987)

CheZ 17 000 20 Matsumura et al. (1990); Kuo
and Koshland (1987)

Motor 8.5 0.01 Jones and Aizawa (1991)

a Concentration is calculated based on a cell volume of 1.41 X 10-`5
L (Kuo and Koshland, 1987).

b Numbers of molecules are rounded-off, consensus values, based on
the references.

flow of phosphate groups) (Hess et al., 1988c; Wylie et
al., 1988). CheY can also autophosphorylate by using
acetyl phosphate as a phosphate donor (Lukat et al.,
1992). CheYp and CheBp both spontaneously autode-
phosphorylate; in addition, CheZ mediates a more rapid
loss of phosphate groups from CheYp (Hess et al.,
1988a,c; Wylie et al., 1988). The principal reactions in
this cascade are shown schematically in Figure 5.
Each branch point in the network of Figure 5 will be

subject to conservation laws analogous to the Kirchoff
Laws for the flow of electrical current in a circuit. For
example, the rate of formation of CheYp by phospho-
transfer from CheAp to CheY and by autophosphory-
lation with acetyl phosphate must balance the loss of
CheYp by autodephosphorylation and by the action of
CheZ. Constraints of this kind permit the estimation of
individual reaction rates that have not been determined
experimentally.
Data used to solve the network shown in Figure 5

are given in Tables 1 and 2 together with the results of
predicting values by the procedure just mentioned. The
latter include values for the total intracellular concen-
tration of each of the signaling proteins (no experimental
evidence is presently available on the concentrations of
phosphorylated species) and for three kinetic rates that
have not so far been measured.

Tar, CheW, and CheA

In order for the phosphorylation system to respond to
externally applied attractants and repellents there must
be a kinetic link between Tar and CheA. Mutant analysis
indicates that both CheW and Tar are needed for the
response to attractants (Wolfe et al., 1987; Conley et al.,
1989) and experiments with purified components in-
dicate that Tar in conjunction with CheW markedly in-
creases the rate of CheA autophosphorylation (Borko-
vich and Simon, 1990; Ninfa et al., 1991). Experiments
have also been performed in which CheW and Tar are
overproduced, leading to the paradoxical observation
that the absence of one of these proteins gives the same
phenotype (persistent smooth swimming) as does its
overexpression (Stewart et al., 1988; Liu and Parkinson,
1989; Sanders et al., 1989). Recent studies indicate the
formation of a ternary complex containing Tar, CheW,
and CheA that is capable of increasing the rate of CheA
autophosphorylation (Gegner et al., 1992).
The precise mechanism(s) by which Tar, CheW, and

CheA interact in vivo is uncertain at present. For sim-
plicity we have adopted the symmetrical set of binding
interactions listed in Table 3, which includes two re-
actions (binding of Tar and CheA and of CheW to the
complex of Tar and CheA) for which there is presently
no experimental evidence and predictions for three as
yet undetermined reaction rates. The ternary complex
of Tar, CheW, and CheA (TWA) is then postulated to
stimulate CheA phosphorylation catalytically, thereby
introducing a tumble signal. The influence of aspartate
on the system is introduced by assuming that aspartate
binds to Tar with the same affinity regardless of its as-
sociation with CheW and CheA and that the aspartate-
containing TWA complex, (Tasp-WA) is inactive in in-
creasing CheA autophosphorylation. The repellent
properties of Ni2+ are accounted for by assuming that
the nickel-containing TWA complex (Tni-WA) stimu-
lates CheA autophosphorylation at an even higher rate
than TWA alone.

Gain and Response Time

Completion of the chain of signals from receptor Tar to
the flagellar motor enables the response of the complete
system to changes in attractant or repellent to be ex-
amined. Because an adaptation component is presently
lacking in the model, we do not expect it to show the
slow recovery of swimming behavior characteristic of
wild-type bacteria. The model should however be able
to reproduce the short-term, impulsive response of wild-
type bacteria. The contents of a file listing amounts of
all the signaling molecules in a sample simulation is
shown in Table 4.
Changes in performance of a single motor, displayed

as a time course of runs, pauses, and tumbles before
and after addition of 1 ,uM aspartate are shown in Figure
6. The pattern of rotation in this figure is closely similar
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Table 2. Rates of phosphorylation reactions used in the bct 1.1 simulation

Reaction Rate constanta Source

Autophosphorylation of CheA by ATP
A -- Ap 1 X 10-3 s-l b,c Borkovich and Simon (1990)

TWA-stimulated autophosphorylation of CheA
TWA + A -p TWA + Ap 5.9 X 104 M-1 s'1 c Rate adjusted to give a resting bias of 0.70 for an

unstimulated wild-type bacterium.
TWA-Ni2+-stimulated autophosphorylation of CheA
TnWA + A -- TnWA + Ap 2 X 105 M-l s-' c Adjusted to give a threshold for Ni++for 2 X 10- M

(Tso and Adler, 1974).
TWA-aspartate-stimulated dephosphorylation of CheY
TaWA + Yp -- TaWA + Y 1 X 108 M-l s-' Hypothetical reaction added in order to increase

chemotactic gain.
Phosphotransfer from CheAp to CheY
Ap + Y -- A + Yp 2 X 105 M-ls-' Lukat et al. (1991)

Autophosphorylation of CheY
Y -) Yp NAd To account for a low level of CW rotation induced by

apparently nonphosphorylated CheY (Barak and
Eisenbach, 1992), bct 1.1 places a lower bound
(currently 0.01%) on the fraction of CheY present
as CheYp. This may represent
autophosphorylation by acetyl phosphtate (Lukat
et al., 1992).

Autodephosphorylation of CheYp
Yp - Y 3.7 X 10-2 S-1 Lukat et al. (1991)

CheZ-stimulated dephosphorylation of CheYp
Yp + Z -.o- Y + Z 5 X 105 M` s-' Lukat et al. (1991)

Phosphotransfer from CheAp to CheB
Ap + B -- A + Bp 1 X 106 M-1 s- Data reported by Lupas and Stock (1989) imply a

rate of at least 4 X 105 M-1 s-'
Autodephosphorylation of CheBp
Bp -- B 1s-1 Estimated from phosphate balance

a In each case the rate is that of the forward reaction (left-to-right in the above equations); the reverse reaction (right-to-left) is assumed to be
zero.
b Note that data reported by Hess et al. (1988c) and Lukat et al. (1991) imply that a faster rate of about 3 X 10-2 s-' in the absence of membranes.
c The program estimates the dependence of CheA autophosphorylation on ATP concentration by multiplying these rate constants by the factor
([ATP])([ATP] + Km)-', where Km is 3 X 10-4 M (Wylie et al., 1988; Bourret et al., 1991; McNally and Matsumura, 1991).
d NA, not applicable.

to published observations of wild-type E. coli bacteria
(see for example Lapidus et al., 1988).
Responses to step changes in either aspartate or Ni2"

at different concentrations are plotted in Figure 7. This
graph indicates a "threshold" (5% deviation from base-
line) for aspartate in the region of 5 X 10-8 M and -2
X 10-5 M for Ni2+. Although not apparent in this log-
arithmic plot, both curves are in fact hyperbolic rather
than sigmoidal and thus show no evidence of a coop-
erative response. The chemotactic gain of the simulation
using the core reactions described above was -0.009,
which may be compared with a value of -0.6 in the
same units reported by Segall et al. (1986). Inclusion of
a hypothetical phosphatase activity (Table 2) that is
stimulated by aspartate binding introduces an increased
responsiveness to aspartate and increases the gain in
proportion to the rate constant assumed for this reaction.
A catalytic rate of 9 X 10 M-1 s-' produces a gain close
to that described by Segall et al. (1986). However, this
rate constant is larger than commonly observed for pro-

tein-protein interactions (Northrup and Erickson, 1992).
The simulations described in this paper therefore em-
ploy a more modest rate (1 X 108 M` s-1) for the hy-
pothetical phosphatase reaction, which generates a
gain of 0.08 and shifts the dose-response curve
about 10-fold lower in aspartate concentration
(Figure 7).
The rapid response to a 5-s pulse of aspartate, deliv-

ered at three different concentrations, is shown in Figure
8A. The rotational bias rises to 90% of the plateau value
in -0.5 s for 0.1 ,uM aspartate, which is the rise time
measured by Block et al. (1982) following the ionto-
phoretic application of an unknown concentration of L-
aspartate to tethered E. coli cells. These authors also
found that the response latency of a CheZ mutant was
prolonged in comparison with wild type, and this was
again reproduced by the simulation. A mutant lacking
CheZ molecules had a rise time of - 2.5 s for a stimulus
of 0.1 ,uM aspartate (Figure 8B). The response to the
addition of aspartate is also slower when the simulation
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Bp A Y1
(TW)IUl (Z)
(Tn)Tljj (TaWA)

Figure 5. Network of linked protein phosphorylation reactions in-
volved in bacterial chemotaxis. Reactions are numbered as in Table
2. Bold lines indicate reactions demonstrated in vitro. Fine line indicates
a hypothetical reaction included in the computer model. Proteins that
catalyze reactions without themselves becoming phosphorylated are
indicated in parentheses. (TW) and (TnW) represent the catalysis of
CheA phosphorylation by CheW and Tar or Tar-Ni2", respectively,
as discussed in the text. (Z) represents the dephosphorylation of CheYp
stimulated by CheZ. (TaWA) represents the hypothetical dephos-
phorylation of CheYp catalyzed by Tar-aspartate, CheW, and CheA.

does not include the hypothetical aspartate-stimulated
phosphatase activity (Figure 8B).

Behavioral Mutants

An important feature of this program is the ability to
examine the phenotype of any mutant genotype. Any
chemotactic component, from Tar to the flagellar motor,
can be modified in amount and the consequences for
chemotactic performance displayed. The phenotype of
a large number of strains of particular interest can be
evaluated autonomously.
The performance of selected mutants is listed in Table

5 and compared, where this is known, to the behavior
of experimentally observed mutants. Single null mutants
lacking each of the proteins Tar, CheW, CheA, CheY,
CheZ, or CheB have phenotypes that correspond at least
qualitatively to that determined by experiment. Simi-
larly, the model reproduces the phenotype of mutants

in which each of these proteins (except CheA) are in-
dividually overexpressed. Table 5 also lists selected
mutants in which various combinations of Che proteins
are eliminated and/or overexpressed. The phenotype
of such mutants, as in the real case, depends on the
dosage of the gene in question, but in the majority of
cases levels of expression can be found in which the
simulated behavior matches that observed experimen-
tally. Of the 47 strains listed in Table 5, 33 have the
correct phenotype and 8 have a phenotype at variance
with published reports. No experimental data presently
exists for the remaining 6 mutant types that are included
here as a sample of the very large number of predictions
it is possible to make with this program. Any one of
the strains listed in Table 5 can be explored in greater
detail by examining its response to aspartate or Ni2" or
(in the case of overproduction) by changing levels of
particular components.
The program was also used to examine the variation

in unstimulated swimming behavior produced by sys-
tematically changing the levels of selected signaling
proteins. Greatest sensitivity was encountered to
changes in CheA, and a 10% increase in the concen-
tration of this protein from its wild-type value caused
a change in bias of 0.17, or 24%; other proteins in the
signal pathway produced smaller changes, in the se-
quence

CheA > CheZ > CheY > CheB > Tar > CheW

(Table 6). Tests performed over a wider range of con-
centrations revealed that both CheW and the receptor
Tar show a maximal level of tumbling that is diminished
at both high and low concentrations (Figure 9).

DISCUSSION
The primary purpose of this model is to summarize and
unify existing experimental data into a computer sim-

Table 3. Postulated regulatory interactions between Tar, CheW, and CheA used in the bct 1.1 simulation

Reaction k right k left Rate constant source/derivation

T + asp - Tasp 1.0 X 106 M-1 S-1 1.0 S-1 Average Kd = 1 MM for two extreme modification states of Tar
(Dunten and Koshland, 1991).

T + ni - Tni 1.0 X 103 M-lS-1 1.0 s` Kd unknown. Rate chosen so that response threshold of 2 X 10'
M (Tso and Adler, 1974) occurs at low receptor occupancy.

T+W-TW 1 X 105 M-1 s-1 a 1.051 Kd = 10,uM (Gegner et al., 1992).
T + A - TA 1 X 104 M-1 S-1 a 1.0 s'I No direct evidence for this reaction. Kd 2 100 ,uM(Gegner et al.,

1992).
W + A -WA 1 X 105 M-1 s-' 1.0 S` Kd = 10 MM (Gegner and Dahlquist, 1991; Gegner et al., 1992).
TW + A - TWA 4 X 105 M-1 s-1 a 1.0 S5' Kd = 3 AM (Gegner et al., 1992), which implies this rate is about

3 X 10' M` s-'.
TA + W - TWA 4 X 105 M-1 S-i a 1.0 S` No direct evidence for this reaction. Assumed to have the same

rate as Reactions 6 and 8.
T + WA - TWA 4 X 105 M-1 s-' a 1.0 SI Kd = 2 AM (Gegner et al., 1992), which implies this rate is about

5 X 105 M1 S-1.

a Ligands have no effect on formation of the Tar-CheW-CheA complex (Gegner et al., 1992); therefore in each case the same rate is assumed
to apply to the analogous reaction involving Tar or Tar-containing complexes associated with aspartate or Ni2+.
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Table 4. "Snapshot" display of signaling species produced
by the bct 1.1 simulation for an unstimulated wild-type bacterium

Concentration Concentration
Signal (M) Signal (M)

asp 0.0 Tni-WA 0.0
ni 0.0 A 3.00 X 10-6
T 3.12 X 106 Ap 3.49 X 10-8
T-asp 0.0 B 1.93 X 10-6
T-ni 0.0 Bp 6.87 X 10-8
W 2.89 X 10-6 z 2.00 X 10-5
TW 5.91 X 10-7 Y 9.99 X 10-6
Tasp-W 0.0 Yp 7.00 X 10-9
Tni-W 0.0 M 6.24 X 10-9
TA 4.44 X 10-7 MYp 7.77 X 10`0
Tasp-A 0.0 MYpYp 2.99 X 1010
Tni-A 0.0 MYpYpYp 3.78 X 10-10
WA 6.78 X 10-7 MYpYpYpYp 2.31 X 10-9
TWA 8.47 X 10-7 Bias 0.701a
Tasp-WA 0.0

a Bias is a dimensionless quantity, rather than a concentration.

assumes that they act as monomers. We expect that
including the multimeric states of Tar, CheW, and CheA
in the model will more accurately reproduce the inter-
actions of these proteins (Swanson et al., 1993). 3) The
model also fails to predict correctly the phenotype of a
minority of mutant strains examined, notably those
containing overproduced CheA (Table 5).
One of the difficulties in developing this simulation

was to reproduce the astonishingly large amplification,
or gain, of the chemotactic system. Experiments per-
formed by Segall et al. (1986) indicate that an increase
in receptor occupancy of 1/600 causes a change in ro-
tational bias of about 0.1. It was striking to us that all
the approaches we tried using known reactions either
failed to give gains of anything like the desired mag-
nitude, or did so in an incomplete, nonphysiological
way. Our attempts included a simple displacement
scheme in which aspartate competes with CheW for
binding to Tar; coupled allosteric interactions between
receptor, CheW and other Che proteins; "zero-order

ulation so that it can be easily examined and tested.
This has been achieved within a framework that in-
cludes a number of hypothetical reaction steps and re-
action rates and therefore cannot be correct in every
detail. In broad outline, however, the model responds
in a correct fashion to a wide range of genetic modifi-
cations and stimulus conditions. The rotational bias of
the flagellar motor in a range of attractant and repellent
concentrations, and the rapidity of the changes in ro-
tation following a sudden change in concentration of
aspartate or Ni2+ ions, are accurately reproduced. The
stochastic performance of individual motors, the du-
rations of runs, tumbles, and pauses they show under
various conditions, and the performance of 33 mutants
in which individual chemotaxis components have been
removed and/or expressed at higher than normal levels,
are very similar in the computer-based and the living
bacteria.

Limitations exist to the current computer model of
the excitation pathway, and we offer several examples
that we plan to address in future versions. 1) For the
sake of simplicity, the bct 1.1 simulation allows CheA
autophosphorylation to occur only in the free species.
Thus the modeled TWA complex does not itself auto-
phosphorylate, but rather stimulates autophosphory-
lation of free CheA in trans. Another consequence of
this programming choice is to account for the phenotype
of cells expressing imbalanced levels of various proteins
by sequestering CheA in inactive complexes with Tar
or CheW. In contrast, there is experimental evidence
that CheA autophosphorylation actually does occur
within a CheA-CheW complex (McNally and Matsu-
mura, 1991). 2) Both Tar (Milligan and Koshland, 1988)
and CheA (Gegner and Dahlquist, 1991) appear to exist
predominantly as dimeric species although the model
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Figure 6. Predicted response of a single flagellar motor to the addition
of aspartate. Rotational motion is displayed as CCW (run), 0 (pause),
or CW (tumble) for a period of 60 s before and 60 s after the addition
of 1 ,uM aspartate as indicated. Results may be compared with those
obtained by Lapidus et al. (1988).
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Figure 7. Dose response curves for aspartate (l) and Ni2" (0) in the
model. The response to aspartate is also shown for a version of the
model lacking the hypothetical TaWA phosphatase activity (A). Each
data point was generated by 2000 cycles of simulation after an in-
stantaneous rise in attractant or repellent concentration from 0 to the
indicated value.

hypersensitivity" (Koshland, 1987); and a cycle of
chemical reactions analogous to the rhodopsin-trans-
ducin cycle in the visual system (see Stock et al., 1985).
One parameter we did not introduce is adaptation,

which has been deliberately omitted from this model.
It may be relevant that in the experiments of Segall et
al. (1986), mutants lacking CheR and CheB were less
sensitive to aspartate than wild-type bacteria by a factor
of 10-100-so that from this standpoint the model is
correct! We expect that this problem will become re-
solved in future models that incorporate the methylation
reactions of these two proteins.
Thus it appears that the adaptation response may ac-

count for a large fraction of the observed amplification
in the system. The model helps us examine the question
of whether varying the parameters of the excitation
process itself could also amplify the signal. Chemotaxis
is one example of a large family of environmentally
responsive signal transduction networks in prokaryotes
(Stock et al., 1989; Bourret et al., 1991). In the nitrogen
assimilation and osmolarity systems, the kinases anal-
ogous to CheA are known to be involved in dephos-
phorylation of their CheB/CheY-like substrates (Ninfa
and Magasanik, 1986; Keener and Kustu, 1988; Aiba et
al., 1989a,b; Igo et al., 1989). As an experiment, we
therefore incorporated a hypothetical reaction in which
aspartate-liganded TWA complex acts as a phosphatase
to remove the phosphoryl group from CheYp. This has
the effect of sending a "smooth" signal from a TWA
complex bound to aspartate which competes with the
tumble signal from unoccupied receptor molecules (car-
ried by TWA in this simulation). Evidence for an inhib-

itory signal transmitted from ligand-occupied receptor
has been obtained experimentally (Borkovich and Si-
mon, 1990). The resulting "push-pull" control over
CheYp levels, and consequently over motor rotational
state, permits relatively large amplifications to be ob-
tained. In the present simulation the gain recorded by
(Segall et al., 1986) could be achieved by a reaction rate
of 9 X 108 M` s-1 for the CheYp dephosphorylation.
Of course, the reaction rate need not be so rapid, because
gain probably also comes from adaptation, which is not
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Figure 8. (A) Modeled response of wild-type bacteria to a square-
wave pulse of aspartate at 0.01 ,uM (O), 0.1 AM (A) or 1 ,uM (0). (B)
Modeled response of wild-type bacteria (A), wild-type bacteria lacking
the hypothetical TaWA phosphatase activity (0), or mutant bacteria
lacking CheZ (O) to a square wave pulse of 0.1 AM aspartate. In each
case, aspartate was added at 5 s and removed at 10 s. Note the dif-
ference in bias scales between the 2 graphs.
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Table 5. Comparison of simulated and observed chemotactic behavior of mutant bacteria

Bias

Genotype Simulated Observed Interpretation in terms of bct 1.1 model References

sm sm Most Yp made by TW-stimulated A
tm tm More p flows to Y in absence of B
sm sm Most Yp made by TW-stimulated Y
sm sm No Yp
sm sm No Yp
tm tm Yp increases in absence of Z

wt wt Unstimulated A makes enough Yp in absence of Z
tm ? More p flows to Y in absence of B and Z
tm ? More p flows to Y in absence of B and Z
wt wt Unstimulated A makes enough Yp in absence of Z
wt wt Unstim"lated A makes enough Yp in absence of Z
sm sm No Yp, even in absence of Z
sm sm No Yp
sm sm No Yp

smc sm T overproduction sequesters A and TA complex
sm sm B removes phosphate from A, thus reducing Yp
sm sm W overproduction sequesters A in AW complex

tmd

tm

sm

wt'
tm

T2+A2+
y2+z2+

B2+y2+

"Gutted" mutantsa
(gutted)
A+ (gutted)
Y+ (gutted)
y2+ (gutted)
Y3+ (gutted)

W+Y+ (gutted)
T+W+Y+ (gutted)
A+Y+ (gutted)
A2`Y+ (gutted)
W+A+Y+ (gutted)
T+A+Y+ (gutted)
T+W+A+Y+ (gutted)

Mixed overproduction/
null mutants

'2+Z-
B2+Z-
W2+Z

A2+Z-
Y2+z-

Y2+B-Z-
T2+W-Z-
w2+B-
Z2+B-
Y2+T-

sm A overproduction leads to more Yp
tm Y overproduction leads to more Yp
sm Z stimulates loss of Yp
wt T & W form a complex to restore balance
sm W overproduction doesn't turn off enough A

tm ? A overproduction leads to more Yp
wt' wt Z overproduction balances Y overproduction
sm' sm p flows preferentially through B rather than Y

sm sm No Yp
sm ? No Yp
sm sm No Yp, even in absence of Z
sm' sm No YP when Y moderately overproduced
tm tm Very high levels of CheY cause CW rotation
sm sm No Yp, even in absence of Z
sm sm No Yp, even in absence of Z
tm sm Unstimulated A makes too much Yp in absence of Z
tm ? A overproduction leads to more Yp
tm sm Unstimulated A makes too much Yp in absence of Z
tm sm Unstimulated A makes too much Yp in absence of Z
tm tm Stimulated A makes Yp

tm wt T overproduction doesn't turn off enough A
tm sm B overproduction doesn't remove enough p from A
tm sm W overproduction doesn't turn off enough A

tm tm A overproduction and absence of Z lead to more Yp
tm ? Y o,verproduction and absence of Z lead to more Yp
tm tm More p flows to Y in absence of B and Z
smc sm T overproduction turns off unstimulated A
sm sm W overproduction sequesters A, converting B- to sm
sm sm Z overproduction reduces Yp, converting B- to sm
tm tm Unstimulated A makes Yp when Y overproduced

Liu and Parkinson (1989)
Parkinson (1978)
Parkinson (1978)
Parkinson (1978)
Parkinson (1978)
Parkinson (1978)

Liu and Parkinson (1989)

Liu and Parkinson (1989)
Liu and Parkinson (1989)
Liu and Parkinson (1989)
Liu and Parkinson (1989)
Wolfe et al. (1987)

Liu and Parkinson (1989)
Stewart et al. (1988)
Liu and Parkinson (1989),

Sanders et al. (1989)
Stewart et al. (1988)
Clegg and Koshland (1984)
Kuo and Koshland (1987)
Liu and Parkinson (1989)
Liu and Parkinson (1989),

This work

This work
Stewart et al. (1988)

Wolfe et al. (1988)

Wolfe et al. (1988)
Wolfe et al. (1988)
Barak and Eisenbach (1992)
Conley et al. (1989)
Conley et al. (1989)
Conley et al. (1989)

Conley et al. (1989)
Conley et al. (1989)
Conley et al. (1989)

Liu and Parkinson (1989)
This work
Liu and Parkinson (1989),

Sanders et al. (1989)
This work

Wolfe et al. (1987)
Liu and Parkinson (1989)
Sanders et al. (1989)
Kuo and Koshland (1987)
Clegg and Koshland (1984)

a "y'+ (gutted)" refers to a strain in which CheY is expressed at wild-type concentration in the absence of Tar or other Che proteins. Swimming
behavior predicted by the simulation is characterized as tm = tumble (bias < 0.6), wt = wild type (bias 0.6-0.8), or sm = smooth (bias > 0.8).
b The bct 1.1 model contains only one transducer (Tar), whereas E. coli actually has four transducer species. Thus, the behavior of modeled T-
bacteria are compared with cells lacking all transducers, rather than to a tar single mutant. Furthermore, the available data dictates that modeled
cells overexpressing transducer (T2+) are compared in this Table with real bacteria that happen to overexpress the Tsr transducer rather than
Tar.
c "2+" signifies expression at 1oX wild-type concentration in the simulation, except in the following cases: T2" (13 X T); T2+W2+ (4 X T, 4 X
W); Y2+Z5+ (8 X Y, 10 X Z); B2+Y2+ (10 X B, 6 X Y); y2+ (gutted) (5 X Y); T2 WZ (13 X T).
d underline/bold entries indicate discrepencies between the model and experiment.
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Single null mutants
T- b
B-
W-
A-
Y-
Z-

Multiple null mutants
T-Z-
B-Z-
T-B-Z-
W-z-
T-W-Z-
A-Z-
Y-z-
B-Y-Z-

Overproduction mutants
T2+ b

B2+
w2+
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Table 6. Sensitivity of bct 1.1 response to a 10% increase
in signaling protein concentrationa

Change in bias Change in [CheYp]

Signal protein bias % nM %

Tar -0.0377 -5.4 +0.285 +4.1
CheB +0.0430 +6.1 -0.334 -4.8
CheW -0.0178 -2.5 +0.135 +1.9
CheA -0.170 -24 +1.31 +19
CheY -0.0434 -6.2 +0.328 +4.7
CheZ +0.0796 +11 -0.633 -9.0

a Changes in rotational bias and steady state CheYp concentration
caused by a 10% increase in the concentration of selected signaling
proteins in an otherwise wild-type genetic background (bias = 0.701;
[CheYp] = 7.00 nM).

included in the current version of the model. Hypo-
thetical reactions in which CheZ activity is stimulated
by Tar-aspartate (or complexes containing Taraspartate)
would also enhance gain. Experiments are currently
underway to test this prediction. Receptor occupancy
has so far been shown experimentally to influence the
level of CheY phosphorylation only by regulating the
CheA autophosphorylation rate. By highlighting the ef-
fect of hypothetical reactions the computer simulation
can be a useful tool to motivate and direct experimental
work.

Predictions of the Model

The program described in this paper has the capacity
to generate an enormous number of experimental pre-
dictions. Changes in concentration of signaling mole-
cules in bacteria subjected to a variety of stimuli can be
generated at the touch of a key, and this can be done
for each of a large number of mutant genotypes, au-
tonomously if required. If we restrict ourselves to sit-
uations in which repellent and attractants are each either
present (say at 1 mM concentration) or absent, and in
which each of six Che proteins can be absent, present
in wild-type concentrations, or over-expressed by a fac-
tor of 10, then we have 2916 (36 X 4) situations, the
majority of which have never been examined experi-
mentally. Since, moreover, the program generates time-
courses as well as steady-state levels, so that the re-
sponse in time of each of more than 20 distinct signaling
species can be elaborated for each of the above 2916
situations, its predictive capacity is extremely large.
Most of these predictions, it should be said, are of an

"interpolative" nature. Any mutant lacking CheY, for
example, may be safely expected to be nonchemotactic
and to have a smooth phenotype (although logically
speaking, confirmation of even this expectation would
add weight to the current model). However there are
also numerous genotypes for which the phenotype is
not obvious, as illustrated in Table 5.

The simulation also make it possible to predict the
sensitivity of the resulting behavior to small variations
in the cytoplasmic concentrations of different Che pro-
teins (something that would be extremely difficult to
assess experimentally). The present simulation predicts
the greatest sensitivity to changes in CheA levels (Table
6, Figure 9), so that a 10% increase of this protein above
wild-type levels produces a decrease in rotational bias
of 0.17, which is a detectable change in swimming be-
havior. Levels of synthesis of specific proteins may vary
from cell to cell by more than this amount and it will
be interesting to see if the introduction of adaptation
serves to "damp" these fluctuations and produce a more
stable system.

Conclusions

It would be impossible for any contemporary model of
bacterial chemotaxis to be correct in every respect. Many
of the rate constants and virtually all of the intracellular
signaling concentrations on which such a model would
depend are unknown. Even the biochemical "circuitry"
itself has not been fully agreed upon. We know that a
cascade of protein phosphorylation reactions carries in-
formation from the receptors to the flagellar motors,
but further details, such as precisely how Tar, CheW,
and CheA interact, remain a matter of conjecture.

Despite this uncertainty, the results presented in this
paper demonstrate that the model we have tested, which
is based on a compilation of widely accepted mecha-
nisms, provides an adequate explanation for most of
the short-term chemotactic responses. The computer
simulation has allowed us to apply a very large number
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Figure 9. Modeled changes in rotational bias of unstimulated mutant
bacteria expressing different levels of the Tar (E), CheW (0), or CheA
(A) proteins. The intracellular concentration of each protein in a wild-
type bacterium is 5 ttM. Each data point was generated by 2000 cycles
of simulation.
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of tests "at one sitting" in a way that would be hardly
feasible in the real world. We have been able to modify
the biochemical characteristics and genetic background
of simulated bacteria and evaluate their behavioral
consequences instantly, comparing them with relevant
published experimental data, where this exists. Al-
though modifications to the program will become nec-
essary as it is extended to include the methylation re-
actions associated with adaptation and as new
experimental data becomes available, the underlying
framework should be sufficiently robust to accommo-
date these changes.
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