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Abstract
Inspired by the recent studies on the analysis of biased random walk behavior of Escherichia coli[Passino, K.M., 2002. Biomimicry
of bacterial foraging for distributed optimization and control. IEEE Control Syst. Mag. 22 (3), 52–67; Passino, K.M., 2005.
Biomimicry for Optimization, Control and Automation. Springer-Verlag, pp. 768–798; Liu, Y., Passino, K.M., 2002. Biomimicry
of social foraging bacteria for distributed optimization: models, principles, and emergent behaviors. J. Optim. Theory Appl. 115 (3),
603–628], we have developed a model describing the motile behavior of E. coli by specifying some simple rules on the chemotaxis.
Based on this model, we have analyzed the role of some key parameters involved in the chemotactic behavior to unravel the
underlying design principles. By investigating the target tracking capability of E. coli in a maze through computer simulations, we
found that E. coli clusters can be controlled as target trackers in a complex micro-scale-environment. In addition, we have explored
the dynamical characteristics of this target tracking mechanism through perturbation of parameters under noisy environments. It
turns out that the E. coli chemotaxis mechanism might be designed such that it is sensitive enough to efficiently track the target and
also robust enough to overcome environmental noises.
© 2007 Elsevier Ireland Ltd. All rights reserved.
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1. Introduction
Escherichia coli, often abbreviated to E. coli, are
probably one of the best understood microorganisms.
Their cylindrically shaped cell bodies are about 1 m in
diameter and 2 m long, and they use flagella attached
to a set of biological rotary motors, running either
clockwise (CW) or counterclockwise (CCW), for their
locomotion (Passino, 2002, 2005; Berg, 2000). When
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all motors rotate CCW, E. coli“run” steadily forward,
otherwise they “tumble” by randomly changing their
directions (Berg, 2000). To decide whether to “run” or
“tumble”, E. coli have the control mechanism called
chemotaxis which enables them to forage or run away
from noxious chemicals (Passino, 2005). E. coli detect
the change in the chemical concentration gradient and
decide more often to “run” if they are moving towards
the attractants, or to “tumble” if they are moving towards
the repellents. Overall, their motile behavior resembles
biased random walks, having a tendency to swim towards
specific attractants and away from repellents (Falke et al.,
1997; Berg and Brown, 1972; Adler, 1966; Muller et al.,
2002).
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The chemotaxis system of E. coli has been widely
studied and its underlying molecular mechanism is now
well-known (Adler, 1966; Baker et al., 2006a,b). In
the signaling pathway of chemotaxis, the binding of
chemo-attractants to chemo-receptors reduces the phosphorylation rate of CheY by CheA. The phosphorylated
CheY binds to the base of the flagellar motor and
induces tumbles by increasing the probability of CW
rotation (Berg, 2000; Alon et al., 1999). Thus, it may
be possible to control the motile behavior of E. coli in
chemotaxis by changing the tumbling frequency through
over-expression or down-regulation of cheY. Assuming
that the tumbling frequency of E. coli can be controlled in
this way, the goal is to unravel the underlying design principles by analyzing the role of key parameters involved in
the chemotactic behavior. By controlling the chemotactic
behavior of E. coli based on the understanding about the
role of key parameters, the quorum sensing mechanism
can be disrupted such that undesirable biofilm formation
is prevented. This might also be applicable to synthesizing bacteria that lack virulence against their host for
various medical applications. On the other hand, the bacterial chemotaxis system has been known robust in the
sense of exact adaptation (Alon et al., 1999), but the
robustness with respect to environmental noises has not
yet been studied. Hence, we further address this issue
in this paper. To this end, we first mimic the motile
behavior of E. coli by specifying two simple rules that
describe the chemotaxis mechanism. By investigating
the target tracking capability of E. coli in a maze, in
terms of the time taken for E. coli to detect the target, we show that E. coli clusters can be controlled as
target trackers in a complex micro-scale-environment.
Then, we analyze the influence of changing tumbling
frequencies on the target tracking capability of E. coli
through perturbation of some key parameters involved
in the chemotactic behavior. In addition, to explore
noise robustness of the chemotactic mechanism of E.
coli, we investigate the dynamical characteristics of this
target tracking mechanism under noisy environments.
Throughout these investigations, we aim to characterize
E. coli chemotaxis mechanism at a system-level.
2. Materials and methods
2.1. The Mathematical Modeling of E. coli Chemotaxis
E. coli sense the gradient of attractant or repellent molecules
through their specialized transmembrane receptors called
chemoreceptors on the cell surface. Attractant molecules are
bound to these chemoreceptors and the increased fraction of
occupied receptors transiently raises the probability of CCW

rotation, resulting in extended runs, while a decrease of the
occupied fraction causes tumbling (Mittal et al., 2003; Berg,
2000). It was revealed that, under certain experimental conditions, the cell compares its average chemoreceptor occupancy
over the past 1 s to that over the previous 3 s and responds to
the difference (Segall et al., 1986). Based on this result, Mittal
et al. (2003) made a criterion on the tumbling rate of E. coli
cells for their simulation by comparing the average receptor
occupancy over the last second, c0−1 , to that between 4 and
1 s ago, c1−4 . If this difference c0−1 − c1−4 is greater than
0, the E. coli cell is climbing up the attractant gradient and
therefore reduces the tumbling rate resulting in extended runs.
2.1.1. The Decision Rule
In this paper, we assume a similar decision rule that
describes the chemotactic behavior of E. coli climbing up
the attractant concentration gradient and moving towards the
attractant. For simplicity, we employ a discrete simulation
framework and assume 3 simulation time steps to be 1 s. Hence,
it is assumed that each E. coli cell compares its average receptor occupancy of attractant molecules during the recent 3 steps,
c1−3 , to that between 12 and 4 steps ago, c4−12 . If c1−3 is
less than or equal to c4−12 , implying that it is not climbing
up the increasing gradient of attractant molecules, it decides
to tumble in a random direction. Otherwise, it decides to run
more unless it reaches the maximal running steps that will be
described later. The average receptor occupancy between a and
b steps before the current time step t is as follows:


1
=
[ATTR]t−i
b−a+1
b

ca−b

(1)

i=a

where [ATTR]k represents the amount of attractant molecules
in a cell at time step k. According to the decision rule, the
condition for an E. coli cell to run more is
c1−3 > c4−12 .

(2)

In representing this decision rule, we introduce two parameters,
DRnew and DRold where DRnew is the number of recent simulation time steps and DRold is the number of previous time steps
excluding DRnew steps. For instance, DRnew = 3 and DRold = 9
for (2).
2.1.2. The Behavior Rule
According to the decision rule, E. coli cells will never
change their swimming direction as long as there is an increase
in the fraction of occupied receptors through binding of attractant molecules. However, this does not actually happen as
E. coli cells still have the possibility of tumbling even if
they are swimming up the concentration gradient of attractant molecules (Mittal et al., 2003; Berg, 2000). To describe
this real feature, we introduce a limit on the maximal and minimal consecutive running steps in the behavior rule. Hence,
each E. coli cell must run straight forward at least for BRmin
steps unless it confronts with an obstacle, and it must tumble
at most after BRmax steps running straight forward regardless
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Fig. 1. Illustration of the behavior and decision rule. The number written below each time step indicates the number of time steps over which the
Escherichia coli cell has been running steadily forward. Since BRmin = 3 and BRmax = 7 in the behavior rule, the E. coli cell decides whether to
tumble at every three steps and the maximum number of time steps for consecutive forward running is limited to seven.

of the right direction. An example of the behavior rule with
BRmin = 3 and BRmax = 7 is illustrated in Fig. 1.
2.2. Simulation Methods
With the E. coli model described above, we simulate the
chemotactic motile behavior of E. coli by using two automata
models that are synchronously working together: one is cellular
automata for E. coli cells and the other is continuous automata
for the environment. Cellular automata are discrete models
composed of regular grid of cells (each corresponds to one of
finite number of states) acting together to produce complicated
patterns of behavior (Packard and Wolfram, 1985; Wolfram,
1984). Continuous automata are extended frameworks of cellular automata where the state of a cell is continuous. Such
automata can represent various physical reactions such as diffusion in a more realistic way. In both automata, every cell
updates its state for the next time step based on both its present
state and its neighboring cells by using the same transition
rule. We divide the grid of cellular and continuous automata
into equally sized squares such that each cell is surrounded by
8 neighboring cells.
2.2.1. Continuous Automata for the Environment
We employed continuous automata to represent the diffusion and decay of attractant molecules. On the grid of
continuous automata for the environment, it is assumed that

chemical molecules diffuse and decay along with time. In our
simulation, attractant molecules diffuse from the current cell to
the four neighboring cells located at N, S, E and W positions,
and decay at each cell along with time steps. To reflect the
diffusion and decay of attractant molecules in a quantitative
way, we introduce the diffusion and decay coefficients. The
diffusion coefficient describes how fast the chemo-attractant
molecules generated from the target diffuse across the whole
grid whereas the decay coefficient represents the life-time of
chemo-attractant molecules (see Fig. 2).
2.2.2. Cellular Automata for E. coli Cells
In the cellular automata for E. coli cells, each E. coli cell
decides to run or tumble based on the behavior and decision
rules at each time step (see Step 3 of the simulation algorithm
in Section 2.2.3). The concentration of attractant molecules at
the corresponding cell of the continuous automata is required
to calculate the gradient of attractant molecules for the decision
rule (see (1)).
2.2.3. Simulation Algorithm
We summarize the simulation algorithm as follows:
Step 1. Initialization (see Figs. 3A, 4A and 6A):
The initial concentration of attractant molecules at
the target is set to 100. Then the initial concentration of
attractant molecules at the other cells is determined by

Fig. 2. A simple example illustrating the diffusion and decay of attractant molecules after one time step where the diffusion coefficient cdiff is
0.02(2%) and the decay coefficient cdecay is 0.002(0.2%). It is assumed that the concentration of attractant molecules at the center cell is 1 and other
neighboring cells are 0 initially (left figure). After one time step, 2% of attractant molecules at the center cell diffuse to each of four neighboring
cells (center figure) and 0.2% of attractant molecules at the center cell decay (right figure).
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Fig. 3. The trail of one E. coli cell shows a biased random walk. (A) The initial position of the E. coli (the red automaton cell at the lower left
corner) and the target (the yellow automaton cell at the upper right corner). Gray-scaled automata cells around the target indicate the concentration
of chemo-attractants diffused from the target. The darker the automaton cell is, the more chemo-attractant molecules in the automaton cell. (B) The
trajectory (blue lines) of the E. coli, showing a biased random walk. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of the article.)

the diffusion coefficient (cdiff ) and the decay coefficient
(cdecay ) of attractant molecules through pre-running
20,000 steps before E. coli cells begin to move. This is
required for attractant molecules at the target to diffuse
across the whole map so that E. coli cells at the initial
starting position (lower left or right corner of the map)

can sense and climb up the concentration gradient of
attractant molecules when a simulation begins.
Step 2. Continuous automata for the environment:
The diffusion and decay of attractant molecules
occur at every automaton cell except the target as it
is assumed to be a constant source or a source having

Fig. 4. 100 E. coli cells move toward a fixed target in the maze. The time step is 0, 2500, 5000, and 10,000 for (A), (B), (C), and (D), respectively.
Blue automata cells show E. coli cells and the black automaton cell in the center of the maze denotes the target. Gray-scaled automata cells indicate
the concentration gradient of chemo-attractant molecules. The darker the cell is, the more chemo-attractant molecules in the cell. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of the article.)
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a high enough concentration that can be considered
invariant over the simulations.
Step 3. Each E. coli cell decides its direction to move in the
next time step according to the decision and behavior
rule as follows:

Step 4. Cellular automata for E. coli cells:
Each E. coli cell moves one automaton cell to the
direction decided in Step 3 and we update the entire
automata cells by integrating these information. For
the next time step simulation, go to Step 2 and continue.
2.3. Simulation Schemes
In consideration of the chemotactic behavior of E. coli following a biased random walk, we have described the motile
behavior of E. coli by specifying the two rules and apply
this to simulate the tracking of a target in a maze. A maze
is employed here to represent the complex micro-environment
in vivo. We first examine the target tracking capability of E.
coli with the normal parameter set summarized in Table 1.
Then, we change each parameter one at a time to analyze the
effect of each parameter on the time required for E. coli cells to

Table 1
The parameter set under a normal condition
Parameter

Value

cdiff
cdecay
BRmin
BRmax
DRnew
DRold

0.2
0.002
3
9
3
9

cdiff is the diffusion coefficient of attractant molecules; cdecay is the
decay coefficient of attractant molecules; BRmin is the minimum consecutive running steps in the behavior rule; BRmax is the maximum
consecutive running steps in the behavior rule; DRnew is the number
of recent time steps in the decision rule; DRold is the number of past
time steps in the decision rule.
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detect the target. Moreover, we analyze the noise robustness of
the chemotactic mechanism of E. coli by introducing an environmental noise to the chemo-attractant concentration in each
automaton cell.

2.3.1. Simulation Scheme for Parameter Perturbation
Analysis
For a quantitative parameter perturbation analysis, we set
the simulation environment as shown in Fig. 6A. Initially, 25
E. coli cells are located at the lower left corner of the maze. At
simulation time t, we have counted the number of E. coli cells
inside the target boundary (the dotted box around the target in
Fig. 6A), n. The dotted line in Fig. 6B shows the result from a
random seed for the normal parameter set in Table 1. We have
fitted the original data with the hill function in (3) by using
the Curve Fitting Toolbox in MATLAB to estimate the steady
state value n as follows:
nf (t) =

at m
+ tm

bm

(3)

where nf (t) is the fitted data of n at time t, m the hill
coefficient, a the maximum of n that nf (t) can reach, and
b is the time taken for nf (t) to reach a/2. From the fitted
data (solid line in Fig. 6B), we determine nss , the number of E. coli cells inside the target boundary at the steady
state, and tss , the time taken for 0.9nss E. coli cells to get
inside the target boundary. Mathematically, nss = a and tss =
mint (nf (t) ≥ 0.9nss ).
2.3.2. Noise Model for the Robustness Analysis of E. coli
Chemotaxis
In a real environment, there might be fluctuations of the
chemo-attractant gradients caused by non-ideal diffusion due
to environmental noises. As the diffusion is related to the attractant molecule itself, we assume the noise varies depending
on the concentration of the attractant molecules. To analyze
robustness of the chemotaxis mechanism of E. coli, we have
added this environmental noise to the concentration profile of

176

T.-H. Kim et al. / BioSystems 91 (2008) 171–182

chemo-attractant molecules at each automaton cell and evaluated their effect on nss and tss . The noise-added concentration
of each automaton cell, [ATTR]update , is

the target and its trajectory shows a biased random walk
(see Fig. 3B).

[ATTR]update = [ATTR](1 + N(0, σ))

3.1. Target Tracking Based on E. coli Chemotaxis
Mechanism

(4)

where [ATTR] is the concentration of attractant molecules at
each automaton cell and N(0, σ) is the normal distribution
with a zero mean and a standard deviation of σ. Increasing
σ adds more environmental noises to the concentration profile
of chemo-attractants.

3. Results
The E. coli model described by the decision and
behavior rules shows a biased random walk behavior.
Fig. 3 illustrates the trajectory of one E. coli cell moving toward the target. Initially, the E. coli cell lies at the
lower left corner and a fixed target is located at the upper
right corner of the simulation grid as in Fig. 3A. From
Step 1 of the algorithm, every automaton cell has a certain level of chemo-attractant molecules generated by the
target so that the E. coli can sense the gradient of attractant molecules. To the direction decided at Step 3 of the
algorithm, the E. coli moves one automaton cell at each
time step. As time passes by, the E. coli swims toward

In a real environment, the paths to the target may be
more complicated. To see the target tracking capability of E. coli in a complex micro-scale-environment, we
have simulated the tracking of one fixed target in a maze
(see Fig. 4). The maze map has narrow passages of 5
cells width and there is only one path from the starting position of E. coli to the target. Initially, 100 E. coli
cells are gathered at the lower right corner of the maze,
then as the simulation time step increases, E. coli cells
move and gather around the target at the center of the
maze. If there is more than one path to the target, we
observe that E. coli cells move along the shortest path
of all. When there are two fixed targets, E. coli cells are
proportionally distributed to the two targets, depending
on the concentration of chemo-attractant molecules at
each target. This is shown in Fig. 5 where the distance
from the decision point, a section where the branching
of the path to each target occurs (black-boxed area of the
map in the middle figure of A and B), to each target is

Fig. 5. Distribution of 100 E. coli cells toward the two fixed targets. (A) There is no short path between two targets. (B) There is a short path between
two targets. Each figure right next to the maze map of A and B shows the attractant molecule concentration profile of its corresponding maze map
in log10 -scale, and the magnification of the black-boxed area is shown right next to this figure. The yellow automaton cell in the maze indicates the
overlapping of an E. coli cell with the target. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of the article.)
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almost equal and the left target has twice higher concentration of chemo-attractant molecules than the one on
the right. Note that E. coli cells can also track a moving
target.
3.2. Parameter Perturbation Analysis
With the target tracking capability of E. coli in a maze,
we have analyzed the effect of parameter perturbations
(see Section 2.3.1 for simulation details).
3.2.1. The Role of Key Parameters in the Decision
Rule
In the decision rule, there are two parameters, DRnew
and DRold . DRnew is the number of recent simulation
time steps, which is to be compared with DRold , the number of previous time steps excluding DRnew steps. If the
average receptor occupancy by attractant molecules over
recent DRnew steps is greater than that of previous DRold
steps, the E. coli cell decides to keep running, otherwise
it decides to tumble. Increasing DRnew desensitizes the
decision rule, i.e. E. coli cells respond less sensitively to
the environmental change during the DRnew steps, since
averaging more steps smooths out the effect of abrupt
changes in the concentration of chemo-attractants. From
Fig. 7A and B, it turns out that the optimal sensitivity
for tracking the target in the maze shown in Fig. 6A is
achieved when DRnew is about 3 for any value of DRold
since the maximum nss occurs around the minimum tss .
Increasing DRold extends the history of each E. coli cell,
i.e. each E. coli cell uses more time steps in evaluating
the environmental changes to decide its tumbling. Thus,
if the E. coli cell is swimming towards the target, increasing DRold gives more chances to extend runs due to the
worse evaluation of previous tendency. This results in an
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increased nss achieved at reduced tss as DRold increases
(see Fig. 7C and D).
3.2.2. The Role of Key Parameters in the Behavior
Rule
The behavior rule limits the motion of E. coli by
affecting the decision made by the decision rule. The
E. coli cannot change its direction for at least BRmin
steps even though its environment gets worse, and it must
change its direction after running straight for BRmax
steps even though its environment gets better. BRmin in
the behavior rule determines the decision point where
the decision for tumbling or extended run must be made.
Increasing BRmin prevents elaborate movement of E. coli
since the minimum time steps over which E. coli cannot
make any decision increases, taking more time to find the
target (see Fig. 8B). Moreover, although the E. coli cell
found the target, it can also easily leave the target, resulting in a decreased nss since it has to swim for BRmin steps
even if its environment gets worse (see Fig. 8A). Increasing BRmax relaxes the maximum limit of time steps that
E. coli can run straight. This makes E. coli swim more
directly to the target resulting in an increased nss and
decreased tss (see Fig. 8C and D).
3.3. Noise Robustness of E. coli Chemotaxis
Mechanism
If we increase the level of environmental noises in
the concentration of chemo-attractants, then it becomes
more difficult for E. coli to find the target (see Section
2.3.2 for the noise model). This results in decreased
nss and increased tss as shown in Fig. 9 for the normal parameter set in Table 1. Compared to the case
without any environmental noise, it does not make any

Fig. 6. The environment for parameter perturbation experiments. (A) The maze map for a parameter perturbation. There are 25 E. coli cells in the
maze. The dotted box around the target is the region where E. coli cells are considered to be within the target. (B) The number of E. coli cells in the
dotted box, n, vs. simulation time t for the normal parameter set in Table 1.
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Fig. 7. The effects of parameter changes in the decision rule. (A) Dependence of nss on DRnew . (B) Dependence of tss on DRnew . (C) Dependence
of nss on DRold . (D) Dependence of tss on DRold . The results from 10 random seeds are averaged for each data point and error bars indicate the
standard deviations.

noticeable difference till σ increases up to 0.05— nss
stays at the same level with only slightly increased tss .
With more increased σ, nss gets decreased and tss gets
increased. Overall, we found that the chemotactic motile
behavior of E. coli cell is quite robust to environmental
noises. Some of E. coli cells can still track the target in
a maze for σ equal to 0.45 which is rather a strong noise
level.
Let us examine the effects of parameter changes in this
noisy environment. We set σ to 0.40 assuming an extreme
noise condition. From Fig. 10A and B, we found that
changing DRnew causes a shift of the optimal sensitivity
to DRnew = 4. From Fig. 10C and D, it turns out that
changing DRold shows similar tendencies as in the case
without noises in Fig. 7C and D. The same also holds for
the parameter changes in the behavior rule (see Fig. 11).
4. Discussion
Motivated by the motile behavior of E. coli showing
a biased random walk, we have investigated the chemotactic motile behavior of E. coli by simulating the E.
coli model based on the decision and behavior rules.

By showing the target tracking capability of E. coli in
a maze, we presented a possible usage of E. coli as target trackers in a complicated micro-scale-environment.
Throughout perturbation of the key parameter values in
the decision and behavior rules, we have unraveled the
dynamical role of each parameter.
The decision rule drives E. coli cells to climb up the
concentration gradient of chemo-attractant molecules
generated from the target by making proper decisions
on whether to tumble or run. Parameters in the decision
rule are related to the sensitivity of E. coli chemotaxis to
environmental changes. The increase of DRnew desensitizes the decision rule by averaging more time steps and
smoothing out the effect of abrupt changes in the environment. For survival of E. coli, its chemotaxis mechanism
should not be too sensitive nor too insensitive to environmental changes. If it is too sensitive, it may drive E.
coli cells more directly to the target since E. coli cells
can respond more rapidly to the changes in their environment. However, in a noisy environment, this may lead E.
coli cells to wander off on their way to the target by forcing them to climb up every nearby places having higher
chemo-attractant concentrations. Too insensitive chemo-
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Fig. 8. The effects of parameter changes in the behavior rule. (A) Dependence of nss on BRmin . (B) Dependence of tss on BRmin . (C) Dependence
of nss on BRmax . (D) Dependence of tss on BRmax . BRmax is 9 in (A) and (B). BRmin is 3 in (C) and (D). The results from 10 random seeds are
averaged for each data point and error bars indicate the standard deviations.

taxis may lead to too slow responses to the environmental
changes by lowering the threshold for a decision to run
or tumble. Hence, a balanced chemotaxis is required.
Note that the optimal sensitivity for the target tracking is
achieved when DRnew is about 3. The increase of DRold
extends the history of each E. coli in evaluating the previous tendency of the environment and thereby provides
more chances for extended runs by making the previous
tendency worse when the E. coli cells swim towards the
target. This results in getting a larger number of E. coli
cells inside the target boundary in a shorter period of
time (see Fig. 7C and D).

The behavior rule puts limitations to the decision rule
and thereby drives E. coli cells to swim in a biased
random walk. Thus it is related to the basal tumbling
frequency. E. coli might have adopted the biased random walk behavior to avoid falling into a local maximum
source and to eventually find the global maximum source
by being properly distributed to each source as shown in
Fig. 5. BRmin in the behavior rule determines the decision
point where the decision for tumbling or extended run
to be made. As shown in Fig. 8A and B, BRmin is negatively correlated to nss , the number of E. coli cells inside
the target boundary, and positively correlated to tss , the

Fig. 9. The effects of environmental noises. (A) Dependence of nss on σ. (B) Dependence of tss on σ. Parameters in Table 1 are used. The results
from 10 random seeds are averaged for each data point and error bars indicate the standard deviations.
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Fig. 10. The effects of parameter changes in the decision rule for σ = 0.40. (A) Dependence of nss on DRnew . (B) Dependence of tss on DRnew . (C)
Dependence of nss on DRold . (D) Dependence of tss on DRold . DRold is 9 in (A) and (B). DRnew is 3 in (C) and (D). The results from 10 random
seeds are averaged for each data point and error bars indicate the standard deviations.

Fig. 11. The effects of parameter changes in the behavior rule for σ = 0.40. (A) Dependence of nss on BRmin . (B) Dependence of tss on BRmin . (C)
Dependence of nss on BRmax . (D) Dependence of tss on BRmax . BRmax is 9 in (A) and (B). BRmin is 3 in (C) and (D). The results from 10 random
seeds are averaged for each data point and error bars indicate the standard deviations.
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time taken for 90% E. coli cells to reach their steady
states. On the contrary, the increase of BRmax relaxes
the maximum limit of time steps over which E. coli can
run straight resulting in an increased nss and decreased
tss (see Fig. 8C and D). This is because decreasing BRmin
or increasing BRmax increases run intervals and thereby
reduces the basal tumbling frequency.
The chemotaxis system of E. coli described by the
decision and behavior rules has been shown to be robust
to environmental noises. By analyzing the capability
of E. coli in target tracking as the environmental noise
increases, we found that some of E. coli cells still could
track the target even when σ is 0.45 (see Fig. 9). Changing parameters in the decision and behavior rules under
an extremely noisy environment (σ = 0.40) showed similar results as in the case without any noise except for the
parameter DRnew . By increasing DRnew , we observed
a shifted optimal sensitivity of DRnew = 4 which may
indicate a property change in the chemotaxis system
(see Fig. 10A and B). This property change might be
caused since more steps are required to reflect the global
tendency of gradient profile under a noisy environment.
In the simulation of our E. coli model, we have not
considered any external force acting on E. coli movements. However, since the E. coli cells live in fluids,
they are subject to rotational Brownian movements that
can cause them to wander off course by ca. 30◦ in 1 s
(Passino, 2005; Ermak and McCammon, 1978; Berg,
2000). Analysis with the inclusion of this rotational
Brownian movement among the E. coli cells remains
as further studies. In addition, we note that E. coli have
a mechanism called quorum sensing which realizes the
communication among the E. coli (Miller and Bassler,
2001; Park et al., 2003a,b). Though it may not be very
sophisticated to have sterile worker castes as in social
insects such as bees and ants, quorum sensing allows
bacteria to behave in a quorum-dependent synchronized
manner which might be similar to the behavior of social
insects (Waters and Bassler, 2005). This quorum sensing
module might further provide E. coli with the capability
of moving in a group by communicating with each other
and thereby result in more efficient target tracking. On
the other hand, there has been a growing interest in the
application of the chemotactic motile behavior of bacteria to control micro-robots (Edd et al., 2003; Dhariwal et
al., 2004). The present work can be applied for designing
parameters to acquire the optimal collective behavior of
multiple micro-robots.
In this paper, we have developed a model describing
the motile behavior of E. coli by specifying two simple rules on the chemotaxis. Then, we have explored the
role of some key parameters in the E. coli chemotaxis
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through parameter perturbation analysis to characterize
E. coli chemotaxis mechanism at a system-level. From
the simulation results, we conclude that the chemotaxis
mechanism of E. coli might be designed such that it
is well balanced between sensitivity and robustness. In
other words, it might be designed such that it is sensitive
enough to efficiently track the target while robust enough
to overcome environmental noises, which however needs
to be further investigated experimentally.
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