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Lay Summary
Oxygen is vital to life. Where each organism has a preferred concentration in which to thrive,
resulting in the evolution of many different biochemical mechanisms for sensing and
responding to oxygen concentrations throughout the biological world. Some microorganisms can move themselves to locate their preferred oxygen environment, known as
aerotaxis. The bacteria Bacillus subtilis, has an aerotaxis mechanism which directly senses
oxygen, to enable it to climb gradients to find the optimal conditions in which it can live. How
B. subtilis responds to oxygen over time is the subject of this work.

Bacillus subtilis is a soil bacteria which also lives in the guts of animals. This means that it can
survive in a variety of different oxygen concentrations. Therefore, it is important that the
bacteria can sense and respond to as large a range of concentrations in the most effective
way possible. It achieves this through adapting the biochemical pathway responsible for
aerotaxis, altering the sensitivity range so that it corresponds to the conditions that the
bacteria are currently experiencing. Taking a step back from the biochemical detail, it is
possible to view the response of B. subtilis at the system level. Where the behavioural output
of the system of aerotaxis, in the form of accumulation at the high concentration of oxygen
over time, is measured in response to different concentrations and gradients of oxygen. This
response over time is known as the Dynamic Phenotype.

In this thesis, I explored the Dynamic Phenotype of Bacillus subtilis, by assessing the
population level dynamic behaviour to different gradients of oxygen, in the form of
accumulation over time at the source. I then use this information to recapture the movement
of the population in a mathematical model. The experimental data was achieved through a
combination of microfluidics and in vivo Phase Contrast video microscopy, then, generating
positions and tracks of the individual bacteria through space and time. This information was
then used to fit the sensitivity coefficient, χ, in the Advection Diffusion model.

The understanding of the Dynamic Phenotype of Bacillus subtilis in response to oxygen can
be used for applications such as engineering and medicine. Using this system as a guide for
creating a machine capable of sensing and moving in response to an input, be it chemical or
otherwise, in the most effective way. Additionally, it may be possible to manipulate the
existing bacterial system to follow a gradient of a chemical of our choosing, to locate the
source of disease, be that for medicinal or ecological purposes.
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Abstract
Aerotaxis is the directed migration of cells along oxygen gradients, and allows many
microorganisms to locate favourable conditions. How the organisms respond to the
concentration profiles they are exposed to, dictates how widespread and competitive the
species can be at colonising different habitats. The way in which the bacteria sense and
respond to a stimulus, like an oxygen gradient, over time is known as its Dynamic Phenotype.

Fold Change Detection (FCD), is one type of Dynamic Phenotype, where the entire response
time profile of a system (output) is the same given a fold change on the background
concentration (input). This response rescaling helps the system stay sensitive over large
ranges of ligand concentrations, as the adaptation mechanisms shift the sensitivity range to
account for the background concentration.

The aim of this doctoral project is to assess the dynamic phenotype of the aerotactic response
of Bacillus subtilis, and recapture the population level behaviour in a mathematical model.

In this thesis, I have exposed Bacillus subtilis cells to a variety of relative linear gradients of
oxygen (∇C/C), or fold changes, using the controlled environments that microfluidics offers.
To quantify the movement of the population over time, I exposed the cells to a variety of
different fold changes, to elucidate the dynamic response of the population of cells. I found
that there was no clear trend associated with the accumulation over time (output) for Bacillus
subtilis, given different fold changes (input).

Additionally, I have utilised another mathematical model of a different organism (Escherichia
coli) which has been shown to display FCD. This model was used to recreate the in vivo
experiments in silico, and I use this model to show the expected trend associated with a
system which does employ FCD. I present hypotheses as to the reason for the difference
between the two trends, and discuss experimental procedures to test the theories in the
future.

To achieve the goal of recapturing the cells’ movement as a population in a mathematical
model, it was necessary to assess the Effective Diffusion of the cells as a function of the
oxygen concentration. I have quantified single cell trajectories at constant oxygen
concentrations, to extract the swimming speed and the rate at which they change direction
(tumble), over a variety of static oxygen concentrations. This has quantified the
heterogeneity that a clonal population of Bacillus subtilis cells exhibits. I find that the tumble
rate does not change as a function of oxygen, but the swimming speed does, which alters the
Effective Diffusion of the cells over the oxygen concentrations explored.
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Finally, I fit the Sensitivity Coefficient, χ, within an Advection Diffusion model, as a function
of the concentration and the fold change. I use the output of the in vivo B. subtilis
experiments, as well as the output of the in silico model from E. coli, to compare trends for χ
associated with the concentration and the fold change. I find that B. subtilis has a negative
linear trend between χ and the concentration, and no dependence on the fold change, where
the in silico model has no trend associated with the concentration, but a weak positive trend
associated with the gradient. I proposed a possible explanation for this difference, and
discuss potential extensions of this work to tighten the fitting of the dynamics of the
experiments.
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Introduction
The natural world is full of dynamic environments, ever changing nutrient and toxicity
profiles which bacteria detect and decide on the location in which they exist. Species specific
cellular metabolic pathways depend on different concentrations of oxygen, with some
organisms preferring oxygen rich (aerobic) conditions1, others preferring settings which are
oxygen depleted (anoxic)2, and everything in between3. How the organisms respond to the
concentration profiles they are exposed to dictates how widespread and competitive the
species can be at colonising different habitats.

Aerotaxis is the process by which cells sense and move in response to the oxygen profile
which surrounds them, first noted in 1881, where Engelmann showed that Spirillum tenue
was repelled by high oxygen concentrations4. The study demonstrated that, in a gradient,
different species would form a band at the oxygen level at which the species preferred to
exist5. Since the 1960s6–8 and 1970s9,10, more biochemical techniques have been discovered
and the aerotactic machinery has been extensively studied. These studies have revealed
information about the biochemical pathway, the receptor structure and the dynamics of the
system as a whole, contributing to mathematical models about an organism’s motion and
dynamic response profile11,12, spanning the single cell13 to population-level behaviour11.
There are, however, many different biochemical architectures14 governing chemotaxis in
different species of bacteria and archaea throughout evolution15–17. One such bacterium is
Bacillus subtilis, the subject of this thesis. It has a complex chemotactic architecture
compared to the laboratory standard Escherichia coli, with two additional adaptation
pathways18, as well as a role reversal of the kinase and signal transducer molecules19,
described in detail in 1.3.2.

How the bacteria sense and respond to a stimulus, like an oxygen gradient, over time is
known as its dynamic phenotype and has recently become an area of interest with
chemotaxis12,20–22 and aerotaxis11. As an example, the laboratory standard E. coli has been
found to respond to the fold change in the background concentration, rather than the
absolute concentration difference12, termed Fold Change Detection (FCD). This response has
yet to be shown with B. subtilis’ more complex aerotactic architecture.

This thesis has three main aims:
1. To elucidate the population-level dynamic response of B. subtilis to different oxygen
profiles and whether the organism displays FCD within its aerotaxis system.
2. To extract population-level information from bacterial trajectories under uniform
oxygen conditions.

1

3. The resulting time response profiles and trajectories will be used to inform a
mathematical model aimed at recapturing the population-level behaviour of the B.
subtilis aerotactic system.
The results from these three aims will combine novel approaches for microfluidic
experiments, centred on time varying oxygen profiles, with image analysis and bacterial
tracking, including processing of bacterial trajectories. The results from these will be used for
fitting to an existing model of bacterial chemotaxis, the Advection Diffusion Model11. The
impact of the results from this thesis, will enable understanding of how a more complex
aerotaxis system processes the dynamic stimuli it is presented with. If the comparably
complex biochemical architecture of B. subtilis does display FCD, this raises the question of
why it needs the extra complication as compared with the simpler E. coli system which does
show FCD, and if it does not display FCD, why not?

1.1 Bacillus subtilis
How does B. subtilis move through its environment? At the cellular level, it alternates
between two states: periods of smooth swimming (runs), interspersed with random changes
in direction (tumbles)23. In a uniform environment, this ‘run-and-tumble’ motion produces a
random walk motion23,24. Rotation of the flagella motor propels them through the
environment and also aids in their changing direction25,26, shown in Figure 1.1. The bacteria
make temporal comparisons between the environment they are currently in with the one
immediately previously, as they are too small to sense a gradient along their body length27,28.
Detection of an increase in attractant concentration will increase the proportion of time
spent in the run state24. If the conditions continually improve, i.e. they are swimming up an
attractant gradient, there will be a bias in the random walk towards the more favourable
condition. If the conditions stay the same, they no longer bias their walk and adapt to their
current surroundings. A defining characteristic of the chemotactic system is that, when
exposed to a constant input (concentration of ligand), the output (the proportion of time
spent in the run state) returns to the pre-stimulus ratio, a steady state29. This adaptation to
a constant stimulus enables the system to remain sensitive over orders of magnitude of
concentrations11.

How B. subtilis senses, responds, and adapts to the varied oxygen environments in which it
lives, and are important for its survival, will be the focus of this thesis. Starting with a basic
overview of B. subtilis as a species, this thesis will discuss how B. subtilis interacts with its
environment from a behavioural point of view as well as briefly go over the biochemical
aspects of the research available. Menolascina et al (2017)11 showed that the aerotactic
system of B. subtilis demonstrates the necessary pre-requisites for FCD to exist, by looking at
the static maximal response to various gradients of oxygen. This thesis will extend on this
research by looking at the dynamic response to varying gradients of oxygen and recapture
this time varying behaviour within a mathematical model.
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Figure 1.1 Schematic of the motion of Bacillus subtilis through its environment.
(a) Counter clockwise (CCW) rotation of the flagella cause forward propulsion and clockwise
(CW) rotation cause tumbles. (b) When exposed to a gradient of oxygen, the runs are
lengthened causing a biased random walk motion. This figure was created for this thesis.

1.2 Behaviour of aerotactic bacteria
In this thesis, the behaviour of B. subtilis is measured and discussed as the population-level
interaction with the environment, where distributions of individuals form the population.
This section provides the reader with an understanding of how bacteria interact with their
surroundings. The following sections will describe the cell movements through space and
time, as well as a general overview of the biochemical mechanism which drives the aerotactic
system of B. subtilis. This will provide the reader with an overview of the dynamic relationship
between oxygen and the behaviour of the population.

Bacillus subtilis moves through its environment in a run-and-tumble motion; periods of
smooth swimming, or runs, interspersed with periods of random reorientations, or tumbles.
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1.2.1

Dynamic phenotype

Aerotaxis is a sensory and motility mechanism which allows B. subtilis to detect and follow
gradients of oxygen. The biased random walk exhibited by B. subtilis means that, if the
conditions continuously improve, the cells will elongate their run times, effectively
decreasing their tumble rate. If the conditions are uniform, then the tumble rate will return
to a steady state. This alteration of the tumble rate is an essential part of adaptation as it
increases the range of concentrations that the sensory system can sense and respond to
effectively. How the system output (tumble rate) changes as a function of time in response
to an input (stimulus) is the dynamic property of the system, or the Dynamic Phenotype30,31.

Chapter 3 of this thesis will explore whether Bacillus subtilis employs a type of dynamic
property called Fold Change Detection (FCD) within its aerotaxis system. FCD means that, for
a given fold change on input, the transient output would be the same given a fold change in
the background concentration (ΔC/C). This is sometimes known as scale invariance, due to
the symmetry around the scaling factor32–34. FCD thus allows bacteria to follow a gradient
based on its shape rather than the absolute value of the chemical gradient20.

Upon an increase in input concentration s0 – s1, the tumble rate (a) drops, shown in Figure
1.2(b). This causes the adaptation state (m) to rise, reducing the affinity of the ligand for the
receptor by increasing the equilibrium constant (k). This change in m contributes to the rise
in a, until the system adapts to the new input (s1). How each of the parameters within this
system change as a function of time are the dynamic properties of the system. Within the
laboratory standard Escherichia coli, methylation of the receptor is solely responsible for m.
However, in B. subtilis, m depends on an interaction between three adaptation pathways,
discussed further in 1.3.2 Signal transduction and Adaptation – response regulation. The
following equations were originally developed to explain the chemotaxis system of
Escherichia coli, however can be adapted to Bacillus subtilis by considering the adaptation
mechanisms together as m.
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Figure 1.2 A system can sense how adaptation increases the range of concentrations
s1=Cs0, where C is a positive constant. (a) On an increase in input (s0 – s1), the tumble rate (a)
decreases, then the adaptation state (m) increases, increasing the tumble rate until the system is at a
steady state again. (b) Tumble rate (a) of the system as a function of the input (s) (black line). An
increase in input (s0-s1) (red dot – orange dot) decreases a. As the adaptation state increases (m, blue
arrow), the value of k (value of s at half maximal a) increases (purple arrow). This brings the value of
a back up to a steady state (green dot), but the value of k has increased (purple dashed line), and the
function of a(s) has shifted to the right (black dashed line). This process is reversed on a decrease in
input. The value of k dictates the sensitivity range of a, yet, within a range, the system will always
return to a steady state. a = f(s/k) Figure adapted from Adler and Alon 2018
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The following set of equations, 1.2.1 - 1.2.11, is taken from Shoval et al (2010)20. The value
of k depends on the adaptation state of the cell. The relationship between k and m is defined
as:
1.2.1

𝒌 = 𝒌𝟎 𝒆∆𝑮
1.2.2

∆𝑮 = ∆𝑮𝟎 + 𝜸𝒎

where ∆G is the free energy of the receptors, γ is a constant and m is the adaptation state of
the receptor. The free energy of the receptor is a measure of the energy released when a
ligand interacts with the receptor. Where the higher the adaptation state of the receptor,
the higher the ∆G and k values will be, making the binding of the ligand less favourable.
Therefore:
1.2.3

𝒌 = 𝒌𝟎 𝒆𝜸𝒎

How does the adaptation state, (m) change dynamically?
1.2.4

𝒅𝒎
= 𝑽𝑹 𝑹 − 𝑽𝑩 𝑩𝒂
𝒅𝒕

where R makes the system more sensitive to the ligand, at the rate VR. B desensitises the
system to the ligand, at the rate VB, but only interacting with active receptors, a. VR is
constant and VB varies with the activity of the system. Therefore, at steady state:
1.2.5

𝒂𝒔𝒕 =

𝑽𝑹 𝑹
𝑽𝑩 𝑩

this gives exact adaptation as the steady state (ast) does not depend on the input signal (s),
only on the ratio between the adaptation mechanisms. Therefore, as the adaptation state
increases so does the value of a, at s1. An example of this is shown in Figure 1.2(a), where it
causes more tumbles per second to occur and the value of k to rise continually until ast is
reached. If this is changed to an equation for k(t):

1.2.6

𝒅𝒌
𝒅𝒎
= 𝒌𝜸
𝒅𝒕
𝒅𝒕
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1.2.7

𝒅𝒌
= 𝜸𝒌(𝑽𝑹 𝑹 − 𝑽𝑩 𝑩𝒂)
𝒅𝒕
1.2.8

where:

𝒅𝒌
= 𝒄𝒌(𝒂𝒔𝒕 − 𝒂)
𝒅𝒕
𝒄 = 𝜸𝑽𝑩 𝑩

1.2.9

𝒔
𝒂 = 𝒇( )
𝒌

To satisfy FCD within this system, the following conditions must be satisfied:
1.2.10

𝒇(𝑳𝒔, 𝑳𝒌, 𝒂) = 𝑳𝒇(𝒔, 𝒌, 𝒂)
1.2.11

𝒈(𝑳𝒔, 𝑳𝒌, 𝒂) = 𝒈(𝒔, 𝒌, 𝒂)

where L is a fold change on the background concentration, hypothetically, given a
background concentration of 1 mM, if L is 2, then the input will change to 2 mM.

Satisfying 1.2.10 and 1.2.11 for FCD within a system practically means that the system must
show:
1.
2.
3.

Exact adaptation
Logarithmic coupling of ligand input to the free energy is constant.
Linear coupling of adaptation feedback to the free energy is constant.12

Exact adaptation (1) is the first prerequisite for FCD and states that the response of the
system always returns to a steady state, even when the new signal persists35. Hypothetical
representative examples are shown in Figure 1.3(a). As noted earlier, this is a well
characterised property of the chemotactic and aerotactic system across species, allowing
that system to stay sensitive across a wide range of inputs. Exact adaptation has been found
across a multitude of different systems35–37.

Conditions 1 and 2 are sufficient for Weber’s law for a step input. Hypothetical representative
examples are shown in Figure 1.3(b). Weber’s law is named for the original work on dynamic
properties, performed by Weber and Fechner38, and related minimum sensory perception to
physical weight. Allowing people to adapt to an unspecified weight, new weights were then
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added and the minimal detected change was found to be proportional to the original, or
background, weight. This was extended to light intensity, where the subjective difference
depends on the new stimulus divided by the background stimulus38. Weber’s law states that
the response amplitude (maximal output level) to a change in stimulus depends on the fold
change relative to the background concentration (ΔC/C)35 and is also known as logarithmic
(log-)sensing.

Figure 1.3 Hypothetical representative examples of Dynamic Phenotypes
input/output relationships.
(a) Exact adaptation, (b) logarithmic sensing of Weber's law, and (c)
Fold Change Detection (FCD). S1=CS0 and S2=CS1, where C is a constant.
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For FCD, log sensing is required but having log sensing does not imply that FCD exists within
the system20,35. Recent studies have shown that, similar to E. coli, B. subtilis portrays logsensing11,21. However, the E. coli chemotactic system has also been shown to demonstrate
Fold Change Detection (FCD)20. Chapter 3 of this thesis will investigate whether the B. subtilis
aerotactic system also displays FCD as it has two of the prerequisites: log-sensing and exact
adaptation11. This thesis will explore the dynamics of the adaptation system over different
fold changes, as well as the same fold changes but different absolute changes, and
quantifying the response at the population-level.

1.2.2

Physics

Bacillus subtilis uses a run-and-tumble motion to perform a random walk to explore its
environment (a schematic is shown in Figure 1.1). Switching between states is governed by
the rotational direction of the flagella, counter-clockwise (CCW, as viewed down the
flagellum towards the cell body) will mean the bundle of flagella at the back generate forward
propulsion, and clockwise (CW) causes dissociation of the flagella bundle and reorientation39
through tumbling. This random walk exhibited by the cells has periods of self-propelled, or
ballistic, motion interspersed with periods of random reorientation where they are no longer
self-propelled but do experience diffusion and Brownian motion.

Diffusion is the random motion of molecules or particles within an environment due to
thermal energy, and Brownian motion is the random motion as the result of collision with
external particles. The combination of these two motions result in the non-stationary motion
of inert particles, for example during the tumbles of B. subtilis’ random walk. Einstein showed
in 190540 that particles which are large enough to be seen under the microscope, e.g.
microorganisms, undergo diffusion.

The description of diffusion starts with Fick’s Laws describing how a non-uniform distribution
of particles move through space. Given one dimension, the probability of a particle moving
from a spatial point up or down its axis within the region is equal. The change in the number
of particles per unit space is the flux. The total flux over the entire special domain, or the net
spatial flux (J), of the population is proportional to the first derivative of the concentration of
the particle within space, given by Fick’s first law (1.2.12):

1.2.12

𝑱 = −𝑫

𝝏𝑪
𝝏𝒙
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where D is the diffusion coefficient of the particle, C is the concentration of the particle in
space, and x is the space. Therefore, if the particle is uniformly distributed (δC/δx = 0), then
there will be no net flux, as J = 0, and if δC/δx is a constant, J is also a constant. How the flux
evolves with respect to time (t) is proportional to the second derivative concentration with
respect to space, Fick’s second law, 1.2.13:

1.2.13

𝝏𝑪
𝝏𝟐 𝑪
=𝑫 𝟐
𝝏𝒕
𝝏𝒙

if the concentration of the particle is constant in time, δ2C/δx2 = 0, then, intuitively, the same
number of particles exit the space as enter the space. This is also known as the heat equation.

The Diffusion coefficient (D) seen in both of Fick’s laws is the mean area a population of
particles will be displaced (x2), per unit time (t), in a particular medium, and in one dimension
is defined as 1.2.14:
1.2.14

〈𝒙𝟐 〉 = 𝟐𝑫𝒕

to relate this to the bacteria’s run-and-tumble motion, Lovely and Dahlquist41 show that:
1.2.15

𝑫=

𝒗𝟐 𝝉
𝟑(𝟏 − 𝜶)

this relates D to the velocity of the particle (v), the mean duration of the runs (τ) (provided
they are in an exponential distribution), and the mean cosine of the angle between successive
runs (α)24. Therefore, if α > 0, then the mean of the angle between successive runs are in
roughly the same direction, generating a larger D, and therefore more area is covered per
unit time. If the successive runs are in opposing directions, then α < 0, generating a smaller
D and a smaller area is covered by the particle. At very long runs, however, as the paths of
bacteria are not perfectly straight, so the angle between successive runs is not sufficient to
describe the translational diffusion (D) as a function of the time between tumbles.

Diffusion does not just affect the particles’ position, it can also knock the particles slightly off
their course by altering their persistent directional angle. This random change in direction is
called rotational diffusion (DR) and can be looked at in much the same way as the random
motion in space, or translational diffusion (D), discussed above. Rotational diffusion causes
the runs of the bacteria’s trajectories to not be perfectly straight, and so, given a smooth
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swimming variant, the runs meander around causing the displacement per unit time to
decrease the rate of increase from the original point.

Looking more in detail at the random walk employed by B. subtilis, the runs are dominated
by ballistic motion powered by the flagella bundle and the tumbles are dominated by
diffusive motion. If we were to have purely ballistic or diffusive particles, these two motions
can be differentiated by looking at the Mean Square Displacement (MSD), in 1.2.16:
1.2.16

𝑴𝑺𝑫 = 〈(𝒙 − 𝒙𝟎

)𝟐 〉

𝟏
=
𝑵

𝑵

(𝒙𝒏 (𝒕) − 𝒙𝒏 (𝟎))𝟐
𝒏 𝟏

If the particles’ motion are ballistic, then the area they can cover per unit time, and therefore
their MSD, will be higher than if they are purely diffusive. A hypothetical example of this is
shown in Figure 1.4. However, in reality the motion of the bacteria is neither purely diffusive
nor purely ballistic. The run-and-tumble motion of the bacteria induces a randomness to the
velocity of the trajectory with respect to its previous time point and its origin and, therefore,
changes the area that the particle can cover per unit time. The random reorientation of the
cells is important for them to explore their environment and the duration of the tumbles is
approximately 0.1 s42. Therefore, at short timescales the MSD is ballistic as the cell is
propelling itself through the environment. When the cell’s direction changes enough, the
change in direction induces a decrease in the rate of increase in displacement from the
original starting point which is caused, in this case, by tumbling and rotational diffusion. Over
a population of cells, the MSD changes from being ballistic at short timescales to being
effectively diffusive at longer timescales.
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Figure 1.4 Hypothetical Mean Square Displacement of ballistic and diffusive motion as a function of time
Blue line is a purely ballistic particle, where 𝑀𝑆𝐷 ∝ 𝑡𝑖𝑚𝑒 . The red line is a purely diffusive particle, where
𝑀𝑆𝐷 ∝ 𝑡𝑖𝑚𝑒. The orange dashed line is an approximation of a bacteria exhibiting a random walk motion,
where, up until the bacteria tumble, the MSD follows the ballistic particle’s motion, where 𝑀𝑆𝐷 ∝ 𝑡𝑖𝑚𝑒 ,
and after it tumbles, it follows the diffusive particle’s MSD, where 𝑀𝑆𝐷 ∝ 𝑡𝑖𝑚𝑒.

If the bacteria can change direction through rotational diffusion alone, what is the point of
the tumbles? Howard Berg points to the ability to bias the random walk as the reason for
their existence24. Where the continual “improvement” of the environment causes a decrease
in the chance of a tumble and results in the accumulation of the bacterial population at the
most beneficial environment for survival, this ability to bias the random walk is the physical
effect of the biochemical adaptation mechanisms (discussed below in 1.3 Biochemical basis
for aerotaxis).

How the system adapts over time is known as the dynamic phenotype. In a similar way that
looking at the physical aspects of the interaction of B. subtilis cells with the environment is a
simplified view of how it moves through space, it is possible to look at the stimulus-response
dynamics through neglecting the complexity of the internal biochemical machinery. This
reduces the need to observe all the available parameters to the bare essential (the ratio of
time the cell spends swimming to tumbling). This is discussed in 1.2.1 Dynamic phenotype.

12

1.3 Biochemical basis for aerotaxis
The focus of this thesis is to elucidate population-level statistics for metrics to inform a model
which describes behaviour. The population is made up of multiple clonal individuals grouped
together. Traditionally, metrics such as the swimming speed or the rate at which tumbles
occur would have been assumed to be the population mean. However, it is well documented
that a clonal population of bacteria produce a distribution of phenotype, known as
population heterogeneity or stochasticity43,44. Therefore, it is necessary to look at a
distribution of these metrics to inform how the population behaves as a whole and to
understand how a single individual performs aerotaxis. Consequently, it is necessary to
understand the biochemical basis for aerotaxis.

The behaviour of aerotactic bacteria is governed by the internal biochemical cascade,
mediated by the Che (chemotaxis) family of proteins. Starting with detection of the external
environment by the chemoreceptors, the signal is then passed down through a
phosphorylation cascade to the flagella motor. The Che protein family is conserved
throughout chemotactic bacteria and archaea45–48 with homology across species. The system
follows a two-component regulation in the format of receptor-kinase-transducer-actuator.

The two-component regulatory system is a basic stimulus-response mechanism which allows
organisms to sense and respond to environmental changes49. These systems typically consist
of membrane bound histidine kinases that change their activity level upon an environmental
stimuli. A corresponding response-regulator mediates the cellular response, in the case of
aerotaxis, by passing the signal to the flagella motor and maintaining or altering its directional
rotation. This two-component regulation is found throughout evolution. However, they are
most commonly located within bacterial genetic, and functional, regulation50, for example
aerotaxis.

1.3.1

Receptor structure

Chemoreceptors detect chemicals in the environment around them, either directly or
indirectly through interaction with a secondary protein51,52. These are often referred to as
MCPs because the receptors which have been tested undergo a reversible methylation
reaction, altering the sensitivity of the receptor for the ligand. In Bacillus subtilis, there are
10 different receptor structures encoded within the genome53, most of which are
transmembrane54,55. HemAT is the chemoreceptor responsible for directly sensing oxygen
and is a soluble, heme-based sensor56–58.
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The structure of the HemAT is similar to the cytoplasmic portion of the other chemotaxis
receptors56–59. It is predominantly alpha-helical and associates into homodimers in much the
same way as traditional transmembrane receptors56. HemAT has four domains, a binding
domain, a HAMP domain, a methylation domain and the signal transduction domain. The
ligand (oxygen) binding domain is a heme-based domain, similar to myoglobin58. The signal
transduction domain is the portion of the receptor which is in contact with the adaptor
proteins CheV and CheW. The methylation domain is the portion of the receptor which
interacts with the adaptation mechanism mediated by CheR and CheB.

Groups of homodimers form trimers of dimers (TDs) as receptor complexes in the
membrane57,60, which pass the signal down through to the kinase (CheA). The array of TDs
form a hexagonal pattern which localises at the cell poles and future division sites46,61–64. This
is a stable receptor array65 although, at the edges, some of the receptors can migrate from
one array to another through the membrane66. While the receptors homodimerise, the TDs
do not appear to necessitate being of the same receptor type with communication between
receptors amplifying signals downstream67 and aiding in adaptation68.

1.3.2
Signal transduction and Adaptation – response
regulation
Adaptation to background input signals is important for chemotactic motility as it increases
the range of concentrations that the chemotactic system can sense and respond to
effectively69. This ability means that the output of the system, the ratio of CW:CCW flagella
rotation, will return to a steady state in the presence of a static background
concentration70,71. Where eukaryotic cells make comparisons directly across their cell
body72, prokaryotic cells tend to make temporal comparisons along their trajectory27,73.
Historically, it was assumed that prokaryotic cells were too small to sense gradients
directly, this has been shown to be inaccurate74, where at least one type of vibrioid bacteria
can directly sense spatial chemical gradients along distances as small as 5 μm, when its
typical body length is 12 μm75. Yet, both B. subtilis and E. coli, which are of similar a size,
favour temporal comparisons of gradients27. This is done through modulation of the
internal adaptation state of the cell, increasing and decreasing the sensitivity of the
receptor according to the environment that the cell has just experienced. The B. subtilis
adaptation system involves three pathways, two more than the adaptation system present
in E. coli chemotaxis18, a detailed figure of each is shown in Figure 1.5.

The kinase module of the two-component regulation system is governed by CheA. CheA is
associated with the receptors via two adaptor proteins, CheW and CheV76. Activation of CheA
causes auto phosphorylation and phosphorylation of CheY, CheB and CheV. Phosphorylated
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CheY (CheY-p) is the actuator molecule and diffuses through the cytoplasm towards the
motor protein FliM77 encouraging CCW rotation of the flagella, or smooth swimming
behaviour, and deletion of CheY induces tumbling behaviour almost exclusively in B.
subtilis78.

Termination of the signal to the motor occurs through reduction of the CheY-p intracellular
molecule. In B. subtilis this is done through dephosphorylation at the motor switch, FliY77,
and binding to the CheC/D complex79,80, shown in Figure 1.5. Elevated levels of CheY-p cause
the binding affinity of CheD to change from being preferentially bound to the receptors to
being associated with CheC18,81. This complex has a high affinity for CheY-p, causing a
decrease in the amount of free CheYp in the cytoplasm but also decreasing the activity of
CheA82.
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Escherichia coli

Bacillus subtilis

Figure 1.5 Comparison of Escherichia coli and Bacillus subtilis chemotaxis pathways
The red circles within the diagrams above are the phosphoryl groups and the black arrows show the transfer
of phosphoryl groups. The dashed arrows show the transfer of methyl groups, either onto or removal from
the receptor, and the dotted arrow shows diffusive movement in response to high CheYp levels.
Upon an attractant binding to the E. coli receptor, or methyl accepting protein (MCP), the kinase, CheA, is
inhibited, reducing the amount of this actuator molecule, CheYp, in the cytoplasm, due to the constant activity
of its phosphatase, CheZ. This causes the chance of a tumble by the bacteria to fall, or alternatively, causes it
to swim. The inhibition of CheA also causes less CheB to be phosphorylated, and so the CheR:CheB equilibrium
shifts so that there is more methylation of the receptor. The higher methylation state of the receptor, causes
it to have a lower affinity for the ligand, causing activation of the kinase CheA, and the tumble ratio to return
to its pre-stimulus state.
Upon an attractant binding to the B. subtilis MCP, the kinase, CheA, is activated, causing phosphoryl groups
to be passed onto CheY, CheB and CheV. The actuator molecule, CheYp, then diffuses across the cytoplasm to
the flagella motor, causing the chance of a tumble to decrease, or alternatively to swim. The FliY protein then
hydrolyses the phosphoryl group from CheY. Once a threshold concentration of CheYp has been reached,
CheD dissociates from the receptor, and associates with CheC, which causes fast dephosphorylation of CheYp,
and termination of the signal to the flagella. The increase in CheB shifts the equilibrium of CheR:CheB, causing
methanol to be released, this causes the receptor to have less affinity for the ligand, and the activity of CheA
to decrease again. The role of CheV is unknown, but is needed for full adaptation.
Figure adapted from Porter, Wadhams and Armitage 2011
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A defining characteristic of the chemotactic system is that, when exposed to a constant input
(concentration of ligand), the output (the proportion of time spent in the run state) returns
to the prestimulus ratio (the steady state). Adaptation within chemotaxis is best studied
within E. coli83,84 where the level of receptor methylation alone dictates the sensitivity of the
receptor for the ligand85. By comparison, the three adaptation systems in B. subtilis provide
more biochemical complexity with all three systems being needed for complete adaptation18.
They are the methylation system, the CheC/CheD/CheY system and the CheV system
described in detail below.

The methylation system is mediated by CheB and CheR, mediating the methylation state of
the receptor, and this method is employed throughout evolution86–88. After being
phosphorylated by CheA, CheB demethylates the receptor89,90 and, in a site specific
manner91,92, alters the activity of the kinase. The methylation residues available on McpB are
Q371, E630 and E637 and, although methylation and demethylation appear to be much the
same in aerotaxis as in chemotaxis mediated by other receptors90, the site-specific residues
have not been investigated directly in HemAT. Demethylation occurs on addition and
removal of the ligand92 with different residues on the receptor being responsible for different
sensitivity changes91,93. Deletion of the CheR and CheB proteins in B. subtilis does not appear
to change the tumble bias but the cells no longer return their CW bias to a steady state94,
meaning they can no longer precisely adapt to input signals.

CheV is required for complete adaptation95,96. However, the mechanism for this is still hazy.
Structurally, it has homology to CheW at the N terminus and to CheY at the C terminal97.
Deleting CheV does not impede chemotaxis as much as deletion of CheW and so is partially
redundant to it96,97. It appears that methylation of different residues on the receptor alter
the strength of the effects of CheV98. Within the receptor McpB, when residue 630 is
methylated, CheV has strong effects on kinase activity, similar to that of the methylation
mechanism. When either 371 or 637 are methylated there is a weaker effect on the kinase
activity, more similar to the CheC/CheD mechanism98. This has not been investigated within
the oxygen sensor HemAT.

Together, these adaptation techniques provide the biochemical basis for aerotaxis at the
single cell level. It indicates how the cell alters its internal state to adjust the time it spends
either swimming or tumbling. The incomplete mechanistic understanding of the biochemical
basis for aerotaxis means that a mechanistic mathematical model for aerotaxis within B.
subtilis is not yet possible. However, extraction of metrics at the cellular level, including
individual speeds and tumble rates over various uniform oxygen concentrations, will be able
to inform a probabilistic model of B. subtilis’ aerotactic behaviour. These are discussed
further in Chapters 4 - D[O2], and 5 – Advection Diffusion Model. How the relationship
between the input (oxygen concentration) and the output (behaviour, time spent swimming
vs tumbling) changes over time is described by the dynamic properties of the aerotactic
system, described before in 1.2.1 Dynamic p and in Chapter 3 – Fold Change Detection.
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1.3.3

Stochasticity

As noted before in 1.3, it is well documented that a clonal population of bacteria produce a
distribution of phenotypes known as population heterogeneity or stochasticity43,44. In
practice and in reference to chemotaxis, this means that there is a difference in the sheer
number of the individual Che proteins produced by each individual within the population,
which produces differences in their ability to sense and respond to a given concentration of
ligand. Seen mostly as a strategy of ‘bet-hedging’ for survival when the environment changes,
it has recently become an area of interest within the scientific community43,99–103. Advances
in single cell104 and protein tracking105 have led to exciting advancements in the quantification
and subsequent understanding of how individuals within a clonal population of bacteria
interact with their surroundings103. While most of the research has been done for mRNA and
protein synthesis, behavioural traits like chemotaxis have recently been shown to exhibit
heterogeneity in their efficacy in exploring their environment103.

Behavioural traits, like chemotaxis, look at the system-level rather than the molecular-level.
However, the system-level is dependent on the interactions at the molecular-level. If the
sheer quantity of each of the proteins which make up the pathway are different between
individuals, it follows that one individual’s behaviour will be slightly altered compared to
another. Hypothetically, looking at one protein within the chemotaxis pathway in both E. coli
and B. subtilis, for example CheR, if the quantity of all the other proteins remains the same,
then the only difference between individuals will be the methylation rate of the receptor.
Increasing the levels of CheR, decreases the adaptation time, and increases the time the cell
spends tumbling, meaning the receptor is always less sensitive to perturbations in the ligand
concentration106.

Developing a mathematical model which can capture the in vivo behaviour of B. subtilis
chemotaxis, despite not having the full mechanistic understanding of the biochemical
pathway, makes a full mechanistic model unobtainable. The biased random walk motion and
the stochasticity of the clonal population provide a randomness which make using a
deterministic model inappropriate. Therefore, to recapture the motion of the population of
cells to gradients of oxygen within a microfluidic device, it is necessary to use a probabilistic
model. These models will be discussed in 1.4.

Chapter 4 of this thesis will explore the Effective Diffusion Coefficient which quantifies the
heterogeneity of a population of B. subtilis experiencing a static uniform oxygen
concentration. This produces a distribution of different speeds and tumble rates for the
population as a whole which will feed information into a probabilistic model, presented in
Chapter 5, in order to describe the movement of the population as a sum of individuals. This
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aids in the quantification of the behaviour for the results presented in Chapter 3 - Fold
Change Detection.

1.4 Models
Mathematical models have traditionally been used to quantitatively describe complex
behaviour, such as chemotaxis. These models aim to describe the intracellular dynamics as
well as the behaviour of the population to an external stimuli107. Such models, informed by
experimental data, aim to phenomenologically capture the in vivo results11,108,109. However,
there are very few models which focus specifically on B. subtilis due to the similarity of
physical motion between B. subtilis and E. coli. The majority of the models described will be
based on E. coli.

Quantitative models describing chemotaxis did not start with modelling bacteria110,111,
instead the model relating to slime mould chemotaxis was adapted to fitting bacterial
chemotaxis112,113. Since the 1970s, there have been models produced which describe
different parts of the E. coli chemotactic system, as well as the system as a whole, including:
interactions between the biochemical signalling cascade28,114–117, the receptor adaptation
state109,117–124, and the CW:CCW ratio125, as well as the sensitivity of the system over different
orders of magnitude126–131.

These mathematical models can be split into two groups, Agent-Based Models (ABM) and
population-level models. Agent-based models describe the behaviour of individual cells
through mechanistic models which describe the behaviour of the cells arising from the
biochemical cascade. Population-level models describe the movement of the population as
a whole.

1.4.1

Agent-based modelling

In E. coli, the receptor activity is determined by the ligand concentration present and the
adaptation state of the receptor. Chemoreceptors have been discovered to be in stable
clusters at the leading pole of the cell126. Bray et al132 proposed that the receptors within this
cluster have the ability to change the activity level of neighbouring receptors, either
amplifying or dampening the signal perceived by the receptors. There are two methods
utilised for modelling cooperativity between receptors, the Ising model and the MonodWyman-Changeux (MWC) model, both of which describe the activity of the receptor
arrays133.

19

The MWC model was developed to describe allosteric protein complex interactions134, and
was proposed by Sourjik and Berg to describe chemoreceptor signalling in 200467. The MWC
models assume a cluster of receptors is composed of independent teams of infinitely coupled
signalling complexes (MCP-CheW-CheA complex), meaning the entire receptor cluster is
either in an ON or an OFF state. In contrast, the Ising models treat the cluster as a network
of receptors and kinases with a finite number of couplings127,135–137, in other words, they treat
the receptors as a cluster network or lattice. In the Ising models, the receptor can assume
two states, as in the MWC models, however, they go further to show that neighbouring
receptors interact, and if they are in the same state (i.e. ON or OFF) then the total energy of
the system will decrease135. The clusters formed in nature by receptors mean that the Ising
model structure can be considered more biologically accurate133.

Comparing in vivo data to in silico data is important for biologically relevant models and
having quantitative experimental data to support mathematical models is key to biological
relevance. Förster Resonance Energy Transfer (FRET) data is able to measure the kinase
activity directly and was developed within the E. coli chemotactic system by the Berg lab in
2002138. This method has since generated a large set of quantitative experimental data to
refine mathematical models to real world situations107. The Ising-type models were the first
to exploit the FRET data collected, showing that this data can be explained only when the
receptor-receptor interactions are included in the model139. The MWC type model offers a
simpler solution, describing the cooperativity of identical receptor clusters67 as well as
between mixed receptor clusters131,140. If seeking a high-level of detail, the Ising model is the
preferred choice to model multiple stimuli with antagonistic actions on different receptors141.
However, as this thesis takes a system-level approach, and does not look into the biochemical
interactions of the single cell, only from the population level, the MWC model is more
suitable and will provide enough detail to relate the internal signalling pathway to entire
cellular behaviour13.

A key feature of this thesis is dynamic adaptation, discussed in 3.2.1 and Chapter 3 – “Fold
Change Detection”, and a model describing the dynamic adaptation of B. subtilis is presented
in Chapter 5. To ascertain whether B. subtilis displays FCD, it is useful to compare the metrics
to a system which has been shown to display FCD. The E. coli chemotactic system does display
FCD12,32 and the Signaling Pathway-based E. coli Chemotaxis Simulator (SPECS) is an ABM
model which describes the dynamic movement of E. coli13.
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1.4.2
Modelling Adaptation and Signalling Pathwaybased E. coli Chemotaxis Simulator (SPECS)
Unlike B. subtilis, in E. coli molecular adaptation is solely performed through the methylation
state of the receptor83,84 and so is treated similarly in all model types. Robustness with
respect to the input in modelling biochemical pathways was introduced by Barkai and
Leibler142, guided by the invariance properties of bacterial chemotaxis, showing exact
adaptation by a return to a steady state behaviour. SPECS describes the system level
response of individual E. coli cells to an input field (chemoattractant field), and it is the
minimal amount of mechanistic information within a model to recapture the behaviour13 (as
briefly described below).

Each functional receptor cluster can be in either an active or inactive state143. These states
are separated by a free energy difference, Nε(m,[L]) , where N is the number of the
responding receptor dimers in the complex. The kinase activity is defined as:

1.4.1

𝒂=

𝟏
𝟏+

𝒆𝑵𝜺(𝒎,[𝑳])

which is the equivalent of 1.2.9. Using a MWC allosteric model for receptor cooperativity13,140,
the free energy difference can be written as:

1.4.2

[𝑳]
𝟏+
𝑲𝒂
𝜺(𝒎, [𝑳]) = 𝒇𝒎 (𝒎) − 𝒍𝒏(
)
[𝑳]
𝟏+
𝑲𝒊

where fm(m) is the methylation level-dependent free energy difference, and Ki and Ka are the
dissociation constants of the ligand to the inactive and the active receptor, respectively. This
is the equivalent of 1.2.2. The values they use are taken from FRET data from Mello and Tu
(2007)144. fm(m) is defined as 1.4.3, where α and m0 are taken from138,145:
1.4.3

𝒇𝒎 (𝒎) = 𝜶(𝒎𝟎 − 𝒎)

The kinetics of the methylation level are described as 1.4.4. The methylation rate function
F(a) is expressed by a linear approximation with kR and kB as the linear rates for methylation
and demethylation processes, respectively. The simple form is based on the assumption that
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CheR only methylates inactive receptors and CheB-p only demethylates active receptors,
which are required to achieve near perfect adaptation in the kinase activity13,123,142,146.
Meaning, the kinase activity returns to the pre-stimulus level, and relates back to the model
by creating the linearity of the adaptation feedback mechanism, satisfying the conditions for
FCD stated in 1.2.1 Dynamic phenotype.
1.4.4

𝒅𝒎
= 𝑭(𝒂) ≈ 𝒌𝑹 (𝟏 − 𝒂) − 𝒌𝑩 𝒂
𝒅𝒕

Translating the internal kinetics into a run-and-tumble motion is done as the ratio between
the different states (running or tumbling). The probability of switching from a run to a tumble
is defined as:
1.4.5

𝒑𝟏 (𝒀) = 𝝉𝟎 𝟏

[𝒀]𝑯
[𝒀]𝑯
𝟎.𝟓

where τ0 ~ 0.2s, [Y] is assumed to be proportional to the kinase activity, H ~ 10. After a tumble,
a new direction is chosen at random with the velocity of 16 µm/s13,42. This model has been
used in this thesis to provide evidence for comparison between a system which does display
FCD and the results for B. subtilis in Chapter 3.

1.4.3

Population-level models

Unlike E. coli, a full understanding of the mechanism of adaptation with B. subtilis aerotaxis
has not yet been reached, see 1.3.2. Therefore, it is necessary to use a population-level model
to recapture the behaviour. This section will go through some of the relevant precursors to
the model presented in this thesis.

Since the pioneering work of Keller and Segel111 (KS model), there have been many more
population-level models which have come closer to recapturing the movement of a
population of cells in response to a chemical stimuli147. The KS model is based on an advection
diffusion model, which captures the behavioural result of the population to both random
(diffusion) and directed (advection) motility. Given by 1.4.6:
1.4.6

𝝏𝑩
= 𝛁(𝑫𝛁𝑩) − 𝛁𝑽𝒄 + 𝑹
𝝏𝒕

where B is the bacterial density, D is the diffusion coefficient, t is time, VC is population
velocity and R is a variable which could be a source or a sink of the variable B (e.g. growth or
death). Most models assume that there is no cell growth or death as the length of these
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experiments is not long enough for this to affect the result (reviewed here148). In the case of
swarm plate assays, the time taken for these experiments is much longer (days) and so the
cell growth and death are non negligible149.

For the chemotactic speed (VC), and to replicate the experimental observations, Keller and
Segel assumed that the chemotactic coefficient is dependent on the attractant
concentration150. Given by 1.4.7:
1.4.7

𝑽𝒄 = 𝝌

𝛁𝑪
𝑪

where χ is the chemotactic coefficient and C is the concentration of the attractant. This
expression means the bacteria’s speed increases as the concentration of the attractant
decreases, until it reaches the singularity where the C = 0. This model was found to
sufficiently describe the behaviour of E. coli cells in response to serine66,151 and allows the
model to predict the band formation observed by Alder8. This model also allows the system
to sense the logarithm of the stimulus, even before it was noted in vivo151. However, it does
not capture the full biological picture of log-sensing within a finite range of concentrations.

The LS model was originally based on the experiments by Dahlquist et al. 151, who found that
the KS model did not predict the full behaviour of the Salmonella typhimurium cells. Arguing
that diffusion theory could explain the behaviour during the experiments141 they advanced
their work by considering a wider variety of experimental observations152,153, and developing
a model which is more ‘biologically relevant’, they presented a chemotactic coefficient154 as
in 1.4.8:
1.4.8

𝑽𝒄 = 𝝌

𝑲𝒅
(𝑲𝒅 + 𝑪)𝟐

where Kd is the dissociation constant between the ligand and the receptor. While this model
accurately represents the experimental results of the day it does not convey the complexity
of the overall behaviour exhibited by E. coli, with the range of log sensing and FCD displayed
by the population.

Generation of multi-scale models, which bridge the gap between the population-level and
the intracellular mechanisms, has also been developed. At the population-level, there are
variances between individual cells’ behaviour. Modelling these fluctuations in chemotactic
and swimming patterns of the individual cells and that impact on the general population has
given rise to several interesting methods, of particularly the models produced by the groups
Rivero et al.155 and Menolascina et al.11.
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Rivero155 presents a probabilistic model of the behaviour of the cells in the population, taking
their original movement vector in 1D and splitting the cells into two groups (those moving in
the positive direction and those moving in the negative). When a bacterium experiences a
tumble it switches direction and also the group it belongs to. This behaviour is what is
expected in vivo and is dependent on the number of receptors which are bound to the
attractant. proposed this VC in 1.4.9:
1.4.9

𝑽𝒄 =

𝟐
𝝌
𝛁𝑪
𝑽𝒕𝒂𝒏𝒉( .
)
𝟑
𝟐𝑽 (𝑲𝒅 + 𝑪)𝟐

where V is the velocity of the cell population. This also displays good homology with the
experimental data but fails to capitulate the dynamic response of logarithmic sensing or FCD
that E. coli displays.

Menolascina took a different approach to their multiscale model11, using a one-dimensional
Fokker-Planck, describing the evolution of the spatial distribution of the bacterial population
as a probability density function. In the paper, they present the VC for B. subtilis aerotaxis as
1.4.10:
1.4.10

𝑽𝒄 = 𝝌

𝟏
𝛁𝑪
(𝑲𝟏 + 𝑪)(𝑲𝟐 + 𝑪)

where K1 and K2 are the dissociation constants of the receptor. This model predicted the
behaviour of the cells well and includes the biological relevance of the dissociation constants
of the receptor and the finite range of log sensing that their paper also described11.

Modelling the behaviour of cells in vitro has proven challenging and there has been less
interest in modelling the behaviour of cells in vivo, purely because of the complexity in
modelling shown in the constrained environment of the laboratory. With the advent of
microfluidic devices, incorporating control over the spatio-temporal environment, and videoor fluorescent- microscopy, this creates invaluable data with which to generate
mathematically accurate models of the systems being studied. Combining these single
organism studies with the interactions between higher order organisms and microorganisms
will create a fuller picture of how the ecosystem interacts and what influences infection and
disease management.
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1.5 Aims and objectives
To date, there has been less interest in the way Bacillus subtilis interacts with its
environment, compared with Escherichia coli, partly due to the comparative complexity of
the biochemical adaptation pathways. However, this thesis aims to fill some of the gaps in
knowledge by developing a better understanding of how B. subtilis interacts with its oxygen
environment. Experimental evidence in the form of Phase Contrast Video Microscopy, and
the resulting trajectories, will inform a population-level mathematical model presented
within this thesis.

The experimental methodology chosen for this project is microfluidics. Traditional
approaches to quantifying chemo- and aerotaxis have centred on capillary assays7,10,29, where
a uniform population of cells is exposed to a capillary containing a molecule of interest. This
method is well quantified and has mathematical models associated with the diffusion of the
molecule of interest into the media the cells are in29,156. However, using this method, it is not
easy to achieve the accurate and quantifiable gradients needed to be able to rescale them
by a constant, which is necessary for elucidation of FCD. Microfluidics offers a solution to
this, by creating a microenvironment which is tightly controlled, and the design of the device
has been shown to create static linear gradients of oxygen11, which are easily rescaled by a
constant.

Bacterial tracking and data extraction will also be employed to ensure accurate and timely
analysis of the movements of the bacteria in space. Identification of the bacterial positions,
as well as tracking the swimming bacteria, will be done using algorithms built by Teun Vissers
and published in 2018104 and 2019157. Then, novel data analysis will be developed for this
thesis, to extract metrics associated with the chapters 3 and 4. In Chapter 3, the analysis will
focus on the bacterial positions through time, monitoring the dynamic accumulation to
different gradients, and in chapter 4, individual trajectories will be analysed to extract metrics
(swimming speed, tumble rate, tumble time) associated with motility at different oxygen
concentrations. The details of how these algorithms work is explained in Chapter 2, as well
as in Vissers et al 2018104, and Vissers et al 2019157.

The aim of chapter 3 is to extend on that of Menolascina et al 201711, where they showed
that B. subtilis exhibits logarithmic sensing. Their experiments focused on the static maximal
behavioural output of the population to a static gradient of oxygen. The resulting population
density profiles were then used all together to fit a global optimal for the parameters in the
Advection Diffusion Model in 1.4.3. As introduced in 1.2.1, log sensing is required for FCD to
exist within a system, but does not mean that it exists35,158. The objective of Chapter 3 will
focus on elucidating whether B. subtilis displays FCD within its aerotactic system. Taking a
uniform distribution of cells and measuring their dynamic behavioural output as they
respond to a new gradient of oxygen, I will then compare the response within fold changes
as well as between different fold changes.
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The objective of Chapter 4 will focus on the Effective Diffusion Coefficient of the cells, looking
at trajectories taken at a uniform profile of oxygen at various concentrations. Finally,
experimental evidence from both Chapter 3 and Chapter 4 will be used for fitting to the
Advection Diffusion model, which will be presented in Chapter 5. Together, this information
aims to present a comprehensive view of the population level behaviour of Bacillus subtilis
and its relationship with oxygen.

Together, this information presents a comprehensive view of the population level behaviour
of Bacillus subtilis and its relationship with oxygen.
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Methods

The aim of this project was to develop a full understanding of Bacillus subtilis’s response to
oxygen and use that information to inform a probabilistic mathematical model. To achieve
this, the Bacterial Diffusion Coefficient (D[O2]) of the motile bacteria as a function of oxygen
and understanding whether the dynamic adaptation of the system follows Fold Change
Detection (FCD) were ascertained to feed this information into the probabilistic model.
Generation of population level metrics including speeds, tumble rates and dynamic
responses which were all used to predict behaviour. The methods used to extract this
information from a wild type strain of B. subtilis (OI1085) are described below. Cell culture,
Microfluidics, Microscopy and Experimental set up, and Data analysis are all discussed in this
chapter. The combination of these experimental methods aimed to extract as much
information out of the movement of the individual cells as possible, this successfully enabled
a probabilistic model of the response of the bacteria to different oxygen profiles.

2.1 Cell culture
To ensure wild type expression of aerotaxis within B. subtilis it was necessary to select the
correct strain and the correct media for the cell culture procedure prior to experimentation.
The strain for the experiments needed to be expressing the full wild type aerotactic system,
a full complement of HemAT and all of the Che family of proteins. The usual wild type strain
used within B. subtilis aerotaxis experiments is OI1085159, which is used throughout Bacillus
subtilis chemo-23,160,161 and aerotaxis11 literature, as it has the complete chemotaxis
machinery necessary to exhibit wild type behaviour.

To test the efficacy of the tracking and metric extraction described in 2.5 Data Analysis, it was
necessary to use a strain which does not tumble as a negative control. Strain OI4139 was
chosen due to it having almost exclusive counter clockwise (CCW) bias79, meaning it is almost
exclusively in the smooth swimming state. This is due to the deletion of the cheC1 gene,
which encodes for the phosphatase protein within Bacillus subtilis, CheC. This ensures there
is always a supply of the actuator molecule CheYp, causing a high CCW bias of the flagella
motor, making it tumble very infrequently. This OI4139 strain was used as a negative control
for the algorithms used in Chapter 4, Bacterial Diffusion Coefficient (D[O2]) project, to ensure
the algorithms were calling tumbles and other metrics correctly. Information on the strains,
their genetic modification information, and references relating to each of them can be found
in Table 2.1.
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Table 2.1 Strains used in this work

Strains used in this work
Strain name

Modification

OI1085

Che+, trpF7
metC133

OI4139

ΔfliY2ΔcheC1
amyE5720::fliY4

Description
hisH2 Chemotactic wild type

Reference
11,159

Encodes for the entire
chemotactic machinery within
B. subtilis
Smooth swimming phenotype

79,162

No CheC, meaning high CheYp
concentration and low tumble
rate

Tables in Appendix A describe the media recipes used with the aerotactic Bacillus subtilis
strains OI1085 and OI4139. Including how to generate frozen stocks of the strains and to
ensure aerotactic behaviour of the cultures for experimentation.

2.1.1

Frozen stock

To generate frozen stocks from a liquid culture, the 10μl of the desired strain cell culture was
incubated with 2ml of LB Table A.1 overnight, at 37 oC on a shaker at 190-220 RPM. In the
morning, the culture was diluted in a 1:10 ratio in fresh LB and incubated at 37 oC on a shaker
until the optical density (OD) at 600 nm reached OD600 ~ 0.35-0.45. The cells were pelleted
using a centrifuge at 10000 g for 10 mins. The supernatant was discarded and the cells
resuspend in 1.5ml of filter sterilised Freeze Mix, Table A.3. The resulting solution was then
transferred to a cryovial and stored at -80 oC.

2.1.2
Generation of aerotactic Bacillus subtilis
cultures
To grow cultures of B. subtilis OI1085 from frozen stock it was necessary to culture them on
LB/Agar, Table A.4, plates overnight prior to inoculation in liquid culture. LB/Agar was made,
detailed in Table A.4. The solution was autoclaved at 120 oC for 20 minutes and allowed to
cool to approximately 50 oC prior to pouring into petri dishes, if stock was already made, the
LB/Agar was melted in a water bath or microwave until fully melted. To pour the plates, 10
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cm petri dishes were used and ensuring good aseptic technique, poured approximately 20ml
of the melted LB/Agar solution into the plates, these were allowed to cool and solidify.

The frozen stock was taken out of the -80 oC freezer, the top of the frozen culture was scraped
with an inoculation loop and inoculated the solid LB/Agar plate by spreading the solution
around. The plate was labelled and incubated at 30 oC overnight. After the overnight
incubation, the plate was wrapped in Parafilm or in an air-tight container and store at 4 oC.
The plates should be useable for approximately 2 weeks.

To make a liquid culture of B. subtilis OI1085 for the aerotaxis experiments, it was necessary
to make a stock of Incomplete Cap Assay Minimal Media (CAM), Table A.6, HMT, Table A.7,
and Tryptone Broth, Table A.8 (detailed in Appendix A). To ensure continuity across
experiments, it was necessary to change as little of the ingredients as possible throughout
the experiments, so making smaller batches of Complete CAM media, Table A.9, out of its
constituents ensured less contamination and more batch consistency.

A colony of B. subtilis OI1085 was selected from the plate and transferred to 2 ml of Complete
CAM and incubated overnight at 37 oC on a shaker at 190-220 RPM. In the morning, the
culture was diluted 1:100 in fresh Complete CAM and incubated at 37 oC on a shaker at 190220 RPM until the culture reached OD600 0.4-0.6 (approximately 6 hours). The cultures were
then diluted to a final OD600 ~0.05 in fresh Complete CAM for imaging in the microfluidic
device.

For smooth swimming experiments, Bacillus subtilis OI4139 was cultured using the same
methods and media as OI1085, except Complete CAM media was supplemented with 50mM
isopropyl-β-D-thiogalactoside (IPTG) (Sigma-Aldrich, CAS: 367-93-1).

2.2 Microfluidics
To achieve a good level of understanding of the behavioural response of a population of B.
subtilis with respect to oxygen, it was necessary to be able to set accurate and quantifiable
gradients of oxygen within a microscopic field of view. Specifically within aerotaxis, when
setting gradients at low concentrations of oxygen, it was important to be able to segregate
the experimental platform or chamber from atmospheric oxygen. Set out below, are two
methods for manufacturing microfluidic devices, one which is the usual method for
manufacture, and the second is the method used to make the device used in this work.
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2.2.1

Manufacture of microfluidic devices

2.2.1.1

Soft lithography

Usually made through soft lithography, where a silicone chip is used as a mould for the PDMS
(SYLGARD™ 184 Silicone Elastomer Kit, Dow, Corning) to solidify around. A workflow of the
method for soft lithography is shown in Figure 2.1. PDMS was thoroughly mixed with its
curing agent in a 10:1 ratio, then the PDMS mixture was poured over the mould, masters
were fabricated by Alex McVey, Postdoc within the Teuta Pilitoza lab in the Department of
Biology at the University of Edinburgh, and then placed in a degasser or vacuum pump
(Welch® W Series vacuum pump, Model 8917C-02) to get rid of all the bubbles. For devices
which are more intricate in detail it may be necessary to get rid of the bubbles within the
PDMS mixture prior to application to the mould. Once the mould had the PDMS mixture on
it, and had no bubbles within the mixture, the PDMS was cured at 60oC for ~4 hours. After
curing, the resulting devices were then removed from the mould and cut to appropriate sizes
using scalpels, and any holes for entrances/exits to the device were punched through with a
biopsy punch (VWR reference MEGRKAI-P101, manufacturer: MEGRO GMBH).

Manipulation and cutting or punching of the PDMS can result in dust or residual PDMS
collecting on the surface of the device. The devices needed to be cleaned before being
attached to glass slides, or the surface which the sample will be imaged on. This can be done
through soaking in isopropanol (Sigma-Aldrich, CAS: 67-63-0) and sonicating for 30 mins. The
isopropanol was removed and the devices dried in the oven at 60oC for 20-30 mins.

For the purposes of this project, due to the oxygen permeability of PDMS, microfluidic
devices fabricated in this manner were not used to collect any data for this project. The
microfluidic devices used for data collection in this project were manufactured as described
in 2.2.1.3. This traditional method is included as a description of how traditional microfluidics
are made.
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Figure 2.1 Schematic of a method for Soft Lithography for general manufacture of Microfluidic Devices.
a) PDMS and curing agent are mixed in a 10:1 ratio, the resulting mixture is then poured onto a mould, b) the
mould is then placed in a degasser until all of the bubbles have gone, and then cured in an oven at 60 ˚C for 4
hours, c) the device is then carefully cut from the mould and the mould stored for future use, d) any
entrance/exit holes are punched with a biopsy punch, e) the devices are placed in isopropyl alcohol and
sonicated for 30 minutes, f) the devices are removed from the isopropyl alcohol and dried in the oven for 60 ˚C
for 20-30 minutes, g) taking a glass slide, and ensuring there are no dust particles, expose the surfaces to be
adhered together on both the glass slide and the PDMS device, and use the plasma oven, h) remove from the
plasma oven and press the surfaces together quickly and firmly without collapsing the channels, i) cure in the
oven at 60 ˚C for 30 minutes.

2.2.1.2

Plasma bonding

Attachment to a microscope slide or cover slip is done using a plasma oven (Aldrich Z561665).
The plasma oven passes ionising plasma over the exposes surfaces of the items in the oven’s
chamber, causing reactive oxygen species to be created on the exposed surface. These
ionised surfaces, when gently pressed together and heated in the 60oC oven for ~30 mins,
create a strong enough bond to withstand 30-50 psi pressure163.
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2.2.1.3
Manufacture of the microfluidic device used in this
work

Figure 2.2 Schematic of Microfluidic device used in
this work. Taken from Menolascina et al (2018)11
Dimensions of the device, the Test channel = 460μm,
the PDMS walls = 200 μm. The height of the channel
(the height of the PDMS walls) = 100 μm.

For this work, the design of the device has
to be appropriate to view cells’ natural
behaviour in a 3 dimensional environment.
It also has to be able to set oxygen gradients
at low and high oxygen concentrations,
without being contaminated by the oxygen
present in the atmosphere. The design
chosen is published in Menolascina et al
(2017)2. Shown in Figure 2.2, the device has
a source and a sink of oxygen, and two
PDMS walls creating a central channel
where the bacteria can be imaged. This
central channel is separated from
atmospheric oxygen by having a roof and a
floor made from glass, which is
impermeable to oxygen. This device
achieves linear gradients throughout the
channel2 and although a simplified version
of B. subtilis’ experiences in nature, it gives
a good estimation of the 3 dimensional
movement of the cells through a liquid
medium.

The glass slides required to separate the device from atmospheric oxygen makes the
manufacture of the device atypical, the schematic is in Figure 2.3. Instead of using a mould,
it is necessary to take a thin sheet of PDMS (SSP-M823-006, Shielding Solutions), the
thickness being the height of the channels needed, in this case it is 100 μm thick. The PDMS
is then cut to shape using a Laser Cutter (LC) (Epilogue Laser Fusion, 60 Watt, with BOFA
extractor).

The drawing used to specify the outline of the device was originally drawn in AutoCAD. It was
imported into CorelDRAW X8, which was used to control the LC. This information was sent
to the LC using the Print function and specifying the preferences as Epilogue Engraver WinX64
Fusion Properties. The Job Type “Vector” was used and the speed selected was 20%,
Frequency at 100%. The Power varied depending on how clean the laser was, but it was
typically appropriate at ~8%.
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Figure 2.3 Schematic of method for Manufacturing Microfluidic device
a) Taking a sheet of PDMS at the appropriate thickness (10 μm in this case) and place it under the laser cutter
to cut out the desired design, b) remove the channels and discard, c) the devices are placed in isopropyl alcohol
and sonicated for 30 minutes, d) the devices are removed from the isopropyl alcohol and dried in the oven for
60 ˚C for 20-30 minutes, e) taking a glass slide, and ensuring there are no dust particles, expose the surfaces to
be adhered together on both the glass slide and the PDMS device, and use the plasma oven, f) remove from the
plasma oven and press the surfaces together quickly and firmly without collapsing the channels, i) cure in the
oven at 60 ˚C for 30 minutes, g) take another glass slide and using a Dremel drill, place a blue tac well over the
point at which a hole is required, and slowly press the drill onto the glass slide, applying gentle pressure until
the drill punctures the glass, repeat as necessary, h) taking the glass slide with holes, and ensuring there are no
dust particles, expose the surfaces to be adhered together on both the glass slide and the PDMS device, and
use the plasma oven, i) remove from the plasma oven and press the surfaces together quickly and firmly without
collapsing the channels, and cure in the oven at 60 ˚C for 30 minutes

The resulting PDMS design was then cleaned and then plasma bonded to one glass slide as
described above (2.2.1.2 Plasma bonding), which acted as the floor of the device channel.
The second glass slide had to have holes drilled into it prior to plasma bonding, to ensure that
gas pipes can be attached via connectors and that cells could be inserted into the device for
experimentation. This was done using a diamond tipped Dremel drill (3.2mm EAN code
8710364080380), usually used for dental treatment. The places needed to be drilled were
marked, and a blue-tac well was placed over it and filled with water. The water reduces the
vibrations from the drill and therefore reducing the chance of shattering the glass. The drill
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was then switched on and lowered onto the glass slide and very gentle pressure was applied
until the slide was punched through. This slide was then cleaned thoroughly to remove any
residual glass dust, and attached to the PDMS using the plasma cleaner as described above
(2.2.1.2 Plasma bonding), making sure the holes were in the right orientation for the device.

To attach the gas pipes to the device, it was necessary to make small PDMS squares which
would act as connectors. These were made using the usual method of Soft lithography 2.2.1.1
described above, but without using a specific mould. The connectors were cut to size, and
had a hole punched into them, using a biopsy punch (VWR reference MEGRKAI-P101,
manufacturer: MEGRO GMBH) which needed to be a tight fit for the size of gas pipe used,
i.e. slightly smaller than the outer diameter of the gas pipe. These were then plasma bonded
(follow method 2.2.1.2 Plasma bonding) to the device over the appropriate holes to ensure
a gas tight seal.

2.3 Experimental Set-Up
To set up the microfluidic platform for aerotaxis experiments, it was necessary to control the
oxygen coming into the device and acquire the images at an appropriate rate for data
analysis. Experimental Set-Up is broken down into two portions; before the microfluidic
device, and after the microfluidic device. Meaning control of oxygen prior to entering the
microfluidic device, and set up of appropriate microscopy and camera hardware and image
acquisition software for accurate image analysis.

2.3.1

Oxygen control

The source of oxygen for this project was tanks of different oxygen concentrations, the
different tanks used in this work are found in Table 2.2. Oxygen control within each side of
device was done through mixing oxygen with nitrogen at different ratios in Y-connectors to
form the desired concentration of oxygen, as shown in Figure 2.4. The flow from each tank
was regulated by high-precision Mass Flow Controllers (MFCs) (Cole Parmer, IL), and are
controlled using National Instruments software (NI). The sum of the flow in the Y-connectors
and therefore into the device was kept to 10 ml/min, following the method set in
Menolascina et al 201711. To ensure the FCs were not damaged, and the tanks were not
contaminated by backflow through the MFCs, the pressure differential between the two
input arms of any Y-connector needed to remain in less than a 9:1 ratio.
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Table 2.2 Gas tanks used throughout this work

Gas tank
0%
0.1 %
1%
20 %
100 %

Balance
100 % Nitrogen
0.1 % Oxygen, balance
Nitrogen
1 % Oxygen, balance Nitrogen
20 % Oxygen, balance Nitrogen
100 % Oxygen

Supplier
BOC (2.38m3)
BOC (2.38m3)
BOC (2.38m3)
BOC (2.38m3)
BOC (2.38m3)

The Y-connectors were made by Mark Mason, Mechanical Technician within the Department
of Engineering, University of Edinburgh. They consisted of three 15 gauge needles and a
plastic low oxygen permeability Y-connector, a schematic is shown in Figure 2.4. The needles
were connected to both the FCs and the device via low oxygen permeability tubing (C-flex
Ultra, Cole Parmer, IL), with an inner diameter of 0.5 mm.

Figure 2.4 Oxygen Control Set-Up
The tanks (grey = oxygen, green = nitrogen) are connected to the microfluidic device using a series of nonpermeable tubes via Mass Flow Controllers (MFCs, black boxes) and y-connectors (red). The regulators on the
top of the tanks are set to 2 bar, and the MFCs are set between 1 ml/min and 9 ml/min to achieve a total of 10
ml/min into the device, at a maximum mixing ratio of 1:9.

Some of the dynamic experiments required three tanks, one of 100% Nitrogen (0% Oxygen)
and two different concentrations of Oxygen be connected to the device at the same time. To
eliminate the need to change the tubing during an experiment, this required a modification
to the set-up which is shown in Figure 2.5, in the form of a new Y-connector which had a tap
(Y-connector with tap), able to shut off the flow from one entrance to that Y-connector at
any time. This allowed the set-up to switch the oxygen input tank during an experiment
without needing to change the Y-connector. This allowed for a wider range of Oxygen
concentrations to be assessed within the microfluidic device during dynamic experiments.
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Figure 2.5 Modified Oxygen Control Set-Up
The tanks (grey = oxygen, green = nitrogen) are connected to the microfluidic device using a series of nonpermeable tubes via Mass Flow Controllers (MFCs, black boxes) and y-connectors (red), and one tconnector (red with black tap). The regulators on the top of the tanks are set to 2 bar, and the MFCs are
set between 1 ml/min and 9 ml/min to achieve a total of 10 ml/min into the device, at a maximum mixing
ratio of 1:9. The dynamic aspect of the experiments, made it necessary for one starting concentration,
supplied by oxygen tank A, then at t=0, a gradient is applied across the channel, switching to a second
concentration from tank A into one side of the device, and a third into the other side of the device, supplied
by tank B.

For more detail on the individual experimental conditions for each of the projects, see 2.4.1
Spatially Dynamic Experiments and 2.4.2 Effective Bacterial Diffusion Coefficient
Investigation.

2.3.2

Image acquisition

Images were taken using a Nikon microscope (model: TI), in combination with an Andor Neo
camera (Zyla 5.5 sCMOS). The software used to capture and save the images is Nikon
Elements (NIS Elements AR version) using the RAM Capture function. Illumination is provided
through CoolLED, using white light. To set the microscope up for good optics, it was necessary
to focus the condenser on the sample at the necessary position (x, y and z position) and set
the illumination and filters, so they were at good levels for the individual sample. No filters
were used on the illumination, and the brightness was set to appropriate levels for the
sample on the settings pad (generally between setting 6-10).
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The entire width of the microfluidic device imaging channel was visible using the 10x
objective, the bacteria were visible and able to be detected by the segmentation algorithm
(for more detail see 2.5.1 Segmentation and Tracking) at the 10x magnification.

Nikon Elements was used throughout this work and the Phase Contrast objective was the CFI
Plan Fluor DL 10XF using the Ph1 condenser annulus on the microscope, in combination with
the appropriate lighting for the sample (generally between setting 6-10). All of the Phase
contrast videos were filmed at 20 frames per second (fps). The number of frames captured
in all videos was 6000, as this was the highest number of frames the RAM was able to take at
one time.

2.4 Experimental Procedures
2.4.1

Spatially Dynamic Experiments

2.4.1.1
Sample
Experiments

preparation

for

Spatially

Dynamic

For the purposes of the Spatially Dynamic Experiments, the culture of the strain of B. subtilis
chosen, must be both motile and aerotactic. Therefore, to generate a culture of B. subtilis
which was sufficient for these experiments, it was necessary to follow the method described
in 2.1.2. This method reliably creates aerotactic cultures for analysis, using the strains chosen
for imaging. The sample was then be loaded into the microfluidic device, the method for
which is described in 2.4.1.1.1.

2.4.1.1.1 Loading the Microfluidic device
The device was loaded with the diluted strain to be imaged (OD600 ~0.05), ensuring the
imaging channel had no bubbles or other fibres within it. The exposed ends of the channel,
the holes in the microscope slide, needed to be covered to ensure no shear flow within the
imaging channel was present, as this would affect the movement of the cells. This was done
by using spare PDMS chunks without any holes punched in them, they were placed over the
holes in the microscope slide to plug the ends.
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2.4.1.2

Data Collection

For dynamic experiments, the initial conditions of the experiment were allowed to stabilise
within the channel for at least 20 minutes prior to imaging. This was for consistency between
experiments, as it took approximately 20 mins for the previous video to load off the RAM and
to be saved, and is double the time Menolascina et al11 used for their calibration of the
oxygen conditions within the device.

The instructions in 2.3.2 Image acquisition were followed to set up the microscope and Nikon
Elements settings. Then, Phase Contrast images were taken halfway up the channel (at 50
µm above the bottom surface of the channel) in the z direction.

At time (t) = 0, the phase contrast imaging was started, and at the same time the oxygen flow
rates were changed at the FCs therefore changing the mixing ratio between Oxygen and
Nitrogen. The time it took for the volume within the pipes to flush through is listed in Table
2.3. A model of the diffusion through the device over time is modelled in Menolascina et al
201711 and in chapter 3.

Table 2.3 Flush volumes for the different Y-connectors

Set-Up
Y connector only

Flush Volume
0.41 ml

Flush time
2.46 s

5.69 ml

34.12 s

Figure 2.4 Oxygen Control SetUp
Y connector with tap
Figure 2.5 Modified Oxygen
Control Set-Up

2.4.2
Effective
Investigation

Bacterial

Diffusion

Coefficient

2.4.2.1
Sample Preparation for Bacterial Diffusion Coefficient
Investigation
The same method was followed as 2.4.1.1 Sample preparation for Spatially Dynamic
Experiments.
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2.4.2.2

Data Collection

For static experiments, the concentration of oxygen was set up and allowed to stabilise within
the channel for at least 20 minutes prior to imaging. This is for consistency between
experiments, as it took approximately 20 minutes for the previous video to load off the RAM
and to be saved.

The steps in 2.3.2 Image acquisition were followed to set up the microscope and Nikon
Elements settings. Phase Contrast images were taken towards the bottom of channel (at 15
µm above the bottom surface of the channel) in the z direction. Oxygen concentration was
kept static over all of the images taken.

2.5 Data Analysis
2.5.1

Segmentation and Tracking

Images taken from microscopy were passed through a segmentation and tracking
algorithm157, both written in C for Linux by my collaborator, Teun Vissers. The segmentation
algorithm takes all of the individual image files from the microscope, an example shown in
Figure 2.6(a), and extracts the bacterial positions within each frame. It does this by identifying
colloidal shapes which have very low light intensity and are clustered together in
approximately 2 μm long oblong or colloidal shape. It reduces noise by taking every 50th
image in the sequence and, if any pixels within the images haven’t changed in light intensity,
then these pixels are considered background noise, and are discounted from being
considered as bacteria, shown in Figure 2.6(b). The algorithm then produces a series of
images with these background pixels removed, and in negative, shown in Figure 2.6(c). It then
identifies colloidal shapes from these intermediate images without background, these
colloidal shapes are then considered ‘found bacteria’ and the centre of mass of them are

40

a)

c)

b)

d)

Figure 2.6 Example output images from the segmentation algorithm from one dataset using the same segment of
the same frame.
a) the raw output of the microscope, or the input files for the segmentation algorithm. b) the background
image, white pixels are those which do not change in intensity throughout the series of images, which are
used to inform the algorithm to identify motile bacteria. c) a negative image of the input, with the identified
background pixels removed from the image. d) shows an output image of the segmentation algorithm, green
crosses show the identified bacteria, red pixels, identify those areas which could be considered as bacteria if
the settings are altered. This was checked manually to ensure no false positives or negatives.

then saved within a ‘positions’ file, describing the found bacteria’s position within space in
that image. The algorithm creates images which have green crosses on them in the positions
of each of the found bacteria157, an example shown in Figure 2.6(d)

The tracking algorithm takes the output of the segmentation algorithm, a bacteria’s position,
and generates trajectories or tracks of each bacterium found within the image sequence. To
do this, it takes a found bacterium’s position, at time = t, and applies a grid 50 μm x 50 μm
centred on that bacterium. The algorithm looks within the grid in the same position in the
subsequent frame, at time = t+1, and identifies any found bacteria within that grid. This grid
is used to reduce the memory needed for the tracking process, as a bacterium cannot move
more than 50 μm in 0.05 s, which would be a speed of 1000 μm/s. The identified list of
bacteria within the grid at time = t+1, are then ranked based on their velocity and their
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orientation compared with the bacterium in the previous frame at time = t, and the most
likely candidate at time = t+1 is then assumed to be the same bacterium as in the frame at
time = t. As the suspension of the bacteria was at a very low concentration, approximately
0.05 OD600, there were few crossovers in trajectories, therefore there was the assumption
that the individuals within the culture do not interact with each other157.

2.5.2

Metric Extraction

The positions and tracks files were taken from the 2.5.1 Segmentation and Tracking
algorithms, it was necessary to extract other metrics to quantitatively assess the behavioural
output of the bacteria to oxygen. The Dynamic experiments section sets out how the
behavioural output of the cells as a population was quantified in response to a change in the
background concentration of oxygen. The results of which are discussed in further detail in
Chapter 3, “Fold Change Detection”. The Static experiments extracted information from
trajectories at both the single cell and population level. This was used to quantify the
behaviour over different static and uniform levels of oxygen. The results of which are
presented in Chapter 4, D[O2]. All of the metrics extracted from both of these types of
experiments fed information into the mathematical model, derived below and results of
which are described in Chapter 5.

2.5.3

Spatially Dynamic Data Analysis

To generate a quantitative measure of how the population of bacteria respond to the
Spatially Dynamic Experiments, it was necessary to use a metric which can compare the
motion of the centre of mass of the bacteria, in relation to the centre of the channel. This
means I can compare the behavioural output of the entire population to the gradient which
the cells were exposed to. To achieve this, I chose to use the Chemotactic Migration
Coefficient (CMC), which is used throughout chemotaxis literature11,164. The CMC is calculated
from the bacterial positions in one dimension (x) defined as:
2.5.1

𝒘
∫ 𝑩(𝒙)𝒙 𝒅𝒙 − 𝟐
𝑪𝑴𝑪 =
𝒘
𝟐

where B(x) is the distribution of bacteria in space, and w is the width of the channel. The CMC
was evaluated at 2 second intervals to produce the CMC as a function of time (CMC(t)). The
CMC(t) were sigmoidal in shape, with noise, therefore to get an indication of the smoothed
transient response, I used non-linear least squares to fit a sigmoid curve to the CMC traces
for each experiment using:
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2.5.2

𝒚=

𝟏
𝟏+𝒆

𝒌(𝒕 𝒕𝟎 )𝜶

where y is the CMC value at each time point, t0 is the time value of the inflection point of the
curve, k is the angle of the tangent at the inflection point, and α is the maximum y value that
the curve tends towards. The inflection point along this curve I have termed the CMC50, and
is an indication of the half maximal point that the CMC reaches, giving a good indication of
the dynamic migration of the population to the oxygen gradient imposed over the cells.

2.5.4
Bacterial Diffusion Coefficient Investigation
Data Analysis
For the 2.4.2 Effective Bacterial Diffusion Coefficient Investigation, I took the trajectories of
the bacteria and apply filtering mechanisms to reduce noise, and then extracted the speed
and the tumble rate. As I was only interested in the bacteria which are actively swimming, I
filtered the trajectories to reduce the number of passively diffusing bacteria or those which
are physically stuck to a surface. To distinguish between these types of motion, I used the
MSD(τ) (mean square displacement) at different time delays (τ) to generate the translational
exponent Kt,
2.5.3

𝒌𝑻 =

𝐥𝐨𝐠(〈𝑹𝟐 (𝝉𝟏 )〉 − 𝐥𝐨𝐠(〈𝑹𝟐 (𝝉𝟎 )〉
𝐥𝐨𝐠(𝝉𝟏 ) − 𝒍𝒐𝒈(𝝉𝟎 )

Figure 2.7 Translational exponent for the experiment 2% O2
The peak at ~2 means that the majority of the trajectories are of swimmers.
Trajectories which have a value of >1.5 are considered swimmers.
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where τ1 is the time delay over which the MSD is measured, τ0 is the inverse of the framerate,
or the delay time between two consecutive frames. Adherent cells will have kT ≈ 0, diffusive
cells kT ≈ 1 and actively swimming cells kT ≈ 23. The minimum trajectory length to be
considered is 10 frames in length (> 0.5 s), I calculated the kT using a delay time of τ = 0.4s,
shorter than the minimum trajectory length. This is identified in Figure 2.7, where the peak
of cells is close to 2.0, showing that the majority of cells are swimmers, with a few diffusers
centred on kT of 1.0. The identified trajectories with kT values of >1.5 are now referred to as
Swimmers.

The Swimmers were then assessed for their circularity, as bacteria which are within the
hydrodynamic layer near a surface and swim in a circular motion162. As these Swimmers were
not representative of the normal motion of the bacteria, these Swimmers are discarded. To
do this, I have fitted, using a non-linear least squares method, a radius and a centre of a circle
to each trajectory in turn, and if the radius was <14.4 μm in length then the trajectory was
discarded. This value was selected after a trial and error, and was found to be most
appropriate by eye, results shown in Figure 2.8.

Figure 2.8 Highlighting sample bacterial trajectories which have a fitted radius of <14.4 μm.
Swimmers are highlighted in black and the bacteria which are within the hydrodynamic layer are
highlighted in red, and are excluded from any further analysis

For identification of the tumbles, there are many different ways to proceed165. The most
common way is to identify the vector of the trajectory between two frames at consecutive
time points. I looked at the dot product between the two resulting vectors, and normalised
the magnitude of the vectors to gain only the angle between the portions of the trajectory.
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2.5.4

𝒂⃗. 𝒃⃗ = ‖𝒂‖‖𝒃‖ 𝐜𝐨𝐬 𝜽

where a and b are the vectors between frames and θ is the angle between them. The
normalised magnitude of the vectors, resulted in the magnitude of both of the vectors = 1
and finding cosθ. Taking all of the portions of the trajectories which have a cosθ value of <0
as a tumble. Removing those portions from the trajectories gave an accurate idea of the
swimming speed of the bacteria during that experiment.

The results from the Dynamic experiment analysis are presented in chapter 4, the Effective
Diffusion Coefficient of Bacillus subtilis.

2.6 Derivation of the model
The model used in Chapter 5 is the model derived in Menolascina et al 201711. This model
describes the movement of the bacterial population in response to a gradient. They
developed a one-dimensional Advection Diffusion (AD) Model, to predict the concentration
of bacteria, B(x,t), and is defined as:

2.6.1

𝜹𝑩
𝜹
𝜹𝑩
=
(𝑫
− 𝑽𝒄 (𝑪, 𝛁𝑪)𝑩)
𝜹𝒕
𝜹𝒙 𝑩 𝜹𝒙

where B is the bacterial distribution, C is the concentration of the ligand, in this case oxygen,
x is space and t is time. The Bacterial Diffusion Coefficient, DB, they derived as:

2.6.2

𝑫𝑩 =

𝑽𝟐 𝝉𝑻
𝟐

where V is the cell’s swimming speed and τT is the time between individual tumbles.

For the chemotactic velocity, Vc, as described in 1.4.6, can have multiple derivations, but
these do not fully describe the behaviour of B. subtilis11,21. In the 2017 paper, Menolascina
et al derived a new Vc where they started from a one-dimensional Fokker-Planck
model11,166,167, and captured the temporal evolution of the spatial distribution of bacteria in
an oxygen gradient. Using a velocity-jump process, they modelled the bacterial exploration
in one-dimension, where the bacteria either swim with a constant speed (positive or negative
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direction), or tumble (instantaneous change in direction). The probability of tumbling is
controlled by the receptor methylation state, which depends on the extracellular oxygen
concentration. Moment closure and parabolic/hyperbolic scaling techniques gave:
2.6.3

𝑽𝒄 = 𝝌

𝟏
𝛁𝑪
(𝑲𝟏 + 𝑪)(𝑲𝟐 + 𝑪)

where C is the concentration of ligand, ∇C is the gradient over the cells, K1 and K2 are the
dissociation constants of the HemAT molecule, the receptor for oxygen, and χ is the
chemotactic sensitivity coefficient. The values for K1 and K2 are fixed as they are the
biochemical underpinning of the sensory mechanism. The DB was extracted through analysis
of trajectories in Chapter 4. The value for χ will be fitted to the experimental data. The results
for this analysis will be shown in Chapter 5.
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Fold Change Detection
Introduction to Fold Change Detection
Fold Change Detection (FCD), as discussed in Chapter 1, is where the entire response time
profile of a system is the same given a fold change on the background concentration. This
robustness helps the system stay sensitive over large ranges of ligand concentrations, as the
adaptation mechanisms shift the sensitivity range to account for the background
concentration. Given a certain amount of nodes, only a few network structures can display
FCD within their system35. Given that bacterial chemotaxis systems of different species have
already been shown to display FCD, both theoretically168 and experimentally12, the question
arises whether Bacillus subtilis’ aerotactic system also display FCD, despite having a more
complex adaptation mechanism than the laboratory standard Escherichia coli?

As discussed in Chapter 1, there are three prerequisites for a system to display FCD:
1.

Exact adaptation, where ast is constant.

2.

Logarithmic coupling of ligand input, s, to the free energy, G, is constant, k1.

3.

Linear coupling of methylation feedback, m, to the free energy is constant, k2.12

( )

=𝑘
=𝑘

As Bacillus subtilis has already been shown to display logarithmic sensing within its aerotaxis
system11, it therefore already shows the first two prerequisites for FCD. I then hypothesise
that, as B subtilis already uses Weber’s law to search for oxygen, it will also use FCD.

One method to measure the activity (a) of the receptor kinase complex is to use a Forster
Resonance Energy Transfer (FRET) pair12,169. The method Shimizu et al used in their 2011
study12, where Escherichia coli chemotaxis system has two fluorescent molecules, one
attached to CheY and another to its phosphatase molecule CheZ, where fluorescence of one
colour occurs when the two molecules are within a physical distance of one another169. The
ratio between the two emission wavelengths is then used to measure the amount of effector
molecule (CheYp) within the chemotaxis system over time12. This indirectly measures the
activity (a) of the receptor-kinase complex. This method was used to show that the E. coli
chemotaxis system does use FCD to search for aspartate12 by immobilising cells on a surface
and exposing them to time varying stimuli of the non-metabolisable form MeAsp (methylaspartate) and measuring their FRET response.
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Due to the comparatively higher complexity of the B. subtilis aerotaxis adaptation pathways
discussed in Chapter 1, to produce a FRET pair for this species, it is not a simple case of
transferring the successful method in E. coli to B. subtilis. There are two methods by which
B. subtilis dephosphorylates the CheYp molecule, one by FliM, found on the flagella motor,
and the other by the CheC/CheD complex, which forms when the concentration of CheYp
reaches a threshold level. Therefore, given that the activity of the receptor-kinase complex
in E. coli is inferred by the proximity of the effector molecule (CheYp) to its sole phosphatase
(CheZ), the multiple phosphatases within B subtilis (FliM and CheC/CheD complex), mean
that the concentration of CheYp within B. subtilis cannot be measured using the same FRET
pair. At the beginning of this project, there was no published FRET pair for B. subtilis, and so
repeating the time varying single cell experiments done using a strain of E. coli with a FRET
pair was not possible.

This gives rise to a question, how do you check for FCD using population-level data? The
method I have chosen uses microfluidics to assess the behavioural output of B. subtilis at the
population-level by assessing their cumulative migration over time to a gradient of oxygen.
Microfluidics, as discussed in Chapter 1, was chosen because it offers a tightly controlled
microenvironment using a combination of oxygen permeable PDMS (polydimethylsiloxane)
as walls between the culture of bacteria and the source and sink of oxygen, and nonpermeable glass. The device, detailed in Chapter 2, can create linear gradients of oxygen and
can allow the bacteria to explore the 3 dimensional environment which is close to their in
vivo behaviour, while still maintaining control for useful analysis and data extraction.

Here, I define behavioural output as the accumulation of the population of cells at the
attractant side of the channel. This migration of the population can be quantitatively
assessed by using cell coordinates as a function of time. This method indirectly measures the
proportion of time the entire population spends swimming up the gradient and is an
extension of the method performed by Menolascina et al in 201711. In this paper, B. subtilis
cells were allowed to accumulate to their maximal steady state at the attractant side of the
channel, which was the source of oxygen, and the resulting maximal accumulation of cells
was measured. This experiment did not measure the dynamic response, which is the
important aspect for FCD, so being able to monitor the population level behavioural response
over time is vital to being able to assess whether B. subtilis utilises FCD within its aerotactic
system.

Combining microfluidics with phase contrast video microscopy detailed in Chapter 2, it is
possible to measure the Chemotactic Migration Coefficient (CMC) over time to measure the
density change of the cells in response to a gradient. The CMC is defined as:
3.1.1

𝒘
∫ 𝑩(𝒙)𝒙 𝒅𝒙 − 𝟐
𝑪𝑴𝑪 =
𝒘
𝟐
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Where B(x) is the distribution of cells within the channel, x is the space, and w is the mid
channel point. The CMC(t) is then used as the dynamic behavioural output of the population.
I test B. subtilis OI1085, a Wild Type (WT) aerotactic strain, using different relative linear
gradients of oxygen (∇C/C) (or Fold Changes (FCs)), where ∆C is the concentration difference
and C is the mid channel concentration. Assessing gradients with the same FC as well as
between different FCs, I then compare the resulting dynamic accumulation of a population
of B. subtilis to a model of bacterial chemotaxis. This comparison is between the Signalling
Pathway-based E. coli Chemotaxis Simulator (SPECS) model13, described in section 1.4.2,
which models the internal activity of the receptor-kinase, as the E. coli chemotaxis pathway
has been shown to use FCD to adapt to background stimuli of aspartate12. The data generated
using this E. coli model, is then compared to experimental observations within B. subtilis
using parameters for the model simulations in silico as similar as possible as in vitro. The
SPECS data is then used to show what the expected trend from a system which does display
FCD135 would be, and was then compared to the experimental observations from B. subtilis.

FCD in Escherichia coli
The E. coli chemotaxis system, with the attractant of MeAsp, shows FCD12. SPECS is a model
which mathematically captures the activity of the receptor-kinase complex (a) as a function
of the methylation of the receptor (m) and the input (s)13. The E. coli system displays FCD in
the range Ki << s << Ka where Ki and Ka are the dissociation and association constants of the
ligand to the receptor and have values of Ki = 18.2 µM and Ka = 3 mM. Therefore, given that
the range for FCD is much larger than Ki and much smaller than Ka, I explored in the range of
182 µM – 300 µM.

To ensure that the SPECS model does use FCD, the receptor-kinase activity as a function of
time, a(t), was monitored against a Fold Change (FC). Figure 3.1(a) shows that to two of the
same FC, FC = 0.0488, there is the same activity as a function of time, a(t), with the same
maximal output of 0.4896, and a cross correlation result of 1.0. Whereas, Figure 3.1(b) shows
that a FC of 0.0488 and 0.465 show different maximal outputs, 0.4896 and 0.4903
respectively, and different a(t), shown by the cross correlation result of 0.89. This confirms
that SPECS is a model which displays FCD.
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a)

b)

0.4903

Figure 3.1 Escherichia coli SPECS model activity and concentration as a function of time, showing the SPECS
model does display FCD.
These results were generated for this thesis using the SPECS model published in Jiang L, Ouyang Q, Tu Y (2010)
(a) Showing the same FC (∇C/C) and the resulting activity (a). The same output confirmed through cross
correlation is 1.0 between the two activity traces, t=0-400 s and t=400-800 s. (b) Showing the same absolute
concentration difference (∆C) but different FCs, show a difference in the maximal activity, at 0.4896 and
0.4903 for FC = 0.0488 and 0.0465 respectively and the dynamic activity over time, shown through the cross
correlation result of 0.89. This confirms that SPECS uses FCD to search for aspartate.
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To generate a set of in silico E. coli data using SPECS which is comparable to the in vivo B.
subtilis data, the parameters or experimental conditions for both types of data were kept as
similar as possible. This is to ensure any trends associated with either set of data can be
attributed to the system of FCD and not as an artefact of the experimental conditions. The
parameters of both of the species’ experiments included, keeping within the predicted
concentration range for FCD, E. coli 182 μM – 300 μM MeAsp, and B. subtilis 0.1 % - 20 % O2.
The pre-adapted conditions were kept constant for all of the experimental conditions,
therefore, there is the assumption that the internal concentration of CheYp, and the activity
of the receptor-kinase complex, a, was constant at the start of the each experiments, E. coli
250 μM, B. subtilis 18 % O2. The space in which the experiments were performed was kept
constant for both E. coli and B. subtilis at 460 μm. The timeframe for the experiments was
kept constant, E. coli 400 s, B. subtilils 300 s. E. coli cells swim at a slower speed, therefore
were given extra time to explore the environment. The resulting distributions of the E. coli
data were analysed using the same Python code as for the in vivo data from B. subtilis.

The CMC(t) can be extracted from the in silico data, Figure 3.2 shows the CMC(t), and
sigmoidal fitting using:
3.2.1

𝒚=

𝟏
𝟏+𝒆

𝒌(𝒕 𝒕𝟎 )𝜶

Where y is the CMC value at each time point, t0 is the time value of the inflection point of the
curve, k is the angle of the tangent at the inflection point, and α is the maximum y value that
the curve tends towards. See Materials and Methods for further information. Each of the
experimental conditions show a clear distinction between the different FCs, indicated by the
colour. The lowest FC (0.049) in black show the lowest CMC at 0.12 and slowest accumulation
at 376 s, and the highest FC (0.4) in pink has the highest maximal CMC at 0.54 and reaching
it the quickest at 146 s.

Figure 3.3 shows the half-maximal point along the CMC curves for each of the experimental
conditions, termed the CMC50. The lowest accumulation is found for FC 0.049, which range
between 0.062 (220-231 µM) and 0.085 (230-241 µM), with times between 91 s (220-231
µM) and 203 s (230-241 µM). The highest accumulation is found in FC 0.4, with a CMC50 value
of 0.272 and time of 73 s. The quickest accumulation is found to be FC 0.261 (230-299 µM).
Linear Regression was performed on all of the in silico conditions, showing a negative linear
correlation between the FC and the CMC50. This in silico data, generated using the SPECS
model, shows the expected form of a system which does use FCD to search for nutrients.
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Figure 3.2 The Chemotactic Migration Coefficient (CMC) as a function of time (CMC(t)) for Escherichia
coli using SPECS.
The CMC for one of each FC experimental condition changes as a function of time until it reaches a steady
state. The smaller fold changes (∆C = 10 µM and FC = 0.049) have a lower accumulation (CMC = 0.1), and
a slower time to reach a steady state (t ~ 275 s). The higher fold changes (∆C = 100 µM and FC = 0.4) have
a stronger accumulation (CMC = 0.55), and the time it takes for the population to reach steady state is
much smaller (t ~ 200 s).

Figure 3.3 CMC50 map for all of the simulations within Escherichia coli using SPECS.
The line of best fit is a linear regression of all of the data points shown, with R2 value of 0.6992. The different
Fold Changes (FCs), have different shapes, where the grey right pointing triangles have the lowest FC
(0.049) and the dark pink diamond has the highest FC (0.4). There is a negative linear corrolation between
the FC and the CMC50(t), where the higher the FC, the stronger and faster the response.
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Does Bacillus subtilis display FCD?
To determine the dynamic response of B. subtilis to a gradient of oxygen, I exposed cells in a
microfluidic channel to a uniform concentration of oxygen to ensure the adaptation state of
the cells was at steady state then, at t=0, changed the gradient over the cells to the
experimental conditions. A biological triplicate of time series Phase Contrast images were
taken and analysed at each experimental condition (an example dataset is provided in Figure
a)
Concentration (%)

b)

c)

e)

d)

Figure 3.4. An example dataset of Bacillus subtilis. At t=0,
the concentration at the top of the channel was changed
from 18% to 4%, and at the bottom of the channel from
18% to 2%.
(a) The concentration of oxygen over time, modelled in
silico. (b) The uniform distribution of cells changes as a
function of time to reflect the change in concentration over
the channel. (c) The change in the Chemotactic Migration
Coefficient (CMC) as a function of time. (d) The centre of
mass of the bacteria change as a function of time. (e) The
CMC50 is the half maximal point of the CMC(t) profile
indicated by the triangle, along the fitted CMC curve.
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3.4). The Chemotactic Migration Coefficient (CMC) and the Centre of Mass (COM) are
extracted as a function of time and show the dynamic behavioural output in the form of
accumulation of the population to the high concentration of oxygen.

Figure 3.4 is a representative example of the in vivo data collected (all from one experiment
of 2- 4% O2). The top panel shows the modelled oxygen profile that the cells experience.
Figure 3.4(b) and Figure 3.4(c) show the accumulation of the population of cells at the top of
the channel, where the high concentration of oxygen is located, where Figure 3.4(b) is
calculated relative to the centre of the channel. This means that a CMC = 0 would be no
accumulation, CMC = -1 would be complete accumulation at the low oxygen concentration,
and CMC = 1 would be complete accumulation at the oxygen source. Figure 3.4(e) shows the
CMC50, for the same experiment. For this dataset (2-4% O2), it reaches a CMC of 0.62 at
approximately 105 s.

To generate a more confident estimate of the mean, bootstrapping of the positions of the
bacteria within the triplicates was performed on all data, generating 50 in silico datasets. The
method for bootstrapping used pools the positions of all of the bacteria found within the
biological triplicate for one experiment at each time point. It then samples randomly from
this pooled list, with replacement. The average number of bacteria found per frame for that
experiment was between 75-100 bacteria depending on the dataset. This generates in silico
datasets, termed a ‘bootstrapping events’. The number of bootstrapping events for each of
the datasets was kept arbitrarily high, at 50. The mean of the bootstrapped data was then
used to generate the CMC mean for the entire dataset. This process was repeated for all of
different oxygen gradients (ΔC) explored, both with the same FC (∇C/C) and different FC, all
pre-adapting to a uniform concentration at 18% oxygen. Plotting all of the CMC(t) profiles
gives Figure 3.5(a), and the CMC50 for each of the experimental conditions gives Figure 3.5(b).
Based on Figure 3.5(b), there is a similarity within the FC 0.067 (reds) and the FC 1.00
(oranges).

Using linear regression there is a positive correlation between the FC and the CMC50(t). The
lowest CMC within the predicted range for FCD, is FC 0.67, experiment 10% - 20% O2 with a
CMC50 value of 0.18 in 67.5 s. The experimental conditions which take the longest to reach
the CMC50 is FC 1.64, 0.2%-2% O2 with a CMC50 value of 0.35 in 129.6 s. The highest CMC50
value is 0.40 in 93.6 s which is from the FC 1.81, 0.1%-2% O2 experiment. The quickest to
reach its maximum CMC50 is the experiment with FC 1.64 1%-10% O2, which reaches a CMC50
value of 0.35 in 49.5 s.
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a)

b)

Figure 3.5. CMC and CMC50 for all experimental conditions for Bacillus subtilis
(a) CMC(t) traces for one of each FC and the fitted sigmoid for each shown. (b) The CMC50 points for each of the
experimental conditions. Error bars are standard error of the mean in both time and CMC direction. The flush
volume is the time taken for the experimental oxygen conditions to reach the outside of the channel as the
volumes differ depending on whether a valve was used (values for flush volumes can be found in theTable 2.3).
Values marked with * are not included in the linear regression as they are outside of the predicted range for FCD.
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Discussion
In this chapter, I analyse the dynamic response of a population of B subtilis cells to gradients
of oxygen. First, I tested a range of oxygen gradients with small FCs (0.67, 1.0, 1.33 and 1.6)
both within the range expected for FCD and outside that range. The CMC50 values within the
FCs are similar to others with the same FC, and different from those with different FCs.
However, the relationship between the FCs is not what would be expected for a system which
does show FCD as a larger FC should elicit a stronger and faster response than a lower FC, as
shown in the E. coli results in Figure 3.3. What is seen from B. subtilis is a similarity in the
CMC50 for FC 0.67, of ~0.35. This value is higher than that of the FC of 1.0, which has a CMC50
value of 0.34. For a system which displays FCD, shown in E. coli, the higher the FC, the quicker
and stronger the behavioural output in terms of the CMC50(t). However, for B. subtilis, the
experimental data shows something different. Where there is a similarity between the B.
subtilis experiments with the same FC, there is no clear trend between the value of the FC
and the behavioural output in terms of the CMC50(t).

I then extended the fold changes to larger FCs (1.64, 1.81, 1.92 and 1.96) to see whether this
would elucidate the expected response. These results show an even less clear correlation
between the FC and the CMC response. The FC of 1.64 in particular have such a difference in
the time taken to reach the CMC50, as to be both the quickest at 49.5 s and the slowest at
129.6 s. Looking at the entire CMC50(t) map for B. subtilis, shown in Figure 3.5(b), there is no
clear correlation between the FC and the CMC50(t), shown by the low R2 value of 0.05. This
differs from the expected trend for the CMC50(t), which is shown by the SPECS model in Figure
3.3, having a negative linear correlation between the FC and the CMC50(t), with an R2 value
of 0.7.

Using SPECS as a comparison has its limitations. In the in silico E. coli experiments, the static
gradient (∆C) of MeAsp was set over the cells at t=0, after preadapting the in silico E. coli
‘cells’ to a static uniform concentration of 250 µM. However, in the in vivo B. subtilis
experiments, the static gradient (∆C) of oxygen reaches the cells at approximately t=80,
shown in Figure 3.4(a), after preadapting the B. subtilis cells to a concentration of 18 %
oxygen. The diffusion of oxygen through the device in these in vivo B. subtilis datasets is a
physical component of this type of experiment, due to the oxygen only being able to diffuse
in one dimension, through the PDMS walls of the device. This causes a dynamic pocket of
high oxygen to persist in the centre of the channel until the gradient (∆C) of oxygen is
reached. This was not accounted for in the in silico E. coli SPECS simulations due to time
constraints on this project.

Looking at the difference between the CMC50 maps for both B. subtilis in vivo results and the
E. coli in silico results, there is a clear distinction between the two trends. The negative linear
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correlation in E. coli is the more expected trend for a system which does display FCD, as the
higher the FC in background concentration, the stronger and faster the behavioural output
in the form of accumulation at the attractant side of the channel. The lack of clear trend in
B. subtilis shows that there is little correlation between the FC and the behavioural output,
and so does not support the hypothesis that B. subtilis uses FCD to search for oxygen. The
results presented here suggest that I find no evidence of FCD within B. subtilis aerotaxis,
however, this does not prove that FCD does not exist within this system, only that it is
inconclusive with this data.

I present three possibilities to explain this case:

1.
2.
3.

The type of experiment used is not robust enough to distinguish whether FCD is utilised in B.
subtilis.
FCD is not exhibited within the range of oxygen conditions explored within B. subtilis.
There is a non-linear relationship between the adaptation feedback to the free energy of the
receptor, meaning that FCD will not be presented within B. subtilis aerotaxis.

This type of microfluidic experiment has one major limitation, surrounding the diffusion of
oxygen through the device. At t=0, the gradient is set across the channel, however, the
concentration that the cells have been pre-adapted to, 18 % oxygen, is still present
throughout the channel. For those experimental conditions which are lower than this, the
oxygen needs to diffuse out of the device before the ∆C is static across the channel. This
causes a dynamic oxygen environment which the B. subtilis cells are exposed to before the
∆C. As shown in Figure 3.4(a-b), the cells start to react to the dynamic oxygen conditions
within the device, accumulating within the centre of the channel where the high oxygen
pocket forms. This means that the cells are capable of sensing the dynamic gradient as it
arises, and so are reacting to these dynamic changes in oxygen level before the chosen static
∆C is set, meaning that it is not possible to elucidate FCD within the B. subtilis aerotaxis
system using this microfluidics method. To combat this, choosing a lower preadapted
concentration, preferably the mid channel concentration (C), would minimise the amount of
diffusion of oxygen through the device at the start of the experiment, and expose the cells to
the static oxygen gradient sooner than in the set up used here. It would also change the
adaptation state to one which more closely matches the oxygen concentration of the
experiment.

It is possible to test whether the experiment type is robust enough and whether the range is
correct by utilising the new FRET pair for B. subtilis which was made available as of 2018170.
This will give the opportunity to repeat the assays completed in E. coli to elucidate whether
the microfluidics assay presented here is robust enough to elucidate an FCD response within
B. subtilis.
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The oxygen range explored within Menolascina et al 201711 shows that there is a plateau in
the maximum CMC reached between the range of ~0.1% and ~20% for the mid-channel
concentration (C), and therefore, this is the range for logarithmic sensing. The explored range
of C in this thesis is a minimum of 1.1%, and the maximum of 50%, with the expected range
covering 2%-10% thoroughly, therefore, it is unlikely that I have the wrong range of oxygen
concentrations. As I have not explored a full range of FCs, I cannot conclusively rule out that
I have not missed the FCs necessary to elucidate FCD within this system.

It could be that the concentration that was chosen for pre-adapting at the beginning is a
necessary pre-determinant for FCD to be shown within the B. subtilis aerotaxis system. For
the E. coli SPECS data, the pre-adapted concentration (250 μM) was within the concentration
range for FCD. If the predicted concentration range for the B. subtilis is incorrect, then the
pre-adapted concentration (18 %) may be outside of the range for FCD.

The third possibility is that there is a non-linear relationship between the adaptation
feedback and the free energy of the receptor. Figure 1.2 shows that upon an increase in input
(concentration of attractant) the tumble rate of the cell decreases sharply and the adaptation
state, rises linearly. This change in the adaptation state, changes to the affinity of the ligand
for the receptor, quantified by the free energy. This in turn, when the input is still at the new
increased concentration, causes the tumble rate to increase until it reaches the prestimulated state. 1.2.1 shows there is a linear coupling of the free energy to the adaptation
state of the receptor for a system which does display FCD.

In the E. coli chemotaxis system, this is caused solely by the methylation level of the receptor.
However, for the B. subtilis aerotaxis pathway, it is not yet fully understood what the full
adaptation mechanism is, as the full biochemical role of CheV is not yet understood. This is
supported by the breakdown in the similarity of CMC50(t) in different FCs, and the lack of
trend within the B. subtilis CMC50(t). However, with the evidence presented here it is not
possible to conclusively say whether B. subtilis does or does not use FCD to search for oxygen.

The future work for this project should centre on using the new FRET pair to ascertain
whether this type of experiment is robust enough to distinguish whether FCD exists within a
system. This will elucidate whether the system senses the dynamic gradients of oxygen, the
pre-adapted concentration is a pre-requisite for FCD, whether the predicted concentration
range is correct, as well as look at the relationship between the activity of the receptor-kinase
complex and the adaptation mechanisms as a whole. This will facilitate the conclusion of
whether Bacillus subtilis uses FCD to search for oxygen or not.
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Effective Diffusion Coefficient
Introduction
Bacillus subtilis is a motile bacteria that moves in a run-and-tumble motion18,73,171. Periods of
smooth swimming, or runs, interspersed with reorientations in space, tumbles, allow the
bacteria to explore their environment. This means that at short timescales, the bacteria
appear to have a ballistic motion157. At longer timescales, after they have experienced a
tumble, they can be closer to their origin than if they had continued swimming157. This means
that at longer timescales, the cells appear to behave in an effectively diffusive manner73.
Therefore, in order to develop a biologically relevant model of the movement of Bacillus
subtilis in response to oxygen, it is necessary to quantify the Effective Bacterial Diffusion
Coefficient (DB). DB is taken from Menolascina et al 201711, and is defined as:
4.1.1

𝑫𝑩 =

𝑽𝟐 𝝉𝑻
𝟐

Where V is the swimming speed, and τT is the tumble time. Therefore, the parameters for
elucidating the DB are the velocity and the tumble time.

The behaviour of the population is made up of the sum of the behaviour of the individuals
within it172,173. As discussed in Chapter 1, it is traditional to speak about the population with
respect to the mean. However, recent advancements in cell tracking and quantification have
revealed that a clonal populations exhibits heterogeneity in their behaviour43,157,172,174. This
has been shown to stem from differences in protein number174, and is seen as a bet hedging
strategy for survival103,175. Specifically in terms of motility, if there are individuals which have
a higher tumble rate, they have less exploratory behaviour within a liquid medium, but a
higher degree of motility within a dense medium. The opposite is also true, where a low
tumble rate would lead to a high rate of exploration within a liquid medium, but the
individual may get stuck within the particles of the dense medium, leading to a less
exploratory behaviour in this setting. These individual differences lead to a clonal population
having a distribution of phenotypes. These phenotypes produce distributions of each of the
metrics associated with motility and will be discussed in this chapter.

DB depends on both the swimming speed of the cells (V) and the time between the tumbles
(τT). As discussed in Chapters 1 and 3, the adaptation pathways within B. subtilis’ aerotaxis
pathway mean that the behavioural output of the cells returns to a steady state, through
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Exact Adaptation and logarithmic sensing. Therefore one hypothesis for this chapter is that
τT and the tumble rate will be consistent over all of the conditions explored. For V, the
rotation of the flagella is driven by a sodium or hydrogen gradient across the membrane. This
is dependent on the metabolic state of the cell, as it requires Adenine Tri-Phosphate (ATP) to
drive the flagella motor, where lower oxygen levels induce a change in the metabolism of the
cell176, reducing the precursors for ATP synthesis. This leads to my second hypothesis for this
chapter, the V of the cells will change as a function of oxygen, as the bacteria have preferred
oxygen concentrations to metabolise176. This will lead to the DB of B. subtilis varying as a
function of oxygen.

To achieve this, I have used a combination of microfluidics and phase contrast video
microscopy. Using a wild type strain of B. subtilis, OI1085, a uniform concentration of oxygen
is present throughout all of these experiments, allowing for the bacteria to adapt to the
concentration before images were taken. The bacterial positions are then extracted and the
trajectories are “stitched” together in time, or tracked, using algorithms described in
Methods and in Vissers et al 2019157. The resulting trajectories are a 2 dimensional
representation of the 3 dimensional environment in which the bacteria live. The trajectories
are then filtered to ensure only representative trajectories of swimmers are included, and
the resulting velocities and tumble rates of the individuals within the population are
extracted.

Tumbles
Bacillus subtilis motility is driven by a run-and-tumble motion, producing a random walk in
space. Runs, or smooth swimming, is the result of the flagella motor powering the cell
through space with counter clockwise (CCW) rotation. Tumbles are the result of the flagella
bundle dissociating due to a change in direction, to clockwise (CW), of one or more of the
flagella motors, resulting in the cell reorienting itself in space. After a tumble, the cell starts
to swim again in a new direction. The smooth swimming portions are dominated by ballistic
motion and the tumbles are dominated by diffusive motion. The first metric to be elucidated
is the tumble time (τT).

There are two methods used to extract τT from trajectories. One is using the Mean Square
Displacement (MSD) at the population level and the other is by extracting the tumbles
directly from single cell trajectories.
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4.2.1

Mean Square Displacement

The MSD quantifies the displacement of the cell, from its origin, per unit time. As the cell
swims, it changes direction gradually as a result of Brownian motion, and substantially as a
result of tumbles – both of which contribute to rotational diffusion. This means that the area
that the cells can explore per unit time changes as a function of time, and the MSD will show
when the population of cells has changed direction or turned around.

From the tracking data, it is possible to quantify the Mean Square Displacement (MSD) of the
cells. The MSD is defined as:
4.2.1

𝑴𝑺𝑫 = 〈(𝒙 − 𝒙𝟎 )𝟐 〉 =

𝟏
𝑵

𝑵

(𝒙𝒏 (𝒕) − 𝒙𝒏 (𝟎))𝟐
𝒏 𝟏

For a random walk at long timescales, the MSD in a 3D environment with 2D projection
(MSDp) is:
4.2.2

𝑴𝑺𝑫𝒑 =

𝟒𝑽𝟐
(𝒆
𝟑𝜸𝟐

𝜸𝝉

+ 𝜸𝝉 − 𝟏) + 𝟒𝑫𝑻 𝝉

MSD (μm2/s)

Where: 𝜸 = 𝟐𝑫𝑹 + 𝝉𝑻 𝟏

τ (s)
Figure 4.1 Mean Square Displacement (MSD) example of Bacillus subtilis triplicate and mean at 4% O2
The individual datasets are in black, with the mean of the biological triplicate in red. The black arrow
indicates where the mean of the triplicate changes from a gradient of 2 to a gradient of 1. This point is
where the MSD changes from being ballistic motion (swimming) to diffusive, after the population has
tumbled. This is approximately at 1.1 s.
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Where V is the cell swimming speed, τ is the timescale, DT is the translational diffusion, DR is
the rotational diffusion, and τT is the tumble time. For a swimming B. subtilis cell at short
timescales, the MSD is proportional to ∆t2, indicating that the cells swim ballistically during a
run. For times much larger than the mean run time (τR), the cells experience a tumble, which
decorrelates their motion. Therefore, for larger ∆t >>τR, the motion is diffusive177.

Using a uniform concentration of oxygen, and allowing the cells to adapt to the environment,
trajectories are analysed for the MSD as a function of time (MSD(τ)), an example dataset of
4 % is shown in Figure 4.1 for ease of viewing, with the rest of the datasets being shown in
Figure 4.2. Figure 4.1 shows the individual datasets in black, and the mean in red, all show a
change in the MSD between 1.05 s and 1.15 s, with the mean showing a change in the MSD
at 1.1 s, indicated by the black arrow. The change in MSD is from the change in direction
associated with the combination of both active change in direction (tumbles) and passive
(rotational diffusion). The data was then fitted to equation 4.2.2, the resulting MSD(τ) fit can
be seen on each of the respective subplots in Figure 4.2 with a thick red line.

Some of the individual datasets include a lot of noise, indicated by the sharp decrease in
MSD(τ) at higher τ, shown in one dataset of 0.2 %, 0.5 %, 20 % and 40 %, and in multiple
datasets of 2 %, 10 %, and 60 %. This is attributed to a low number of long trajectories, and
calls into question how accurate the use of fitting τT using 4.2.2 would be. This is revealed in
Figure 4.2 by the visual difference between each of the datasets and the fitted line in red,
where, none of the fitted lines are close to the experimental datasets.

The lack of good fit for any of the conditions explored, and the noisy datasets mean that, it
is not possible to get a good indication of the DB as a function of oxygen from the MSD(τ)
alone, and so the identification of tumbles was necessary to gain an accurate τT.
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Individual datasets are indicated by the dashed lines, and the mean of each of the triplicates is the solid thicker line for each condition. The fitted MSD is shown on each plot in the
thicker red line. The fitting for all of the datasets is poor, shown where the red lines are not close to the mean of each dataset. And so this fitting data was not used to generate the
tumble time (τT).

Figure 4.2 Mean Square Displacement (MSD) and fit of MSD using equation 4.2.2

4.2.2

Identification of tumbles from trajectories

The most common way to identify tumbles from a trajectory is to use the angle between two
sequential runs of the trajectory 165,178,179. The first study to look at this in detail was Berg and
Brown in 197273, where a 3D tracking microscope was built to track one E. coli cell at a time
in 3D space. They found that for a Wild Type strain, the mean change in direction between
runs was 68o±32o, which is the mean ± one standard deviation, and the mean change in
direction during runs was 23o±23o.

a)

b)

cos(θ)

c)

Figure 4.3 Identification of tumbles from individual trajectories.
a-b) a representative trajectory, the first frame that the bacteria is in frame is at the far right hand side.
Identified tumbles (red circles) using the angle between adjacent vectors (θ) in the trajectory. c) The cos(θ) value
between adjacent portions within a trajectory. Any portion of the trajectory which is below the value of 0.695,
highlighted in orange, is considered a tumble.

Looking at B. subtilis’ trajectories, Figure 4.3 looks at the angle between the frames within
one trajectory, showing the trajectory itself (a) and the identified tumbles (b) using the angle
between them. The vast majority of the consecutive frames are below the threshold value
set, 46o or a cos(θ) value of 0.695, and any portions of the trajectory below the threshold are
considered tumbles. The value was chosen after some sensitivity analysis on the B. subtilis
trajectories did not elucidate a clear value which should be a threshold, shown in Appendix
D. Therefore, I chose the value of 46 o because the E. coli mean change in direction during a
run is 23 o±23 o179, so any change in direction which is outside of this range was taken as a
tumble for B. subtilis. There are some portions of the trajectory which have multiple adjacent
vectors below the threshold value. These are assumed to be part of one tumble, rather than

66

multiple tumbles. Therefore, within the trajectory shown there are 28 tumbles considered
out of a possible 43 portions of the trajectory below the threshold value.

The average run time between the tumbles, or the time between the tumbles (τT) was
computed at the single cell level by taking the mean of the segments between the identified
tumbles for each trajectory, and is shown in Figure 4.4. The tumble rate of each individual
was then computed by:

Figure 4.4 . Bacillus subtilis OI1085 tumble time distributions over all the oxygen concentrations measured.
Due to the non-normal distributions, the median for each of the populations is shown as the point, with the
error bars showing the 25th and 75th percentile for each of the concentrations explored. The time between
tumbles at low oxygen concentrations (0 % - 0.01 %) is <0.4 s, and at the higher oxygen concentrations >0.1%,
the tumble time is higher, between 0.4 s and 0.6 s

4.2.3
𝒕𝒖𝒎𝒃𝒍𝒆 𝒓𝒂𝒕𝒆 =

𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒕𝒖𝒎𝒃𝒍𝒆𝒔
𝒕𝒊𝒎𝒆 𝒊𝒏 𝒔𝒆𝒄𝒐𝒏𝒅𝒔

The tumble rate of the individuals within the population is then used to find the distribution
of tumbles within the entire population. This is shown in Figure 4.5, showing the distributions
of the tumble rates across the oxygen concentrations measured. This shows that the tumble
rate does not change a large amount in value across the experimental conditions measured.
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Figure 4.5 Bacillus subtilis OI1085 tumble rate distributions in number over all the oxygen concentrations measured as histograms.
The experiments were done as biological triplicates (pink, orange and green) with the blue as the entire population. Tumble rate is defined as the number of tumbles
called within the length of the trajectory in seconds.

Figure 4.6 Bacillus subtilis OI1085 tumble rate distributions in number over all the oxygen concentrations
measured.
The median value is presented as the dot, and the error bars represent 25th percentile and the 75th percentile, due to
the skewed data. All median tumble rates are between 1.8 s-1 and 2.5 s-1. With the highest tumble rate being at the
lowest oxygen concentrations measured (0% and 0.01% O2).

All of the distributions shown in Figure 4.5 are non-normal distributions, skewed in the
direction of 0, but the peak does not change a large amount in value over the course of the
oxygen concentrations explored. This is shown in Figure 4.6, where the median and
25th - 75th percentile of the tumble rates, showing that the rate of tumbles is between 1.8 s-1
and 2.5 s-1. The highest rate is at the lowest oxygen concentration explored, 0 % and 0.01 %,
at 2.5 s-1. Between 0.02 % and 0.2 % O2, the tumble rate varies between the lowest and
highest tumble rate. Concentrations higher than 0.2 % O2 the tumble rate is consistent
around 2 s-1. The median values of all of the population distributions are all within the
25th - 75th percentiles of each of the other oxygen concentrations’ population distributions
measured.

As the distributions are all non-normal, it is necessary to use the non-parametric KruskalWallis test to determine whether the distributions are statistically similar. This was done
using the Python library Scipy Stats, using the kruskal function. For a comparison between all
of the distributions of number of tumbles per trajectory examined, the H statistic is 75661.35
with a p-value of 0.0. Taking a closer look between each of the individual concentrations
explored, there are some which are statistically non-significant, i.e. they are from the same
distribution. The concentrations of 0.07%, 0.2%, and 1% all have a p value of greater than
0.2. The full table can be seen in Table G.1.
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Figure 4.7 Bacillus subtilis OI1085 Tumble duration as a function of oxygen concentration.
This shows the duration mean is consistent over all conditions explored, and that the mean duration of a
tumble is ~0.1 s.

Taking the number of frames within each tumble, it is possible to compute the duration of
each tumble. Figure 4.7 shows the duration in seconds of each tumble over all of the oxygen
conditions explored. This shows there is consistency throughout all of the concentrations
explored, and 0.1 s is similar in value to values found in the literature42.

As the distributions for the tumble duration are also non normal, it is again necessary to use
the non-parametric Kruskal-Wallis test to determine whether the distributions are
statistically similar. For a comparison between all of the distributions examined, the H
statistic is 4746.356 with a p-value of 0.0. Taking a closer look between each of the individual
concentrations explored, there are some which are statistically non-significant, i.e. they are
from the same distribution. For the concentrations of 0.01%, 0.02%, 0.2% and 20%, they have
a p value > 0.4, showing they are very similar in distribution. The concentrations of 0.1%,
0.5% and 1% all have p values > 0.8, again, showing very similar distributions. There are some
which are close to being significantly different, the comparisons between 0.01% and 0.07%,
as well as 0.02% and 0.07% both have a p value of 0.08, the comparison between 0.05% and
20% has a p value of 0.06, these can be found in Table G.2. These values are all close to the
traditional arbitrary p value cut off of 0.05, meaning they would traditionally be taken as
statistically from the same distribution, and is considered as such for this thesis, but it is
worth noting the close nature of it.
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Swimming speed
a)

b)

Figure 4.8 Sample trajectory and the swimming speed per frame
a) The same trajectory as Figure 4.3. Where the bacteria enters the field of view at the right hand side of the
image. b) The cell’s swimming speed as a function of time. This shows the variability of V as the cell explores
the space while it is in the frame.

The swimming speed (V) of the cells is calculated from the cells’ trajectories using the
standard formula:
4.3.1

𝑽=

𝒅
𝒕

Where d is the distance travelled by the cell within the trajectory, and t is the time the
trajectory is within the frame. There are two things which complicate the swimming speed
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of the cells, one is the tumbles, and the other is the 3D environment in which the bacteria
are allowed to explore.

During the tumbles, the cells are not actively swimming, but are still moving as the result of
Brownian motion. Because of these two factors, there is a variation in the individual cell’s
swimming speed as a function of time, illustrated in Figure 4.8. To mitigate the effect of the
tumbles, I isolate the frames in which the bacteria is tumbling by using the dot product,
discussed in 4.2.2, and remove the portions of the trajectory which are assumed to be
tumbling. Therefore, only assessing the actively swimming portions of the trajectory.
Tumbles are assumed to be 0.1 s in duration42, however, I have found by isolating the frames
in which the bacteria is tumbling, Figure 4.7 shows there is a distribution in the duration of
tumbles. Therefore, any segment of the trajectory which is below the threshold value for a
tumble, i.e. the two adjacent frames, has been removed from any calculation of the cell’s
velocity. The mean of the segments left is taken as that individual cell’s swimming speed (V).

Figure 4.9 Bacillus subtilis OI1085 cell swimming speed population distributions over all oxygen concentrations
measured.
The experiments were done as biological triplicates (pink, orange and green) with the blue as the entire
population. The distributions of the speeds varies as a function of oxygen, with the mean of the 4% O2 being the
highest at 32.5 µm/s. The lowest speed is at 0% O2, which is 14.8 µm/s

Figure 4.9 shows the population distribution of the swimming speed for each of the oxygen
concentrations measured. There is a variation seen between the individual datasets (shown
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in pink, yellow and green), with the three datasets pooled to gain the entire population,
shown in blue. Figure 4.9 shows that the swimming speeds are normally distributed within
the individual datasets, with experimental variation being the cause of the differences, and
skewing the distribution of the entire triplicate. Figure 4.10 shows the swimming speed as a
function of oxygen, with the standard deviation around the mean as the error bars. The
lowest speed is from the 0 % O2 with a mean value of 14.8 µm/s. There is a non-linear
correlation between oxygen concentration and V, shown by the two main peaks in swimming
speed, one between 0.05 - 0.07 % O2 and another at 4 % O2, which have mean values of
28 µm/s and 32.5 µm/s respectively. Between these two peaks, directly after 0.1 % O2 the
swimming speed dramatically drops to 18 µm/s at 0.2 % O2, rising again until the next peak.
At O2 concentrations above 4 %, the swimming speed is relatively steady up until 20 % O2, at
27 µm/s, and after 20 % O2, at 22 µm/s.

Figure 4.10 Bacillus subtilis OI1085 cell swimming speed over all oxygen concentrations measured.
Points are the mean cell swimming speed (V) extracted from the population. The error bars are the
standard deviation around the mean

As these are all normally distributed, a one way analysis of variance (ANOVA) was performed,
on all of the datasets together, as well as individual pairings between the conditions. The
resulting p value between all of the conditions together is 0.0, and looking between the
pairings of each of the oxygen conditions, the p values between these conditions are all
< 0.01. The details can be found in Table G.3. This confirms that all of the distributions of
speeds are statistically different form one another.
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Effective Diffusion Coefficient
Taking the τT from 4.2.2, and V from 4.2.24.3, the DB as a function of oxygen is calculated
using 4.1.1, and shown in Figure 4.11. As the swimming speed of the cells depends on the
concentration of oxygen, the DB will also depend on the oxygen concentration present.

The lowest DB is found at 0 % O2, with a median value of 32.6 µm2/s. Similar to the speeds,
there are two peaks in the value of DB at 0.05 % - 0.07 % O2, at 197 µm2/s - 198 µm2/s, and
at 4 % O2 with a value of 255 µm2/s. The value of DB drops after 0.07 %, to 65 µm2/s at 0.1 %
O2, rising again until the second peak at 4 % O2. The value of DB is consistent between 4 %20 % at ~200 µm2/s, and above 20%, at ~120 µm2/s.

Figure 4.11 Bacillus subtilis OI1085 Bacterial Diffusion Coefficient (DB) as a function of oxygen concentration.
The points are the median of the population and the error bars are the 25th and 75th percentile of the nonnormal distribution generated through τT and V.

As the DB distribtions are all non-normal, a Kruskal Wallis non parametric test was performed,
on all of the datasets together, as well as individual pairings between the conditions. The
resulting p value between all of the conditions together is 0.0, and looking between the
pairings between the individual conditions, the p values between these conditions are all
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< 0.01, apart from the distributions between 40% and 60%, which has a p value of 0.1. The
details can be found in Table G.4. This confirms that all of the distributions of DB are
statistically different form one another, apart from those for 40% and 60%.

Discussion
In this chapter, I expose Bacillus subtilis cells to a static uniform concentration of oxygen and
extract metrics including their individual swimming speed (V) and tumble time (τT). The
method I have employed here is a combination of several methods, including tracking and
filtering of swimming from non-swimming bacteria shown in Vissers et al 2018104 and 2019157,
and analysis of bacteria’s tumbles by Turner et al 201623 and Liang et al 2018178. Where some
of the first examples of quantitative analysis of bacterial trajectories was performed in the
1970’s73,151,152, while Berg and Brown pioneered the 3 dimensional tracking of Escherichia
coli179. The combination of methods is used to calculate the Effective Diffusion Coefficient
(DB) of the population over the range of oxygen concentrations tested. This information will
be used within an Advection Diffusion model presented in chapter 5. The DB is an important
measure of how the population of bacteria are able to explore an environment at a given
oxygen concentration. A higher DB means the population is able to cover a larger area per
unit time.

As discussed in Chapter 1 and 3, the value for τT is almost constant over the concentrations
measured. The distributions, however, are statistically different, shown by the low p values
from the Kruskal-Wallis test performed between each of the conditions explored, details in
Table G.2. However, the variation in the value of each of the medians is small, between 1.8 s
and 2.5 s, shown in Figure 4.6 and the population distributions overlap considerably, seen in
Figure 4.4, and Figure 4.6. So, although each of the conditions statistically do not come from
the same distribution, the numerical values are so close together that it doesn’t discount the
hypothesis that the tumble rate and time between tumbles are consistent over the range of
oxygen concentrations explored. The statistical significance between the distributions is
thought to come from experimental variation.

The V of the cells, however, does vary significantly over the concentrations measured, and is
supported by the statistical analysis. From a minimum of 15 µm/s at 0 % O2 to 32.5 µm/s at
4 % O2, where none of the distributions have a p value of > 0.05 using the ANOVA technique.
The V of the cells is dependent on the speed at which the flagella can rotate, which is in turn
dependent on the maintenance of the Na+ and H+ ion gradients across the membrane. These
ion gradients are maintained by using ATP and may be interrupted by the lack of oxygen
availability causing lower motility at this oxygen concentration. This is supported by the lower
V in the smooth swimming strain OI4139 (Figure E.3) where the V of this strain is 19.0 µm/s,
and the higher oxygen concentrations, ≥0.1 % O2, show a constant V of ~29 µm/s, and each
of the distributions for these are also statistically significant, with ANOVA p values of < 0.05,
both overall for the smooth swimming strain, as well as between each of the conditions.
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For the Wild Type strain, OI1085, the change in V over the concentration of oxygen, means
that the DB of B. subtilis does depend on the concentration of oxygen present. With two main
peaks in the DB at 0.05 % - 0.07 % O2 and at 4 %, with 197 µm2/s - 198 µm2/s and 255 µm2/s
respectively. These peaks may be due to evolutionarily relevant preferred oxygen conditions
for B. subtilis, due to naturally occurring oxygen gradients in the soil, as the species has been
implicated in colonising roots to aid in protection against disease. Motility and sensing of the
chemical gradients surrounding the roots has been found to be a key component of this
relationship1. However, this has not been directly investigated.

The limitations of this study relate to the physical aspects of 2D microscopy monitoring a 3D
environment. To gain an understanding of the bacteria’s natural behaviour, the bacteria are
allowed to explore the 3D environment of the microfluidic channel unimpaired, but the
monitoring of the channel is done in 2D. Monitoring in this way, I have not distinguished
between bacteria which are swimming perpendicular to the plane of view, or at an angle to
the plane of view. As the focal plane is 10 µm deep, if the bacteria are swimming in a straight
line at 30 µm/s at a 15o angle to the focal plane then they will be in the frame for 1.3 s. In
reality, the bacteria tumble and, during runs, are subject to Brownian motion, meaning that
even if they are swimming perpendicular to the plane of view, they will not be for long. These
limitations extend to the speed measured of the cells, as in this method I can only measure
the V of the cells in the plane of view, whereas, in reality they are moving around in 3D. This
causes perturbations in the speed over the course of the trajectories, as seen in Figure 4.8 (b),
which are not solely caused by the tumbles.

To solve this, there are two options for future work to uncover. Utilising a 3D tracking
microscope will enable the tracking in 3D space of the Bacillus subtilis cells, extracting the
information about the speed, tumble time and rate, as well as the angles between adjacent
runs. This would be very similar to the work by Brown and Berg from 197273. This method
would produce very long trajectories and be able to produce accurate information
surrounding all of these metrics. However, this method requires specialised and expensive
equipment to perform, and monitoring a single cell at a time takes a long time to get a
representative sample of the population. Another method would be to reverse engineer the
angle that the cell is swimming at from the 2D images provided here. This method would be
less expensive in terms of equipment, but would also need some assumptions to be made
about the behaviour of the cells to gain any further information than is presented here about
the trajectories. The reason this was not performed here was due to time constraints of the
project.

For both the V and the τT, and subsequently DB, there are distributions which represent the
entire population’s behaviour in response to a uniform concentration of oxygen. This
heterogeneity of both the tumble time and the swimming speed lend weight to recent
findings that there are differences in motile ability within a clonal population103. The work
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presented here indicates that there is a difference in ability of individual cells to effectively
diffuse through an environment. Individuals within the population with a larger DB can
explore a larger area per unit time than others. Given a more biologically relevant
environment, where there are dynamic gradients of oxygen and other chemicals, it is not just
the organism’s ability to sense the surrounding gradients which would give them an
advantage over others within the population. It is also the ability to explore a larger area per
unit time, given the surrounding environment. Differences in sensitivity of motility found in
Salek et al 2019103, may be related to the ability to effectively diffuse. However, the link is yet
to be investigated within Bacillus subtilis.

Coupling the more accurate elucidation of the speeds and tumbles suggested above, with
elucidation of population heterogeneity, there will be a more accurate view on the
interaction of Bacillus subtilis with its oxygen environment.
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Chapter 5.
Advection Diffusion Model of Bacillus
subtilis in response to oxygen
5.1 Introduction
Mathematical models are used to describe complex behaviour, such as aerotaxis and more
broadly chemotaxis. They describe every part of this complex system, from the biochemical
reactions115,131,180, to the behaviour of the population as a whole11,150. As discussed in Chapter
1, Bacillus subtilis has few models which describe its motility11, and the biochemical
mechanism is not fully elucidated. So, it is not possible to generate a full mechanistic model
of the movement from the single cell level. However, population level models, like the
Advection Diffusion (AD) model, described here, offer an alternative which can recapture the
behaviour well without needing to go into the biochemical detail11,148.

Population level models of chemotaxis did not start with modelling bacteria, instead a model
developed by Keller and Segel for slime mould110 was adapted to fit bacterial
chemotaxis111,147. This model is based on an Advection Diffusion model which captures the
movement of the population as a result of random (diffusion) as well as directed (advection)
motion. Here, I briefly restate the equations used in this chapter, more detail can be found
in Chapter 1. The general equation for Advection Diffusion (AD) is given by:
5.1.1

𝝏𝑩
= 𝛁(𝑫𝑩 𝛁𝑩) − 𝛁𝑽𝒄 + 𝑹
𝝏𝒕

Where B is the bacterial concentration, Db is the effective diffusion coefficient of the bacteria,
VC is population velocity and R is a variable which could be a source or a sink of the variable
B, e.g., growth or death. R is assumed to be negligible here, as the experimental time
conditions are so short (5 minutes).

In this chapter, I present results from fitting the experimental data in Chapter 3 to the model
presented in Menolascina et al 201711. The model is an AD model using a one dimensional
Fokker-Planck to describe the evolution of a spatial distribution of a population of cells. This
is defined as:
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5.1.2

𝜹𝑩
𝜹
𝜹𝑩
=
(𝑫𝑩
− 𝑽𝒄 (𝑪, 𝛁𝑪)𝑩)
𝜹𝒕 𝜹𝒙
𝜹𝒙

Where B is the bacterial population density function, t is time, x is space, Vc is defined in 5.1.4
and DB is the Bacterial Diffusion Coefficient, defined as:
5.1.3

𝑫𝑩 =

𝑽𝟐 𝝉𝑻
𝟐

Where V is the swimming speed of the cells and τT is the time between tumbles. DB is taken
as the population mean at the mid channel concentration from Chapter 4. Vc is defined as:
5.1.4

𝑽𝒄 = 𝝌 𝟎

𝟏
𝛁𝑪
(𝑲𝟏 + 𝑪)(𝑲𝟐 + 𝑪)

Where K1 and K2 are the dissociation constants of the receptor, C is the concentration field
within the channel, and ∇C is the gradient across the cells. Χ0 is the Chemotactic Sensitivity
Coefficient, and can be found in other AD models describing chemotaxis within
bacteria110,155,181.

Using these equations, and using the DB found in Chapter 4, I have fitted χ0 to the
experimental data in chapter 3. There are two assumptions made:

1) DB does not depend on space, the value used was that of the centre of the channel.
2) The range of C explored are within the range K1 << C << K2.
As discussed in Chapter 4, DB varies as a function of oxygen, and so, as the concentration of
oxygen varies as a function of space, DB will also vary as a function of space. However, due to
time constraints, it was not possible to explore the necessary complexity for the fitting of χ
as a function of space, and so, the first assumption means that the value of DB was kept
constant throughout the individual simulations for this chapter. The second assumption
means that the VC analytically reduces to:

80

5.1.5

𝝌 𝛁𝑪
𝑪

𝑽𝒄 =

Where:
5.1.6

𝝌=

𝝌𝟎
𝑲𝟐

Therefore, the steady state is:
5.1.7

𝐥𝐧 𝑩 =

𝝌
𝐥𝐧 𝑪
𝑫

5.1.8

𝑪
𝑩=
𝑪𝟎

𝝌
𝑫

Where C0 is the concentration at the sink. This is the same as the derivation used in
Menolascina et al 201711. The χ value is fitted using the mean of the experimental triplicates
at the final time point, to 5.1.7, minimising the sum of squared error, using the Minuit182,183
optimisation function in Python, defined as;
5.1.9

𝜺=
𝒊

(𝒚𝒊 − 𝒚𝒊 )𝟐
𝝈𝒊

σi ̅is the standard deviation of each point in space found from all the triplicates at the final
time point, yi is the predicted data point, from 5.1.7 and 𝑦𝑖 is the mean at data point i over
the triplicate. This χ value is then used to simulate the dynamic output of the behaviour in
response to the oxygen profile in the device, using 5.1.10, and calculated using the Forward
Euler method for the time derivatives and centred derivatives for the spatial component. The
oxygen profile in the device is simulated using the heat equation,
5.1.10

𝝏[𝑶𝟐 ]
𝝏𝟐 [𝑶𝟐 ]
= 𝑫𝑶
𝝏𝒕
𝝏𝒙𝟐
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Where [O2] is the concentration of oxygen, t is time, x is space and DO is the diffusion
coefficient of oxygen in the media. Within the PDMS walls, DO is 3.2x10-9 m2/s, and within the
media DO is 2x10−9 m2/s as it is assumed that the media is water.

In this chapter, I present values for χ taken from fitting to the experimental data collected in
chapter 3. I have used both the in vivo experimental data for Bacillus subtilis, as well as the
in silico experimental data using SPECS (Signalling Pathway-based Escherichia coli Chemotaxis
Simulator)13, described in section 1.4.2. In chapter 3, the results of the SPECS model showed
a negative correlation between the accumulation dynamics, in the form of the half maximal
Chemotactic Migration Coefficient (CMC50), which is the half maximal response and the time
taken to reach it (τ). A quick and strong reaction is seen to a steeper gradient, and a weak
and slow reaction to a shallow gradient. For the B. subtilis results, there is no clear trend
between the CMC50 and τ.

Translating this to the sensitivity, if χ is large, then the steady state bacterial distribution (B(x))
in 5.1.7, will be strongly accumulated at the source end of the channel. If χ is small, then the
accumulation will be negligible. Therefore, for E coli, as there is a strong accumulation at high
Fold Change (FC), defined as ∇C/C (absolute concentration gradient over the mid channel
concentration, C), χ will be large, and for a wear accumulation, like at low FC, χ will be small.
Therefore, the hypothesis for the χ will have a positive correlation with the FC. Given that the
accumulation of the E. coli cells within an FC is the same, shown in Chapter 3, it is reasonable
to hypothesise that the χ value does not depend on the mid channel concentration (C), but
rather just the FC.

Within the B. subtilis aerotaxis system, there is no clear correlation between the maximal
accumulation, the CMC, and the different FCs, shown in Figure 3.5(b). This leads to the
hypothesis that there is a correlation between the χ value and C, but not the FC.

In this chapter, I present values for the fitting of χ to both experimental in vivo data from
Bacillus subtilis presented in chapter 3, and the experimental in silico data from the Signalling
Pathway-based E. coli Chemotaxis Simulator (SPECS) model13.

5.2 Fitting results
Taking the steady state of the experimental data, minimising noise by taking the mean of the
final 15 seconds for the biological triplicate, the χ value was found by fitting to 5.1.8, by
minimising the error to 5.1.7, quantity defined by 5.1.9. This χ value was then used to
simulate the progression of the normalised bacterial distribution through space and time.
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Figure 5.1 shows the final time point, and the CMC over time for both the experimental and
the simulated data.
For this set of conditions, the χ value is 3998 ± 259. This value gives a good fit to the steady
state, shown by the similarity in the experimental and simulated data in Figure 5.1(a). The
dynamics of the system shown by the CMC as a function of time in Figure 5.1(b) show that
the centre of mass of the bacteria (COM) in the simulation start to move before the COM of

b)

B(x)

a)

Space (μm)

c)

B(x)

d)

Space (μm)

Figure 5.1 Chi χ fitting to the Bacillus subtilis experimental conditions 2%-4% O2, and negative control at 10 %
O2
a&c) Showing the similarity between the final time point of the experimental data (blue) and the simulation
data (orange) as well as the analytical steady state (red), from fitting to 5.1.8 . The final spatial point was not
included in the fit, due to the noise in bacterial density found in that spatial bin. b&d) Chemotactic Migration
Coefficient (CMC) taken from the experimental data (red) and the simulation using the χ value from the
fitting. a-b) Shows the Bacillus subtilis experimental conditions of 2-4 % O2, where accumulation of the
bacteria can be seen in space a) and over time, through the CMC in b) The fit in a) was used to find a χ value
of 3998.2 ± 258.86. c-d) Shows the Bacillus subtilis negative control, where no gradient was exposed to the
cells, only a static concentration of 10 % O2. No accumulation can be seen in the final time bin c) nor
dynamically in d). The fit in c) was used to find a χ value of 45.16 ± 121.52.
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the experimental data. The simulation COM reaches the peak CMC at a slower rate, indicated
by the black line reaching the peak CMC at a later time to the red.
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Figure 5.2 Oxygen diffusion through the device, experimental data for Bacillus subtilis and in silico
Advection Diffusion data.
This is for the same experimental conditions as in Figure 5.1. (a) oxygen concentration (M) as a function
of time and space. The conversion from % to M is taken from the supplementary information in
Menolascina et al 2018. Summarising: 1M = 1% * 1e-05. (b) the mean of the experimental data taken as
a biological and technical triplicate of the conditions 2%-4% O2. (c) the simulation data, showing the χ
value and the DB value (taken from Chapter 4) at the mid channel concentration. (b-c) the oxygen
diffusion through the device causes the cells to congregate in the centre, as the diffusion of the high
concentration exits the device sue to diffusion. Then the cells accumulate towards the bottom of the
channel (the source of oxygen) and reach steady state.
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The simulation of the B(x) through the device, in Figure 5.2(c) shows the bacteria change their
distribution as the oxygen diffuses through the device. They accumulate at the centre of the
device between 20 s and 80 s, as the oxygen diffuses out of the channel, leaving a pocket of
high concentration of oxygen in the centre of the channel. Then, as the concentration lowers
to the steady state, the bacteria accumulate at the source (bottom of the channel). The
bacteria start to accumulate at the source at approximately 140 s, whereas the simulation
reaches it slightly later, at approximately 160 s. This is mirrored in the CMC Figure 5.2(b),
where the CMC for the simulation starts to increase before the experimental data, but
reaches steady state later than the experimental data does.

Figure 5.4 shows the comparison between the simulated and the experimental CMC for each
of the conditions explored. With three notable exceptions, for the experimental conditions
1 % - 10 %, 1 % - 5 % and 0.2 % - 10 %, a value for χ could not be found using this fitting
method. This is attributed to the solver used, and time constraints on the project did not
allow for optimising the solver to find a value for these conditions.

Figure 5.3 Legend for

Figure 5.4
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There is good agreement with the in silico experimental final time-point, and the simulation from the AD model (dotted line). This is shown by the similarity in the CMC value at the
steady state. The dynamics of each of the simulations from the AD model start accumulating faster than the experimental data do, and reach peak accumulation at the steady state
slower than the experimental data does (solid line). The legend is available on the prior page in Figure 5.3.

Figure 5.4 Chemotactic Migration Coefficient (CMC) from Bacillus subtilis comparison between experimental and simulated Advention Diffusion (AD) mdoel data.

For all other experimental conditions, the value for χ gives a good approximation of the final
time point, shown by the similarity in the CMC value at the end time points. Similarly to in
Figure 5.1(b), the CMC for all of the simulations starts to increase before the experimental
data, yet reaches steady state after the experimental data. Two datasets are especially bad
in dynamic fit, the 10 % - 50 % (gold, centre) and 10 % - 90 % (black, fifth down in the first
column) experiments, where the dashed lines for the simulated CMC data does not match
the experimental CMC data closely at all. For both, the simulated CMC is very slow to reach
the steady state, at approximately 200 s for both datasets, whereas the experimental data
reaches steady state at approximately 60 s apiece.

5.3 χ value for Bacillus
experimentally

subtilis

data

collected

The steady state from the experimental data is used to fit the χ value. Figure 5.5 shows the χ
value as a function of the mid channel concentration, C. The symbols are kept consistent with
Chapter 3, the same symbol is used for the same FC, and error bars show the error on the χ
value from each individual fitting.

Figure 5.5 χ value as a function of mid channel oxygen concentration for Bacillus subtilis.
There is a negative correlation between the χ value and the mid channel oxygen concentration (note the
log scale), between the oxygen concentration of 1.5% and 15% O2. The error bars are the error on the χ
value taken from the fitting. There is a negative linear correlation between the χ value and the mid
channel concentration (C), between the range of 1.5% and 15%, where the r2 value is 0.6 within this
range.
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The χ value varies as a function of oxygen shown in Figure 5.5, between the range of 1.5%
and 15% O2 there is a negative linear correlation (r2 = 0.6) between C and χ. Within the FCs
and within this O2 range, here is also a negative linear correlation between χ and C.

For FC 1.64 and 1.81, the lowest C of these, which is below the lower limit of 1.5%, produce
lower χ values, than those with a higher C. For the experimental conditions 0.2 % - 2 % the χ
value is 1980±148 and the 0.4 % - 4 % experiment has a χ value of 3676±266. For the
experimental conditions 0.1 % - 2 % (C = 1.05 %) the χ value is 2436±181, and the 0.2 % - 4 %
(C = 2.1 %) experiment has a higher χ value of 2693±200.

Looking at the χ value with respect to the Fold Change (FC) shown in Figure 5.6, it produces
no clear correlation. The highest sensitivity arises in the experimental conditions 1 % - 2 %
(4752±250, C = 1.5 %), and the lowest is from 2-18% (519±12, C = 10%). The larger FC (> 1.6)
have a tighter distribution of χ values as compared with the lower FCs (< 1.6).

For the negative control, there was no gradient exposed to the cells, only a static
concentration of 10 % O2, and using the same fitting method to the steady state shown in
Figure 5.1(c), this gave a χ value of 45.16 ± 121.5. This is an order of magnitude smaller in
value than any of the gradients that the cells were exposed to.

Figure 5.6 χ value as a function of the Fold Change (FC) for Bacillus subtilis
The error bars are the error on the χ value. There is no clear correlation between the FC and the
fitted χ value. There is no clear correlation between the χ value and the FC.
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5.4 χ value for Escherichia coli data collected from SPECS
The Escherichia coli datasets presented here are the same in silico experimental datasets
presented in Chapter 3. These datasets have been fitted to the equations for the Advection
Diffusion model presented in this chapter to gain χ values for each condition explored, and
to visualise the expected trend associated with a system which does display FCD12. Similarly
to Chapter 3, the in silico experimental conditions at time t = 0, were set to 250 µM MeAsp
and the concentration gradients varied within the range that the Escherichia coli chemotaxis
system displays FCD (200 µM – 300 µM), for more details see Chapter 3, and the DB value is
400 µm2/s184. Using the cell distributions (B(x)) as a function of time from the SPECS model,
it is possible to assess the CMC in a similar way to the in vivo experiments carried out in
Bacillus subtilis.
b)

a)

Channel position (µm)

Channel position (µm)

Figure 5.7 Normalised bacterial distribution (B(x)) for the Escherichia coli SPECS experimental conditions
a) 200 µM – 240 µM at t = 600 s, the simulation data (orange dashed line), and analytic steady state (red
dashed line) show good agreement with the experimental data (blue line). The orange line is directly under
the red line. This is used to fit the χ value of 1.36x105 ± 1.6x103 and b) uniform static concentration at
250 μM at t = 600 s, again, the analytical and simulation data show good agreement with the SPECS
experimental data, the orange line is directly under the red line, this is used to fit a χ value of 5.30x1010 ± 221.6.

Figure 5.7 shows the experimental data from the SPECS model, the analytical and simulated
data using the AD model for the experimental conditions 200 μM – 240 µM in a) and the
negative control of a uniform static concentration of 250 μM in b). The final time point is
used for fitting the χ value, where the gradient produces a value of 1.36 x 105 ± 1.6 x 103, and
the negative control produces a value of 5.30 x 10-10 ± 221.6. This shows that the gradient
produces a χ value which is several orders of magnitude larger than the static concentration.
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Mid Channel MeAsp (mM)

Figure 5.8 Escherichia coli Chi value as a function of the mid channel MeAsp concentration.
This shows no clear correlation between the mid channel concentration (C) and the χ value, where the R2 =
0.0525. This is shown clearly between the range of MeAsp 240 µM - 260 µM, where the values of χ are
varied and not overlapping in error. The error on the χ value is very large at the lower FCs e.g. for FC 0.049
200 - 210 μM the χ value is 9878 and the error is ± 4935, and is much lower at higher FCs, e.g. FC 0.261
230 – 299 μM, the χ value is 12278 and the error is ± 1032.

Figure 5.9 Chi value as a function of the Fold Change (FC) for the Escherichia coli SPECS data.
The error bars are the error from the fitting of χ. There is an increase in the χ value as the FC increases,
where FC < 0.182, and decreases where FC > 0.261. The error on the χ value decreases as a function of
FC, where the lowest FC shows χ±50%.
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Figure 5.8 shows the χ value as a function of the mid channel concentration (C). There is no
clear correlation between C and χ, where the r2 value is 0.0525. Taking the FC of 0.049, (grey
triangles) the χ value ranges from 0.98x105 ± 5.4x103 for 210 µM – 220.5 µM (C = 205 µM) to
1.41 x 105 ± 5.2x103 for 220 µM – 231 µM (C = 225.5 µM). However, these two experimental
conditions are where C is in the middle of the range explored for FC 0.049. The highest χ value
found is for the experimental condition 230 µM – 276 µM (C = 253 µM, FC = 0.182), at
1.56 x 105 ± 1.9 x 103 and the lowest is 210 µM – 231 µM at 0.88 x 105 ± 3.0 x 103 (C = 220.5
µM, FC = 0.049).

Looking at the χ value over the Fold Change (FC) in Figure 5.9, there is a positive correlation
between the χ value and the FC, when FC < 0.182. Where FC > 0.2, there is a negative
correlation between the FC and the χ value. The lower FCs have a much larger error on the χ
value, at almost ±50 % of the value itself.

Comparing the CMC of the SPECS output with the simulation from the Advection Diffusion
model using the fitted χ value, it shows there is good agreement with the final time point,
shown in Figure 5.7. However, the AD model predicts that the E. coli cells react much quicker
than the experimental results show. This is shown by all of the dynamic portions of the CMC
plots in Figure 5.11 (legend in Figure 5.10), where the dotted lines (AD model) all start
increasing and reach steady state before the solid lines (SPECS model).

Figure 5.10 Legend for Figure 5.11
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There is good agreement with the in silico experimental final time-point, and the simulation from the Advection Diffusion model (dotted line). This is shown by the similarity in the CMC value
at the steady state. Legend is found on the prior page in Figure 5.10

Figure 5.11 Chemotactic Migration Coefficient for Escherichia coli comparison between experimental data from SPECS and Advenction Diffusion model

5.5 Discussion
In this chapter, I fit the Advection Diffusion Model to my experimental and in silico SPECS
results identified in Chapter 3 to identify the Sensitivity Coefficient (χ) for each experimental
condition. First, I checked whether the fit was suitable for each of the experimental
conditions, an example of the in silico AD results are shown in Figure 5.1, this shows that the
distribution of cells (B(x)) at the final time point is a close match between the in silico
simulation and the experimental data.

For Bacillus subtilis the sensitivity coefficient (χ), is dependent on the mid channel
concentration (C) of the experimental conditions, rather than the Fold Change (FC), shown
by the negative linear trend in Figure 5.5, and the lack of trend in Figure 5.6. The negative
correlation between 1.5 % and 15 % O2 at the mid channel (C) means that the aerotaxis
system is more sensitive at the lower end of this range. Within this range and within FCs,
there is still a negative linear trend with C.

Below 1.5 %, the lower limit of this range, there is a significant decrease in the value of χ, and
therefore the sensitivity to the oxygen gradient over the cells. This is exemplified by the
experiments 0.1 % - 2 % (2436 ± 181 C = 1.05 %) and 0.2 % - 2 % (1980 ± 148, C = 1.1 %),
where the sensitivity is below that of the higher C but same respective FC conditions
0.2 % - 4 % (2693 ± 200, C = 2.1 %) and 0.4 % - 4 % (3627 ± 266, C = 2.2 %). This is theorised
to happen due to these specific conditions having C values below of the range of K1 << C << K2,
and may be outside of the predicted range.

Above 15 %, there is a plateau of the χ value. With the experimental conditions of
10 % – 50 % (FC = 1.33, C = 30 %), and 10 % – 90 % (FC 1.60, C = 50 %), the χ values are
similar, at 562 ± 12.0 and 519 ± 11.5 respectively. These are outside of the predicted range
for FCD, K1 << C << K2, see Chapter 3 for more details. Therefore, it is expected that these
conditions do not behave in the same way as those within the range.

The negative control for B. subtilis, a static uniform concentration of 10 % O2 produces a χ
value of 45.16 ± 121.52. The sensitivity, as expected is significantly lower, by at least one
order of magnitude in value, than those experiments which have a gradient. This shows that
the χ value that the model predicts is representative of the behaviour seen and can be used
quantitatively as a measure of the population’s sensitivity to oxygen.

The dynamics of the B. subtilis population level reaction is not fully captured. This is
exemplified in Figure 5.4, for all conditions explored the regions where the CMC is increasing
in value, the simulation starts to increase before the experimental data, and arrives at the
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steady state after the in vivo data. This is expected to be due to the DB not being a constant
over the concentrations present in the channel. This is corroborated by the results in Chapter
4, where the swimming speed of the cells changes as a function of oxygen. An example of
which is the 2% - 4% experiment, where the DB varies between 255 m2/s - 198 m2/s over the
course of the channel. These figures were measured under static oxygen concentrations, and,
as the cells adapt to the gradient, they reduce their tumbling frequency when climbing a
gradient. This means that the measured DB is not a true reflection of the area the cells
explore, DB, when exposed to a gradient. All of these, together, affect the fitting of χ, due to
fitting the ratio between χ and DB. Future models should include a DB which varies as a
function of space, and therefore O2 concentration, and fitting χ as a function of space, and
was not completed during this project due to time constraints.

For Escherichia coli, the χ value is more dependent on the FC, rather than C. This is shown by
the slight positive trend between FC 0.05 and 0.261. Above FC 0.3, there is an unexpected
dip in the sensitivity, to 0.9x105 and 1x105 for 200 µM – 280 µM and 210 µM – 294 µM
respectively. The errors for the E coli χ value are very high at the low FC, and smaller at the
high FC. This could be explained by the minimal accumulation of the cells at the low FC,
causing more noise in the measurement.

This high error in the low FC for E. coli is thought to be due to the number of cells within the
channel, kept at 100, and because of the low accumulation, due to the low FC, there is a lot
of noise. To reduce this noise it would be possible to re-do the simulations with more cells in
the in silico device. However, for the purposes of this thesis, it was necessary to keep the
number of cells consistent with the in vivo B. subtilis experiments, to ensure the variation
between the two datasets is comparable.

The negative control for E. coli, a static uniform concentration of 250 μM pr MeAsp produces
a χ value of 5.39 x 10-10 ± 221.55. The sensitivity, as expected is significantly lower, by at least
ten orders of magnitude in value, than those experiments which have a gradient. This shows
that the χ value that the model predicts is representative of the behaviour seen using the
SPECS model and can be used quantitatively as a measure of the population’s sensitivity to
MeAsp.

The dynamics of the E. coli population is, similarly to the B. subtilis experiments, not fully
captured by the AD model. Figure 5.11 shows that the AD model CMC starts to increase
before the SPECS experimental data does. However, unlike the B. subtilis experiments, the
AD model does reach the steady state before the SPECS model does. The reason this happens
could be due to an error in the DB value, as this was taken from Saragosti et al 2012184, but
the SPECS model used was developed by Jiang et al 201013. The DB for the SPECS model is
calculated directly within the model, assigning a chance of a tumble to each individual cell,
changing the chance of a tumble depending on what each cell is exposed to at any given time.
This could be solved by tracking the cells in a similar way to Chapter 4, to extract a value for
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DB as a function of the MeAsp concentration. It is also likely that, similarly to the B. subtilis
data, there is a variation in DB as a function of space, due to the variation in the tumble time
as the cells climb the gradient. I propose that future work should focus on extracting the DB
from the SPECS data, as well as fitting χ as a function of space.

The difference in trends between the two experimental datasets, associated with χ and the
FC or the C, indicates that there is a difference between the two systems. The Escherichia coli
system has been shown experimentally to display FCD within the region of 200 µM - 300 µM,
by Lazova et al 201112 as well as in Chapter 3. Lazova et al 201112 attached E. coli cells to a
glass slide and varied the input concentration of the non-metabolisable MeAsp. They then
measured the E. coli cells’ output directly through utilisation of the FRET pathway, where the
ratio of fluorescent proteins is a measure of the CheA (kinase) protein activity, or the activity
of the pathway as a whole. In Chapter 3, I showed that the SPECS model for E. coli13 shows
FCD within the range, by looking at the simulated activity of the kinase and found that within
this range of 200 μM – 300 μM, the dynamic output of the cells is the same for a given FC.
The weak correlation for χ with C for E. coli shows the expected trend for a system which
does use FCD to search for MeAsp. For the same organism, the χ as a function of the FC, there
is a positive correlation FC < 0.2, and negative correlation where FC > 0.25. This indicates
there is a peak χ value between 0.2 - 0.25, and that χ is a non-linear function of the fold
change. However, the noise surrounding the low FC values is very high, especially where FC
<0.1, as discussed above, and producing a fitting with less error would elucidate the true
dependency.

For Bacillus subtilis, the results from Chapter 3 do not indicate that FCD exists within the
aerotaxis system. The stronger correlation between χ and C and lack of trend between χ and
FC, indicate that the population does sense the C it is exposed to, and not the FC. For FCD to
exist, the output of the system (the behaviour, defined as the accumulation) should sense
the FC and be invariant to the C, or ∇C, as the system should rescale the input (concentration)
by χ∇C/C158. The correlation between the C and χ imply that FCD is not present in the range
of conditions that I have tested. Similarly to Chapter 3, this does not imply that FCD does not
exist at all, but could be due to the fact that the range of oxygen conditions tested is
insufficient to prove that FCD does not exist.

The main limitation to this model relates to the assumptions that the DB is constant over the
channel. This, as discussed above can be improved in the future by adding more complexity
into the model, by fitting both DB and χ as a function of space. This was also a limitation in
Menolasciona et al 201711, however, due to time constraints, it was not possible to explore
this within this project.

Another limitation, similarly to Chapter 3, is the diffusion of oxygen through the device within
B. subtilis experiments, and not of MeAsp within the E coli SPECS simulations, which may be
an important aspect of this type of experiment. This can also be improved by adding in
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complexity to the SPECS model, by adding in the diffusion of the MeAsp, to both the SPECS
simulations and the AD simulations, making the in silico SPECS data as similar to the B. subtilis
in vivo experiments as possible. This complexity has yet to be explored within the wider
research community surrounding chemo- and aero- taxis, and, due to time constraints, this
was not possible to explore within this project.

Future work in this project should focus on incorporating DB as a function of space or O2, for
the Bacillus subtilis experiments, to ensure a more biologically relevant model. This,
combined with fitting over time would increase the accuracy of the identified χ value
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Chapter 6.
Conclusions and future perspectives
Oxygen is vital for life. The ability of Bacillus subtilis to search for and find oxygen is
paramount to its survival. Efficient processing of the chemical information surrounding the
cell is important for finding the best environment for the bacteria to survive. The way in
which the bacteria sense and respond to a stimulus, like an oxygen gradient, over time is
known as its Dynamic Phenotype.

Conclusions
Fold Change Detection (FCD), is one Dynamic Phenotype, where the entire response time
profile of a system is the same, given a Fold Change (FC) on the input. This robustness helps
the system to stay sensitive over large ranges of input concentrations, and is due to the
adaptation mechanism shifting the sensitivity range to accommodate for the background
signal. Bacillus subtilis has been shown to use the prerequisites for FCD11, yet its biochemical
architecture for aerotaxis is more complex than the laboratory standard Escherichia coli,
which has been shown to use FCD to search for MeAsp12. The question arises, does B. subtilis
also use FCD to search for oxygen?

In this work I explored the Dynamic Phenotype of Bacillus subtilis, by assessing the population
level dynamic behaviour to different linear gradients, in the form of dynamic accumulation
at the source of oxygen. I then use this in vivo data to recapture the movement of the
population in a mathematical model. The experimental data was achieved through a
combination of microfluidics and in vivo Phase Contrast video microscopy, then using
segmentation and tracking algorithms to generate the positions of the bacteria through
space and time. The information extracted from these videos was then used to fit the
sensitivity coefficient, χ, in the Advection Diffusion model.

In Chapter 3, I explore whether the population of B. subtilis uses the Dynamic Phenotype,
Fold Change Detection (FCD). To do this, I expose the B. subtilis population to different linear
gradients of oxygen, with the same Fold Change (FC) as well as different FCs. I compared
these in vivo results to in silico results from the Signalling Pathway-based E. coli Chemotaxis
Simulator (SPECS) model13, to predict the trend for the in vivo results, for a system which
does use FCD. Looking at the half maximal response, of each of the species’ experimental
results, shows a negative linear correlation for the in silico E. coli results, where no clear trend
exists in the in vivo B. subtilis data. Three possible explanations for the lack of correlation in
B. subtilis arise:
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1.
2.
3.

The type of experiment used is not robust enough to distinguish whether FCD is utilised in B.
subtilis.
FCD is not exhibited within the range of oxygen conditions explored within B. subtilis.
There is a non-linear relationship between the adaptation feedback to the free energy of the
receptor, meaning that FCD will not be presented within B. subtilis aerotaxis.

The results from this Chapter are inconclusive, and future work should centre on the use of
a Flourescence Resonance Energy Transfer (FRET) pair, developed in 2018 by Viktor Sourjik’s
group170. This will elucidate whether the range I have explored so far is incorrect or too broad,
or whether this experimental set up is not robust enough to display FCD.

To develop a full mathematical model, it was necessary to elucidate the Effective Diffusion
Coefficient (D[O2]) of the B. subtilis population to different absolute concentrations of
oxygen. In Chapter 4 I explore the D[O2] of the bacteria spanning the single cell to the
population level. To achieve this, it was necessary to extract the tumble rate and the
swimming speed of the cells under a constant concentration of oxygen. This elucidated
population heterogeneity within both the tumble rate and the swimming speed. However,
also revealed the variation in swimming speed over the different oxygen concentrations
explored. This variation has a direct impact on the area which a bacteria can explore per unit
time, and so is reflected in the variation in the D[O2]. Limitations to this study are concerned
with the 2 Dimensional (2D) representation of the 3 Dimensional (3D) environment in which
the cells are exploring. Extracting the tumble rate from these 2D representations is a nontrivial challenge, where in future, time would be better spent working with a 3D tracking
microscope to elucidate the full picture of the cells’ behaviour, on both the individual and
the population level.

In Chapter 5, I recapture the movement of the bacteria in an Advection Diffusion (AD) model,
by fitting the steady state distribution of the cells to get the Sensitivity Coefficient, χ. Similarly
to in Chapter 3, I looked at the SPECS model to determine what the expected trend should
be for χ as a function of the mid channel concentration (C), as well as the FC. The SPECS model
results do not show the intuitive trend against the FC, although, instead showing an increase
in χ up to FC = 0.2, and FC > 0.25 the value for χ decreases. This could be due to the noise
associated with the low cell number within the in silico experiments, as well as a non-linear
relationship between χ and the FC. For the B. subtilis in vivo experiments, there is a clear
dependence of χ on C, but not on the FC. This indicates that the population does use C to
determine the response, and not the FC. This finding indicates that B. subtilis does not use
FCD to search for oxygen.

Limitations to Chapter 5 are on the assumptions made for the model. The first assumption
made is that DB does not vary as a function of space. The results from Chapter 4 indicate that
if the concentration of oxygen varies over the space available, then DB will as well. The χ value
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is achieved by fitting the ratio of χ:DB, so it would be reasonable to expect the value of χ to
change keeping the ratio constant, or the ratio between χ and DB to change as a function of
space. This could be done by fitting this ratio to the Chemotactic Migration Coefficient (CMC),
or the distribution of cells (B(x)) over time.

Future work and applications
Future work for this project is centred on improvements around experimental design, to
ensure the data collected is fully representative of Bacillus subtilis’s movement through its 3
dimensional environment, spanning the single cell to the population level. As well as inclusion
of more complexity surrounding the Effective Diffusion Coefficient (DB) within the Advection
Diffusion model, this will ensure full recapturing of the accumulation at the source of oxygen.
Together, the improvements detailed in Chapters 3-5 and concluded below, will enable a
more complete understanding of the behaviour of Bacillus subtilis in response to different
profiles of oxygen.

The results for Chapter 3 are inconclusive, and future work should aim to elucidate the
robustness of the experiment performed, by utilising the Fluorescence Resonance Energy
Transfer (FRET) pair, recently published by Viktor Sourjik170. The FRET pair will enable a direct
assessment of the activity of the aerotaxis pathway, rather than the indirect population level
data presented here. Given a time varying concentration of oxygen, multiplied by a constant,
this will directly assess the dynamic adaptation state of the individual cells through the ratio
of the two fluorescent proteins. This would also give a clear understanding of how the
population heterogeneity with respect to the dynamic adaptation occurs within B. subtilis.

The results for Chapter 4, show that there are differences in behaviour between individuals
of the same population. However, the 2D nature of the experimental set-up used has
limitations which need to be overcome to be improve the quality of the data. There are two
options, the first is to reverse engineer the vertical angle at which the cell is swimming within
the frame, the second is to use a 3D tracking microscope to assess the cells individually. The
first option requires some assumptions to be made about the trajectories, however, can be
done with this existing data. The second requires access to expensive equipment and would
require significant time investment to gain enough trajectories which are a representative
sample of the population. However, would require no assumptions to be made about the
trajectories. In an ideal world, with unlimited resources, the second option would be
preferable, as assumptions can mask some conclusions.

The Advection Diffusion (AD) model presented in Chapter 5, as discussed above, has
limitations due to the assumption that Db does not vary through the space the bacteria are
exploring. Taking the results from Chapter 4 into consideration, this assumption is shown to
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be incorrect, and future work should look at fitting χ as a function of space. For this to be
accurate it will also be necessary to find the function by which DB varies with respect to O2,
as the results in Chapter 4 show that it is non-linear. This will enable the clear elucidation of
whether B. subtilis indeed does not use FCD to search for oxygen, or whether the results in
Chapter 5 are an artefact of the assumptions made for the AD model.

The impact of this work centres on the combination of results presented in all of the data
Chapters 3-5, where the experimental assessment of B. subtilis, combined with the AD
model, show that, with the data presented here, this system does not use FCD to search for
oxygen. This work has combined several techniques to elucidate the population
heterogeneity of B. subtilis’ interaction with its oxygen environment, as well as a comparison
between it and the E. coli chemotaxis system, which has been shown experimentally to use
FCD. The combination of results presented here opens the question of why B. subtilis has a
more complex biochemical architecture for motility, and is able to out-compete E. coli for
root colonisation185, when it does not have the same robustness? Is the robustness presented
through FCD non-optimal for in vivo behaviour? Is the more complex biochemical
architecture necessary for competition in the environments in which B. subtilis naturally
occurs (in the soil, and in the guts of animals)? Is the architecture of B. subtilis presenting a
more robust system structure, for which we have not found an explanation?

Future applications for this knowledge are varied and widespread. The knowledge of the
system of aerotaxis not displaying FCD can be used to create efficient information processing
for a wider range of input concentrations, with a fixed number of nodes. This could be useful
within the field of robotics for generating a machine which can effectively find the area which
has the most optimal conditions for its purpose, with as fewer calculations as possible (i.e.
within the shortest time), like the biochemical architecture of these bacteria. Another
application is the direct manipulation of the chemotactic and aerotactic motility mechanisms,
which can then be employed to direct bacteria to follow a gradient of our choosing. Whether
that be towards the source of a disease or an ecological problem, such as an oil spill, the
bacteria can colonise the area to produce an antidote.
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Appendix A. Methods Tables
a. Cell Culture
Table A.1 LB recipe

LB
Ingredients

Supplier

Final Concentration

Tryptone

Sigma-Aldrich CAS: 91079-40- 5 g/l
2

Yeast Extract

Sigma-Aldrich CAS: 8013-01-2 2.5 g/l

NaCl

Sigma-Aldrich CAS: 7647-14-5 5 g/l

Table A.2 Spizizen salts recipe

Spizizen Salts
Dissolve in 93.5 ml:
Ingredients

Supplier

Mass

40 mM KH2PO4

Sigma-Aldrich CAS: 7778-77-0 6 g

85 mM K2HPO4

Sigma-Aldrich CAS: 7758-11-4 14 g

15 mM (NH4)2SO4

Sigma-Aldrich CAS: 7783-20-2 2 g

6 mM Sodium citrate tribasic Sigma-Aldrich CAS: 6132-04-3 1 g
dihydrate
Adjust to pH7
Then add:
Ingredients

Supplier

Volume

1M MgSO4.7H2O

Sigma-Aldrich CAS: 10034-99- 0.1 ml
8
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b. Frozen Stock
Table A.3 Freeze mix recipe

Freeze Mix
Ingredients

Supplier

Volume

Spizizen Salts

Table A.2

10 ml

Glycerol

Sigma-Aldrich CAS: 56-81-5

33 ml

MilliQ water

SG euRO10 RO unit + 90 ml
NANOpure Diamond Model
D11931

c. Generation of aerotactic Bacillus subtilis
cultures
Table A.4 LB/Agar recipe

LB/Agar
Ingredients

Supplier

Final Concentration

Tryptone

Sigma-Aldrich CAS: 91079-40- 5 g/l
2

Yeast Extract

Sigma-Aldrich CAS: 8013-01-2 2.5 g/l

NaCl

Sigma-Aldrich CAS: 7647-14-5 5 g/l

Agar

Sigma-Aldrich CAS: 9002-18-0 7.5 g/l

Table A.5 Sporulation Salts recipe

Sporulation Salts
Ingredients

Supplier

Final Concentration

CaCl2

Sigma-Aldrich CAS: 10043-52- 0.14 M
4

MnCl2

Sigma-Aldrich CAS: 7773-01-5 0.01 M

MgCl2

Sigma-Aldrich CAS: 7786-30-3 0.2 M
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Table A.6 Incomplete Cap Assay Minimal Media recipe

Incomplete Cap Assay Minimal (CAM) media
Ingredients

Supplier

Final Concentration

K3PO4 (Phosphate buffer) pH 7.0

Sigma-Aldrich CAS: 7778- 50 mM
53-2

MgCl2

Sigma-Aldrich CAS: 7786- 1.2 mM
30-3

CaCl2

Sigma-Aldrich
10043-52-4

(NH4)2SO4

Sigma-Aldrich CAS: 7783- 1 mM
20-2

MnCl2

Sigma-Aldrich CAS: 7773- 0.01 mM
01-5

Sporulation Salts

Table A.5

CAS: 0.14 mM

1:1000

Table A.7 HMT recipe

HMT
Ingredients

Supplier

Final Concentration

Histidine

Sigma-Aldrich CAS: 351-50-8

5mg/ml

Methionine

Sigma-Aldrich CAS: 348-67-4

5mg/ml

Tryptophan

Sigma-Aldrich CAS: 153-94-6

5mg/ml

Ingredients

Supplier

Final Concentration

Tryptone

Sigma-Aldrich CAS: 91079-40- 10 g/l
2

NaCl

Sigma-Aldrich CAS: 7647-14-5 5 g/l

Table A.8 Tryptone Broth recipe

Tryptone Broth

105

Table A.9 Complete Cap Assay Minimal Media recipe

Complete Cap Assay Minimal (CAM) media
Ingredients

Supplier

Volume

Incomplete CAM

Table A.6

20 ml

Sorbitol (1 M)

Sigma-Aldrich CAS: 50-70-4

200 μl

Tryptone Broth

Table A.8

200 μl

HMT

Table A.7

60 μl
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Appendix B.
Chemotactic Migration Coefficient
Escherichia coli

Figure B.1 All CMC(t) for experimental conditions within Escherichia coli using SPECS.
The CMC reaches its maximum accumulation sooner and the strength of accumulation is greater given a higher
Fold Change (FC, ∇C/C). This can be seen where the highest FC of 0.4 reaches the maximal accumulation at
approximately 180 s, where the smallest FC of 0.049 reaches the maximal accumulation at approximately 350 s.

107

108

Figure B.2 CMC(t) for Escherichia coli using SPECS with different initial starting conditions.
The maximal accumulation reached by the in silico cells is approximately the same, between 0.09 and
0.11, however, the time taken to get there differs depending on whether the initial conditions are
within the experimental range (200-210 µM) or outside the predicted range for FCD within SPECS.

Figure B.3 CMC50 for Escherichia coli using SPECS with different initial conditions.
The circles are initial conditions which are within the conditions of the experiment (200-210 µM). The
maximal accumulation for all of these are between 0.05 and 0.08 but the time taken varies more
considerably, between 105 s (for preadapted to 205 µM) and 246 s (preadapted 150 µM)
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Appendix C.
Chemotactic Migration Coefficient
Bacillus subtilis

Figure C.1 All CMC(t) for experimental conditions within Bacillus subtilis.
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Appendix D. Sensitivity of cos(θ), speeds
and tumble rates

Figure D.2 Angles between frames in Radians for one dataset

Figure D.2 Frequency of angle between frames for an entire Bacillus subtilis 2 % O2 dataset, normalised for
the trajectory length
The majority of angles between frames is less than 20˚, and showing an exponential decay until 180˚. This
indicates that the majority of the time the cells are spending swimming in the same direction.

Figure D.3 Number of tumbles called as per the cos(θ) value normalised to the length of the trajectory in frames
for Bacillus subtilis
The number of tumbles called changes depending on the cos(θ) value selected. The higher the cos(θ) value, the
more tumbles called due to the tighter angle between frames needed to assume a run. The value of cos(θ)
between 0.9-1.0 calls 4.5 tumbles per trajectory. And a cos(θ) value between -0.1 and 0 gives no tumbles per
trajectory. Assuming that bacteria tumble and change direction in a uniform manner, there would be a plateau
of a consistent number of tumbles associated with an range of cos(θ) values. This cannot be seen.
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-0.9

0.0

0.9

-0.5

0.5

Figure D.4 number of tumbles called using
different threshold values
The number of tumbles called changes
depending on the cos(θ) threshold value
selected. The red dots represent where on the
trajectory the tumble is called, as the cos(θ)
value between those frames is less than the
threshold value. The number called ranges from
5 for a threshold value of -0.9, to 102 called using
a threshold value of 0.9.
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Appendix E.
Smooth Swimming Bacillus subtilis
OI4139

Figure E.1 Bacillus subtilis OI4139 smooth swimming variant tumble rate is constant over all concentrations
measured.
The median tumble rate is ~0.1 s-1 for all concentrations explored. The distributions asre all non-normal,
but is wider at 0 % O2 than at higher concentrations (≥0.1% O2).

Table E.1 Kruskal-Wallis p values between Bacillus subtilis OI4139 Tumble Rate

Conc

0%
0%
0.10%
1%
10%
100%

0.10%
1
0
0
0
0

0
1
1.51E-18
0.000684
4.59E-116

1%
0
1.51E-18
1
1.82E-35
2.10E-231

10%

100%
0
0.000684
1.82E-35
1
2.22E-87

0
4.59E-116
2.10E-231
2.22E-87
1
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Figure E.2 Bacillus subtilis OI4139 time between tumbles
The time between the tumbles does not change above O2 concentration of 0.1 %, where all of the means
are at 0.65 s, at O2 concentration of 0 %, the time between the tumbles decreases to 0.46 s.

Table E.2 Kruskal-Wallis p values between Bacillus subtilis OI4139 Tumble Duration

Conc

0%
0%
0.10%
1%
10%
100%

1
0
0
0
7.26E-267

0.10%
0
1
0.357531
0.007959
2.92E-20

1%

10%
0
0.357531
1
0.079181
4.62E-17

0
0.007959
0.079181
1
3.69E-11

100%
7.26E-267
2.92E-20
4.62E-17
3.69E-11
1
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Figure E.3 Bacillus subtilis OI4139 distribution of speeds for each dataset.
The individual datasets are in pink, yellow and green, with the blue being the combination of all. The mean values
as follows, 19.0 μm/s at 0 %, 28.3 μm/s at 0.1 %, 30.1 μm/s at 1 %, 29.3 μm/s at 10 %, and 28.1 μm/s at 100 %.
These distributions are all significantly different, using ANOVA the p values are all < 0.05, shown in Table E.3

Table E.3 ANOVA p values for Bacillus subtilis OI4139 swimming speeds

Conc

0%
0%
0.10%
1%
10%
100%

0.10%
1
0
0
0
0

0
1
1.19E-192
3.48E-68
1.17E-17

1%
0
1.19E-192
1
2.02E-33
0

10%
0
3.48E-68
2.02E-33
1
7.81E-152

100%
0
1.17E-17
0
7.81E-152
1
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Figure E.4 Bacillus subtilis OI4139 DB is constant above 0.1 % O2.
The median values for each distribution is the point, and the error bars are the 25th and 75th percentile. The DB
is lowest at 0 % O2, with a value of 70 µm2/s. The value of DB at higher concentrations (≥0.1 % O2) is relatively
constant at ~210 µm2/s. Looking at the statistics, they are all significantly different according to the KurskalWallis non-parametric test, as they all have values of < 0.05, shown in Table E.4

Table E.4 ANOVA p values between Bacillus subtilis OI4139 Diffusion Coefficient distributions

Conc
0%
0.10%
1%
10%
100%

0%

0.10%
1
0
0
0
0

0
1
1.10E-156
2.33E-26
1.45E-37

1%

10%
0
1.10E-156
1
2.20E-58
0

100%
0
2.33E-26
2.20E-58
1
4.57E-124

0
1.45E-37
0
4.57E-124
1
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Appendix F. Height within the channel

Figure F.1 Bacillus subtilis OI1085 Tumble rate at different heights within the channel
All of the mean tumble rates are between 1.85 tumbles/second, and 2.05 tumbles/second. Where the
higher in the channel have lower tumble rates. Statistically, the distributions for 15 μm, 45 μm and
55 μm are the same, using the Kruskal-Wallis non-parametric test, where the p values are > 0.05,
shown in Table F.1

Table F.1 Kruskal-Wallis p values for Bacillus subtilis OI1085 at different heights within the channel for tumble
rate

Height
(μm)

5
5

15
25
35
45
55
65
75

15
25
35
45
55
65
75
2.21E- 1.36E- 7.91E- 5.17E- 5.17E- 5.68E- 7.61E1
156
15
129
182
182
11
144
2.21E5.78E- 0.0001 0.6401 0.6401 7.85E156
1
67
52
94
94
98
0
1.36E5.78E3.70E- 9.75E- 9.75E- 0.0376
3.26E15
67
1
47
78
78
61
221
7.91E- 0.0001 3.70E6.29E- 6.29E- 1.51E129
52
47
1
06
06
73
0
5.17E- 0.6401 9.75E- 6.29E1.66E182
94
78
06
1
1
115
0
5.17E- 0.6401 9.75E- 6.29E1.66E182
94
78
06
1
1
115
0
5.68E7.85E- 0.0376
1.51E- 1.66E- 1.66E7.00E11
98
61
73
115
115
1
235
7.61E3.26E7.00E144
0
221
0
0
0
235
1
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Figure F.2 Bacillus subtilis OI1085 tumble time at different heights within the channel
The tumble time or time between tumbles does not vary much in value through the channel, the lowest is at
15 μm above the surface, with 0.5 s between tumbles, and the highest is at 65 μm and 75 μm, with a value
of 0.61 s between tumbles.

Table F.2 Kruskal-Wallis p values for Bacillus subtilis OI1085 at different heights within the channel for tumble
duration

Height
(μm)

5
5
15
25
35
45
55
65
75

15
25
35
45
55
65
75
3.32E- 1.58E4.28E2.29E2.29E- 8.05E7.03E1
57
37
94
111
111
09
11
3.32E0.0118 0.0002
1.31E1.31E- 1.66E4.95E57
1
12
38
07
07
26
108
1.58E- 0.0118
6.50E9.57E9.57E- 2.13E1.28E37
12
1
10
15
15
14
78
4.28E- 0.0002 6.50E0.0987 0.0987 1.34E3.39E94
38
10
1
11
11
51
160
2.29E1.31E- 9.57E- 0.0987
2.38E3.96E111
07
15
11
1
1
64
183
2.29E1.31E- 9.57E- 0.0987
2.38E3.96E111
07
15
11
1
1
64
183
8.05E1.66E- 2.13E1.34E2.38E2.38E5.42E09
26
14
51
64
64
1
35
7.03E4.95E- 1.28E3.39E3.96E3.96E- 5.42E11
108
78
160
183
183
35
1
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Figure F.3 Speeds and tumble rate height test for Bacillus subtilis OI1085
The distribution of speeds and tumble rates as a function of the height in the channel. The speeds vary, the mean of the bacteria at 65 μm above the
surface, have the highest speed at 26.0 μm/s. The bacteria with the lowest speed is at the bottom of the channel, at 20.5 μm/s. The p value from the
ANOVA results show that the distributions for 5 μm and 25 μm, and 45 μm and 55 μm are the same, with p values of > 0.05. Shown in Table F.3
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The mean of the distribution of speeds does not change a lot in value with the height in the channel. However, the mean of the bacteria at
65 μm above the surface, have the highest speed at 24.5 μm/s. The bacteria with the lowest speed is at the bottom of the channel, at 20.5 μm/s.
The p value from the ANOVA results show that the distributions for 5 μm and 25 μm, and 45 μm and 55 μm are the same, with p values of > 0.05.
Shown in Table F.3

Figure F.4 Population distributions for speeds of Bacillus subtilis OI1085 at different heights within the channel

Table F.3 ANOVA p values for Bacillus subtilis OI1085 at different heights within the channel for swimming
speed

Height (μm) 5
15
25
5
1
0 0.806027
15
0
1
0
25 0.806027
0
1
35 3.41E-81
0 1.76E-68
45 2.82E-09
0 1.36E-07
55 2.82E-09
0 1.36E-07
65
0
0
0
75
0
0
0

35
3.41E-81
0
1.76E-68
1
2.48E-40
2.48E-40
0
0

45
2.82E-09
0
1.36E-07
2.48E-40
1
1
0
0

55
65
75
2.82E-09
0
0
0
0
0
1.36E-07
0
0
2.48E-40
0
0
1
0
0
1
0
0
0
1
0
0
0
1

Table F.4 Bacillus subtilis OI1085 Effective Diffusion Coefficient at different heights within the channel
The Diffusion Coefficient varies throughout the channel between 125 μm2/s at 15 μm in height to
200 μm2/s at 75 μm. Statistically speaking, the heights of 5 μm, 25 μm, 45 μm and 55 μm are from the same
distribution, given by the Kruskal-Wallis non parametric test, with p values of > 0.05 between them all,
shown in Table F.5.
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Table F.5 ANOVA p values for Bacillus subtilis OI1085 at different heights within the channel for Effective
Diffusion Coefficient (DB)

Height
(μm)

5

15

25

35

45

55

65

75

5

1

2.10E166

0.1153
54

5.06E33

0.3563
36

0.3563
36

0

0

15

2.10E166

1

1.24E129

0

9.56E159

9.56E159

0

0

25

0.1153
54

1.24E129

5.60E37

0.4650
74

0.4650
74

1

0

0

35

5.06E33

0

5.60E37

1

1.11E38

1.11E38

0

0

45

0.3563
36

9.56E159

0.4650
74

1.11E38

1

1

0

0

55

0.3563
36

9.56E159

0.4650
74

1.11E38

1

1

0

0

65

0

0

0

0

0

0

1

5.12E44

75

0

0

0

0

0

0

5.12E44

1
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0.20%
0
0
0

0.017505

0.476701

1.17E-114
1

6.39E-22

0.004526

0.745907
0
0

1.56E-232

4.54E-36

2.06E-114

9.83E-69

8.62E-90

1.10E-171
0

0.50%

0

0

0

2.22E-18

3.82E-30

1.80E-182

6.39E-22

1

5.27E-34

3.83E-24

7.04E-148

0

4.72E-62

0.449755

3.56E-185

1.04E-05

4.52E-10

5.76E-36

5.87E-131

0

0

0

0

0.001174

8.46E-306

0

0

0

1.27E-140

1.02E-93

1.80E-182

1.17E-114

1

2.31E-144

8.02E-171

5.84E-178

0

0

0.10%

0

5.47E-283

6.05E-148

7.74E-111

2.43E-160

3.45E-67

0

0

0

0.212423

0.007542

3.82E-30

0.476701

2.31E-144

1

7.86E-05

0

0

0

0.07%

0

8.58E-214

3.10E-103

5.30E-75

2.42E-192

5.83E-37

1.28E-292

0

0

0.017031

8.37E-09

2.22E-18

0.017505

8.02E-171

7.86E-05

1

0

0

0

0.05%

0

0

0

0

1.71e-310

0

0

0

0

0

0

0

0

5.84E-178

0

0

1

3.01E-278

0

0.02%

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

3.01E-278

1

0

0.01%

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

1

0%

100%

80%

60%

40%

20%

18%

10%

4%

2%

1%

0.70%

0.50%

0.20%

0.10%

0.07%

0.05%

0.02%

0.01%

0%

Conc

Appendix G. Statistics tables for Chapter
4

Table G.1 Kruskal-Wallis test p values Bacillus subtilis OI1085 for all datasets for time between tumbles (τT)

123

124

1.10E-171

5.76E-36

3.49E-222

3.90E-223

0

5.87E-131

0

0

0

7.01E-154

1.06E-136

1.45E-62

20%

40%

60%

80%

1

0

18%

100%

1.06E-25

10%

0

0

0

4%

5.47E-283

0

1.45E-62

1

5.31E-18

7.17E-27

0

1.25E-91

2.86E-09

0

1.71E-79

8.58E-214

0

8.61E-05

0

0

2%

0

0

0.01
%
0.02
%
0.05
%
0.07
%
0.10
%
0.20
%
0.50
%
0.70
%
1%

0

80%

0

100%

0%

Conc

1.06E-136

5.31E-18

1

0.019617

0

5.47E-26

2.88E-46

0

2.55E-151

1.58E-114

1.68E-124

4.52E-10

8.62E-90

0

6.05E-148

3.10E-103

0

0

0

60%

7.01E-154

7.17E-27

0.019617

1

0

3.23E-14

1.15E-58

0

5.47E-168

6.78E-86

7.20E-98

1.04E-05

9.83E-69

0

7.74E-111

5.30E-75

0

0

0

40%

0

0

0

0

1

0

0

0

0

6.13E-151

6.57E-91

3.56E-185

2.06E-114

0.001174

2.43E-160

2.42E-192

1.71e-310

0

0

20%

0

1.25E-91

5.47E-26

3.23E-14

0

1

2.08E-150

0

8.23E-306

5.13E-47

1.00E-59

0.449755

4.54E-36

8.46E-306

3.45E-67

5.83E-37

0

0

0

18%

1.06E-25

2.86E-09

2.88E-46

1.15E-58

0

2.08E-150

1

0

2.05E-40

9.21E-300

3.93E-291

4.72E-62

1.56E-232

0

0

1.28E-292

0

0

0

10%

0

0

0

0

0

0

0

1

1.91E-246

0

0

0

0

0

0

0

0

0

0

4%

8.61E-05

1.71E-79

2.55E-151

5.47E-168

0

8.23E-306

2.05E-40

1.91E-246

1

0

0

7.04E-148

0

0

0

0

0

0

0

2%

0

3.90E-223

1.58E-114

6.78E-86

6.13E-151

5.13E-47

9.21E-300

0

0

1

0.000429

3.83E-24

0.745907

1.27E-140

0.212423

0.017031

0

0

0

1%

0

3.49E-222

1.68E-124

7.20E-98

6.57E-91

1.00E-59

3.93E-291

0

0

0.000429

1

5.27E-34

0.004526

1.02E-93

0.007542

8.37E-09

0

0

0

0.70%

125

2.09E-10

3.37E-10

1.00E-40

1.31E-18

0.008546

4.32E-09

0.010007

1

0.00062

5.81E-186

3.17E-201

1.53E-155

2.64E-132

2.23E-08

1.21E-61

4.37E-88

9.76E-111

0.000517

0.001038

3.77E-29

2.75E-09

0.845388

0.001909

0.968592

0.00062

1

1.88E-179

1.54E-190

2.13E-149

7.78E-127

0.008681

7.30E-50

4.51E-77

3.08E-101

2.53E-167

1.76E-15

2.61E-33

5.03E-162

0.70%

1%

8.35E-85

2.10E-51

9.77E-40

9.39E-27

0.06256

2.39E-58

1.91E-77

1.21E-135

3.81E-103

0.968592

0.010007

1

0.022103

0.852036

7.97E-05

2.57E-14

0.022573

0.013322

9.27E-20

0.50%

1.32E-96

1.64E-54

8.68E-40

4.54E-24

0.527194

1.98E-65

2.20E-87

2.43E-144

2.76E-116

0.001909

4.32E-09

0.022103

1

0.00607

0.080661

1.77E-10

0.842109

0.911233

1.10E-41

0.20%

3.15E-107

7.68E-66

7.86E-51

5.13E-34

0.021249

1.47E-76

2.95E-98

1.57E-155

8.26E-127

0.845388

0.008546

0.852036

0.00607

1

2.22E-06

8.07E-19

0.005231

0.002822

1.03E-22

0.10%

1.33E-122

9.79E-67

2.18E-46

2.12E-25

0.007596

1.81E-87

1.15E-110

3.71E-158

4.37E-141

2.75E-09

1.31E-18

7.97E-05

0.080661

2.22E-06

1

2.39E-09

0.024027

0.077418

4.98E-70

0.07%

3.10E-70

6.29E-30

9.22E-18

4.78E-07

1.93E-14

2.75E-39

5.05E-61

2.14E-118

6.07E-90

3.77E-29

1.00E-40

2.57E-14

1.77E-10

8.07E-19

2.39E-09

1

5.45E-14

1.19E-11

5.35E-106

0.05%

3.28E-122

3.26E-70

4.22E-51

1.36E-30

0.623481

9.81E-88

4.45E-111

6.84E-162

1.79E-141

0.001038

3.37E-10

0.022573

0.842109

0.005231

0.024027

5.45E-14

1

0.735065

1.32E-48

0.02%

3.67E-109

9.25E-62

8.53E-45

1.04E-26

0.426641

6.47E-76

6.83E-99

4.04E-153

7.50E-129

0.000517

2.09E-10

0.013322

0.911233

0.002822

0.077418

1.19E-11

0.735065

1

3.05E-47

0.01%

9.77E-269

5.60E-200

3.03E-169

1.01E-130

1.09E-42

1.84E-234

5.37E-255

1.04E-279

1.82E-283

2.61E-33

1.76E-15

9.27E-20

1.10E-41

1.03E-22

4.98E-70

5.35E-106

1.32E-48

3.05E-47

1

0%

100%

80%

60%

40%

20%

18%

10%

4%

2%

1%

0.70%

0.50%

0.20%

0.10%

0.07%

0.05%

0.02%

0.01%

0%

Conc

Table G.2 Kruskal-Wallis p value results for Bacillus subtilis OI1085 for the Tumble duration

126

127

3.28E-122
3.10E-70
1.33E-122
3.15E-107
1.32E-96
8.35E-85
2.53E-167
5.03E-162
6.97E-05
6.60E-29
0.188523
7.94E-11
6.50E-117
3.25E-30
2.65E-18
1.55E-10

0.02%

0.05%

0.07%

0.10%

0.20%

0.50%

0.70%
1%
2%
4%
10%
18%
20%
40%
60%
80%
1

3.67E-109

0.01%

100%

9.77E-269

100%

0%

Conc

1.55E-10

1

0.013303

5.02E-08

8.17E-68

0.637219

3.27E-07

4.77E-55

5.73E-23

3.08E-101

9.76E-111

2.10E-51

1.64E-54

7.68E-66

9.79E-67

6.29E-30

3.26E-70

9.25E-62

5.60E-200

80%

2.65E-18

0.013303

1

0.002506

6.59E-50

0.001539

8.05E-14

4.52E-66

6.57E-33

4.51E-77

4.37E-88

9.77E-40

8.68E-40

7.86E-51

2.18E-46

9.22E-18

4.22E-51

8.53E-45

3.03E-169

60%

3.25E-30

5.02E-08

0.002506

1

1.53E-30

2.00E-10

1.49E-24

3.67E-80

1.14E-46

7.30E-50

1.21E-61

9.39E-27

4.54E-24

5.13E-34

2.12E-25
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Table G.3 ANOVA p values for Bacillus subtilis OI1085 individual conditions for swimming speed
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Table G.4 Kruskal-Wallis p values for Bacillus subtilis OI1085 Diffusion Coefficient (DB) between all conditions
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