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Abstract

The opportunistic pathogen Pseudomonas aeruginosa uses grappling hook-like appendages called
pili to move across surfaces. During early stages of biofilm development, local cell density increases
such that bacteria transition from solitary individuals to densely packed monolayers. This thesis
resolves how individual bacterial movement behaviour impacts their ability to navigate when they
are travelling individually and collectively in densely packed groups.

Collective movement in rod-shaped bacteria is routinely modelled as a two-dimensional nematic
system in which neighbouring cells align their orientations, but do not necessarily pull themselves
in the same direction. Using massively parallel cell tracking, fluorescent fusions, and an automated
analysis pipeline, we show that cells actively reverse their movement direction when travelling in
a direction opposite to that of their neighbours. This previously unobserved movement behaviour
contributes to a highly polarised state where neighbouring cells actively pull themselves in the same
direction. By working together, rather than against one another, this behaviour is predicted to
enhance the rate of colony expansion.

We then investigate the role of ‘twiddles’ in solitary cells performing pili-based chemotaxis. While
chemotaxis was previously thought to be solely driven by reversals in movement direction, we exper-
imentally observe that cells can smoothly turn the direction of their movement via a process that we
call a ‘twiddle’. To resolve the potential role of twiddles in chemotaxis, we developed an individual-
based model that was parameterised using experimental data. Our results show that twiddles and
reversals can each drive chemotactic response, but show strong differences in the parameter regimes
where they are most effective. Our results indicate that P. aeruginosa cells use both types of ori-
entation behaviours to maximise their ability to position themselves within nutrient source across
different environmental conditions.

Our findings highlight the unique ways that bacteria have evolved to regulate their motility on

surfaces.
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1 Introduction

Movement is a ubiquitous element of life at all length scales, and provides organisms with the means to
enhance their evolutionary fitness. An organism’s direction of travel changes for a variety of reasons:
to reach a food source, to avoid predators or conflicts with competitors. While the movement patterns
of many organisms can are highly complex, experiments on bacterial cells have allowed researchers
to obtain a deep understanding on how movement behaviour has evolved, because it is relatively
easy to obtain data from thousands of individual organisms, that each are genetically identical to
one another, in a single laboratory experiment, as they respond to well-defined stimuli. Bacteria use
a wide variety of different mechanisms to propel themselves, which is typically biased by altering the

rate at which they change their direction of travel [1].

Bacterial movement has been historically focused on how single bacteria use flagella to swim
through fluid [2]. Although these studies have revolutionised our understanding of bacterial behaviour
(and the physical and molecular mechanism involved), bacteria actually spend large portions of their
lives attached to a surface. Whilst surface attached, some bacteria move through twitching motility,
a jerky form of motion facilitated by the extension and retraction of a fibre like appendage known as
the Type IV pilus [3, 4]. Type IV pili are essential in infection, as they enable bacteria to colonise
tissues where they otherwise would not be able to [5, 6]. They also enable the exchange of DNA
between cells [7]. Bacteria, in particular Pseudomonas aeruginosa, use twitching motility to form

clusters with nearby single cells, forming micro-colonies, the sites of future biofilm formation [8, 9].

Bacteria spend the majority of their lives in surface attached biofilms, collectives of millions of
surface-attached cells that produce a glue-like matrix containing extracellular polymeric substances
(EPS). The matrix provides the constituents with protection from environmental factors such as
detachment by flow and a resistance to antibiotic treatment [3, 10, 11]. During biofilm formation,
cell density increases beyond a critical value, and collective behaviours begin to emerge, as individ-
ual movement becomes highly influenced by physical interactions with neighbouring cells [12, 13].
Collective movement is commonly studied in P. aeruginosa monolayers near the edge of expanding
colonies, where the cells form single layered, two dimensional sheets [14]. In this two-dimensional
environment, the movement of the collective behaves similarly to a liquid crystal and is modelled as
an active nematic system [15]. Despite the advancements made in understanding the dynamics of the
collective, little consideration has been given to if individual cells can influence collective movement

by regulating their behaviour.

Whilst forming a biofilm or living a in a mature one, each bacterium is capable of regulating



its movement by responding to chemical and physical stimuli, driving cells towards more favourable
conditions [16, 17]. Developments in the field of microfluidics have allowed for the generation of
quantifiable and reliably produced chemical gradients, allowing high resolution studies of bacterial
chemotaxis to be performed [18]. Additionally, single P. aeruginosa cells have recently been tracked
in densely packed monolayers for the first time, revealing new physics that occurs during biofilm
development [19]. Utilising these technologies this thesis first investigates how individual bacterial
movement behaviour facilitated by twitching motility has the ability to influence the collective prop-
erties of a bacterial monolayer and groups of cells at the periphery of the colony. Secondly, we
quantify the role a novel form of twitching behaviour has on single cell chemotaxis across surfaces,

and how it impacts how cells distribute themselves around a source of nutrients.

1.1 Bacteria have evolved fascinating ways to move

As bacteria occupy nearly every environmental niche it is unsurprising that they have developed
a plethora of mechanisms to facilitate movement, and are capable of responding to chemical and
physical cues in their surroundings [20, 21]. We begin the upcoming section by providing an overview
of different forms of motility that both planktonic and surface associated cells use. As this thesis
focuses on the latter, we provide a description of the structure and operation of the type IV pilus
machine, and how it is used to facilitate chemotaxis using the Pil-Chp system [22]. After considering
how P. aeruginosa responds to chemical signals, we then discuss mechanosensing, the process of
bacteria detecting and responding to physical stimuli. Finally, we consider the methods used to
study twitching motility and how fluorescent labelling is used to resolve how proteins in the Pil-Chp

are regulated during pili-based motility.

We will now outline four methods that bacteria have developed to move. Of the four, swimming
is by far the most extensively studied, and is typically done so using Escherichia coli as a model
organism. Swimming is performed whilst E. coli is in a planktonic state and is facilitated by multiple
flagella that are distributed over the cell body [23]. A flagellum is formed of three main components:
a motor that rotates clockwise (CW) or counter clockwise (CCW), a hook that acts as a joint which
transfers torque from the motor to the filament, a flexible whip like filament that can be up to 15 pwm
in length [24]. Swimming motility in E. coli is characterised by a series of ‘runs’ and ‘tumbles’, driven
by CCW and CW rotation of the rotary motor respectively [25]. When driven CCW, a bundle of
flagella form and the cell body is propelled forward, giving rise to a run. When the motor rotates CW,
the flagella unbundle and the cells comes to a stop and reorients, which is called a ‘tumble’. Following

a tumble end, E. coli swims in a new direction [26]. Typically, E. coli travels approximately 25 pm



s~! during runs, which are punctuated by tumbles approximately every second [25, 27]. Rather than
having multiple flagella, P. aeruginosa has a singular polar flagellum that operates in a ‘run-reverse-
pause’ manner, which arises from an additional phase where the rotary motor intermittently pauses
[28]. These different forms of swimming motility are often modelled as a random walk to understand

how the different mechanisms or reorientation affect chemotaxis and dispersal [29].

Once surface associated, P. aeruginosa ceases to use its flagellum and begins to upregulate vir-
ulence factors, including the operation of Type IV pili (TFP), 1 — 4 pum long, 7 nm wide fibre like
appendages that extend from the pole of the cell [30, 31]. Twitching motility is facilitated by the
extension of TFP from the cell pole, attachment of the tip to the surface, and the subsequent re-
traction of the pilus, exerting forces of up to 100 pN, capable of pulling the cell body at speeds of
approximately 0.1 pm s~! [32, 33, 34]. Typically, one pilus is retracted at a time causing the cell
body to move but the stochastic detachment of pili give rise to a ‘jerky’ or ‘twitchy’ appearance
[35, 36]. P. aeruginosa drives twitching motility from either of its poles, meaning it is capable of
reversing its direction of travel along its long axis [37]. Twitching motility often takes the form of
crawling, where the cell body is parallel to the surface, however, cells can also ‘walk’ upright whilst
attached to the surface by a single pole in microfluidics[32]. When crawling, P. aeruginosa moves at
slower velocities than when compared to when walking, however the persistence length of crawling
movement is much greater, giving rise to more directed motion. On the other hand, when walking
upright, the persistence length of twitching motility decreases, and P. aeruginosa tends to have a
much more compact trajectory [38]. A third form of twitching motility is observed over much shorter
timescales called ‘sling shotting’, occurs when the detachment of a single pilus causes a rapid propul-
sion of the cell body due to the tension in the other pili [36]. It has been observed that the rate of
slingshotting increases on softer surfaces, demonstrating how pili-based motility can be affected by

the external environment [39].

Swarming is a form of motility that occurs in a thin film of liquid that overlays an agar surface.
Swarming typically is associated with increased multiple flagella production, and is commonly studied
in E. coli, P. aeruginosa and Bacillus subtilis. Bacteria typically produce surfactants to facilitate
swarming [23]. Swarming is distinct from twitching because the former movement is driven by flagella
and the latter is driven by pili. In addition, cells form ‘rafts’ to collectively swarm and any individual
seen to leave the raft ceases movement. Swarming requires softer agar, 0.5% w/v, and does not
occur on the harder 0.8% w/v agar that is used to study twitching motility [34, 40]. Additionally,
experiments on B. subtilis that vary the aspect ratio of the cell body and local cell density, have

shown that swarming is more likely to occur as aspect ratio increases up to a value of 9.5 (cell length



divided by width), and when cell density is above a minimum value but not so large that the system
enters a jammed state, where they are unable to move [40].

Recent studies on bacterial motility have begun to focus on another form of surfaced-attached
movement, gliding motility. The first models of gliding motility in Flavobacterium johnsoniae pro-
posed a track that wrapped around the entire cell, with adhesins attaching to the surface driving
movement [41]. This model was investigated further and resulted in the discovery of the type IX
secretion system, comprised of a molecular rack and pinion system, where a helical track wraps
around the cell body, and rotary motors cause the adhesins to move around this track, propelling

! using proton motive force [42]. Given the helical nature of

F. johnsoniae at speeds of 1.5 um s~
the track, the body rotates around its long axis as the bacterium is propelled forward [43]. Exper-
imental evidence exists displaying reversals of direction of travel in F. johnsoniae gliding motility,
however these studies are in their infancy, and there remains much to be uncovered about this form
of movement [42].

Studies on cell motility have also been performed using Myzococcus xanthus due to its ability to
perform two types of movement: social (S) and adventurous (A) motility [44]. S-motility is facilitated
through rounds of polar pili extension and retraction that pulls the cell body. S-motility occurs when
M. zanthus cells are in close proximity to one another, which results in a spatial distribution of
clusters of motile cells, and individual immobile cells. This form of behaviour consists of periodic
reversals of twitching motility direction which cause the formation of large scale structures such as
fruiting bodies [45]. Although the exact mechanism that facilities A-motility is still debated, it is

not driven by pili but does allow for individual cells to move, which leads to many single cells being

distributed over a surface [46].

1.1.1 The type IV pilus machine

This thesis focuses on twitching motility in P. aeruginosa and as such, we will describe the molecular
machine that facilitates this form of movement: the type IV pilus [30]. In this section, we describe
the TFP machine structure in detail and subsequently outline the roles of each protein that comprises
the system, and explain the process of extension, surface attachment, and retraction.

TFP are made of two components, the basal body and the pilus fibre. The basal body is embedded
into the cell wall during division, and spans from the inner membrane, across the periplasm and to
the outer membrane [47]. This structure is broken down into three components: the pore complex
comprised of PilQ) and TsaP where the pilus extends out of the cell body, the alignment complex

made of PilM, PilN, PilO, and PilP which guides pilus extension, and the motor complex, comprised



of PilC, which the ATPases PilB, PilT and PilU bind to [48].

The process of pilus extension first involves the recruitment of pilin subunits, PilA, to the basal
body. During extension, the ATPase PilB is bound to PilC at the bottom of the basal body and
polymerizes PilA to form the pilus fibre [49]. Once polymerized, PilA forms into an « helix [50].
Fach pilus is capped with PilV, PilW, PilX and PilY1 at the very end. PilY1 has been shown to be a
possible adhesin for TFP, allowing for the attachment to surfaces through a von Willebrand domain
(for a detailed explanation of the role of a von Willebrand domain in surface attachment see [51]).
However, work in this area to identify other means of attachment is ongoing, as ApilY 1 mutants
still adhere to a surface [51, 52]. After extension, PilB decouples from PilC, and the ATPases PilT
or PilU exclusively bind, depolymerising PilA and returning it to the periplasm, retracting the pilus
[53]. The mutually exclusive binding of PilB and PilT /U facilitates the successive rounds of extension
and retraction of the pilus, respectively, which ultimately drives twitching motility. Through non-
perturbative fluorescent labelling, it has been recently shown that PilB and PilT bind stochastically,
such that that pili constantly switch between extension or retraction, rather than one following the

other in a deterministic way [54].

1.1.2 Regulation of the Pil-Chp system

Given PilB and PilT/U are responsible for pilus extension and retraction respectively giving rise to
twitching motility, we must consider how this form of movement is regulated. Twitching motility is
regulated by the Pil-Chp system, a cluster of proteins that is responsible for regulating chemotaxis
on a variety of surfaces and is required for infection [55, 56]. The Pil-Chp system is homologous to
the Che chemosensory system in E. coli, and some of the functions of the proteins that comprise the
Pil-Chp system have been inferred from these similarities [57]. Here we discuss the operation of both
the Che and Pil-Chp system, and how the latter drives the direction of twitching motility, and how

it is stimulated by mechanical signals.

The Che chemosensory system, which allows swimming E. coli cells to climb gradients chemical
gradients, is the canonical model for bacterial chemotaxis (Figure 1). The Che system controls the
CCW or CW rotation of the flagella which are distributed all over the cell body. CCW rotation allows
a cell to swim in a relatively straight line (a “run”), whereas CW rotation cause a cell to sharply
changes its swimming direction (a “tumble”). The Che system delays tumbles if experiencing an
increase nutrient concentration. CW rotation is more likely to occur when phosphorylated CheY

binds to the flagellar motor. The phosphorylation of CheY occurs through interactions with the



histidine kinase (CheA) and the methyl accepting chemotaxis proteins (MCPs) that directly bind
to the chemical ligands sensed by the cell. Methylation and demethylation of the MCP (by CheR
and CheB, respectively) facilitate adaptation, allowing the cell to respond to a wide range of ligand

concentrations [58].

Figure 1: The Che chemosensory system determines the probability of tumble events, allowing swim-
ming E. coli cells to generate chemotaxis. Blue circles indicate the chemical ligands that are sensed,
black rods indicate methylated chemotaxis proteins (MCPs) and black rectangles indicate the flagel-
lar motors. Gray circles indicate phosphate groups that are transferred between proteins. Adapted
from [58].

The proteins that comprise the Pil-Chp system are shown in Figure 2. The MCP PilJ is thought
to sense external stimuli and is abundant at both cell poles [59]. Given their homology to CheR
and CheB, it is anticipated that PilK causes methylation of PilJ and ChpB causes demethylation
[60, 61]. PilJ undergoes a conformational change when methylated causing auto-phosphorylation of
the histidine kinase ChpA. The phosphate groups are then transferred to two CheY like response
regulators PilG and PilH, which in turn interact with PilB, PilZ and FimX to facilitate pilus extension
and PilT and PilU to retract the fibre respectively [16, 22, 62].

Given the Pil-Chp system regulates the extension and retraction of pili, it has been studied to
show how a bacterium controls its direction of twitching motility. In surface associated M. zanthus
moving through pili mediated S-motility, it has been observed that the location of the pilus machines
is static and equally distributed between each pole, implying that the machines do not move over the

cell’s lifetime. The pili extension and retraction ATPases PilB and PilT localise in opposing poles,
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Figure 2: The Pil-Chp system regulates the extension and retraction of pili. Gray circles indicate
phosphate groups and black arrows show the interactions between proteins. Adapted from [22].

with PilT occupying the site of pili retraction. PilB and PilT undergo periodic relocalisations in
concentration between cell poles controlled by an Frz ‘clock’. These relocalisations coincide with a
reversal of the direction of twitching motility along the long axis of the cell, as pili retraction swaps
to the opposite pole [63]. Dynamic localisation of proteins in the Pil-Chp cluster have also been
reported in P. aeruginosa, displaying that PilB and PilT localise to both cell poles, whereas PilU,
which also has a role in pilus retraction, only localises to the piliated pole [64]. Other proteins also
display polar localisation, such as FimX, which is speculated to have a sensing role, and localises to
the leading pole along with PilB. In the absence of FimX, PilB does not localise to poles and instead
exhibits a diffuse distribution throughout the cytoplasm, suggesting there is an association between
the two proteins [64, 65]. In fact, FimX has been shown to be crucial in twitching motility, as the
deletion of fimX or the removal of key domains on FimX results in reduced twitching motility, or
non-polar placement of pilus machines [66].

Although the Pil-Chp system allows P. aeruginosa to respond to the presence of a chemoattrac-
tant [67], a growing body of evidence suggests that bacteria are also able to regulate their movement
in response to mechanical stimuli [22]. Bacteria have evolved a diverse range of systems to mechani-
cally sense their environments. For example, bacteria can sense when they have attached to a surface
because it can cause their flagella to stall. In addition, there are outer membrane proteins that can

actively sense shear through deformations of the lipid bilayer, or adhesins on the cell body that bind



to a surface and require force to be removed, a mechanical signal that is read by the cell. [68, 69].
Grouped together these are all forms of mechanosensing, the methods bacteria use to mechanically
sense their environment. Mechanosensing through PilY1 on the cell envelope has been shown to be
particularly important in the upregulation of virulence factors in P. aeruginosa to start infection,
as these are energetically expensive processes to initiate. The expression of virulence factors via
mechanosensing is not specific to any one surface, therefore, it enables the colonisation of a broad
range of hosts [70].

Mechanosensing is important for determining the direction of twitching motility. As PilJ has
been shown to chemically interact with the pilin subunit PilA, a model has been proposed where
mechanical signals are read by the Pil-Chp system. Here, a conformational change in PilA caused
by the pilus stretching under tension is read by PilJ [71]. It is not exactly clear how this mechanical
input is translated into a signal that leads to the regulation of twitching motility, however recent
experiments have shown that pilus facilitated cell movement is directed by mechanotaxis, specifically
regulated by PilG and PilH. Mechanotaxis has been implicated in the regulation of the reversals in
movement that are observed when one cell collides with another. PilG acts to promote a unipolar
pili distribution and drives forward motion of a cell, however, during a collision, the signal from a
retracting pilus (or multiple pili) is disturbed, allowing the other response regulator PilH to suppress

PilB polarisation which leads to a reversal of direction of travel [17].

1.1.3 Methods of studying bacterial motility

A large range of techniques have been developed to quantify bacterial motility and how it responds
to different environmental stimuli. Since the advent of the earliest tracking of single cells by Howard
Berg in 1971 [2], many different sophisticated microscopy techniques have been developed to study
bacterial motility, allowing for one to simultaneously track of thousands of densely packed bacteria
in a single field of view [19], or multiple cells in three dimensions through holographic microscopy
[72]. Advances in high magnification microscopy have also allowed us to understand the function of
specific components of the Pil-Chp system by quantifying how proteins are temporally and spatially
distributed in within the cell [65]. Here, we outline some of the techniques used to investigate bacterial
motility.

To investigate single cell movement that occurs during the development of three-dimensional
colonies, it is common for colonies to be grown at the interface between agar and air. The agar

concentration can be tuned to allow one to selectively isolate swimming, swarming, gliding and



twitching motility. To study twitching motility, the agar must of a sufficient stiffness to prevent
flagella motion [23, 71]. Alternatively, interstitial assays, sometimes referred to as ‘sandwich assays’,
investigate twitching motility at the interface between agar and glass, which also facilitate the use of
high numerical aperture oil-immersion objectives [34]. A key component of the interstitial assay is
that reorientations of the cell body out of the two-dimensional plane and the formation of multiple
cell layers are prevented, as a restoring torque on cells at the glass-agar interface acts to keep cell
bodies horizontal [73]. These sandwich assays thus allow bacterial monolayers to form, which have
been widely used to study active matter (see Section 1.3.2) [34]. In addition, keeping cell bodies
parallel with the substrate enables the one to image fluorescent protein fusions to visualise how
different proteins are distributed within the cell body, because it enables the entire cell to be in focus

using epifluorescence microscopy [74].

The use of fluorescent fusions and epifluorescence microscopy has been crucial in understanding
the role of the different proteins involved in twitching motility. Lautrop first reported twitching
motility in 1961, however, they did not coin the term until 1965 [75, 76]. Despite the fact that
twitching motility was discovered almost 60 years ago, it was not until the turn of the millennium that
TFP extension and retraction was observed in vitro for the first time. This achievement was made
possible through labelling pili with amino-specific Cy3 fluorescent dye, showing that pili undergo
Brownian diffusion whilst extending, attach to a surface and become taught during retraction [35].
As previously mentioned, an FrzS clock facilities the periodic reversal of twitching motility in M.
zanthus. This finding that was confirmed through simultaneous genetic labelling of FrzS with green
fluorescent protein (GFP) and pili with Cy3 fluorescent dye, showing that FrsZ-GFP localises to the
pole of pili assembly [77]. GFP labelling of PilT in P. aeruginosa has also shown that inactivation of
the MreB cytoskeleton causes mislocalistion of PilT-GFP and non-polar placement of pilus machines
themselves [78]. Understanding the relationship between FimX localisation and the direction of
twitching motility is of particular importance to the research performed in this thesis, and it is

known that FimX localises with PilB to facilitate pilus extension [64, 65].

Recent research has shown that under nutrient limited conditions P. aeruginosa will undergo
directed twitching motility, whilst they tend to become non-motile and cluster when nutrients are
abundant [74]. Using FimX tagged with red fluorescent protein (RFP), this study showed these
different regimes generated distinct distributions along the cell, with a unipolar accumulation of
FimX-RFP found in the leading pole of cells undergoing twitching motility, and unlocalised or bipolar
distributions of FimX-RFP were predominant when cells were stationary [74]. Thus it is clear that

the distribution of fluorescent fusions can be used to infer the movement behaviour of cells.



Microfluidic devices are widely used to quantify bacterial movement behaviour and how it is reg-
ulated in response to external stimuli. Most microfluidic devices are fabricated using polydimethyl-
siloxane (PDMS) which is then bonded to glass coverslip. PDMS is largely chemically inert and
non-toxic to bacteria, as well as highly transparent which facilitates microscopic imaging. Microflu-
idic devices can be used to produce well-defined chemical gradients via molecular diffusion that can
be used to measure how bacterial respond to chemical stimuli. For example, microfluidic devices have
been used to mimic the microscale ocean environment where nutrient patches constantly appear and
dissipate. By designing a microfluidic device capable of simulating the dynamics of these patches,
it was found that accumulations of swimming bacteria can rapidly form, allowing the top 20% of
fastest cells to benefit from a ten fold increase in nutrient exposure in comparison to non-motile cells
[79, 80]. In addition to measuring the response of bacteria to nutrients, microfluidics are also used
to test bacterial responses to antibiotics. A recent study has shown the surprising result that P.
aeruginosa twitches towards concentrations of antibiotics far above their minimum inhibitory con-
centration. The cells that do so are non-viable and often lyse, releasing pyocins in the process. It
was proposed that bacteria initiate this response to antibiotics as they anticipate an attack from a
rivalling strain upon sensing the antibiotics [81]. Although microfluidic devices have been used to
study the response of twitching P. aeruginosa to antibiotics, they have also been used to investigate

how bacteria move towards greater concentrations of nutrients [67].

1.1.4 Investigating bacterial chemotaxis

Chemotaxis is the ability of organisms to bias their movement along gradients in concentration. They
perform this by sensing and responding to chemical gradients. While twitching mediated chemotaxis
has only recently been reported, flagella-based chemotaxis has been studied for decades [67]. Here
we summarise the experiments and models used to understand swimming based chemotaxis, and
describe how P. aeruginosa performs twitching based chemotaxis in a microfluidic device.
Classically, E. coli is used as a model organism for studying chemotaxis in swimming motility
[82]. Chemotaxis is facilitated through the run and tumble motion of E. coli, which is modelled as a
biased random walk [83, 84]. E. coli extends its run length when experiencing an increase in nutrient
concentration, allowing it to move towards favourable conditions at faster speeds. However, when F.
coli experiences a decrease in chemical gradient it simply reverts back to its basal tumble rate that
is observed in the absence of a chemical gradient, responding only when experiencing an increase in
chemical gradient which is referred to as an ‘optimistic’ method of chemotaxis, where E. coli responds

when life gets better [27]. As E. coli is capable of travelling many body lengths in a relatively short
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period of time, it must sense a gradient by making comparisons between nutrient concentrations at
different time points along its trajectory. These comparisons guide its decision to run or tumble,
a strategy referred to as temporal sensing [85]. Swimming based chemotaxis is commonly studied
using microfluidic devices due to their ability to generate highly reproducible and readily quantified
chemical gradients. Microfluidic devices vary widely in their level of sophistication, for example they
have been used to generate non-linear chemical gradients or mimic the complex chemical gradients
that form in porous environments [86, 87]. However, swimming is not the only motility type that

microfluidics are useful for studying chemotaxis in.

Recently it was shown how single P. aeruginosa can actively bias their movement along chemical
gradients using twitching motility. A dual inlet microfluidic device was used that generates a one
dimensional chemical gradient by flowing a growth medium (DMSO) down one side of the channel
and a growth medium mixed with a chemoeffector (succinate) down the other. P. aeruginosa cells
that were attached to the bottom of the devices were observed to bias their movement towards
increased concentrations of both DMSO and succinate. As previously discussed, P. aeruginosa is
capable of reversing its direction of twitching motility along its long axis, however, in this scenario
the bacteria were responding to sensing a decrease in chemical gradient by increasing their rate of
reversal [17]. When travelling towards larger DMSO concentrations, P. aeruginosa reverses at a
basal rate as if there is no chemical gradient present. It was concluded that P. aeruginosa adopts a
pessimistic chemotaxis strategy, where it responds when life gets worse. Moreover, these experiments
demonstrated that P. aeruginosa is capable of responding to a change in chemical gradient direction
before travelling the length of its body. It was proposed that P. aeruginosa employs a spatial strategy
for sensing chemical gradients, possibly making comparisons in nutrient concentration between its
poles, as opposed to the temporal method used by E. coli [67]. In either twitching or swimming
chemotaxis, accurately quantifying chemotactic behaviour is essential for the development of the
mathematical models that are used to understand how chemotaxis might have evolved to exploit

heterogeneous environments [88, 89.

A number of different modelling approaches have been used to both understand the mechanisms
that underlie bacterial chemotaxis and how it might affect their evolutionary fitness. Typically,
experiments are used to rigorously parameterise models of chemotaxis, for example, measuring how
the rates of chemoeffector binding/unbinding impacts the CCW/CW rotation of flagella have been
used to simulate E. coli chemotaxis [90]. Models of chemotaxis can classified in two main categories:
continuum models and individual based models [91, 92]. Continuum models simulate how the density

of cells changes in time and space, typically using differential equations. On the other hand, individual
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based models (IBMs) simulate the behaviour of single agents, and with a suitable number of agents,
population level dynamics are recovered. IBMs are also popular as they allow one to easily model
the heterogeneity in a population and behaviour that is dependent on specific stimuli that a cell has

experienced at previous time steps [93].

1.2 The bacterial life cycle

Decades of work has been spent understanding how planktonic bacteria move through swimming
motility [27]. Although this research is clearly important, bacteria actually spend the majority of
their life attached to surfaces in densely packed communities referred to as biofilms [94]. Whilst
living in a biofilm, bacteria such as P. aeruginosa benefit from protection of dispersal by flow, and
an increased tolerance to antimicrobials [95, 96]. Given the huge benefits that bacteria gain from
living in biofilms, in this section we outline the process of biofilm formation, describing the signalling
pathways and single cell behaviours that control the formation of such a densely packed community

of cells.

When a planktonic bacteria attaches to a surface it initiates twitching motility and the production
of EPS (Figure 3). Asindividuals grow and divide in patches they begin to form small microcolonies,
which then can then form classical mature biofilms. In some species, the biofilm matrix is degraded
in mature biofilms in which the constituents emerge back in the planktonic phase, which then can
go onto to found new surface attached biofilms [97, 98]. In this study, we define biofilms as large
groups of surface associated cells bound together by EPS, and thus we consider bacterial colonies as

biofilms, similar to the terminology used in previous studies [34].

Reversible Irreversible Microcolony Mature Dispersal
Attachment Attachment formation Biofilm
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Figure 3: The bacterial life cycle. Adapted from [97, 98].
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1.2.1 Surface sensing and attachment

The transition of freely swimming planktonic cells to a surface based sessile life style is often studied
using P. aeruginosa as a model organism, as it has both a flagellum and the ability to produce
pili. The presence of both these appendages is key as although the exact signal that stimulates the
transition to surface based life is currently unclear, they are both important in the process [99].
It is widely reported that without a functional flagellum, surface association in P. aeruginosa is
less likely [14]. Additionally, an increasing number of studies are highlighting that mechanosensing
through TFP acts as a trigger for the transition from a planktonic to biofilm state, by regulating
gene expression [99].

Although the exact sequence of events that trigger the transition to a biofilm state is unclear,
many of the proteins that underpin them have been studied. P. aeruginosa often comes into contact
with a surface many times, attaching by a single pole, referred to as ‘reversible’ attachment, before
committing to long-term ‘irreversible’ attachment, where the body is flat on the surface [100]. During
reversible attachment, a visit to the surface lasts on average for 30 seconds, however, over the course
of many hours, corresponding to multiple divisions of P. aeruginosa, the visiting time increases until
the cells become irreversibly attached and do not leave the surface. This transition to irreversible
attachment is marked by the increase in intracellular concentration of two secondary messengers, the
first being cyclic adenosine monophosphate (cAMP) [100]. cAMP has been shown to upregulate TFP
biogenesis and the activation of the Pil-Chp system. It also provides a multigenerational memory
for P. aeruginosa as elevated cAMP levels are passed onto a cell’s progeny, and those with increased
cAMP concentrations are more likely to become irreversibly attached [101]. The other molecule
involved in this transition is the second messenger cyclic diguanylate monophosphate (c-di-GMP)
which is produced upon surface contact through the Wsp system, and causes the flagellum to cease
rotation. During division there is often an asymmetry between the amount of c-di-GMP in each
daughter cell, where the daughter with the lowest concentration is more likely to leave the surface
post division. The other daughter containing a greater concentration of c-di-GMP remains surface-
attached and begins twitching [102]. We will find out in the upcoming section, that the concentration

of intracellular c-di-GMP has a large bearing on the role each cell has in microcolony foundation [103].

1.2.2 Surface exploration and microcolony formation

Once irreversibly attached, bacteria begin to explore a surface, often in search of nutrient rich condi-
tions to form biofilms. When reversibly attached, the body of P. aeruginosa is perpendicular to the

surface, and the cell moves through the retraction of pili at a single pole. As the cell becomes surface
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associated and becomes irreversibly attached, its body is more likely to be parallel to the surface and
twitching motility can be directed from either pole [104]. The velocity of upright cells is greater but
with a reduced persistence length than flat cells which are slower but exhibit movement that tends
to be directed in one direction [38]. During the transition to surface association, two populations of
cells arise dictated by the amount of Wsp system activity, and therefore the intracellular concentra-
tion of c-di-GMP. Those with small concentrations of ¢-di-GMP are highly motile and act to explore
the surface whereas those with large amounts of c-di-GMP tend to be non-motile but produce large

amounts of the biofilm matrix and act as the sites of future microcolony formation [103].

To form a microcolony and initiate biofilm growth, P. aeruginosa cells must cluster together
and go through many rounds of division. The biofilm martix, and the EPS it is comprised of,
mainly polysaccharides, extracellular DNA (eDNA) and lipids, are essential to the foundation of
microcolonies and the maintenance of biofilms [105, 106, 107]. One polysaccharide in particular, Psl,
acts as a molecular glue binding P. aeruginosa to the surface, and is important to the clustering
process. As a cell twitches, it leaves behind a trail of Psl, which is then followed by other individuals,
resulting in a positive feedback loop causing P. aeruginosa to cluster into groups surrounding those
that produce the greatest amount of Psl [8]. Evidence shows that Psl screens the physiochemical
properties of a surface enabling P. aeruginosa to colonise a wide variety of environments [9]. In
addition to Psl, eDNA released by bacteria through lysis also causes clusters of cells to form, resulting
in biofilm growth at the liquid glass boundary. For submerged biofilms to form, the release of eDNA by
cells must be sustained over time, otherwise the local concentration of eDNA will reduce via diffusion
and biofilm growth will be inhibited [108]. Although there still many unknowns in the process that

leads to biofilm formation, future studies at the single cell level hold promise to elucidate this process.

1.2.3 Biofilm formation provides protection against environmental stresses

A Dbiofilm is defined as a community of bacteria that are attached to a surface and reside in an
extracellular matrix [109]. Typically comprised of thousands of individuals, biofilms occupy nearly
every environmental niche on the planet, and therefore have impacts on healthcare, agriculture and
industry where they can be detrimental or beneficial to people [110, 111]. Biofilms found in nature are
often comprised of multiple species of bacteria, however, performing experiments using a single strain
removes any interactions between different organisms, thus helping one elucidate the fundamental
physical processes that govern biofilm formation, structure, and maintenance [112, 113]. One must,
however, keep in mind that single genotype experiments greatly simplify the complex dynamics

observed in more typical mixed genotype communities.
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Living in a biofilm provides bacteria with protection from a variety of external physical and
chemical factors. This protection arises from the extracellular matrix that surround the constituent
cells, and the close proximity of individual bacteria to one another. Physically, the extracellular
matrix prevents the dispersal of bacteria by fluid flow, and importantly limits molecular diffusion
relative to that which occurs in aqueous solution [113, 114]. Limited molecular diffusion means
that the penetration of antimicrobial molecules into a biofilm is reduced and therefore treatment
through antibiotics is not as effective. Additionally, when in biofilms bacteria often produce beta-
lactamases to degrade antibiotics, and have the capability to activate multidrug eflux pumps to
remove antimicrobials from their bodies, allowing them to survive much greater concentrations than
planktonic cells [109]. Not only is the effectiveness of antibiotic treatment limited by biofilms, due
to the increased proximity of bacteria to one another and the fact that biofilms promote plasmid
stability, the chance that cells horizontally exchange genes that confer antibiotic resistance is much

larger in biofilms [115, 116], which has significant clinical relevance.

The structure of a biofilm is heavily influenced by the capacity of its constituents to twitch and the
properties of the substrate it grows on, which can have a knock on effect on their antibiotic tolerance
[117, 118]. They are typically three dimensional structures consisting of cells in a sheet at the base,
that are more likely to be oriented out of plane with decreasing distance to the centre, forming a
dome or in other circumstances a mushroom shape with a stalk and cap [113, 117, 119]. Mutations
in the Pil-Chp system can alter the morphology of a biofilms, for example ApilA mutants cannot
form the cap of the classical mushroom shaped biofilm [117]. Biofilms grown on substrates with
greater hydrogel polymer chain lengths have increased aspect ratios, with large heights and smaller
widths compared to those grown on hydrogels with short polymer chains which leads to biofilms
that are flatter and wider. These shapes are controlled by the mesh size of the hydrogel the cells
are growing on through twitching motility, as those with larger meshes lead to decreased twitching
speeds triggering clustering and form more dome shaped biofilms. Those with smaller meshes and
therefore smaller pore sizes enabled pili to attach more often, enabling increased twitching speeds,
and less clustering of cells resulting in flatter biofilms. These factors have implications for antibiotic
treatment as cells at the centre of large aspect ratio, dome shaped biofilms were found to more likely
to survive treatment with colistin, compared to those at the middle of flatter and wider biofilms,

simply because the antibiotic molecules cannot penetrate into the interior of the former biofilm [118].

Along with the influence of the substrate on biofilm structure, cells are sorted in a biofilm ac-
cording to their shape. As shown by both experiments and simulations, cells sort themselves into

different regions of a biofilm. Spherical cells tend to get transported to the top of the biofilm, which

15



can benefit them provided the nutrient source originates from above the collective. Rod shaped cells
tend to accumulate at the edges and base of the biofilm, and therefore benefit if the nutrient source

originates below the collective [112, 120].

Not only do physical processes influence the structure of biofilms, they themselves exert forces on
their surroundings. As the biofilm grows, the radial stresses generated internally are transmitted to
substrates by via adhesion, which can cause softer surfaces to buckle. For example, buckling has been
observed on sheets of epithelial eukaryotic cells, giving bacterial pathogens a means to enter host
tissues [121]. Although biofilm growth can provide fitness benefits in many cases, biofilms growing
in soil can be detrimentally impacted by rapid biofilm development. In particular, if a biofilm grows
quickly, the pore in which it resides can become blocked so that fluid flow, and the nutrients it carries,

are directed to slower growing biofilms [122].

Even bacteria cannot escape the common idiom ‘all good things must come to an end’ as biofilms
do not last forever. The biofilm life cycle ends with the biofilm matrix degrading and the emergence
of planktonic cells [123]. In a medical setting, the emergence of planktonic cells is a mechanism for
the spread of diseases [124]. Dispersal has a variety of triggers, for example oxygen depletion, limited
nutrient availability or stress arising from the accumulation of waste products. These stresses are
typically localised at the centre of the biofilm where transport is limited, and leads to decreased
production of c-di-GMP [98]. As discussed in Section 1.2.1, increases in ¢-di-GMP concentration
trigger the transition from a planktonic to sessile life style and the production of the biofilm matrix.
The biofilm matrix itself is produced to a lesser extent when c-di-GMP is produced in lower concen-
trations and is degraded by enzymes produced by the bacteria [125]. Of course, biofilms can face a
premature end through removal by physical force or through the treatment of antimicrobials such as

those found in Manuka honey, which prevents biofilm formation or eradicates them [98, 126].

With their common occurrence in nature, it is clear that biofilms have the potential to give
bacteria huge fitness advantages through protection from environmental factors and antimicrobial
treatment [97, 114]. Once in an established biofilm, bacteria even exert physical pressure on the
substrate they are on to facilitate infection [121]. Much has been uncovered about the establishment
and maintenance of biofilms in recent years, including how physical properties of their constituents
such as shape influences biofilm architecture [112]. We now seek to understand the role of individual

or collective movement in biofilm development.
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1.3 Collective movement

Over the course of biofilm formation, cell density increases such that the movement of cells transitions
from the that of solitary cells to groups of bacteria that are collectively migrating across the surface
[34]. Similar phenomena have been observed in flocks of birds [127], insect colonies [128], and in
even crowds of humans [129], which all display collective movement at length scales much larger than
that of their constituents when above a critical density [130]. In these systems, the constituents are
able to draw in energy and use it to generate movement, and exhibit physical interactions with their
neighbours [15]. The field of active matter, a relatively new branch of physics, has developed to

describe the complex dynamics observed in these systems.

1.3.1 Properties of active matter

Active matter can be described as a system that exists outside of thermodynamic equilibrium, that is
comprised of densely packed constituents that draw in energy from their surroundings to perform work
[131]. The constituents of active matter interact with their neighbours such that their correlation
in their orientation extends over distances that exceed the length scale of a single member. The
constituents of a system can be referred to as either ‘nematic’ or ‘polar’ depending on how they
exert forces on each other (Figure 4). For example, a dividing rod shaped bacterium such as P.
aeruginosa exerts an extensional force along its long axis which can be described as nematic, whereas
when it exhibits directed twitching motility, the force that it exerts is applied in one direction, and
therefore can be described as polar [132]. To model collective dynamics observed in active matter
systems, these local interactions are often coarse grained and described with continuum models.
Liquid crystals are a form of matter that have both liquid properties, such as fluid flow, and
crystalline properties, like a periodic arrangement of its constituents. One class of liquid crystal, a
nematic, is characterised by the long range orientational order of its rod like constituents along their
major axis. The orientation of a liquid crystal can locally be described using a unit vector, n, which
is referred to as the director. As there is no preferential arrangement in a nematic, n = -n [133].
The key distinction between a nematic and an active nematic is that work is performed by each
constituent in the latter, denoted by the activity term (. Under the condition ¢ = 0, activity ceases
and we return to a regular nematic, however, when ¢ > 0 the system is considered extensile and
for ¢ < 0 the system is contractile. Extensile and contractile refer to how the constituents propel
themselves. Extensile constituents pull fluid is from their sides and push it along their long axes,
whereas the flow around individuals in a contractile system is in the opposite direction [15].

Active nematic theory describes the collective dynamics observed in active matter systems, how-
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ever, the movement of individual constituents can differ from that of the bulk. Nematic rod shaped
agents exert force along both directions of their long axis, and therefore the alignment of their ori-
entations leads to a nematic description (Figure 4a). Polar agents instead exert forces along their
axis that are directed in a single direction. A collection of polar agents, however, can be modelled as
nematic system if individuals do not align their movement in the same direction, for example because
they reverse direction frequently (Figure 4b). However, if agents align their movement in the same

direction, the collective must be modelled as a polar system (Figure 4c) [134].
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Figure 4: How the properties of a system’s constituents dictates its collective behaviour. Arrows
indicated the direction in which individuals exert force on one another. Adapted from [134].

Active matter systems are also characterised through the presence of topological defects, which
are points in space where domains of agents with different orientations meet one another. The charge
of a topological defect is measured by the change of the director field in a closed loop around the
defect core [135]. Half integer charged topological defects are observed in active nematic systems,
with those of —i—% charge termed ‘comets’, and those with a —% charge termed ‘trefoils’. Comets

display a head and tail like structure, where as trefoils display threefold symmetry (Figure 5).

Due to the activity of the constituents in active matter systems +% charged comets propel them-
selves along the direction of the defect head and display ballistic motion, where as the movement
of —% charged defects is diffusive [34, 136]. The overall topological charge of a two-dimensional
active matter system must be zero, therefore, half integer charged topological defects are generated
in pairs of opposing charges through the activity in an extensile system. Like charge defects repel
and opposing charges attract one another. If the head of a comet meets inbetween two spokes of a
trefoil, the two defects annihilate one another such that the total charge of a system is conserved
[137]. In polar systems, full integer charge defects are observed. Therefore, the recent observation of
the coexistence of half integer and full integer charged defects in simulated active polar systems is

surprising, and highlights the need for future models and experiments to account for this crossover
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of behaviours [138].
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Figure 5: The two types of topological defects commonly found in active nematic systems, (a) comets
with a topological charge of +% and (b) trefoils, which are —% charged. Adapted from [15]

The final property of active matter that we will discuss is that of active turbulence, which exhibits
the swirling, vortical patterns that reminiscent of the turbulence found in fluids at much larger length
scales. Active turbulence can enhance transport within a collective, which has implications on how
compounds are transported by moving bacteria [139]. Through simulations of extensile rod like
particles, it was found that the behaviour of topological defects is highly influenced by the amount of
friction in a system. In environments with small amounts of friction, active matter systems display
active turbulence and the creation and annihilation of half integer charged topological defects. As
friction increases defects and vortices become periodically arranged in a lattice, until friction is

sufficiently large and no collective dynamics are observed [140].
1.3.2 Biological systems as active matter

With a theoretical understanding of active matter, we can consider how active nematic theory is
used to describe collective dynamics in biological systems. We are able to model biological systems
as active matter for two reasons: the constituents draw energy from their surroundings to perform
work, and display long range orientational order [15]. Here we provide some examples of biological
systems modelled as active matter, focusing on how bacterial monolayers comprised of rod shaped
agents can be modelled as an active nematic. In particular we highlight the importance of —i—% charged
topological defects to various processes across a variety of species.

Mixtures of microtubules and kinesin molecular motors are a classic example of an active nematic
system comprised of nematic constituents. When mixed at the interface between water and oil, the
kinesin motors bind to the microtubules, which are then sheared by the motors [15]. Topological

defects are observed in the microtubule-kinesin system, for which the self propulsion of +% charged
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comets leads to active turbulence [141]. Growing non-motile E. coli microcolonies are also an example
of an active nematic system that is composed of intrinsically nematic constituents, as the force
exerted due to cell division acts along the long axis of the cell, without a preferred direction. As the
microcolony grows, we observe that —% charged trefoils remain at the centre of the colony, whilst

—I—% charged comets are propelled to the colony edge and facilitate expansion [142].

Bacterial monolayers comprised of twitching rod shaped constituents, in particular those com-
prised of P. aeruginosa, are considered as active nematic systems comprised of polar constituents.
The polar nature of each cell arises because twitching motility is often directed from a single pole,
however, as it is often assumed that neighbouring cells do not align the direction of their motility,
a nematic state arises [15]. Long range orientational alignment of the director field is observed in

bacterial monolayers, with the corresponding half integer charged topological defects [34].

Multiple studies have highlighted the importance of topological defects in a variety of systems
including the signalling of apoptosis and subsequent extrusion of cells in epithelial sheets, being
the site of morphological features in the actin fibres of hydra, and for a diverse range of processes in
bacterial monolayers [34, 143, 144]. In subsurface P. aeruginosa monolayers +% charged defects cause
the reorientation of cell bodies out of the two-dimensional plane, a crucial stage in the development of
three-dimensional bacterial colonies [34]. In colonies comprised of equal fractions of WT and ApilH
cells, the larger force exerting ApilH individuals preferentially accumulate at comet cores. When two
comets collide with one another in a head on collision, the cells they are comprised of reorient out of
plane if the force is sufficient, overcoming the torque keeping bacteria flat to the surface, forming a
+1 charged topological defect termed a rosette. The reorientation arrests lateral movement and over
time this causes ApilH to be lost from the colony edge and become trapped in the colony’s nutrient
poor interior [34].

In M. xanthus monolayers, both experiments and simulations have shown the importance of
half integer charged defects, with cells accumulating around comets, and holes in the monolayer
appearing in close proximity to trefoils. Cell accumulation is sufficiently large surrounding comets
that multilayer formation occurs through cell-cell interactions reorienting movement out of plane.
These multilayered structures are the sites of fruiting body formation, which form when M. zanthus
experiences starvation conditions [145].

It is evident that collective behaviours are crucial to biofilm development, however we are yet
to consider if individual bacterial movement behaviour has a role to play. An example of bacterial
movement behaviour is that of a reversal of the direction of twitching motility along the long axis

of a cell. Upon initial contact with the surface M. xanthus suppresses its reversal rate to find other
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cells to cluster together. Once clustered together above a critical local cell density, M. zanthus forms
one dimensional ‘highways’, which maintain their stability by the cells increasing their rate of rate
of periodic reversal but travelling at the same speed. In comparison AFrzE mutants do not reverse
and show a lower capability to form these highways [146, 45]. To the best of our knowledge, these
are the only studies that investigate how of the movement behaviour of individual cells influences

the characteristics of the collective.

Although we have limited experimental examples, theoretical work has been used to understand
how the reversal frequency of constituents of active matter systems impacts collective dynamics.
Recent simulations have tested how reversal frequency impacts the collective movement of semi-
flexible rods along as surface. When the packing fraction is large but below confluency, a relatively
small reversal rate allows the rods to exhibit polar movement, which prevents a jammed state from
forming. However, when the packing fraction is at confluency (packing fraction is one), more frequent
reversals allow the rods to move, a behaviour termed nematic driving, which also prevents a jammed
state from forming [147]. This study shows that by varying the rate of reversal rate under different
conditions, the constituents of an active matter system can have an influence on collective behaviour.
However, it has yet to be seen if bacteria are able to switch between behaviours akin to nematic and

polar driving of reversals.

1.3.3 The interface between a biofilm and the environment

The research previously performed to model biofilms as active matter systems is to improve our
understanding of how bacterial colonies develop. However, these studies often focus on the monolayer
and often do not consider the dynamics at the edge of the colony and how they impact its development.
The colony edge is used as a means for studying phenomena at the edge of a biofilm as the dynamics
observed are highly repeatable and readily imaged through multiple microscopy techniques. Previous
studies performed on the colony edge have focused on how individual cells react to the presence of
other bacteria, and how single cells respond to treatment antibiotics as a function of distance from
the colony edge [61, 148].

For the purposes of our study, we are interested in the mechanisms that facilitate the expansion
of surface-attached colonies. Previous work on interstitial P. aeruginosa colonies have shown that
expansion through twitching motility is facilitated by groups of ‘bulldozer’ cells which are aligned
both in terms of cell body orientation and direction of travel. As these bulldozers move outwards from
the colony, they leave behind a series of interconnecting furrows. Bulldozer groups at the vanguard of

the colony are replenished with new cells that travel along these furrows, guided by eDNA. The role of
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eDNA in these environments is particularly important, as in the presence of DNasel the orientational
cohesion within the vanguard groups is degraded, as is the replenishment of cells to the edge, causing
the colony twitching facilitated expansion to cease [149]. Although this is an illuminating study
for the mechanism of colony expansion that twitching P. aeruginosa uses, it does not consider how

individual bacterial movement behaviour has an impact on colony expansion.

There currently exists a gap in the literature regarding single cell movement behaviour in the
context of colony expansion. Both experimental evidence and simulations show that the properties
of single cells and their movement behaviour impacts the behaviour of the collective. ApilH P.
aeruginosa colonies have a reduced long term rate of expansion than the WT, and simulated semi-
flexible rods prevent jamming in monolayers of differing fraction by reversing at different rates [34,
147]. As shown by experiments on M. zanthus, reversals are essential in maintaining highways, a
structure that is of a size much larger than the single cell [45, 146]. Therefore, in this thesis we
consider the results of these studies and investigate if P. aeruginosa is capable of regulating its
movement behaviour by changing its rate of reversal to facilitate colony expansion within groups at

the colony edge.

1.4 Thesis Overview

Recent developments in cell tracking algorithms now allow individual cells to be followed in densely
packed biofilms [19]. In addition, experiments have shown how pili-based chemotaxis is facilitated by
the regulation of reversals in twitching direction [19, 34, 67]. Using massively parallel cell tracking,
genetic labelling, high magnification microscopy, and custom analysis algorithms, this thesis inves-
tigates both of these strands to resolve novel behaviours. First, we find that individual bacteria
are capable of controlling their movement behaviour through preferential deployment of reversals
to generate highly polarised collective movement behaviour in expanding colonies. Second, we use
individual-based models to understand the role of a novel type of twitching behaviour in which cells
actively rotate, rather than reverse, to facilitate chemotaxis. Our findings are spread across three
chapters, which are summarised below:

Quantifying polarisation in developing Pseudomonas aeruginosa biofilms. We used a
custom image analysis pipeline and strain of bacteria that localises fluorescent protein in its leading
pole to characterise collective polar behaviour in expanding P. aeruginosa colonies. Inspired by
recent work on the role of topological defects in bacterial colonies, we developed methods to resolve
collective polarisation in the vicinity of topological defects in confluent monolayers and at the very

edge of expanding bacterial colonies. In contrast to the nematic alignment that has previously
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been assumed, our results show that neighbouring bacteria tend to align their motility in the same
direction.

Reversals in the direction of travel contribute to collective polarisation in bacterial
monolayers and colony expansion. We investigated how P. aeruginosa cells could potentially
generate collective polar behaviour through the active regulation of their motility. Building on
the custom analysis pipeline used to study collective polar behaviour in bacterial monolayers, we
measured reversals of the direction of twitching motility in dense collectives by detecting when a
fluorescently-labelled protein associated with pili-based motility was transported from one pole to
the other. By combining a large number of these rare events with particle image velocimetry mea-
surements of collective movement, we demonstrate that P. aeruginosa actively reverses the direction
of its motility more frequently when attempting to twitch against the direction of collective travel.
The same behaviour was also observed at the colony edge where it likely drives a strongly polarised
state, suggesting that P. aeruginosa has evolved this behaviour to enhance colony expansion.

From reversals to twiddles: using an individual based model to understand the
how cells generate pili-based chemotaxis. In this chapter we investigate how a novel form
of twitching behaviour called ‘twiddles’ contributes to chemotaxis. By analysing the behaviour of
cells in a microfluidic device as they respond to a stable gradients of the chemoattractant succinate,
we parameterised a non-dimensional individual based model to understand how both reversals and
twiddles to contribute to chemotaxis on surfaces. Our results show that both twiddles and reversals
can each drive chemotactic response but they show strong differences in the parameter regimes where
they are found to be most effective. Our results indicate that P. aeruginosa cells use both types
of orientation behaviours to maximise their ability to position themselves around nutrient sources

across a wide diversity of different environmental conditions.
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2 Experimental methods

The experimental work performed in this thesis investigates either individual or collective movement
of surface-attached P. aeruginosa driven by twitching motility. Within dense collectives such as
bacterial monolayers it is challenging to isolate the movement behaviour of an individual cell due
to the influence of its neighbours [15]. To investigate the movement behaviour of individual cells in
collectives we used time lapse epifluorescence microscopy to track the distribution of a fluorescently
labelled protein FimX, that localises to the cell pole in which twitching motility is directed in [74] and

resolved the changes in the localisation pattern of FimX-YFP that occurs on a timescale of seconds.

Twitching motility has been studied using a variety of different assays where bacteria grow either
within a microfluidic device, at the interface between agar and air, or between agar and a solid
surface [71, 118]. We used subsurface ‘sandwich’ assays to study the collective movement of surface
attached bacteria, where cells are sandwiched between agar and a thin glass coverslip as they can
be imaged using oil-immersion objectives [34]. In addition, cells in subsurface assays experience a
restoring torque, owing to the elasticity of the agar that keeps cells parallel to the surface and allows
them to generate a large confluent monolayer of cells at the edge of colonies [112, 150]. Preventing
multiple layers from forming is key from an imaging perspective, as multilayered structures cannot
be readily imaged using fluorescence microscopy because the signal from slightly out of focus cells
cannot be avoided. Additionally, P. aeruginosa must be lying flat on a surface to accurately capture

the localisation of FimX-YFP. Therefore, subsurface ‘sandwich’ assays are ideal for our purposes.

Previous work has highlighted how the properties of an individual influences the characteristics
of a collective system. For example, the hyperpilliated ApilH P. aeruginosa mutant is capable of
propelling itself with a greater amount of force than the WT strain, allowing solitary cells to travel at
greater speeds in a subsurface assay. Despite increased speed, monolayers of ApilH mutants expand
more slowly over surfaces than the WT, because they are more likely to become oriented out of
plane and become trapped in a vertical orientation [34]. Similarly, the subsurface assays used in this
thesis contain a co-culture of unlabelled WT cells and WT cells that have been complemented with
a FimX-YFP fusion, which could potentially have different properties that differentially affects their
motility. As our goal is to understand how individual bacteria behave in dense collectives as found
in nature, we must verify that the motility of the FimX-YFP fusions is not impaired relative to that

of the unlabelled WT strain.

In this chapter we discuss the methods used in the three experimental conditions examined in this

thesis: (i) cells at low density approximately one hour after they have been inoculated onto a surface,
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(ii) confluent monolayers approximately 10 hours after cells have been inoculated onto a surface,
where the density has increased as a result of cell division, and (iii) at the colony edge approximately
10 hours after cells have been inoculated onto a surface, where groups of aligned cells are observed
travelling collectively into virgin agar. The assay preparation, microscopy and cell tracking process
is covered in detail, alongside the methods chosen to measure the properties of collective velocity,
including particle image velocimetry and single cell tracking [19]. Finally checks are performed on
WT and FimX-YFP co-culture assays to ensure that cell length is similar between strains, quantify
any velocity difference between the different strains, and ensure that the effects of phototoxicity do

not significantly influence the experiments.
2.1 Strain list

All the experiments here were performed have been performed using a P. aeruginosa from the Kolter
collection (PAO1, [34]) and a fluorescently-labelled mutant constructed in this WT background ca-
pable of producing fluorescent FimX-YFP [34].

To visualise FimX localisation, we generated a FimX-YFP protein fusion expressed from a low-
expression promoter (BG35) initially characterised in Pseudomonas putida [151]. FimX was first
amplified from the PAO1 chromosome using primers that bind immediately downstream of the FimX
start codon and ~ 100 base pairs downstream of the FimX stop codon. The coding sequence of YFP
was amplified from plasmid (pEYFP-N1, (Clontech)) using an upstream primer that also introduced
the BG35 promoter and a ribosome binding site (designed using automated methodology, see [152].
Here, we also used a downstream primer with a linker [153] designed to separate the functional
domains of the two proteins, FimX and YFP. Following amplification, these two fragments were
combined by secondary PCR and ligated into the linearized vector pGEM-T (Promega). The resulting
plasmid was then transformed via electroporation into F. coli S17-1, a broad-host range donor strain.
We then used a previously established protocol for using a mini-Tn7 system to insert the construct
into the PAO1 chromosome at the chromosomal attTn7 site [154]. The final strain was confirmed by

sequencing.
2.2 Bacterial culturing and sample preparation

All cell culture preparation was performed in the same manner for the three experimental environ-
ments. For each strain frozen —80 °C stocks were inoculated in 3 ml of 2% liquid LB (Lennox, Fisher)
in a 14 ml falcon tube (Corning). Cells were then grown in a 37 °C incubator overnight whilst shaken
at 200 rpm. After overnight growth cells are diluted 30—fold in fresh LB and returned to the incuba-

tor at 37 °C under shaking at 200 rpm for a further two hours to obtain cells at exponential phase.
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Measurements of ODggg were then used to decrease the cell concentration to ODggg = 0.05, in 3 ml
of LB. When mixing together co-cultures of different strains, different volumes of the ODgoy = 0.05

cell solution are combined to obtain the desired ratio of strains.

In the subsurficial ‘sandwich assays’ we followed the experimental procedures outlined in [34].
We made 0.8% (w/v) LB agar (LBA) by mixing 2% tryptone (BD, Bacto), 1% yeast extract (BD,
Bacto), 1% sodium chloride (Fisher Scientific) and 0.8% agar (BD, Difco). We used 0.8% (w/v) LB
agar as it is of sufficient stiffness to prevent movement facilitated by flagella, but does not immobilise
twitching cells [34]. After autoclaving, 17.5 ml of molten LBA was poured into a 90 mm diameter
Petri dish under sterile conditions and allowed to dry for 30 minutes. A fixed volume of LBA is used
to generate an agar slab with a consistent thickness, which is essential to ensure that the moisture
levels across experimental repeats is conserved. Once the agar has solidified, a slab is cut out and
moved carefully onto a cover slip to ensure the flat agar surface is disturbed a little as possible.
We pipetted 1 ul of cell culture onto the agar surface (on the side facing the air once poured) and
allowed it to dry until the liquid has evaporated, leaving behind a circular ’coffee ring’ of cells [155].
The agar is then inverted and carefully placed into a glass bottom dish (Ibidi, 170 wm thickness),
ensuring that bubbles do not form as this will destroy the assay. The glass bottomed dish is used
rather than a standard microscope slide as it creates a sealed environment, minimising the amount
of evaporation that occurs over the course of the experiment. In a low density assay, cells are imaged
approximately one hour after they have been inoculated for whereas for the monolayer and colony
edge measurements imaging was conduced approximately 10 hours after inoculation. Cells are kept

at room temperature (23°C) at all times.

2.3 Microscopy and image processing

All imaging was performed using a Nikon Inverted Ti Eclipse microscope with a SpectraX LED
fluorescent light source, a Plan Apo 100x oil immersion objective lens, and an Andor Zyla sCMOS
camera. This set up was used to simultaneously record a phase contrast and epifluorescence image
at a frame rate of one second, via triggering from a National Instruments timing board. A range
of different frame rates were trialed, but 1 fps was found to be sufficient to capture both twitching
motility and changes in polar FimX-YFP concentration whilst minimising the effect of YFP bleaching.
All of the time lapses were limited to 180 seconds as the YFP signal degrades to a unusable level in

timeseries > 180 frames long.

Prior to cell tracking, time lapse images were processed using custom processing macros in FIJI

[156]. First, the fluorescence images are bleach corrected using FIJI’s built in tool (using an ex-
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ponential fit of fluorescence decay) to minimise the changes in YFP signal that occurred over the
course of the time lapse. Secondly, a Difference of Gaussian filter was applied to each epifluorescent
image. A Difference of Gaussian filter improves the signal to noise ratio of an image by subtracting
an image blurred by a Gaussian filter from the same image blurred by a Gaussian filter with a smaller
standard deviation. This reduces the magnitude of the noise because it preserves only the spatial
information that is between the length scales of the two Gaussians, which have been optimised to
preserve objects with the same size as the small puncta of YFP found in the poles of our FimX-YFP
cells. For our epifluorescent images, we subtracted each frame blurred by a Gaussian filter with a
standard deviation equivalent to 10 pixels (6.4 pum), from the same image blurred by a Gaussian
equivalent to one pixel (0.64 pum). The effect of bleach correction and Difference of Gaussian filtering

is seen in Figure 6.
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Figure 6: Epifluorescence images of P. aeruginosa with intracellular FimX-YFP pre and post bleach
correction and application of a difference of Gaussian filter. Images shown are of low density assays
containing 100% FimX-YFP cells at the start and end of a three minute long time lapse recorded at
one frame per second. Scale bar is 10 pum.

2.4 The three environments

Three types of subsurface assay were used in our analyses (Section 2.2). Once the liquid component
of our cell solution has evaporated, P. aeruginosa cells were observed at greater densities at the edge

of the dried spot of inoculum compared to the centre (Figure 7) as a result of the coffee ring effect
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[157]. At an hour post inoculation, we recorded time lapse videos of bacterial movement within this
annulus which by this point exhibited significant twitching motility. Over time cell division results in
the formation of a confluent monolayer, that expands outwards into the virgin agar. At the very edge
of the colony we observed densely packed groups of aligned cells moving outward in the direction of
expansion. We now summarise the purpose of each assay and the challenges that arise during their

analysis.

The aim of our experiments is to identify and measure any collective polar movement behaviour
that exists in biological active matter. As we cannot infer the direction of twitching motility using
phase microscopy alone in densely packed conditions due to the influence neighbours have on single
cell movement, we use the asymmetry signal from our fluorescent FimX-YFP fusion to measure the
direction and speed of twitching motility. As our FimX-YFP fusion has not previously been used,
we must validate that it performs in the same way as other fusions reported in literature, localising
in greater concentrations in the leading pole of P. aeruginosa performing twitching motility [37].
Cell-cell collisions can skew the correlation between FimX-YFP asymmetry and twitching motility,
as a cell that is highly asymmetric can have its motion stopped by a stationary cell. Therefore, we
perform assays at low cell densities (Figure 7c, 6f and 6i) to minimise the occurrence of these
collisions, and confirm the correlation between FimX-YFP localisation and cell movement. With this
correlation proven, we investigate the movement of cells in confluent bacterial monolayers (Figure
7d, 6g and 6j) and at the colony edge (Figure Te and 7h) using our florescent FimX-YFP reporter

to quantify collective polar behaviour, and understand its purpose in the context of colony expansion.

Our first challenge in all three of these assays is ensuring that fluorescent cells with poles in
close proximity to one another are not included in analysis as this would skew the measurement of
FimX-YFP concentration. To overcome this, we develop a filter that detects when labelled cell poles
are in close proximity. Although it is possible to use 100% FimX-YFP cells at low density, if the
same were to be done for monolayer or colony edge assays, all cell poles would be excluded by our
proximity filter. Therefore, we use co-cultures of unlabelled WT and labelled FimX-YFP cells. This
in itself brings up another challenge, as later we will quantify the signal from FimX-YFP surrounding
topological effects, and the small proportion of labelled cells used will mean data must be aggregated
across many defects to obtain a result. Therefore, and as outlined, it was essential to optimise our
assay preparation method. Given the close packing of cells in the monoalyer and colony edge, single
cell tracking can occasionally fail, which means measuring the collective velocity by coarse graining
the velocity vectors from single cells is not possible. Therefore we must also choose a suitable method

of measuring the collective velocity in these densely packed conditions.
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Figure 7: Diagrams (not to scale) of the experimental configurations with accompanying phase and
epifluorescence images. (a) The side and top down view of the cell colony 1 hour post inoculation
when low density images would be captured. An example of the region in which time lapse images
are taken is shown by a black square. (b) The accompanying diagram for 10 hours post inoculation,
at which the monolayer and colony edge data would be acquired. Phase images are shown for cells
at (c) low density, 100% FimX-YFP cells (d) a 9 : 1 WT:FimX-YFP monolayer assay and (e) a 9 : 1
WT:FimX-YFP colony edge assay, with accompanying epifluorescence images shown in (f), (g) and
(h), and binary segmentations in (i), (j) and (k) for the respective case. The scale bar in (k) is 10

pwm.
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2.5 Using FAST to track cells

After running the epifluorescence time lapse videos through our custom FIJI processing scripts, we
used the corresponding phase images to perform cell tracking. Accurate tracking of single cells
in bacterial monolayers has previously been performed using the open source Matlab package, the
Feature Assisted Segmenter/Tracker (FAST) [19]. FAST operates in a modular fashion, where the
output of each stage is used in the next and in this study we used the Segmentation, Feature
Extraction and Tracking modules in sequence [19]. Here we provide a brief overview of each section
and the parameters used for cells at low density, in a confluent monolayer or at the colony edge. We
will not provide detailed description on the methodology of FAST, these are found in [19].

FAST begins with the Segmentation stage, where the edges of P. aeruginosa in the phase channel
are identified and used to produce binary objects representing each cell. It was possible to use the
same segmentation settings for all experimental conditions, and these values are given in Table 1. As
seen in Figure 7i-k, the parameters used to generate the binary segmentations are able to accurately
detect the locations of individual cells in dense collectives. With the binary segmentations obtained,
we move onto Feature Extraction, where an ellipse is fitted to each of the binary segmentations
to obtain the coordinates, length, width and orientation of each cell. The feature extraction stage
also allows for the mean body intensity in the fluorescent channel to be measured, allowing for
the categorisation of each cell as unlabelled or labelled. With segmentation and feature extraction

complete, we must now perform tracking by linking objects between segmented frames.

Parameter Value
Neighbourhood Size (pixels) 9
Texture Threshold 0
Ridge Scale 50
Ridge Threshold 0.07
Minimum Ridge Area (pixels) 100
Watershed Threshold 3
Object Area Threshold Low (pixels) 500

Object Area Threshold High (pixels) 10000

Table 1: Parameters used in FAST to obtain segmentations.

Unlike the segmentation stage, we changed the value of some parameters to track cells in each
experimental condition, as the density and movement in each timelapse was variable. However, we
do keep two tracking parameters constant between environments, the first being the Minimum Track
Length which sets the minimum time an object must be present for to be included in tracking. Later
in Section 3.1.1, we check that cell poles of labelled bacteria are sufficiently separated from one

another in space. This check requires knowledge of the coordinates of all cells, therefore the set the
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Minimum Track Length is set to single frame (one second) so no objects are excluded. The second
parameter that was maintained across all timelapses was the Maximum Gap Width, which is the
number of time points that a segmentations can be absent for without the track breaking. We set
the Maximum Gap Width to two frames (two seconds) which allow a cell to be miss-segmented for
a single frame without breaking the trajectory. Increasing the Maximum Gap Width to a value
above two frames would could increase the length of trajectories further, but would also increase the
likelihood of errors.

To track objects, FAST links objects between frames based on a number of different user defined
‘features’. In our case the features we used for tracking were the cooridnates of the cell’s centroid,
its width, and its orientation. Given we are imaging twitching motility at one frame per second, the
position and orientation of each cell should not change significantly, providing reliable measurements
to link objects. There are rare occasions when FAST is unable to properly segment two neighbour-
ing, parallel cells in the monolayer or colony edge, which results in a large change in segmentation
width over time. Therefore, using the cell width as a feature to allows us to rapidly determine if a
miss-segmentation has occurred. FAST uses values named the Inclusion Proportion and Adaptive
Detection Threshold which dictate which links are kept in tracking based on their quality. The
Inclusion Proportion and Adaptive Detection Threshold used in each experimental condition are

summarised in Table 2.

Parameter Low Density Monolayer Colony Edge
Inclusion Proportion 0.935 0.910 0.925
Adaptive Detection Threshold 0.003 0.1 0.001

Table 2: Parameters used in FAST for tracking each environment

2.6 Tracking topological defects in bacterial monolayers

Topological defects are points in a bacterial monolayer where domains of cells with different orienta-
tions alignments meet one another [138]. This thesis focuses on +1/2 and —1/2 topological charge
defects, termed comets and trefoils respectively. As our assays contain co-cultures of cells with a
small proportion of labelled cells, quantification of the polarisation and pole swapping rates of cells
around defects (Section 3.2.1) required us to collate together data from many defects to enhance
the signal.

We used the open source software Defector to detect topological defects using Matlab [34], using
phase images of confluent P. aeruginosa monolayers. The director field is smoothed by a Gaussian
filter prior to detection, with larger standard deviations resulting in smoother director fields, resulting

in fewer detected defects. We validated defect detection by overlaying the location of putative defects
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on phase images. Once defects are detected in each image, FAST is used to track the movement of
defects over time. The Inclusion Proportion was set to 0.8 and the Adaptive Detection Threshold
was set to 0.001. We only included defects in our analyses if their trajectories were > 30 seconds
long to ensure that ephemeral fluctuations in the director field did not influence our results. This
methodology allowed us to reliably track —I—% and —% charged topological defects in confluent bacterial

monolayers, which was confirmed by visual inspection.

2.7 Using PIVLab to measure bulk velocity in collectives

In Chapter 3 we will perform analyses that compare the localisation and dynamics of FimX-YFP
relative to collective movement, and therefore must quantify the collective velocity of cells moving
as a group. One might assume that measuring the collective dynamics in the monolayer is a matter
of coarse graining the velocity vectors of neighbouring cells, that are measured through single cell
tracking in FAST. However, tracking of individual cells in large cell density environments such as
monolayers can fail occasionally due to the close proximity of the bacteria to one another. The
velocity of these untracked cells would therefore not be included in the coarse graining to measure

collective velocity, which could lead to incorrect measurements of collective movement being returned.

Instead, we utilise particle image velocimetry (PIV) to measure the collective dynamics observed
in the monolayer. PIV measures the correlation between a region of pixels in a single frame of a
time lapse with the subsequent frame, where the location of the greatest correlation corresponds to
an area most similar to the region under investigation, and the distance between the two is be used
to calculate a collective velocity [158]. We apply PIV to our monolayer and colony edge time series,
using the phase channel to measure collective velocity. We use the open source Matlab package
PIVLab to measure PIV, which produces a grid of equally spaced (0.26 um) velocity vectors along
the z and y (vx,,, and vy, respectively) axes of each of our time series. To remove spurious results,
velocity vectors are restricted to the range —24 pm min™! < vy, < —24 um min~! and 24 pm
min~! < vy, < 24 pm min~! [158, 159, 160]. Here, 24 pm min~" is the equivalent of a cell moving
one tenth of its length in a second, a reasonable speed for twitching motility [34]. Velocity vectors
that are removed by this restriction are replaced using two-dimensional spline interpolation. Before
using the filtered fields to calculate collective velocity, we apply a 2D median filter, which converts
each vector into the median value of a square shaped 5 pm x 5 pm window centered on the vector
in question and acts to smooth the data spatially. PIV fields were then visually ground truthed by
plotting them over top of the phase contrast images. Once we had reliable measurements of vx,,

and vy, , these velocities were then interpolated at the location of the cell centroids, allowing us
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to compare the larges cale movement of the collective (measured using PIV) with that of individual

cells (measured using FAST).

2.8 Comparison of unlabelled WT strain with the FimX-YFP fusion

Now that we have explained the methods used quantify the characteristics of P. aeruginosa in our
three different assays, we used these methods to quantify potential differences between the unlabelled
WT and our FimX-YFP fusion strain. Compared to the unlabelled WT strain, our fusion strain
has altered amount of functional FimX both because it expresses FimX-YFP from a non-native
promoter and because the labelled version of this protein (FimX-YFP) might have impaired function
compared to unlabelled FimX. Thus our fusion strain might exhibit altered motility or changes cell
length compared to the WT, which ultimately can change how they move as a collective [112]. In
this section, we first measure the differences between these two strains at both individual cell level
(by comparing their length and speed) and then test whether they move differently at a collective
level by measuring whether their relative frequency changes over time as the colony expands across
the agar.

Using the trajectories obtained from FAST, cells are assigned as unlabelled or labelled using
the mean cell body intensity in the YFP channel, which requires a different manually determined
threshold of each time lapse that was chosen by visual inspection (Figure 15). Figure 8a and
8b show histograms of WT and FimX-YFP cell length and velocity respectively, with mean values
displayed in Table 3. To ensure the data included in these analyses was of high quality, we included
only trajectories whose aspect ratio was less than 6.5, the minimum track length is 30 seconds long,
and removing non-motile cells by only considering trajectories with a mean velocity > 2.7 pm min~!
(see Section 3.1.1 for justifications of filter values). We show filtered data in this section as it is
represents the subset of cells used in analysis through this thesis.

Our results show a subtle but consistent difference in cell length, with FimX-YFP cells being on
0.1 um longer, a difference of approximately 3% (Figure 8a). Similar changes in cell length have
been observed in other mutants of the Pil-Chp system [34]. We expect that this small difference will
not have a significant impact on the behaviour of FimX-YFP cells in dense collectives or the the
physical properties of the system such as domain size [112].

A histogram of cell velocity for each strain is shown in Figure 8b. In the low density assay, the
mean velocity of WT cells, 7.02 + 0.02 um min~!, is less than the FimX-YFP strain, 8.63 + 0.02

1

pm min~". A reduced velocity in a low density assay (where cell-cell collisions are rare) therefore

implies that the force produced by the FimX-YFP strain is greater than that of the WT. Although
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Figure 8: Histograms displaying (a) cell length and (b) velocity for WT and FimX-YFP cells at
low density, in monolayers and at the colony edge. Low density, monolayer and colony edge data
comes from 16, 15 and 24 experimental time series that are between two and three minutes in length
respectively, with the corresponding time of all trajectories shown in Table 3. The monolayer cell
length plots show fitted Gamma functions used to parameterise a model in Section 3.2.2. For (a)
bin size is 0.125 pm and for (b) bin size is 1 um min~!. The ratio of WT:FimX-YFP cells is 1 : 1,
21 : 4, (six 9 : 1 and nine 8 : 2 data sets) and 9 : 1 for low density, monolayer and colony edge data
sets respectively.

Mean Cell Length (pm)

Eligible Time (Days)

Environment WT/FimX-YFP WT FimX-YFP Difference

Low Density 63.7/66.8 3.255 £ 0.002 3.373 £ 0.002 0.1178

Monolayer 1633.5/296.1 2.9366 + 0.0003 3.0405 + 0.0008 0.1039

Colony Edge 688.7/115.0 2.9715 + 0.0005  3.083 & 0.001 0.1116
Mean Velocity (pm min1)

. Eligible Time (Days) . .
Environment WT /FimX—YFP WwWT FimX-YFP Difference
Low Density 63.0/66.1 7.02 £+ 0.02 8.63 £+ 0.02 1.6068
Monolayer 1614.5/292.9 11.010 £ 0.004 10.676 £ 0.009 0.3336
Colony Edge 680.9/113.8 4.651 £ 0.002 4.602 £ 0.005 0.0483

Table 3: Mean length and velocity of WT and FimX-YFP cells in the three experimental conditions.
Error values show the standard error in the mean between all values for each experimental condition.
Low density, monolayer and colony edge data comes from 16, 15 and 24 minute long experimental
time series between two and three minutes in length respectively. The ratio of WT:FimX-YFP cells
is1:1,21:4, (six9:1 and nine 8 : 2 data sets) and 9 : 1 for low density, monolayer and colony
edge data sets respectively.

the difference between mean velocity for WT and FimX-YFP cells is similar in the monolayer and
at the colony edge, in these assays the movement of each strain in these co-cultures will be impacted
by physical interactions with neighbouring bacteria, which will make these two strains behave more

similarly to one another.
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We have found that at low density, cells containing a FimX-YFP fusion are likely capable of
producing larger forces through the retraction of TFP than the unlabelled WT. Previous experiments
performed on co-cultures of WT cells and ApilH mutants show that the latter is capable of exerting
a greater force than the former, and when density increases such that a monolayer forms, these larger
force producing individuals form multilayered structures more readily, and during the early stages
of colony development are enriched in concentration at the border, but then become lost over time

because they are more likely stand up vertically which arrests their lateral movement [34].

To test whether the faster moving fusion strains might similarly become lost from the colony edge
as it expands, we measured the proportion of labelled cells in the monolayer and colony edge to see
if it matches the ratio at which the colony was inoculated at. The results, outlined in Figure 9, are
calculated by measuring the proportion of total time labelled cells are tracked for in each data set.
We use the low-density case as a control as imaging takes place an hour post inoculation, and cell
division has not caused the density to increase drastically. At low density, our measured proportion
of labelled cells matches that of the inoculation ratio, with the same result being the case for the
monolayer and colony edge. The median proportion of FimX-YFP cells at the colony edge was above

that of the inoculation ratio, which is consistent with faster cells accumulating at the colony
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Figure 9: The proportion of WT and FimX-YFP cells in the three experimental environments. Data
taken from 16, 15 and 24 experimental time series between two and three minutes in length, taken
at one frame per second for cells at low density, in the monolayer and at the colony edge, with each
time lapse shown as a circle over the respective box plot. The red line indicates the median and the
box represents the interquartile range of proportion values from each experimental time series. Black
horizontal lines represent the inoculation proportion of labelled cells for each respective environment,
these being 0.5, 0.16 (considering the six 9 : 1 and nine 4 : 1 WT:FimX-YFP assays used can be
equally weighted) and 0.1.
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edge. At low density FimX-YFP cells are 22.9% faster than WT cells, where as ApilH cells have
velocities that are approximately twice that of the WT [34]. The relative decrease in velocity between
FimX-YFP and ApilH cells could mean the former has insufficient force to generate the vertical
groups of cells in the colony interior that the latter does, and is therefore more likely to be present
at the periphery of the colony [34].

Although our cells are faster than the WT, they are still present at the colony border, implying
they are not orienting out of plane in the colony interior and becoming immobilised. They are also
of a similar length to the WT and will be used in small proportions in our experiments. Therefore,
the collective dynamics observed in our experiments should not be drastically affected by cells of

differing rod length or force production.

2.9 Quantifying the effect of phototoxicity

When imaging using epifluorescence microscopy, an increase in excitation intensity or imaging fre-
quency accelerates photobleaching and phototoxicity. To investigate if the light used for epifluores-
cence affects cell motility, we measured how the mean velocity of P. aeruginosa cell changes over the
course of our time series. Although there is no reason to suggest that excitation illumination will
affect WT and FimX-YFP cells differently, they have been analysed separately to check. The results
of velocity binning over time is seen in Figure 10 and summarised in Table 9. For all experimental
conditions, Figure 10 shows that velocity decreases over time by approximately 27.9%, suggesting
that we cannot extend our experimental measurements for longer than three minutes.

Mean Cell Velocity (utm min~!)

WT FimX-YFP
Environment Maximum Minimum Reduction Maximum Minimum Reduction
Low Density 8.0 6.0 2 (25%) 9.4 7.6 2.2 (23.4%)
Monolayer 11.3 9.9 1.4 (12.4%) 10.7 8.7 2.0 (18.7%)
Colony Edge 5.7 3.6 2.1 (36.8%) 5.6 3.5 2.1 (37.5%)

Table 4: Investigating the effects of phototoxicity on mean velocity for WT and FimX-YFP cells in
the three experimental environments. Maximum (minimum) indicates the largest (smallest) mean
velocity observed over the time series from Figure 10. The reduction indicates the difference in
mean velocity between the maximum and minimum value.

In this chapter we have outlined the preparation of the subsurface assay, the microscopy methods,
and the image processing and analysis techniques used to quantify the behaviour of solitary and
collectively moving P. aeruginosa cells. We have also tested whether two strains used in these assays
behave differently to one another. The movement speed of cells with a FimX-YFP fusion was found
to be larger than that of unlabelled WT cells, however the difference between them was relatively

small in high density assays. Likewise, the length of cells with a FimX-YFP fusion was found to is
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Figure 10: The effects of phototoxicity on mean cell velocity. Mean cell velocity as a function of time
for WT and FimX-YFP cells in the low density assay, in the monolayer and at the colony edge. Data
taken from 16, 15 and 24 experimental time series respectively. Bin size is 15 seconds.

consistently 0.1 um larger than that of unlabelled WT cells, but this is only a 3.5% difference. Finally,
the effects of bleaching have been investigated and although there is a reduction in velocity, it is not
of a size to render any data set unusable. With all appropriate checks in place, it is now possible
to proceed with more complex analyses, and investigate bacterial twitching motility in solitary cells

and dense collectives.
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3 Quantifying polarisation in developing Pseudomonas aeruginosa
biofilms

Across all scales of life, collective movement is used as a means of improving the reproductive potential
for the individual. Schools of fish respond to the presence of a predator, displaying a large degree of
alignment in orientation and velocity whilst doing so. Changes in alignment and orientation of an
individual can cause its neighbours to follow, and these changes can potentially spread to the entire
collective [161]. In the insect kingdom, ants form pheromone based trails leading from the nest to
food sources. They will also attack rival colonies by forming interconnected pathways with hundreds
of thousands of individuals [128]. Crucially, these collective behaviours only occur once the density
of individuals exceeds a certain value [162]. Collective behaviour is also observed at the length scale
of unicellular organisms such as bacteria, and again these are only observed above critical population
densities [12].

Bacteria commonly live in dense surface-attached collectives called biofilms that are comprised
of thousands of individual cells. When living in a biofilm, bacteria produce a range of extracellular
polymeric substances, which provide protection from dispersal by flow [97]. Additionally, the effects
of some antibiotics on bacteria are lessened in biofilms compared to those in liquid culture, due to
the increased cell density reducing the diffusion of antimicrobial molecules [114]. As bacteria live in
close proximity to their neighbours in biofilms compared to those in liquid culture, the rate of DNA
exchange through horizontal gene transfer increases. As a result, the exchange of genes conferring
antibiotic resistance occurs often, and resistant strains commonly arise in biofilms [115]. Due to
the increased risk of antibiotic resistant infection, biofilms present a challenge in healthcare and
agriculture [115, 116].

The opportunistic pathogen P. aeruginosa forms biofilms that are commonly studied at the
interface between agar and air, where they form colonies [71]. More recently, interstitial or sub-
surface biofilm assays, where bacteria grow at the interface between glass and agar have been used to
investigate collective behaviour in P. aeruginosa as they can be imaged in detail by high numerical
aperture microscopy through a cover slip [34]. When grown at the interface between agar and
air, through cell division a torque acts on each individual to reorient its body out of plane and
three dimensional structures readily form. In comparison, there is a torque acting in the opposing
direction when bacteria are grown in interstitial assays, keeping cell bodies flat at the agar-glass
interface, with single layered sheets called monolayers forming as a result [73]. It is often not feasible
to track individual bacteria in densely packed three dimensional structure, and therefore a monolayer

is preferred for studies at high density when one needs to quantify the behaviour of individuals.
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However, even when using high magnification microscopy it is challenging to resolve the motion of
each cell in the a monolayer, as the movement of each individual bacterium is highly influenced by
the densely packed neighbouring cells surrounding it. Fluorescent protein fusions are often used
to quantify temporal information regarding a protein’s role in cell motility [77]. At low density,
the environmental sensor FimX, has been shown to localise to the leading pole of P. aeruginosa,
however, to date no studies have been performed using fluorescent fusions to investigate twitching

driven collective motility in bacterial monolayers [74].

A Dbacterial monolayer is an example of active matter, a system that exists outside of thermo-
dynamic equilibrium where individual constituents draw energy from their surroundings to perform
work [163]. In the case of P. aeruginosa in an interstitial assay, energy is drawn from its surroundings
in the form of the agar slab confining the cells to one dimension, and work is performed by TFP, at-
taching to the substrate, retracting and generating a force to pull the cell body [164]. The equations
of active nematics have been used to describe collective and individual behaviour observed within
bacterial monolayers, with the presence of long range orienational order and half integer charged
topological defects [15]. The constituents of bacterial monolayers are intrinsically polar objects,
where a force acts in a single direction. However, nematic equations have been used to describe the
behaviour of the collective as through coarse graining of force fields in the monolayer there is no
preferential direction of travel [15]. Recently a growing body of evidence suggests that many active
matter systems are not purely nematic, and instead exist on a spectrum between nematic and polar,
due to coexistence of half integer and full integer topological defects, the latter being a hallmark of
polar systems [138]. In this chapter, we seek further evidence that collective polar behaviour exists

in a system previously considered as nematic.

Our focus is not restricted to the monolayer, we also investigate collective polar behaviour at the
colony edge. The expansion rate of a bacterial colony is used as a measure of fitness as it increases
access to nutrients, and as such the fitness of a strain can often be quantified based on how quickly
they colonise a surface [148]. For example, one might naively assume that ApilH cells have an
increased relative fitness than the WT as on average each cell is fast due to the fact that ApilH
are hyperpiliated [22]. However, when considering the expansion rate of the two colonies, the WT
is faster than ApilH in the long term, giving it a relative fitness advantage [34] As P. aeruginosa
forms single layered sheets at the colony edge, the same microscopy techniques used to image the
monolayer were used to search for any novel collective movement, identifying large groups of aligned
cells moving outward in the direction of colony expansion. We therefore investigate any potential

for polar behaviour at the colony edge, and consider the implication of this on colony expansion and
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overall collective fitness.

Through the use of simultaneous phase and epiflourescence time-lapse microscopy, high density
cell tracking and a custom image analysis pipeline, the following chapter investigates the asymmetry
of intracellular FimX-YFP localisation at the cell poles of P. aeruginosa at low density, the monolayer,
including surrounding +1/2 and —1/2 defects, and at the colony edge, with respect to the direction
of collective velocity. The level of disparity in FimX-YFP concentration, will be referred to as FimX-
YFP asymmetry. For example, a cell with a large concentration at one pole, and a small concentration
at the other is highly asymmetric. Therefore, any use of the terms polar or polarised will strictly

refer to describing the state of collective bacteria behaviour; polar or nematic.
3.1 Does FimX-YFP localisation correlate with individual cell movement?

As shown in Figure 7, interstitial ‘sandwich’ assays are innoculated at the interface between agar and
glass, allowing for the acquisition of time-lapse images of WT and FimX-YFP labelled P. aeruginosa,
and form the focus of this thesis. We use co-cultures of unlabelled and labelled cells as the signal from
a pole will always be distorted by its neighbours in a high density 100% FimX-YFP assay. Given
that P. aeruginosa has been shown to twitch towards the pole with greatest FimX concentration
and that —l—% charge defects have been shown to be crucial in many biological processes it was
sought to investigate any potential asymmetry in FimX-YFP concentration when bacteria are in
close proximity to topological defects [34, 74]. Before investigating the concentration of intracellular
FimX-YFP around topological defects, the correlation between asymmetry and cell motility must
be confirmed for the strain used in this thesis, as it has not be used previously in literature. In the
upcoming sections, the process of FimX-YFP concentration measurement at the cell pole is explained
in detail, including the quantification of asymmetry, cell movement and the various filtering processes

used.
3.1.1 Quantification of polar FimX-YFP and cell motility in individual cells

Quantifying the concentration of protein at the cell poles is by no means a trivial task, as it requires
using appropriate tracking software, an accurate FimX-YFP concentration quantification method,
and suitable filtering to ensure accurate data has been obtained. In the upcoming section we outline
a generalised process that is applicable to all polar localising proteins, but specifically has been used
to quantify intracellular FimX-YFP in P. aeruginosa at low density and in packed collectives.

To measure the concentration of FimX-YFP at the cell poles from the epifluorescence images,
the coordinates of each pole must be calculated using the corresponding phase contrast image. To

determine the pole coordinates, time resolved information of each bacteria’s position, orientation
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and length must be obtained. If there were only a few cells present in each movie, it would be
possible to manually measure the properties of each bacterium. However, even at low density each
of our movies contain over a hundred cells in each field of view, across videos between two and three
minutes in length. Therefore, the first choice to be made in uncovering the relationship between
asymmetry and cell movement, is using the most appropriate tracking software. Any software used
must be able to accurately track rod shaped bacteria at low and high densities and resolve them
such that neighbouring cells are segmented correctly. The software must also produce time resolved
data containing the coordinates, length and orientation of each individual so the positions of both
poles can be calculated. The Feature Assisted Segmenter/Tracker is our software of choice as it has
been previously used in experiments tracking P.aeruginosa in high density environments, outputs the
required location, orientation and size information, and allows for the further calculation of additional
cell properties such as pole location [19, 34]. A schematic displaying the parameters of each cell that

FAST can output is shown in Figure 11.
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Figure 11: A schematic diagram of the data exported by FAST that is used in further analysis. x.
and y. represent the  and y centroid of the cell respectively and L and w represent the length and
width of the cell respectively. Angles are measured from the positive x direction anti-clockwise. The
angle ¢ denotes the orientation of the cell body and the angle 6 is the direction of travel of the cell,
with the velocity vector shown by v.

In Figure 11, ¢ is determined by fitting an ellipse to each of the cell segmentations obtained by
FAST (see Section 2.5) [19]. By convention ¢ is directed from the cell centroid to the pole of the
cell that has the greatest x coordinate at the start of tracking. As the cells have the possibility of
rotating, we define ¢ from —oco < ¢ < o0.

With ¢ suitably defined, it is now possible to perform measurements of FimX-YFP concentration

at each pole of P. aeruginosa. Here the calculation of each pole’s coordinate will be discussed,
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followed by the process, benefits and drawbacks of the first method used to quantify FimX-YFP
concentration, the ‘ring’ method. Equations 1 and 2 are used to calculate the coordinates of pole

1 and 2 at each time point, which are denoted (x1,y1) and (x2,y2) respectively,

(z1,1y1) = (xc + 0.4L cos (¢) , yc + 0.4L cos (¢)) (1)

(x2,y2) = (¢ —0.4L cos (¢) ,yc — 0.4L cos (¢)) . (2)

Here we have multiplied L by 0.4 rather than 0.5 which would yield the coordinates of the very
tip of the cell. By visual inspection, multiplication by 0.4 generated a coordinate at the centre of
the hemispherical end of our rod shaped cells, where the FimX-YFP signal accumulates, as shown
in Figure 12a. The mean pixel intensity within a circle of radius 0.4 wm centred at (z1,y;) or
(z2,y2), is used to quantify the FimX-YFP concentration, I; and I respectively. As the width of the
cell, w, is on average 0.8 pm locating the coordinate of the centre of the hemispherical cap, which
is modelled as a circle with diameter 0.8 um, is essential such that all FimX-YFP localisation is

measured (Figure 12b).

(x4, ¥4)

(x5, ¥5)

Figure 12: The ring method process of FimX-YFP quantification at the cell poles. (a) Cell body
is represented in blue with FimX-YFP in yellow. Cell pole coordinates are shown with black dots
and a circle of radius 0.4 um shown with dashed black lines around the hemispherical caps of the
rod-shaped cell. (b) Grayscale image of FimX-YFP signal from a solitary P. aeruginosa cell. Top
image shows a cell to be analysed with the bottom image showing the same cell with an overlay of
the 0.4 pm radius circles with pole 1 in yellow and pole 2 in cyan. The scale bar is 0.5 wm in length.

The ring method provides a relatively simple process of quantifying FimX-YFP concentration at
the cell poles using epiflourescence microscopy, however the reliability can vary depending on how
accurate the elliptical fit is. As determined through visual inspection, if ellipse fitting is accurate, the

center of the cell pole cap is found reliably and an accurate quantification of FimX-YFP is performed.
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However, it is often observed that measurements of ¢ and L contain small deviations from the
true value, resulting in an incorrect identification of the cell pole cap location (Figure 13). When
cell pole cap location is incorrect, pixels closer to the centroid or pixels from the image background

intensity are incorrectly included in the mean calculations of I; and Is.

t(sec)= 0 10 20 30 a0

Figure 13: A time lapse of grayscale epifluorecent images showing the ‘ring’ method of quantifying
FimX-YFP concentration, where the yellow ring shows the 0.4 um radius region where the average
value of pixel intensity calculated at the cell poles. It is evident that the ring method often can-
not accurately locate the hemispherical poles, owing to inaccurate measurements of ¢ and L from
automated ellipse fitting. Scale bar is 0.5 wm.

Given the ring method has inherent inaccuracies as a result of noise in the ellipse fitting in FAST,
a new method of quantifying FimX-YFP concentration at the cells poles must be established. The
new method still utilises Equations 1 and 2, however, an alternate method is used to identity the
exact position of the FimX-YFP localisation. Here, the ‘spot’ method is introduced, the process by
which it operates is explained, and the benefits and drawbacks of the method outlined.

The spot method relies on identifying the brightest pixel, or collection of pixels at the cell pole
and taking the average value around that coordinate to determine I3 and I>. The process begins by
only considering pixels within 12.5 pixels (0.38 wm) from the cell pole location, as this decreased the
likelihood of noise from the cell body interfering with FimX-YFP quantification. Any pixels outside
of this range are excluded from any analysis. We then identify the coordinates of the brightest
pixel (zp,yp) and the intensity is calculated as the mean value of all pixels within 2.5 pixels (0.08
pum). This radius was chosen by visual inspection as it included the bulk of the greatest FimX-YFP
localisation (Figure 14) and also excludes pixels that are more than 0.38 pm from the calculated
coordinate of the cell pole. We also check that I; and I are above the cell body intensity, Ic, which
is calculated by averaging the mean pixel intensities within 0.4 pm of the centroid of the binary
segmentation corresponding to that cell. When no FimX-YFP expression was observed at the poles,
the cell bodies appeared to have a uniform distribution of fluorescence across their bodies. Therefore,
if 11 or I is smaller than I, it implies that one of the poles is not in focus, and therefore we set
I; = I¢ as appropriate (where i is pole 1 or 2).

More complex cases when there are more than one pixel at the cell pole with the brightest
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intensity will now be considered. These cases include when the pixels with the greatest intensity are
isolated from one another, or connect to one another, or if they form multiple groups of connected
pixels. If two or more pixels have the largest value, and are adjacent to one another in space they
are considered to be a ‘pixel island’, and (zp,yp) is taken to be the mean position of these pixels.
I; is the mean value of pixels within 2.5 pixels (0.805 wm) of (xp,yp). If there are two pixel islands
with different sizes and the same maximum intensity, the mean position of the pixels in the largest
island is set as (xp,yp). The same process applies when there is a pixel island and one other single
brightest pixel at the cell pole, the mean position of the island is set to (zp,yp). When two pixel
islands are identified with the same intensity and size, the island closest to the end of the cell is used
as the molecular machines that drive twitching motility are typically most abundant at the tip of
the pole [64]. When there are two or more pixels islands with the same intensity and size, and equal
distance from the cell pole there is no way of distinguishing the two, we exclude these measurements
from the further analyses, however this rarely occurs in practise. A comparison of the spot method

and ring method is shown in Figure 14.

t(sec)=0 20 40
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Figure 14: A comparison between the ring and spot methods of quantifying polar FimX-YFP con-
centration. The upper row shows an example cell at different time points during tracking, with the
middle row showing the ring method and the bottom row showing the spot method, where the scale
bar is 0.25 pm. In the middle and bottom rows, the left image shows the left hand pole and the right
shows the right hand pole. Regions that an average is taken across are displayed in yellow, with the
brightest spot in the bottom row shown by a blue marker.

As is no need to quantify the FimX-YFP intensity in the fluorescent channel of unlabelled cells,

we must remove them from our analyses. FAST outputs a value of mean intensity for the entire
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cell body aggregated over all pixels within the segmentation, which is used to distinguish the cells
containing FimX-YFP from unlabelled cells. A PDF of mean cell body intensity is produced using
all available data and a threshold manually selected between the two peaks, representing the labelled
and unlabelled populations. The threshold is then used to assign every cell as unlabelled or labelled
at every time in its trajectory. To account for variability in mean fluorescence intensity between
experiments a separate threshold is used for each data set. An example PDF with threshold, and the
results of tresholding is shown in Figure 15. It is now possible to split the cell population based the
mean cell body fluorescence intensity, ensuring that only FimX-YFP cells are used in our analyses
when appropriate. The next stage of the processing pipeline is to restrict analysis only to cells with

suitable separated poles.

PR e— .
0 10 20 30 40
Intensity of YFP averaged over the entire cell body (AU)

Figure 15: Using mean cell body fluorescence to categorise labelled and unlabelled cells in a low
density assay comprised using a 1 : 1 ratio of unlabelled to labelled cells. (a) A PDF of the cell
body intensity with the manually set threshold shown as a red line. The distribution is bi-modal
with the left peak corresponding to unlabelled cells and the right-hand distribution corresponding to
labelled cells. (b) Merged phase and epifluorescence microscopy images with yellow and blue markers
overlaid to highlight the labelled and unlabelled cells respectively. An occasional blue marker is seen
in empty space due to spurious augmentations however these are removed at later stages of analysis.
The scale bar is 15 um.

As the spot method of FimX-YFP concentration relies on identifying the brightest pixel within
a 25 x 25 pixel (0.805 x 0.805 um) region surrounding the cell pole, neighbouring labelled bacteria
must be a significant distance away from (xp, yp), otherwise the signal from a neighbour can interfere
with measurement. For example, the brightest pixel can be wrongly identified on a neighbouring cell
pole. Without categorising each individual into an unlabelled or labelled population it would not be
possible to tell if two labelled cells poles were within close proximity or touching one another. To

address this we designed an algorithm called the ‘nearest pole neighbour algorithm’ to detect when
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two labelled poles are too close to one another. The ultimate aim of the algorithm is to indicate if a
cell is labelled and if all neighbouring poles are of a reasonable distance away such that FimX-YFP
concentration measurement is accurate at each time point in a cells trajectory. If the cell is labelled,
the algorithm compares the distance between the pole in question and the five closest neighbouring
poles. Five other poles are used rather than all poles within a given time point to save computation
time and the five closest poles can include the other pole on the cell in question. We removed any
poles from our analysis that have another FimX-YFP pole within 0.8 pm of them (Figure 16).

A useful benefit of this algorithm is that it removes dividing cells from analysis. Such nearly
separated cells can be resolved individually by FAST’s segmentation algorithm, and are therefore
considered as two different objects, the poles of the two objects at the division site always fail the
nearest pole neighbour algorithm because they are within 0.8 pm of each other, as seen in Figure 16c.
The nearest pole neighbour algorithm therefore provides a tool to filter the FimX-YFP concentration
measurements at the cell poles to remove data that has been potentially contaminated by nearby
cells or affected by cell division.

Two additional filters were used and combined with the nearest pole neighbour algorithm so that
all points along a cell’s trajectory must pass a series of conditions to be included in our analyses. Time
points where the aspect ratio (L/w) > 6.5 are excluded as these are typically cells that are divided
but have incomplete septa so FAST cannot differentiate between them. These cells are removed as
their movement is different from those not dividing. As the mean length of P. aeruginosa is 4 um, we
exclude any time points in a trajectory where the centroid is within 4 pm of the border of the field
of view, to ensure the entire cell is analysed. Therefore, to be included in our analyses, the cell must
be labelled, its poles must be distinguishable from any other cell to allow for accurate FimX-YFP
measurement, have an aspect ratio less than 6.5 and be beyond 4 pm of the border of the field of
view.

It has been previously outlined how the spot method was used to measure FimX-YFP concentra-
tion at the cell poles, I1 and Is, and the subsequent filters that were used to remove data that was not
considered reliable from our analyses. FimX can be unipolar, bipolar or not present at either pole in
terms of localisation, and it has previously been shown that it is the asymmetry in FimX distribution
between the poles that is correlated with the direction of cell movement [65]. To reliably correlate
FimX-YFP localisation and cell movement it is useful to express I; and Is in a single metric. We

express the asymmetry of FimX-YFP concentration between the cell poles using
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Figure 16: The nearest pole neighbour algorithm removes neighbouring labelled cells with close poles
from our analysis (a) The poles of the two labelled cells are too close to one another and would be
excluded from analysis as highlighted by the red dashed circles. (b) The two poles are a significant
distance from one another and will be used in later data processing. (c) A time lapse showing the
nearest pole neighbour algorithm in action. As cell poles are tracked continuously, when passing the
algorithm pole 1 and 2 are shown using yellow and cyan rings respectively. If a pole is too close to a
neighbouring labelled pole and excluded by the algorithm it is shown in red. (d) The algorithm also
excludes cells going through division.

When Iy = 0, there is an equal amount of FimX-YFP at each pole. If Iy > 0, there is a greater
FimX-YFP concentration at pole 1 and if Iy < 0 there is a larger concentration at pole 2. Whilst in
theory, |Iy| = 1 can occur if I has a non-zero value and I = 0 or vice versa, however, in practise,
as outlined in the description of the spot method, each pole will have the minimum fluorescence of

Ic, the mean intensity at the centroid of the cell. While we tested other metrics, we found that Iy,
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which can both measure which pole contains more FimX-YFP (by whether it is positive or negative)
and measure the strength of the asymmetry (by measuring the absolute value of I\) was best suited

for out subsequent analyses.

Beginning with coordinates, lengths and orientations determined by FAST, the process of quanti-
fying FimX-YFP concentration asymmetry at the cell poles has been described. FimX-YFP concen-
tration is measured using the spot method, which identifies the brightest pixel location and takes an
average value of the surrounding pixels. Various filters have been outlined that determine if a cell is
labelled, if cell poles are sufficiently resolvable in space, its aspect ratio and proximity to the image
border, which are used to keep only data points that are reliable. These processes have culminated in
the use of a metric, I;, which describes the asymmetry of FimX-YFP concentration at the cell poles
as a single number. In the next section, the relationship of Iy; and cell movement will be investigated

further.

3.1.2 Bacteria twitch in the direction of the pole with the largest FimX-YFP signal

Previous studies have shown that P. aeruginosa tends to move towards the pole with largest FimX
concentration at low density [37, 74]. As the FimX-YFP fusion used in this thesis differs from those
previously used in literature the relationship between FimX localisation and the direction of cell
movement must be reestablished. Currently, it is unclear if intracellular FimX localisation correlates
with twitching motility in the bacterial monolayer, and to separate observed cell movement within
dense collectives from the movement generated by the retraction of an individual cell’s pili this
relationship must be confirmed, as the observed movement of an individual can be highly influenced
by interactions with close by neighbours [13]. Therefore, investigating pili facilitated cell movement
in dense collectives is not possible using phase microscopy alone, and fluorescent protein fusions must
be used to separate a cell’s intended movement and observed movement. In this section, we correlate
motility and FimX-YFP asymmetry (I) at low density and then we analyse the behaviour of Iy in

monolayers where cells are densely packed together.

We first define a metric to quantify bacterial movement. As Iy is positive or negative based on
which pole has the greatest FimX-YFP concentration, any metric that measures movement should
also change signs to reflect if the cell is moving in the direction of its pole 1 or 2. Using the outputs
from FAST (Figure 11) to measure the direction of cell movement (), we can ensure it is in the
same frame of reference as ¢, and therefore make a direct correlation between the velocity vector and
Iyi. We define a new metric, p.v, which is the projection of the velocity vector of a cell, v, along a

unit vector, p in the direction of ¢,
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p-v = |p||v] cos (¢ — ) = vmac cos (8). (4)

Here, vypac is the magnitude of the velocity vector. Like Iy, p.v can either be be positive or negative,
representing if the cell is moving in the direction of pole 1 or 2 respectively. Figure 17a shows the
vectors and angles involved in p.v calculation, where as Figure 17b explains when Iy and p.v are
positive and negative. We note that twitching motility is often directed along a cell’s long axis so that

|cos (B)| tends to be near one. We can now investigate the correlation between these two variables.
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Figure 17: Schematic diagrams highlighting key parameters in p.v quantification and when Iy and
p.v are positive and negative. (a) The vectors and angles used in p.v calculation. p is the unit
vector running along the orientation of the cell, v is the velocity vector and § is the angle separating
the two vectors. (b) The signs of Iy and p.v for a single cell over time. As cell poles are assigned
at the beginning of tracking, Iy is positive when more FimX-YFP is localised to pole 1, with the
opposite being the case for pole 2, as shown by the yellow spots. The same is true for p.v, as shown
by the black arrows - when travelling in the direction of pole 1, p.v is positive and when travelling
to pole 2 it is negative.

To investigate any potential correlation between Iy and p.w, every value of p.v has been binned
by its accompanying value of Iy and an average value taken. The resultant relationship between p.v
and Iy at low density is shown in Figure 18a, highlighting a linear dependence between FimX-YFP
concentration asymmetry and cell movement. By assuming that the amount of force produced by
P. aeruginosa is linearly proportional to its velocity, Iy can potentially be used as a proxy for the
force produced by the cell, as it is proportional to a cell’s velocity. We note that Figure 18a shows
a linear dependence at all I values, implying that an increase in the magnitude of Iy will always
lead to an increase in the magnitude of p.v. In Figure 18b, it can be observed that as the cell first
travels upwards, then changes its localisation and returns in the other direction, displaying that Iy
changes in sign when FimX-YFP localises at the opposite pole. We have shown that at low density,
I is proportion to cell movement and could potentially be used as a proxy for force. It has not been

established however if these relationships hold in the bacterial monolayer.

49



02F i

'
|
'
Lead Lag H

01F

p.v (pm 5'1)
o
o
o

800
2 600}
=400}
E 200

0
0.6

Figure 18: P. aeruginosa moves in the direction of FimX-YFP localisation. (a) Mean p.v vs Iy
for labelled cells. The shaded region represents the standard error between 17 three minute long
experimental time series with a total of 72 hours of labelled cell trajectories. Iy bin size is 0.1.
There is a clear linear relationship between the two parameters. The plot below shows the total time
of cell trajectories at each value of Iy which decreases as the absolute value of I increases. Data has
been restricted to Iy bins that have above five minutes worth of data in the range —0.6 < Iy < 0.6.
Inset shows percentage of cells with greatest FimX-YFP localisation at the leading or lagging pole.
Time points where Iy < 0.14 are excluded from the analysis shown in the inset as the FimX-YFP
concentration is not asymmetric enough to trigger pole swap detection (see Section 4.1.1). (b) A
merged phase and epifluorescence time lapse of a single cell with corresponding Iy and p.v traces
underneath, where blue markers in the plot indicate the corresponding time points in the time lapse.
Traces have been smoothed with a five second moving average filter.

Establishing the relationship between Iy and p.v in the bacterial monolayer uses the same
methods as the low density case. Again, we bin p.v by the accompanying Iy; value to produce the
plot observed in Figure 19a, which displays the same relationship as the low density case, however,
p.v saturates at large |Iy| values, which could be due to neighbouring cells blocking the movement
of the individual cell under investigation. Again, like the low density case there is no preferred pole
in terms of direction of travel as shown by the symmetry in the y-axis and the plot passing through
the origin. The impact of increased density on the correlation between Iy and p.v is seen in Figure
19b, as there are times when the two metrics are anti-correlated, and despite FimX-YFP asymmetry
being directed towards one pole, the cell is being forced in the opposing direction by its neighbours,

for example between 0 and 10 seconds. Despite these anti-correlated occasions, the cell is often able
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to move in the direction of largest FimX-YFP concentration. Importantly, our results show that Iy
can be used to infer the desired direction of individual movement in a high density environment like

the bacterial monolayer where a single cell’s motility is strongly influenced by its neighbours [13].
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Figure 19: The relationship between FimX-YFP localisation and cell movement within the bacterial
monolayer. (a) Plot of mean p.v as a function of Iy for labelled cells that pass all previously outlined
analysis filters between 15 experimental time series between two and three minutes in length. Iy
bin size is 0.1. The same linear relationship between p.v and Iy is observed at small |I/| values,
although the trend begins to plateau at greater values. Data has been restricted to the same Iy bins
as Figure 18 for comparison. Inset shows percentage of cells with largest FimX-YFP localisation
at the leading or lagging pole. Values of p.v corresponding to values of Iy below 0.14 are removed
from the analysis shown in the inset as they would not be considered highly localised enough to
trigger pole swap detection (see Section 4.1.1). (b) A merged phase and epifluorescence time lapse
of a single cell with corresponding Iy and p.v traces underneath, where blue markers in the plot
indicate the corresponding time points in the time lapse. The influence of neighbouring cells drives
large fluctuations in p.v. Traces have been smoothed with a five second moving average filter.

In this section, we have first developed a metric to quantify the magnitude and direction of P.
aeruginosa twitching motility along the cell body, p.v. Using the previously defined metric that
quantifies FimX-YFP concentration asymmetry at the cell poles, Iy, with appropriate filtering and
data processing, a correlation between FimX-YFP asymmetry and single cell movement has been
uncovered in low density environments. Using appropriate assumptions, it is reasonable to use
FimX-YFP asymmetry to infer which direction an individual wishes to travel in, and the force a

cell exerts on the substrate. With the tools to investigate single cell movement in dense collectives
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developed, the remainder of this chapter will investigate the asymmetry of FimX-YFP concentration

at the cell poles in close proximity to topological defects and at the colony edge.

3.2 FimX-YFP localisation is highly asymmetric in environments where collec-
tive motility exists
There exists a building body of evidence that topological defects are crucial to the development of
dense bacterial collectives. In M. xzanthus monolayers, increases in cell density are observed at +%
charge topological defects, leading to multilayer formation and ultimately fruiting body formation.
In contrast, defects with —% topological charge exhibit decreases in cell density [145]. In non-motile
surface-attached F. coli micro-colonies —|—% charged defects move to the colony boundary and facilitate
expansion as individual cells divide [142]. Finally, in densely packed P. aeruginosa monolayers, cells
capable of exerting relatively large amounts of force form +% charged defects and collide with another
defect of like charge, overcoming the restoring torque from the agar slab to form verticalised, immobile
groups [34, 73]. Given the prominence of topological defects in regulating collective phenomena in
bacterial colonies, we hypothesised that neighbouring cells might direct their movement in the same
direction as a means of enhancing collective movement. As such, this section explains the process
of quantifying Iy around —i—% and —% charge topological defects in densely packed P. aeruginosa
monolayers, going on to quantify the degree of collective FimX-YFP polarisation in +% and —%
charge topological defects, and comparing the results with a self propelled rod model of a bacterial
monolayer [34]. Later, our focus shifts from the monolayer to colony border, where single cell FimX-
YFP asymmetry and collective polarisation is again investigated, however this time relative to the

direction of colony expansion.

3.2.1 Collecting and processing information from cells surrounding topological defects

When measuring the properties of bacteria near topological defects, such as orientation, it is crucial
to average over many defects, as the behaviour of any given cell is highly stochastic. Ideally, a
monolayer of 100% labelled cells would be used to gather the maximum amount of information
regarding the asymmetry of FimX-YFP concentration, however, as outlined in Section 3.1.1, this
is not possible as the fluorescent signal of a given pole would become contaminated by that of
neighbouring cells. Therefore only a small proportion of labelled cells are used (10-20%), further
increasing the importance of defect averaging to obtain enough data to generate a reasonable signal.
Utilising the preexisting analysis pipeline in Matlab and Defector, an open sourced topological defect

tracking package (see Section 2.6), in the following section we describe the process of collating the
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properties of bacteria in close proximity to +% and —% charged topological defects and processing
them into heatmaps.

Defector provides the position, orientation and topological charge at every time point for all
defects in a field of view. In addition, information on the cells surrounding each defect was collected
by using the results of FAST that were previously outlined in Section 3.1. Like bacteria, defects
are tracked in the lab field of view using Defector [34], with their orientation measured from the
horizontal line anti-clockwise. Cell positions and orientations are then recalculated such that they
are in the defect frame of reference. This process is outlined in Figure 20. Once the labelled cells
in the vicinity of defects are put into the same defect centred frame of reference, the data can be

averaged across defects, which is described in the next section.

a Image field of view b  Defect frame of reference

S

X X

Figure 20: Diagrams showing various stages of comet (left) and trefoil (right) processing (not to
scale). Example FimX-YFP spots are shown in yellow on blue cells. (a) The coordinate system used
within the image field of view, with the angle ® shown. (b) The defect frame of reference that is
used in (c) to bin the surrounding data.

After we collected data surrounding topological defects, a choice had to be made over two aver-
aging processes; the single defect or pooled method. In the single defect method, the average data
field for each defect is taken, and then an ensemble average over all defects is obtained. Although the
single defect method is useful for elucidating the flow fields around individual defects, which can vary
widely, it is not suitable for processing ;. While the movement of flow fields uses unlabelled cells,
here we use a co-culture of unlabelled and labelled cells in experiments so there would be limited Iy

data in each spatial bin because it can only be measured in labelled cells, leading to a large level
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of noise in the ensemble average of a single defect. Instead, the pooled method takes from many
defects, performing spatial binning, and then takes an average across all of them. Therefore, going
forward the pooled method of averaging data between defects will be used.

With the method of averaging decided, we also face a choice of what cell properties will be
investigated, and choosing a suitable bin size. To allow for comparisons with existing literature,
orientation and velocity fields will be produced, ensuring that the results obtained are in agreement
with existing precedents, then the mean Iy field surrounding defects will be determined, to see if any
signal emerges. In doing so, a bin size must be chosen and for this 1.6 um has been picked, which
is equivalent to twice the width of a single cell, and allows for a comparison with a simulation that
uses the cell width as a scale in Section 3.2.2 [34]. We have provided details on how data collation
is performed between defects of like charges, that the pooled method will be used going forward as
it allows for meaningful mean Iy fields to be produced, and that the bin size of doing so is twice the
cell width or 1.6 pm wide. We will now outline the governing equations that allow for the averaging
of information surrounding topological defects.

A conversion needs to be made to the defect frame of reference to allow for averaging to occur.
The first conversion to be made is the coordinates of each cell from the lab frame into the defect
frame to allow for binning. Assigning the orientation of the defect as ®, the conversion to the defect

frame is made through:

xp = xcos P — ysin P (5)

for the x coordinate, with the y coordinate converted through

yp = xsin ® + y cos D. (6)

It is now possible to bin data by xp and yp. As the fields for cell orientation and velocity have
already been determined these will be considered first, followed by the Iy field. When considering
the cell orientation, ¢, the conversion into the defect frame of reference is simply performed through

Equation 7:

¢p = ¢ — . (7)

To measure the mean velocity field for comets and trefoils, the contribution of x and y velocity in the
image frame of reference (vx and vx respectively) is first calculated Then, the contributions of z and

y velocity must be converted into the defect frame of reference. To begin, the x and y contributions
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of velocity in the image frame of reference are found using Equations 8 and 9:

vx = vMAG cos(h), (8)

vy = vMAG sin(6). 9)

vx and vy each have their own contribution to z and y velocity in the defect frame of reference (vx,

and vy, ), calculated using Equations 10 and 11,

vxp, = vx cos (—®P) + vy sin (—P), (10)

vy, = vx sin (—®) + vy cos (— ). (11)

The magnitude of velocity in any given spatial bin surrounding a defect (vpmaqy) is given by:

uMaGy = 4/ (V% +v3,)-

The same process is followed for Iy however with some few modifications. Both v and Iy are
now considered as vectors, the former with magnitude vyiag and direction 6, and Iy as a vector that
acts with magnitude |Iy| in the direction of ¢ or —¢ depending on the sign of Iy;. To account for
this, we introduce ¢r,,, where if Iny > 0, ¢, = ¢ and if Iy < 0, ¢r,, = ¢ + 7. We also denote the
direction of the pole with the greatest FimX-YFP concentration from the centre of the cell as the
unit vector pgpimx. The contributions of Iy in the x and y direction in the image frame of reference

(Imy and Iy, respectively) are given by Equations 12 and 13:

IMX = |IM|COS (¢IM)7 (12)

Ity = [T sin (¢r,). (13)

Therefore, in the defect frame IMXD and IMYD are given by Equations 14 and 15:

Iy, = hix cos(=®) + vy sin(—), (14)

Inty,, = Iny sin(=®) + Iy cos(—P). (15)
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The magnitude of mean vectors in each spatial bin is therefore given by:

A 2
IMMAGD - IMXD + IMYD :

In this section we have described the rationale and mathematical process of binning data from
P. aeruginosa in close proximity to topological defects within a monolayer, summarised visually in
Figure 20. This process will be applied to orientation and cell velocity to ensure results previously
reported in literature are reproduced, and then applied to Iy to investigate any potential change in
FimX-YFP localisation when bacteria are close to topological defects. In the upcoming section, the
processes outlined will be used to produce heatmaps of cell orientation, velocity and mean Iy; around

—I—% and —% charged topological defects, with a subsequent comparison to a self propelled rod model.

3.2.2 Im vector fields are similar to flow fields around defects

We have previously outlined the method of data collection and processing of cells within close prox-
imity of topological defects in bacterial monolayers. Using these equations, in this section we present
orientation and velocity fields of half integer topological defects to ensure that our results recapitulate
those already found in literature, then compare the velocity flow fields with those measured using
Iy. Using the Iy vector, we go on to use the polar order parameter to make a comparison with a
self propelled rod model.

We begin our comparison by investigating mean cell orientation, which is shown in Figure 21
and matches results previously reported in literature [34]. Both defect charges show that there is only
a given radius that orientation alignment holds over, which is particularly pronounced for trefoils,
where alignment breaks down 10 cell widths from the defect core. We will now focus on the velocity
fields surrounding topological defects to provide an additional check that our data recovers previously
reported phenomena.

Mean velocity fields are shown in Figure 22a and 22b and like the orientation plots in Figure
21 closely match results from existing literature [34]. When broken down into components, it can
be seen that a large portion of the comet magnitude plot comes form the x component of velocity,
and the y component heat map highlights that before moving through the core, cells converge onto
it, with the cells above the horizontal axis having a negative velocity and those below a positive
one. For trefoils, a mean velocity magnitude with six ‘spokes’ is observed, with vortexes observed
in between each spoke. The spokes are split equally into two types; inflowing and outflowing, and
the vortex direction acts to draw cells in and then move them outward from the defect core. An

asymmetry exits in the magnitude of the inward and outward flows, where cells move away from the

o6



Mean q‘)D (rad)

Figure 21: Orientation heat maps for comets (left) and trefoils (right). Bin size is 2 cell widths (1.6
pm) and a 48 x 48 grid is shown (38.4 um x 38.4 pum), taken from 15 experimental time series,
containing 1029 comets and 1051 trefoils. The scale bar is 10 cell widths (8 pum) in length.

defect core with a larger velocity than those moving towards it. With the checks on the velocity flow
fields complete, showing that results previously found in literature have been recovered, we can now
move onto discussing novel findings in the Iy fields around defects.

When considering the mean Iy heatmaps there are two areas of interest. As previously established
in Section 3.2.1, cell velocity is proportional to Iy at low density and in the monolayer, giving us
a tool to resolve bacterial behaviour in densely packed conditions. For example, take the fields in
Figure 22a, there is a strong signal at the defect core for both cell velocity and Iy, propelling the
cells in the positive x direction. Considering the y components, it can be seen that the cells are trying
to twitch towards the defect core before passing through it. Once through the core however, there is
little Iy signal in the y component, whereas in the velocity field the y component of velocity is similar
for cells that are yet to pass through the defect core, and those that are beyond it. Summarising these
findings, for +% charge topological defects, in P. aeruginosa there is a large degree of collective FimX-
YFP polarisation within the defect core, showing that cells are collectively biasing their directing
of twitching motility whilst moving through the core but not elsewhere. Considering the trefoils in
Figure 22b, there is almost no collective FimX-YFP polarisation along the inflowing spokes of the
defect, with a strong signal only seen on the outflowing spokes. Looking at the x and y components,
the magnitude of the inward flowing velocity fields are not matched by the corresponding Iy fields.
Therefore, it appears the cells are passively flowing into the trefoil core, then actively biasing their
movement outwards. Here we have shown that in the region surrounding topological defect, P.
aeruginosa deliberately moves in some areas and appear to be passively advected in others.

Although the behaviour of individual P. aeruginosa cells in a bacterial monolayer can be highly
polarised, previous modelling has been performed using the equations of active nematics which as-

sumes that there is no preferential direction of travel [135]. More recently simulations have been
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Figure 22: Mean collective velocity and Iy polarisation properties of (a) +% comets and (b) —%

trefoils from bacterial monolayers. Each column displays the mean magnitude, x and y component

of velocity or I, calculated using the pooled method. Mean velocity and Iy vectors have been shown

with streamlines rather than vectors to show the average path a cell would when in close proximity

to each defect and which direction FimX-YFP is point in respectively. The magnitude is shown by

the heatmap. The plots shown come from 15 experimental time series, containing 1029 comets and

1051 trefoils. Bin size is 2 cell widths (1.6 pm) showing a 48 x 48 cell width grid (38.4 pm x 38.4
m). Scale bar is 10 cell widths (8 pm).

performed that support the coexistence of collective nematic and polar behaviour, which our results
are consistent with [138, 147]. If collective FimX-YFP polarisation were to be nematic, there would
be no preferential direction of localisation in close proximity to half integer topological defects, and
the mean Iy; heatmaps displayed in Figure 22 would be zero valued at all positions in space, as
individual Iy vectors in each bin would cancel each other out, which is not the case, and we show
collective polar behaviour instead. We also considered if the polar behaviour observed could arise by
purely physical means, rather than there being any biological influence. Prior work performed by the

Durham group has used an individual based, self propelled rod (SPR) model of a two dimensional
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bacterial monolayer to better understand collective bacterial motility [34]. The model is comprised
of individual agents that exert a constant of force acting along the long axis of the cell to generate
movement. Unlike our experimental work, the model does not include reversals of direction along the
long axis of the cell, which have been observed experimentally (see Figure 19). Overlapping of in-
dividuals is prevented by repulsive forces between the rod segments, causing orientational alignment

to occur between neighbouring cells.

To directly compare the experimental results and simulations, the parameters of the latter need
to be matched as best as possible. As cell aspect ratio has a large impact on the physical interactions
between constituents of active matter systems, we use the distribution of rod lengths from experiments
and use them as inputs for the SPR model [112]. A gamma function was fitted to the distribution of
FimX-YFP cell lengths in the monolayer plot in Figure 8 returning a shape and scale parameter of
14.18 and 0.296 pm respectively. We used the FimX-YFP cell lengths as we can only measure the
force produced from these cells and not the WT, which is important for making comparisons with
simulations (Figure 23). We are now comparing an experimental scenario with reversals, and an
equivalent simulation that lacks them. In addition, cells in experiments are able to exert variable
levels of force, whereas the self propelled rods all produce the same amount of force. Therefore, we
only consider the sign of Iy; to make a comparison with the polar order parameter, P. By measuring
the alignment of Iy vectors in a spatial bin, or the force vectors in the SPR simulation, P provides
a single valued measure of how polar a system is. If the system is nematic, P = 0 and tends to 1 as

polarisation becomes stronger. P is calculated using

N
1
P =l Lewind (16)

where N is the number of cells and 7 represents the angle of the direction of the pole with greatest

n=tan"! Ty, .
Dy,

With a suitable metric identified to allow for the comparison of FimX-YFP concentration asym-

FimX-YFP concentration, given by:

metry in P. aeruginosa in close proximity to topological defects and the force vectors in a SPR model,
the resultant polar order parameter heatmaps are shown in Figure 23.

As there are non-zero values in the polar order heatmaps shown in Figure 23a, collective polar
behaviour is present in close proximity to topological defects within bacterial monolayers comprised

of rod shaped individuals. Given the similarities between the polar order heatmaps, and Iy plots
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Figure 23: Polar order parameter heat maps comparing (a) experimental and (b) simulated SPR
data. Bin sizes for both plots are 2 cell widths (1.6 pm) and a 48 x 48 cell width grid is show
(38.2 um x 38.2 um). Experimental results are taken from 15 experimental time series between two
and three minutes in length, containing 1029 comets and 1051 trefoils respectively. Simulated data
contains 4308 comets and 4319 trefoils comprised of 11744 rods. Scale bar is 10 cell widths (8 pm).

in Figure 22, we can conclude that the polar order arises from P. aeruginosa actively biasing its
movement when near defects. For comets this is observed just behind the defect core, propelling
individuals along direction of defect travel, and for trefoils the movement is along the outflowing
spokes. When considering the results from the SPR model for trefoils in Figure 23b, an increase in
polar order is observed. The increase in polar order is likely due to the absence of reversals in the SPR
simulation, as semi-flexible filaments have been shown to increase polarity when decreasing their rate
of reversal [147]. Therefore, if it were possible to remove reversals experimentally, we would likely
observe an increase in polar order if reversals are random. Overall, the increase in polar behaviour
shows that if we were to remove reversals experimentally, we should expect to see increased polar
order in the vortexes returning P. aeruginosa from the defect front to back, and along the inflowing
spokes of trefoils. Ultimately, although it is possible for collective polarisation of twitching motility
to occur through purely physical means as shown by the SPR model, our experimental results show

that the presence of random reversals of direction, a biological factor, can influence the amount of
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collective polarisation present in close proximity to topological defects.

To ensure that the defects in our co-culture assay reproduce the orientation and velocity flow
fields surrounding —i—% and —% topological defects in a P. aeruginosa monolayer reported in liter-
ature, we have combined single cell tracking in FAST and defect tracking using Defector [19, 34].
Having validated these fields, the degree of collective FimX-YFP polarisation surrounding topological
defects was investigated, reporting similarities to the velocity fields but with some distinct differences,
showing that in some regions P. aeruginosa is deliberately moving with the flow fields and in other
regions they appear to be passively advected by neighbours. In both scenarios, we have shown that
polar behaviour exists in a system previously described using the equations of active nematics [15].
By making a comparison between experimental bacteria capable of reversing and a model of non-
reversing self propelled rods, we have shown that collective polar behaviour can be generated through
purely physical means, however the presence of reversals can have an influence on the degree of col-
lective polar behaviour present. With our studies complete on the collective polarisation of bacterial
movement behaviour surrounding topological defects, we examined other regions of the colony where

collective polar behaviour might be present.

3.2.3 Cells at the colony edge have highly polarised FimX-YFP

As before, we are limited to imaging intracellular FimX-YFP in regions where multilayering does not
occur, as measurements of the FimX-YFP concentration in one cell could be distorted by another
that is out of the focal plane. The colony edge fulfils both these criteria; it is comprised of aligned,
single-layered groups expanding into previously unexplored surface. When located at the colony
edge, individual cells have the benefit of having the earliest access to any nutrients that arise whilst
exploring the surface. However, there are also risks of being at the edge and cells at the border
experience the maximum effect of any antimicrobial treatments and are often the first in a colony
to be the victims of any attacks from rivalling strains [118, 148, 165]. In interstitial P. aeruginosa
biofilms, it has been shown previously that colony expansion is facilitated by the alignment of cells to
form rafts, requiring a constant replenishment of new contributors to continue expansion. Without
this replenishment, colony expansion is severely inhibited [107]. In non-motile E. coli colonies, colony
expansion is facilitated by —i—% topological defects generated through cell elongation and subsequent
division [142]. Given that alignment is already observed in groups of cells at the edges of the
colony and strong polarisation of FimX-YFP is observed within —l—% topological defects, could polar
behaviour also exist at the colony border? In this section, we combine the use of single-cell tracking

and a custom made colony border identification system to investigate the properties of P. aeruginosa
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within close proximity to the edge of a bacterial colony.

The first stage in analysing the properties of bacteria near the colony border is having a clear
understanding of the dynamics of the collective in this region. Figure 24 shows an example of
how a colony expands over time, in a finger-like manner. The colony border is not flat and instead
has undulating curvature to it, permeated by groups of cells that align their bodies and movement
toward the direction of expansion. In these groups, cell density is extremely large and FimX-YFP
asymmetry appears to be oriented toward the direction of colony expansion. At the back of these
groups there is often a region of decreased cell density, where individuals have more freedom to rotate
and FimX-YFP localisation is not as static. At the border between the colony and untouched surface,
there is a layer, often just one cell deep, of individuals orientated orthogonal to those deeper within
the group. As shown in Figure 24, colony expansion is facilitated by the group moving outward in
a single direction. Therefore, to allow for the analysis of individuals in close proximity of the colony

border, we must first be able to follow the location of the border as it moves over time.

t(sec)=0

90

180

Figure 24: The expansion of the colony border over time. Images show a co-culture of 9 : 1 WT:FimX-
YFP cells.
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In a single-frame, it would be relatively simply to manually identify the location of the colony
border, however, our data set is comprised of 24 time-lapse series, each 181 frames in length, present-
ing a time—consuming process. Instead we have developed an automated border recognition system
using the binary output of FAST [34]. The process, shown in Figure 25, begins by filling the gaps
between objects in the binary segmentation’s produced by FAST, to produce a single large ‘on’ region
representing the group. The identification system searches for regions where the binary segmentation
turns from off-to-on and fills in any gaps between objects. This results in only one final location
where the binary segmentation turns from off-to-on: the colony border. To search for the off-to-on
off-to-on binary change, all images are rotated such that colony expansion is towards the top of the
image field of view, allowing for a scan across the x axis to find the off-to-on off-to-on coordinate
in y. The amount of rotation is assigned through visual inspection and is dictated by the direction
of colony expansion within the image field of view, gro7,,,. Once identified in the rotated frame
of reference, the coordinates are translated back into the original image frame. As our interest lies
purely in the edge of colony group, we place limits on the minimum and maximum z and y coordinate
for which the border is identified. Any coordinates of the border that are outside of these limits are
ignored during analysis. With the process of colony border identification outlined, we can move onto
how the properties of cells in close proximity to the border are processed to allow us to assign data

according to a cell’s orientation relative to the border and its distance from it.

Figure 25: The process of identifying the colony border. (a) The binary segmentations have any gaps
filled and it is checked that only one large object remains in the field of view. Scale bar is 10 pm
long. The border is then identified at the border of the large binary object.

When investigating how bacteria behave at the colony edge relative to their orientation and
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position within the collective, it is important to consider what the angle and coordinates of a cell
are being measured relative to. We have decided to measure cell orientation relative to the direction
of colony expansion and measure cell coordinates as a distance from the border. It is simplest to
measure the angle that an individual cell makes with the direction of expansion, ¢cg, and the distance
from the border, dop in the rotated frame of reference, where colony expansion is always upward in
the field of view. We calculate the coordinates of any property of the cell in frame of reference of

colony expansion using

TROT; = Ti oS ORoT, 5 — ¥iSINOROT (17)

for the x cooridnates, and

YROT; = i sinORoT. 5 + ¥i cOS OROT, 5 (18)

for the y coordinates. Here, the suffix i is used to denote the cell centroid, pole 1 or 2 using ‘C’, ‘P1’
and ‘P2’ respectively. Using the centroid and cell pole locations, along with the coordinates of the
colony border in the rotated frame, (*ROTp, YROTqp ), the distance of the cell and its poles from the

colony border is calculated using Equations 19 - 21,

dcB = YROTcp — YROTG (19)
dcBp, = YROTes — YROTp, (20)
dCBP2 = yROTCB - yROTpQ' (21)

As we are quantifying FimX-YFP asymmetry relative to the direction of colony expansion, and taking
an average between many different time-series, a change in the allocation of pole 1 and pole 2 must
be applied. The example shown in Figure 25 is of a colony expanding towards the right-hand side
of the image field of view, however, it is equally likely that a similar group exists travelling towards
the left-hand side field of view. Currently pole 1 is assigned at the beginning of tracking as the pole
with the greatest x coordinate, however, in the case of Figure 25, this would result in a purely
positive Iy signal, assuming FimX-YFP is orientated in the direction of colony expansion. For the
example group travelling towards the left-hand side, the I signal would be negative, and an average
of the two cases would cancel each other out, resulting in a null signal which is visually not the case.

To overcome this averaging issue, we ensure that if dop,, < dcBp, the assignment is kept, whilst
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if depp, < dcBp, the pole coordinates are swapped such that dcpp, is always closest to the colony
border. Iy is then recalculated with the corresponding intensity values. Once reassignment of the
pole locations has taken place, the orientation of the cell relative to the colony border is calculated

using Equation 22,

bep = tan—! <yROTp1 - yROTp2> ' (22)
l‘ROTpl - 'IROsz

We now have the mathematical framework in place to assign cells according to their orientation, ¢cp
and distance from the colony border dcp, (Figure 26a). Figure 26b goes on to show ¢cp on an
example edge of colony group with each contour representing 10 pm intervals from the border. Figure
26¢ and 26d additionally show merged phase and epifluorescence images, which visually suggest that
FimX-YFP within individual cells often aligns in the direction of colony expansion. Finally, Figure
26e shows a binary image colour-coded to ¢cp, which shows that cell body orientation is highly
correlated in the direction of colony expansion until approximately 40 wm from the colony border,
where the orientational alignment breaks down. This most likly occurs due to a decrease in density,
allowing cells to turn more freely. Therefore, going forward we will restrict our analusis to cells that
are within 40 um of the colony border. Through the use of our custom colony border identification
method, the binary segmentations and tracking data from FAST have been used to identify the
coordinates of the colony border and describe the orientation and position of individual cells relative
to the border. Using this information, we will now quantify the visually observed variability in cell

body orientation and FimX-YFP asymmetry in the direction of colony expansion.

Initially, we will focus on the physical properties of the cells at the colony border, these being cell
orientation relative to the direction of expansion and the amount of freedom each individual has to
rotate. Following these physical properties, we will investigate the degree of similarity in FimX-YFP
localisation between neighbouring cells. As cell position relative to the colony border is defined by
dcp and orientation relative to colony expansion, ¢cp, cell trajectory data is binned using these
measurements. We begin describing the physical properties of P. aeruginosa at the colony border
by measuring velocity parallel and perpendicular to the direction of colony expansion. Parallel and
perpendicular velocities (UH and v ) are calculated using yroro, and TrRoT, respectively, and the
distribution of values for all cells at all time points is given in Figure 27a which displays logig of
the PDF of velocity values. The zero valued mean of v is anticipated, as there is minimal cell
movement in the direction perpendicular to colony expansion (Figure 24) and we calculate that

the movement parallel to the direction of colony expansion (v||) has a mean value of 3.3 um min~!.
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Figure 26: Properties of cells relating to the colony border with images displaying their application.
(a) Diagrams showing the distance from colony border, dcp, and the angle subtended by the cell and
the colony border in the direction of colony expansion, ¢cp. (b) The same phase image as Figure
25 overlaid with contours showing dcp in 10 pm graduations. Scale bar is 10 pm (c¢) Fluorescent
YFP image of (b). (d) Merged phase and YFP image of (b). (e) The binary corresponding binary
segmentation for (b), with segmented cells coloured according to ¢cp.

Figure 27b shows how cell orientation changes at increasing distances from the colony edge. These

findings reflect what is visually observed in Figure 26e in that the greatest proportion of cells
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oriented orthogonal to the direction of colony expansion is found at the smallest dcg value. Across
each dgp bin, the number of cells orientated in the direction of colony expansion then increases until
dceg = 20 um, above which it begins to fall slightly. The decrease in alignment when dcg = 20 wm
is most likely due to a fall in density, allowing each cell more rotational freedom. The increase in
rotational freedom is shown in Figure 27c, as log;, (RMSA¢) as a function of log;y (7) increases in

ascending dcp bins. Here, RMSA¢ is calculated using Equation 23,

N
RMSAG () = | 1 3 (65 () — () (28)

where 7 is the time-lag and N is the number of measurements for a given time lag. To ensure
accuracy in each dcop bin, only cells that remain within the limits of a single bin at all times during
tracking are considered. We have shown that, aside from individuals that are closest to the colony
border, at all values of dog , the majority of cells are aligned with the direction of expansion. The
proportion of cells aligned to the direction of expansion falls slightly once beyond 20 pm, which we
attribute to the increase in rotational diffusion. With the physical properties of P. aeruginosa at the

colony border defined, we now discuss FimX-YFP localisation relative to the direction of expansion.

FimX-YFP localisation is represented by Iy and at the colony edge, is defined such that when it is
positive, the greatest concentration of FimX-YFP is at the pole closest to the direction of expansion,
and when negative, it points in the opposite direction. It is therefore simple to count the number of
positive and negative Iy values in each dcp bin and calculate the percentage of cells aligned with
the direction of colony expansion, as done so in Figure 27d, which shows that at all values of dcg,
more cells have a larger concentration of FimX-YFP aligned in the direction of colony expansion.
As dgp increases from 0 pm to 20 wm, there is a rapid increase in the number of cells aligned with
the direction of colony expansion, 12.5%, reflecting that there is an increase in orientation in the
direction of colony expansion over this range of dog. When the percentage of FimX-YFP alignment
is then binned by dcp and ¢cp (Figure 27e), it is seen that even at the colony border, aligned
cells are more likely to have their FimX-YFP oriented in the direction of colony expansion, with the
percentage reducing with increasing ¢cp. From Figures 27d and 27e, it appears therefore that
there is a correlation between alignment and FimX-YFP localisation, however it is not possible from
the current analysis to determine which property leads the other. We observed that FimX-YFP
alignment in the direction of colony expansion is greatest not at the border, but further back into the
group. This is similar to how FimX-YFP concentration asymmetry in —i—% topological defects does

not peak at the core, but just behind it. Given the location of largest FimX-YFP alignment in the
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Figure 27: P. aeruginosa aligns its body and FimX-YFP distribution with the direction of colony
expansion. Data shown is comprised of 24 experimental time series. (a) log;oPDF of v and vy
Bin size is 1 wm min~!. (b) PDF of cell body orientation and ¢cp binned by distance from colony
border. Angular bin size is § rad. dcp bin size is 8 pm. (c) logip RMSA¢ as a function of logig 7,
binned by dcog. dcop bin size is 8 um. Shaded region shows the standard error of the mean taken
between the 24 three minute experimental time lapses time lapses. Dashed lines show a gradient
of 3 and 1. (d) Percentage of cells with FimX-YFP aligned to direction of colony expansion as a
function of dcp. dep bin size is 5 um and the shaded region shows the standard error of the mean
between experimental time lapses. (e) Percentage of cells with FimX-YFP aligned to direction of
colony expansion binned by dcg and ¢cp. dcep bin size is 8 um and ¢¢p bin size is 7 rad.

colony edge, this implies that the driving force for expansion comes from the behind the colony edge,
and that cells at the border are mostly being pushed from behind. However, despite the similarity
in the collective polarisation of FimX-YFP, we were unable to detect —I—% topological defects at the
colony border. We have shown that FimX-YFP is aligned in the direction of colony expansion in a
similar manner to cell body orientation. As FimX-YFP localisation is used as an indicator of pili
activity and therefore active movement in P. aeruginosa, the alignment in the direction of expansion
implies that cells at the colony border are actively biasing their movement, rather than passively
expanding outwards.

Through developing a method that automatically identifies the border of an expanding bacterial
colony in every frame of a time-lapse, we have been able to measure the distance from the border and
orientation relative to the direction of expansion for every cell tracked in the densely packed outwardly
moving group. After mathematical quantification of cell orientation relative to the border, we then
determined the percentage of cells that have FimX-YFP within the cell pole oriented in the direction
of colony expansion. We found that the proportion of cells with FimX-YFP pointing in the direction

of colony expansion increases with distance away from the border. Furthermore, we found that the
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asymmetry of FimX-YFP localisation also increases as cell bodies are increasingly aligned with the
direction of colony expansion. These trends are similar to those observed in +% topological defects,
where FimX-YFP polarisation is not greatest at the defect core or colony edge, and is in fact largest
just behind the core or further into the colony. Ultimately, the existence of FimX-YFP polarisation

at the colony border implies that active and directed motility is involved in driving colony expansion.
3.2.4 Motility properties of cells in different sub-surface environments

In this chapter thus far, we have first shown that at low density there is a correlation in FimX-YFP
localisation and the direction of cell movement, and utilised this relationship to investigate bacterial
motility in dense collectives where movement can be highly influenced by physical interactions with
neighbours [139]. In both the bacterial monolayer and the periphery of the colony, we reveal novel
polar behaviour, where P. aeruginosa deliberately directs its movement in the direction of travel of
+% defects, and in the direction of colony expansion in highly aligned groups at the colony edge.
Active behaviour here is generated by TFP exerting a force on the substrate by retracting to pull
individual cells along the surface. As all phenomena described in this chapter are the result of TFP
action, here we compare common properties of each system to provide a complete overview of the
three environments.

We will first focus on the properties of bacterial motility by looking at both translational and
rotational diffusion, followed by the polarisation of FimX-YFP in each environment. We measure

translational diffusion by calculating RMSD at each time lag using

N
RMSD (1) = | 1 > (&1 (8) — 7a(m)* + (51 (1) — (). (24)
=1

Figure 28a displays the mean value of RMSD averaged across our data sets, for each environment.
The values of each line correspond with the results in Figure 8b, that cells at the colony edge move
the slowest, followed by those in low density assays, resulting in cells in the monolayer travelling the
furthest distance in the shortest amount of time. These results occur as twitching speed is limited
in single cells at low density, then increases as many cell twitch coherently in a monolayer. At the
colony edge many cells twitch together, but are doing so into unexplored surface where the agar has
not yet been burrowed out, so movement is slower. By extracting the gradient of these lines through
linear fitting, we find values of 0.760 £ 0.002 um s~!, 0.807 £+ 0.003 um s~! and 0.9015 + 0.0007
um s~ ! (errors represent a 95% confidence interval) for the low density, monolayer and colony edge
experiments. These values imply that twitching motility in all environments is closer to ballistic (1)

than it is diffusive (T%), and confirm visual observations that the movement at the colony edge is the
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most directed in a single orientation.

The comparison of RMSA¢, calculated using Equation 23 and averaged across our data sets,
is shown in Figure 28b and displays similar trends to those shown in Figure 28a for RMSD. At
low density, physical cell-cell interactions that cause turning are rare, and therefore any rotational
diffusion arises from the retraction of pili or their stochastic detachment from the surface [166]. In
the monolayer, through physical interactions between cell bodies, bacteria form domains in space

where all individuals have similar alignments and the rotation caused by pili retraction or stochastic
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Figure 28: Comparing bacterial movement in the three experimental conditions. Plots showing (a)
mean RMSD and (b) mean RMSA¢ on logarithmic axes. Data has been taken from 17, 15 and 24
experimental time series each between two and three minutes in length for low density, monolayer
and edge of colony samples respectively. Shaded regions indicate the standard error between the
time lapses.

detachment is blocked by neighbouring cells. Instead, rotation occurs through the mixing of separate
domains, where physical cell-cell interactions drive turning [139]. The gradient of the low-density
slope in Figure 28b is slightly lower than that of the monolayer, 0.56 £ 0.02 rad sec™! and 0.5787 &
0.0009 rad sec™! (errors represent a 95% confidence interval from linear fitting of the lines in Figure
28b), and therefore the rotation is diffusive. When considering the case of cells in highly aligned
groups at the colony edge, there is a large drop in the amount of rotational diffusion which confirms
visual observations that cells at the colony border turn less. The gradient of the line however is similar
to the low density and monolayer experiments (0.50140.001 rad sec™!), meaning rotation here is also
diffusive. The decrease in the amount of rotational diffusion arises from the highly aligned state, as
unlike in the monolayer, there are few other domains of differing orientations present, and therefore
physical cell-cell interactions mostly occur with other individuals already of a similar alignment,
generating a reduced amount of rotation relative to the other environments. With a comparison of

the physical properties of cell movement described, we now consider FimX-YFP polarisation in the

70



different environments.

We measure FimX-YFP polarisation through two different metrics: plots of p.v as a function
of I; (Figures 18a and 19b) and by comparing the mean epifluorescence intensity profiles along
the cells along axis, oriented in the direction of twitching motility, found at low-density, in the
monolayer and at the colony edge. As previously shown in Figures 18a and 19b, p.v as a function
of Iy shares similar properties at low-density and in the monolayer, aside from the saturation that
occurs at large |Ips| values at high density. We observe the same linear relationship between p.v
and Iy for cells at the colony edge, however with a lower gradient, implying that a much larger
increase in force is required to generate the equivalent amount of movement seen at low density and
in the monolayer. The decrease in gradient is likely caused by cells having to expand into previously
untouched agar, which provides a greater resistance to movement compared to individuals that can
move in surface regions already colonise by other cells [149]. Additionally, Figure 27c shows that
FimX-YFP polarisation is greatest not at the colony edge, but instead increases with increasing
distance from the border. Cells just behind the colony edge can experience additional resistance
because they push cells that are closer to the border. Figure 18a also has a negative p.v axis
intercept, which likely occurs due to individuals with FimX-YFP aligned against the direction of

colony expansion being pushed in the opposite direction to their FimX-YFP polarisation.
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Figure 29: Comparing FimX-YFP polarisation in the three experimental conditions. The low density,
monolayer and edge of colony plots are comprised of 17, 15 and 24 experimental time series each
between two and three minutes in length. Shaded regions indicate the standard error between the
mean value from each time lapse. (a) Mean p.v as a function of Iy for all experimental conditions.
Inset shows the ratio of the percentage of time when p.v and Iy are correlated and anti-correlated.
I bin size is 0.1. (d) Ip, as a function of L for the three experimental conditions. Shaded region
shows the standard error in the mean between the repeats of each experimental condition.

Finally, the extent of FimX-YFP production in each environment is considered, through a nor-

malised mean cell intensity line profile, I1,. At each suitable time point, a line profile is taken from
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the lagging to the leading pole of the cell as defined by the sign of p.v. As cell length is variable, we
measured a normalised cell length, L by dividing the position in the line profile by the cell length.
We then perform linear interpolation to generate an interpolated line profile with 501 data points.
Interpolated line profiles are then normalised by the cell body intensity to account for any changes
in epifluorescence signal, taking cell body intensity to be the mean value of the interpolated line
profile in the range 0.4 < L < 0.6, giving the normalised mean cell intensity line profile, I1,. For each
data set, the mean value of I;, at each L for all time points is considered, then an ensemble mean is
taken for each experimental condition, the results of which are seen in Figure 29b. We show that
FimX-YFP production increases with density, as the low-density scenario sees the lowest values of
Ir. Additionally, FimX-YFP is produced in greater concentrations at the colony edge than in the
monolayer. We can measure the degree of FimX-YFP polarisation from Figure 29b by taking the
ratio of maximum I, at the leading and lagging pole, giving 1.17, 1.25 and 1.47 at low density, in

the monolayer and at the colony edge respectively, agreeing with visual inspection.

Here we have provided an overview of the properties of movement and FimX-YFP polarisation
of P. aeruginosa within the three environments investigated in this chapter. The results found agree
with visual inspection and the results outlined in Section 3.2.3, (i.e. that the greatest degree of
FimX-YFP polarisation is found at the colony edge, yet the movement of individuals here is the least

diffusive).

3.3 Discussion

Using genetic labelling, phase and epifluorescence microscopy, combined with cell and defect track-
ing and a custom analysis pipeline, we have investigated the pili-mediated twitching motility of P.
aeruginosa in dense collectives at the interface between glass and agar. We began by mathematically
quantifying FimX-YFP concentration at the cell poles, a protein known to localise predominantly
towards a twitching cell’s leading pole, using the metric Iy [74]. Subsequently, we also quantified
bacterial movement as p.w, the projection of cell velocity along the long-axis of the cell. We es-
tablished that FimX-YFP leads pili-based movement at low density within our own strain, allowing
us to infer the desired direction of travel within labelled individuals in dense collectives, where cell
motility is highly influenced by neighbours [15]. We then used the relationship between FimX-YFP
and cell movement to test the hypothesis that increased levels of polarisation occurs within topolog-
ical defects due to their defined flow fields and importance in biological processes [34, 142, 145, 167].
We observe increased levels of polarisation within —i—% topological defects behind the defect core in

the direction of defect travel, with the mean Iy; heat maps around comets possessing some similarity
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to the velocity heat maps. The similarity between velocity and Iy heat maps suggests that there
is a biological component to the movement of bacteria surrounding topological defects, where the
cells are actively biasing their movement rather than the system being governed by purely physical
processes. We also observed polarisation along the outflowing spokes of the trefoil, correlating with
the velocity fields. However, the same correlation was not observed in the inflowing fields implying
that P. aeruginosa passively drifts towards the core of trefoils, and then biases its movement away.
Furthermore, large amounts of FimX-YFP polarisation have been found in groups of aligned cells at
the colony edge, expanding out into uncolonised agar. In similar fashion to +% defects, FimX-YFP
localisation at the colony edge is greatest at the pole pointing to the direction of colony expansion,
and increases with distance from the border, implying that expansion is facilitated by aligned cells
biasing their movement away from the colony. The polarisation measured in these dense collectives
implies that polar behaviour exists within close proximity to half integer defects and facilitates the
process of colony expansion. This degree of polarisation is not currently recognised in the field and

it has several important implications for the manner in which bacterial monolayers are modelled.

Bacterial monolayers are classified as a form of active matter, a system that exists outside of
thermodynamic equilibrium with constituents that draw energy from their surroundings to perform
work [163]. In the case of P. aeruginosa, nutrients are drawn from the agar that they are confined by
and the cells perform work through the retraction of pili at their poles to generate force on a substrate
to drive twitching motility. As movement is often directed from a single pole, individual cells in a
bacterial monolayer are described as having head-tail asymmetry, or exhibit polar behaviour. Despite
the polar behaviour of individuals, bacterial monolayers are commonly modelled using the equations
of nematic liquid crystals, as it was assumed that there was no preferential direction of collective
travel and due to the presence of half integer topological defects, which are intrinsic to a system
with nematic symmetry [15, 138]. Recent studies have shown that rather than a system being either
nematic or polar, there is in fact a cross over between the two types of behaviour. Previously, whole
integer defects were thought to be present in polar systems, yet recent evidence shows that +1 charged
topological defects arrest bacterial movement in monolayers, a system modelled as nematic, and half
and full integer defects coexist within actomyosin assays [34, 168]. We build upon this growing
body of evidence for polar and nematic coexistence by showing that FimX-YFP, and therefore cell
movement, is highly polarised just behind the core of comets in the direction of defect travel, and
along the outflowing spokes of trefoils, providing the first evidence of collective polar behaviour within
close proximity to half integer topological defects. The collective polar behaviour observed in close

proximity to topological defects will inform how to model collective systems going forward. It is
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important to model the behaviour of topological defects accurately, especially +% charged defects,
as they play crucial roles in many biological processes, such as multi-layer formation in M. zanthus
monolayers, which form the sites of fruiting body formation, and the development of 3D structures
in E. coli and P. aeruginosa colonies [34, 45, 112, 145, 169]. It is not just in the bacterial monolayer
that novel collective polar behaviour has been identified; cells at the colony periphery also display
greater FimX-YFP concentration in the pole pointing in the direction of expansion. Here we have
highlighted for the first time that colony expansion appears to be facilitated by the alignment of cell

bodies and an active biasing of bacterial movement.

Although we have added to the evidence that nematic and polar dynamics coexist within active
matter systems, here we have found no rationale for the source of collective polarisation, be it from
the clustering of highly polar individuals during monolayer formation, or bacteria coming in close
proximity to topological defects and becoming polarised by some mechanism. One potential source of
polarisation could be through mechanosensing, as P. aeruginosa has been shown to sense mechanical
forces through the Pil-Chp system and reverse its direction of travel at low density [37]. However, to
our knowledge, no research has been performed to investigate this phenomena at large cell densities.
We have also only reported on the collective polar properties of wild-type P. aeruginosa and it would
be instructive in future studies to examine polar behaviour in different knockouts. For example,
ApilHmutants are known to generate larger forces and move at greater velocities than the WT but
also reverse direction of travel at increased frequencies [34]. It is unclear if collective polar behaviour
increases due to the increased force exerted, or if it would decrease due to lack of coordination in

movement due to the elevated reversal rate.

The same issue is present at the colony edge: although we have quantified the polarisation, there
is no evidence to suggest what might be driving this polarisation. We often observed that individual
cells behind the group of highly aligned cells at the colony edge move very rapidly and therefore
could not be tracked easily. As no data on these rapidly moving cells is obtainable, we have been
unable to outline how P. aeruginosa joins the collective, and if this has any influence on polarisation.
Additionally, due to the relatively rapid rate of bleaching of the fluorescent signal, any future analysis
on how individuals join the collective and subsequently move within it would need to record phase
images at a larger rate, and epifluorescence images at a reduced rate [152]. We were also unable to
identify the facilitation of colony expansion through +% defects as observed in developing non-motile
E. coli colonies [149]. However, the polarisation of FimX-YFP at the colony edge that increases
with distance from the border, displayed similarities with +% defects where collective polar order is

greatest just behind the defect core, where cell bodies are most highly aligned.
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There are several other future directions in which the work here could be expanded. We have
developed a robust analysis pipeline capable of reliably measuring polar protein concentration and
quantifying polar order surrounding topological defects in bacterial monolayers. The pipeline is
generalised to a sufficient extent that by adjusting various filters, the same process that is applied to
FimX-YFP can be performed on any other labelled protein that localises to the poles of P. aeruginosa
such as those in the Pil-Chp system [64]. Performing such analyses could yield further information
on the role of each protein in the Pil-Chp system and the relationships between them. Another
potential area of further research is how collective polarisation at the colony border and in close
proximity to topological defects might potentially alter in the presence of DNasel. eDNA is essential
to biofilm growth, and when degraded using DNasel, even mature biofilms grown over several days
will disperse [107]. The impact of DNasel is not limited to biofilm growth; collective movement is
also disrupted. Colony expansion requires a constant supply of new cells to replenish those at the
border, and expansion ceases when the supply is not refreshed, and coherence of orientation and
velocity is diminished [149]. If polar order were to be reduced in the presence of DNasel, therefore
reducing the rate of expansion, it would provide further support for the role of collective polarisation
in colony development.

Through the work described in this chapter, we have measured the localisation of FimX-YFP
at the cells poles of P. aeruginosa in a bacterial monolayer, producing the mean polarisation field
surrounding topological defects. The FimX-YFP polarisation fields provide the first evidence of
collective polar behaviour in close proximity to half integer topological defects, highlighting the need
for future models of active systems to incorporate the coexistence of nematic and polar behaviour.
Novel polar behaviour is not exclusively found within the bacterial monolayer, and we find that
bacteria deliberately bias their movement in highly aligned groups at the colony edge in the direction
of colony expansion. To further our understanding of novel polar behaviour, we must uncover its

mechanism of origin and maintenance
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4 Reversals in the direction of travel contribute to collective po-
larisation in bacterial monolayers and colony expansion

Movement is one of the most ubiquitous aspects of life across all spatial scales of living organisms and
the mechanisms that facilitate motion are hugely varied. For example, bacterial motility is found in
both planktonic and surface-associated cells [31]. The movement of individual swimming bacteria has
classically been studied by tracking cells using small cell densities[2, 74]. However, bacteria spend
the majority of their life cycle in surface-attached, high-density biofilms, where motility is much
harder to follow because cells are tightly packed together. Recently, improvements in cell tracking
algorithms and software have started to address this challenge [19, 113]. As such, the role of collective
movement within biofilms has begun being explored, showing that the motility of aligned groups of
bacteria within dense collectives varies as a function of the characteristics of their constituents, for
example, by the number of pili they produce and their length [34, 73]. However, it is often assumed
that within collectives that cells cannot actively modify their behaviour, but rather their properties
are fixed and governed purely by physics [34].

Recently, microfluidic studies of twitching motility in surface-attached P. aeruginosa have shown
that individual cells are able to navigate chemical gradients by reversing their direction of travel
along their long axis. In a gradient of nutrient, cells increase their reversal rate when they are
moving towards smaller concentrations of nutrient, which leads to a net bias of motility towards
greater concentrations [67]. M. zanthus has also been shown to suppress its reversal rate when
encountering increasing chemical gradients, leading to a net movement towards increased nutrient
concentrations [170]. Reversals of direction have also been identified in less well understood motility
systems such as gliding in F. johnsoniae, although the stimulus that causes a change in direction is
yet to be identified [42]. Given that reversals occur across multiple species of bacteria and that they
play important roles in the formation and maintenance of collectives in M. zanthus, we hypothesised
that they also serve a purpose in developing P. aeruginosa biofilms [45].

It has been shown that at low density P. aeruginosa directs twitching motility through mechan-
otaxis, specifically using the Chp chemotaxis like system to regulate the forward motion or reversal
of an individual. During a ‘T-bone’ like collision, where a cell collides with another cell at a right
angle, the cell will often reverse its direction of twitching motility [37]. Such T-bone collisions are
found in the core of +% topological defects with one group of aligned cells colliding with another at
right angles. One therefore might hypothesise that we would observe an elevation in reversal rate at
the defect core relative to the rest of the monolayer. The core of +% defects is often characterised

by a greater density of cells than the rest of the monolayer [145, 171], which in dense M. zanthus
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collectives is the site of multilayer formation which seed the production of three-dimensional fruiting
bodies. On the other hand, —% charge defects trigger a localised region of low cell density [145].
We hypothesised that the decrease in cell density could also impact reversal rates. For instance,
increased cell densities might promote reversals if they play a role in preventing jamming [146, 172].

These possibilities will be investigated over the course of this chapter.

Both in our low density and densely packed monolayer experiments, the previous chapter has es-
tablished FimX-YFP as an indicator of the direction of twitching motility in individual cells, showing
that P. aeruginosa twitches in the direction of the pole with the greatest FimX-YFP concentration.
We found that P. aeruginosa displays highly polarised collective FimX-YFP alignment within topo-
logical defects in monolayers, and for groups of aligned cells at the colony border expanding into virgin
territory. Active nematic theory offers explanations for how the alignment of rod-shaped particles
(in this case twitching cells in a monolayer) could arise through purely physical effects [15]. However,
we hypothesised that deliberate movement behaviour changes in P. aeruginosa, like reversals, have

the ability to increase polarisation of neighbouring individuals and increase their rate of travel.

The challenge with detecting reversals in dense collectives is that changes in a cell movement
direction can be driven either by either a reversal or by forces exerted on a cell by its neighbours.
It is thus not possible to resolve a cell’s behaviour from following its movement alone. However, our
time-lapse images of FimX-YFP cells at low density demonstrate that FimX-YFP can swap from one
pole to the other and this ‘pole swap’ is often correlated with a reversal of movement direction. These
reversals of direction are observed to persist for time scales longer than the stochastic detachment of
a pilus would cause [36], and therefore can be considered as deliberate action of the cell [32]. Since
we use FimX-YFP as a reporter for the direction of twitching motility, and pole swaps appear to
accompany reversals, we will use pole swaps to identify reversals originating from individual bacterial

movement behaviour rather than the action of neighbours in densely packed monolayers.

In this chapter, the role of intracellular FimX-YFP pole swaps as a proxy for reversals in movement
direction is investigated. The process of pole swap and reversal detection are outlined, along with the
appropriate filters developed. The link between FimX-YFP pole swaps and reversals is established
further to build upon previous anecdotal published evidence [37]. We then use this information to
investigate if we could identify if particular conditions trigger pole swaps. Finally, pole swaps at the

colony border are investigated, along with how reversing potentially benefits individual cells.
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4.1 Reversal in twitching direction are associated with polar re-localisations of
FimX

In Chapter 3 we presented evidence that in densely packed bacterial monolayers, P. aeruginosa
displays large amounts of collective FimX-YFP polarisation when in close proximity of half integer
charged topological defects. Bacterial monolayers have previously been modelled as nematic sys-
tems, where neighbouring cells are equally likely to direct their motility along either axis, however,
the presence of collective FimX-YFP polarisation when in close proximity to half integer charged
topological defects show the existence of polar behaviour [15, 34, 147]. When comparing the experi-
mentally determined collective polarisation to an equivalent model of self-propelled rods comprised
of individuals that produce identical amounts of force but cannot reverse, we observe an increase in
polar order.

Given that the amount of polar order observed in our simulations that are devoid of reversals was
larger than in our experiments, we sought to understand if P. aeruginosa uses reversals to influence
the amount of collective polar behaviour in active matter systems. To investigate the relationship
between the rate of reversal and the amount of collective polar behaviour, we must first build a robust
detection system for both pole swaps and reversals that is capable of accurately quantifying both
of these behaviours. Additionally, as our strain differs from those reporting correlations between
pole swaps and reversals in the literature[37], we must prove this relationship again. It is crucial
to establish this relationship as in dense collectives individual movement is highly influenced by
neighbouring cells and an observed reversal could be the result of collective movement rather than
the desired change of direction by a bacterium that a pole swap indicates [15]. In the following section,
we outline our pole swap and reversal detection and filtering pipeline, and how cross correlation is

used to investigate the relationship between the two processes.

4.1.1 Detection of pole swaps and reversals

Before a relationship between pole swaps and reversals can be established, we must first detect each
type of event, requiring us to calculate both the concentration of FimX-YFP at either pole and the
direction P. aeruginosa twitching motility over time. We have already presented metrics, Iy and
p.v, that respectively allow us to automatic detect pole swaps and reversals . In this section we
outline the methods that are used to identify these events, along with the accompanying filters that

are used to prevent false positives that result from idiosyncratic conditions.

To recap, a pole swap occurs when the region of a cell with the greatest FimX-YFP concentration
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switches from one of a cell’s poles to the other. A pole swap is be observed in two forms: a cell pole
with no FimX-YFP increases in concentration and the opposing previously localised pole loses all
FimX-YFP or both poles are already abundant in FimX-YFP yet the pole with largest concentration
swaps. A reversal is considered as a change in direction of travel along the long axis of the cell. The
key element to both processes is that they must be sustained changes in either FimX-YFP localisation
or direction of travel. Sustained changes in FimX-YFP polarisation are more commonly observed in
our experiments, as due to the jerky nature of twitching motility (caused in part by the stochastic
detachment of pili), multiple rapid changes of direction on a short time scale can occur, which are
not related to pole swaps and that we do not want to include in analyses [39]. Therefore, we will
design an automatic pole swap and reversal system that identifies sustained temporal changes in
FimX-YFP concentration and direction of travel using the metrics Iy; and p.v. Automatic detection
is crucial in establishing the correlation between pole swaps and reversals, as thousands of cells can
occupy one field of view for each of the 15 time lapses movies used in our analyses (each 181 frames
long), posing an impossible task without automatic detection.

Detection of pole swaps and reversals relies on first identifying where Iy and p.v time series
pass through zero. We begin by smoothing these metrics using a five second moving average filter to
minimise the effect of rapid, noisy changes in FimX-YFP concentration asymmetry or cell movement.
In Figure 30a and 30b we show time lapses of cells undergoing simultaneous pole swaps and reversals
in low density and in the monolayer experiments respectively, with the accompanying smoothed Iy
and p.v traces, with the initially detected pole swaps and reversals, and those events that remain
after our custom filtering pipeline is applied (shown in the Iy and p.v traces as vertical blue dashed
lines).

As observed in Figure 30, a robust filtering process is needed to remove false positive pole swaps
and reversals from our subsequent analyses. Below we document the various filters that are used in

analysis:

e Removing events at the start/end of trajectories — We exclude pole swaps and reversals that
occur within five seconds of the start or end of a trajectory because subsequent filters use data
that is obtained from before and after putative events. As this information is not available for
events that occur close to the beginning and end of a trajectory, they are removed from our

analyses.

e Testing whether zero crossings of Iy and p.v are robust - We want to identify events which

mark a sustained change in the direction FimX-YFP concentration asymmetry and cell travel,
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Figure 30: Unfiltered and filtered pole swap and reversal detection at low density and in the mono-
layer. (a) A merged phase and epifluorescence image of a FimX-YFP labelled cell undergoing a pole
swap and reversal. Underneath are the Iy and p.v traces showing unfiltered and filtered pole swap
and reversal detection, with events shown as vertical blue dashed lines along the corresponding time
series. Blue stars along the trace represent the time points shown in the montage whereas horizontal
red dashed lines show the minimum values of Iy and p.v used in the filtering process. Iy and p.v
traces have been smoothed across five seconds using a moving average filter. (b) The same process
as (a) but for a cell in a monolayer. Despite the influence of this cell’s neighbours it can be observed
that the relocalisation of FimX-YFP still results in a change of direction of this cell’s travel.

however, Iy and p.v can also change sign if it randomly fluctuates about zero. To distinguish
sustained changes from the more ephemeral zero crossings, we test whether Iy and p.v exceeds
a threshold value both before and after the putative event. More specifically, we test if the
absolute value of Iy and p.v exceeds 0.14 and 0.08 um s~ respectively (illustrated in Figure
30 as dashed red lines) in the time period both and after each zero crossing. This analysis
considers the sign of the event - for example, if Iy; goes from negative to positive during a
zero crossing, then we must observe that Iy < 0.14 for at least one timepoint before the
putative event, and Iy > 0.14 for at least one time point after the putative event for it to

be retained. The exact values of these thresholds were obtained by visual inspection of many
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putative events. The absolute value of Iy and p.v must exceed the above threshold within the
period that extends from the previous event (or from start of the trajectory if no other events
precede it) to the event under question. Likewise, the absolute value of Iy and p.v must exceed
the threshold within the period that extends to the event under question to the subsequent
event (or to the end the trajectory if no other events occur after it). As potential events are
removed during this process (which can then change the time period that we interrogate both
before and after a putative event), this process is repeated iteratively - if a putative event is
removed the process begins again on those that remain. Although described checks are a useful
step in filtering if a single track is 180 seconds long and for example there are pole swaps at 10
and 170 seconds, it seems unreasonable to compare all of the values between these two events
as they are separated so far apart in time. Considering the time difference, a window of 30
seconds either side of an event is then checked to ensure that for a single time point, the Iy and
p.v thresholds have been passed, or if an event is close to the start or end of the track as wider
window as possible is used. Although this can mean different amounts of data can be checked
before and after an event, the thresholds are often surpassed within 30 seconds, as confirmed
through visual inspection of Iy and p.v traces. If a single time point has not surpassed the

thresholds pre and post event, the pole swap or reversal is rejected.

Ensuring cells are below a minimum aspect ratio - for each pole swap or reversal, the five
seconds before or after an event are checked to confirm a series of properties regarding the cell.
For the first check, we ensure that within this window that all values of aspect ratio are below
6.5. Through visual inspection, we found that once above an aspect ratio of 6.5, cells appear
to be elongated such that they begin division. As septa have not completely formed, FAST is
unable to distinguish between daughter cells, therefore, we reject any events where an aspect

ratio in the window around an event is above 6.5.

Removing cells in close proximity to the edge of the field of view - to ensure that the entire cell is
within the image field of view and therefore accurate quantification of FimX-YFP concentration
asymmetry is achieved, a pole swap or reversal is rejected if five seconds prior or after an event

that cell is within 4 um of the image border.

Resolving FimX-YFP concentration at the cell pole - as FimX-YFP asymmetry and the direc-
tion of twitching motility is correlated, we need accurate Iy and p.v traces to perform reliable
detection. Therefore, if the nearest pole neighbour algorithm (Figure 16) deems cell poles are

not separated within five seconds before or after an event, the event is rejected. This filter is
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especially important for Iy, as if two cell poles are within close proximity to one another the

fluorescent signal is distorted, and can result in inaccurate detection of pole swaps.

e Only analysing labelled cells - as we are searching to infer reversals in the direction of twitching

motility from pole swaps, the cells must be labelled to allow for pole swap detection.

It can be observed in Figure 30 that these filters are effective in removing spurious pole swaps
and reversals, with the remaining events accurately marking those which can be observed by eye in
the corresponding experimental images. In this section we have outlined our method of detecting
FimX-YFP pole swaps, and reversals in movement direction. In the following section we investigate
the relationship between these events.

4.1.2 Cross correlation analysis reveals the relationship between pole swaps and re-

versals

Our experimental images indicate that the FimX-YFP concentration asymmetry is a good indicator
of the direction of travel for our labelled strain of P. aeruginosa, and that it is consistent with
previous literature that used a different fluorescent fusion construct [37]. Quantifying Iy and p.v
has allowed us to accurately detect individual pole swap and reversal events. Given Iy and p.v are
correlated with one another when cells are at low density, we seek to prove the correlation between
pole swaps and reversals, through cross correlation to infer the movement behaviour of P. aeruginosa
cells when they are in dense collectives.

Rather than using discrete events, our cross correlation analysis uses all of Iy and p.v values
obtained over the course of a trajectory. Cross correlation is the process of calculating the correlation
between a stationary signal, and another signal that is shifted in time by a lag, 7. In the case of
our experiments, Iy; is our stationary signal and p.v is the lagging signal. If two metrics were not
correlated with each other, then we would expect to observe that the cross correlation would be
approximately zero. However, if a correlation was present, we would expect to observe a non-zero
peak in correlation over the range of lag times which the two signals are correlated, with the sign of
the cross-correlation indicating if the two signals are either positively or negatively correlated with
one another. Furthermore, this analysis can also determine which signal ‘leads’ the other e.g. if the
peak of the cross correlation occurs at a non-zero lag time it would imply that one sign precedes the
other by the timescale at which the peak occurs..

We hypothesised that trajectories in which pole swaps or reversal occurred might exhibit a larger
dynamic range and therefore a larger crosscorrelation than trajectories that did not, so we calculated

the cross correlation of Iy and p.v traces separately for trajectories containing at least one pole
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swap, trajectories containing at least one reversal, and trajectories neither a pole swap or reversal.
As the maximum track length is 180 seconds, cross correlation is performed to time lags of —90 to 90
seconds. If a track is under 180 seconds long and there is no remaining data large time lags, so a zero
value is returned. Once cross correlation is performed, we take the median value of cross correlation
at corresponding time lags across all trajectories, and exclude zero valued results as these would bias
our result. For completeness, we also calculated the autocorrelation, which quantifies the duration
over which signal stays correlated with itself. By definition the autocorrelation is one at a zero time
lag, it enables us to check that our analyses are operating as expected. The process and results of

cross and auto correlation analysis are shown in Figure 31.
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Figure 31: Crosscorrelation analysis shows that Iy and p.v are highly correlated with one another
when cells are at low density. Crosscorrelation for (a) tracks with at least one pole swap (b) tracks
with at least one reversal (c) tracks with neither a pole swap or reversal. The shaded region in all
plots is the standard error in the median. (d) The result of crosscorrelation of Iy with a randomised
p.v series. (e) The ratio of cross correlation values corresponding to a negative time lag compared
to those that correspond to a positive time lag. (f) The proportion of the total cross correlation
that values corresponding to negative time lags possess compared to the sum of the cross correlation
at the negative and positive value. The auto correlation of (g) Iy and (h) p.v for tracks with and
without pole swaps and reversals. These analyses used a total of 7039 trajectories containing 402
tracks that contained at least one pole swap, 3762 tracks that contained at least one reversal, and
5351 trajectories with neither a pole swap or a reversal. Shaded regions show the standard error in
the median.

Our results, which all were obtained using time lapses of P. aeruginosa twitching at low density,
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indicate that Iy and p.v are positively correlated with one another for a period of approximately
100 seconds. Interestingly, in our measurements of the cross correlation from tracks with pole swaps
(Figure 31a) we observe that peak cross correlation occurs at a time lag of —4 seconds, implying
that on average, a pole swap occurs four seconds before a reversal. However for trajectories with at
least one reversal, the maximum occurs at a time lag of zero (Figure 31b). Both however, have a
strong asymmetric shape indicating that prior to a pole swap the localisation of FimX-YFP and cell
movement is likely correlated for a longer period of time than after the pole swap. When there are
no pole swaps or reversals in a trajectory (Figure 31c) the zero time lag arises as on average FimX-
YFP asymmetry and the direction of twitching motility are correlated. We can be confident that the
results observed are real, as we also run our analysis with the original Iy; values from a trajectory,
but the corresponding p.v time series has a randomised order (Figure 31d). As expected, the
cross correlation of approximately zero at all time lags indicates that there is no correlation between
the original FimX-YFP localisation signal, and that of the randomised cell movement. To highlight
the degree of asymmetry in the positive and negative time lags for cross correlation arising from
tracks with pole swaps, we plot the ratio of negative to positive time lag values and the proportion
of negative values in Figures 31e and 31f. These plots show that at all time lags, the value of
negative cross correlation is larger than the positive for pole swap events. As a comparison, the
value for tracks with no events are nearly always equal. Finally, in Figures 31g and 31h we
consider the auto correlation of Iy and p.v respectively. In both cases we see that tracks without
pole swaps or reversals consistently have increased auto correlations, for time lags greater than or
smaller than zero, arising as pole swaps and reversals cause Iy and p.v respectively to change sign,
reducing auto correlation as both metrics before and after the event are anti-correlated. The auto
correlation curves for Iy are much wider than those for p.v, which likely arises from the jerky nature
of twitching motility resulting so that p.v exhibits more random fluctuations compared to Ip;. Thus
Iy is a more temporally stable measurement of the persistence of twitching motility than p.wv, which

can be affected by spontaneous detachment of pili which causes rapid movement [166].

Previous studies on the role of FimX in twitching motility have described anecdotally that pole
swaps coincide with a reversal of direction of travel, however there existed no accompanying analysis
to link the two events [37]. By splitting the metrics defining FimX-YFP concentration asymmetry
and bacterial movement into those with pole swaps, those with reversals and those with neither,
and performing cross correlation using the metrics Iy and p.v, we have shown that pole swaps can
be used as proxies for reversal detection in dense collectives. As such we now investigate potential

stimuli that trigger reversals in dense collectives.
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4.2 Investigating potential stimuli of intracellular bacterial pole swaps

As a result of the work performed in Section 4.1, we have confirmed that FimX-YFP pole swaps
occur alongside a reversal in the direction of twitching motility in P. aeruginosa at low density.
During biofilm development, cell density becomes sufficiently large that collective behaviours emerge
and an individual’s movement becomes strongly influenced by neighbouring cells, however we are able
to detect reversals that are caused by the deliberate retraction of pili in individual cells through pole
swaps. In the upcoming section we seek to determine stimuli that trigger FimX-YFP pole swaps.

Our search for the driving forces behind bacterial reversals is motivated from the novel collec-
tive polar behaviour identified in bacterial monolayers in Chapter 3. Although monolayers of P.
aeruginosa are comprised of polar agents, they have been be described using active nematic theory
which can be derived by coarse graining length scales containing many cells [15]. The polar behaviour
we have identified surrounding half integer topological defects highlights the need for modelling of
bacterial monolayers to allow for the coexistence of nematic and polar behaviour, an emerging area
of interest in recent literature [168]. Additionally, we show that collective polarisation surrounding
defects increases in a self-propelled model of the bacterial monolayer, that is similar to that observed
in our experiments but lacks reversals. However, we wondered whether if P. aeruginosa might use
stimuli to actively regulate reversals to generate polarisation, as cells moving in the same direction
would likely collectively move more rapidly than if they moved in opposite directions.

In the following sections, we investigate how different properties of the bacterial monolayer impact
the rate of reversal. We begin by building upon the analysis pipeline described in Chapter 3, first
investigating the effect of cell density and proximity to topological defects in a monolayer impact
reversal rate, and then subsequently testing if individual movement relative to that of the collective
impacts its reversal rate. Lastly, we test if reversals drive the collective polarisation of FimX-YFP at
the colony edge, which could potentially help facilitate colony expansion and thus enhance a colony’s

evolutionary fitness.

4.2.1 Cell density

Previous studies have highlighted the importance of cell density to multilayer formation in M. xanthus,
as high density regions go on to seed fruiting body formation [145]. Additionally, M. zanthus employs
periodic reversals of the direction of twitching motility to ensure a collective holds together during
fruiting body formation[45]. Given the importance of density and reversals in fruiting body formation
in M. zanthus we considered the possibility that density is crucial in the triggering of P. aeruginosa

reversals in a monolayer.
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To quantify cell density we considered multiple methods of measurement. The first method we
tried relied on the binary segmentations produced by FAST [19]. Here, we take the number of pixels
corresponding to cells within a given radius of the focal cell and then divided this by the area of
the circle. The issue with this method is that the binary segmentations do not always represent the
true area of the cells, and an underestimate is often obtained. Also, there are gaps in the binary
segmentations that do not appear in the phase images, and it is unknown if these gaps are uniform
in size across each image. The second method we tried also relied on using a circle centered on each
focal cell, and we would count the number of centroids of the neighbouring cells that fell within
this area. The main issue with this method is that a centroid might be just beyond the radius of
the circle so it would not be included, but a large portion of the cell body would be, making this
measure very noisy. In addition, this method was highly dependent on the cell size. Moreover, both
methods also involve the use of a user defined threshold, which we tried to avoid where possible. We
therefore searched for a method to calculate cell density calculation that did not involve any user

defined thresholds.

We decided to use Voronoi diagrams as they enable density measurement without requiring user
defined inputs. In a Voronoi diagram, a set of locations in a plane, commonly referred to as seeds,
are split into domains with a given area. Each domain is defined by the coordinates within, which are
closest to a particular seed than any other, meaning the borders are locations within the plane that
are equidistant to two or more seeds [173]. As tracking in a bacterial monolayer is highly accurate,
and we are able to detect all domains in a field of view at every time point, we define our set of
seeds as the centroids of the domains identified by FAST (Figure 32a shows an example Voronoi
tessellation from an image of the bacterial monolayer). We note that domains at the edge of the
plane are unbound and therefore have infinite area, and must be excluded from the analysis. We

define cell density, D, as

D=-=
A

where A is the area of a Voronoi domain and Figure 32b shows a histogram of D that was aggregated

over a large number of experimental data sets.

As we are using pole swaps as proxies for bacterial reversals in a dense collective, we must now
calculate pole swap rate as a function of cell density. Quantifying the pole swap rate as a function
of another variable is done many times over in the rest of the chapter, and we will describe the

method of calculation each time as there can be some differences in methodology depending on
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Figure 32: Measuring the pole swap rate as a function of cell density. (a) A Voronoi tessellation
generated from the locations of P. aeruginosa centroids in a bacterial monolayer. Centroid locations
are shown as blue spots and areas are indicated by blue lines. The image shown here is the central %: of
a single field of view. Scale bar is 10 pm. (b) PDF of cell density for data pooled over 15 experimental
time series each between two and three minutes in length. (c) Pole swap rate as a function of cell
density. Bin size is 0.05 cells pm~2. Bins with less than 30 minutes worth of trajectory data have
been removed from this analysis. (d) Box plots showing the mean density around comets and trefoils
for each data set. The red line is the median and the bounds of the boxes represent the 25th to
75th percentile of data. Each circles show the mean density value around surrounding topological
defects from each experimental time series. Values below 1.5 the interquartile range minus the 25th
percentile and above the 1.5x the interquartile range plus the 75th percentile are considered outliers
and therefore removed.

the variable under investigation. In the case of cell density, we bin our trajectories based on their
instantaneous measurements of D. In each cell density bin, we calculate both the number of pole
swap events that occur within the bin and total amount of time that cells spend within over which
they could have potentially performed a pole swap. The pole swap rate in a bin is then simply the
number of pole swaps observed divided by the total time that trajectories spend in that bin. The
relationship between pole swap rate and cell density is shown in Figure 32c, and there appears to
be no correlation between the two variables.

It is also known that in M. zanthus monolayers, —i—% charge topological defects are associated

with increases in cell density see increases in density, and those with —% charge are associated with
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decreased cell density [145]. Therefore, we sought to measure the density around topological defects
in our P. aeruginosa monolayers. Using Voronoi tessellations, we calculated the mean cell density
within 10 pm of each defect core for both —i—% and —% defects in each experimental time series (Figure
32d). We observed that the cell density around the core for both comets and trefoils is similar to
one another, which stands in contrast with previous reports for M. zanthus [145].

Next, we measured the spatial distribution of cells around the core of defects to understand if
either cell type preferentially accumulates at the core of topological defects, or if there is a depletion.
To do this we calculated the cumulative time that cells spend about each type of defect and then
normalised this by the total amount of time each defect was observed for. Calculating a normalised
amount of time is important as we track each defect type for different amounts of time. Therefore,
we normalised the total number of cells observed in the vicinity of a defect by the amount of time

that each type of defect is tracked for.
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Figure 33: Normalised time measurements in close proximity to topological defects. Displayed is the
normalised time for all cells, FimX-YFP labelled cells, and the proportion of FimX-YFP labelled
cells. Data shown is a 48 x 48 cell width (38.4 x 38.4 pm) window surrounding each topological
defect with a bin size of 4 cell widths (3.2 pm), scale bar is 12 cell widths (9.6 pm). Data shown here
has been pooled from 15 experimental time series each between two and three minutes in length,
containing 1029 and 1051 comets and trefoils.

Figure 33 shows the normalised time of all cells and of labelled cells and we can see that the
difference between the total normalised time of comets and trefoil is negligible, which stands in

contrast with previous work that shows accumulations in comets, and a depletion of cells around
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trefoils [145]. However, we do observe an enrichment of labelled FimX-YFP cells just behind the core
of comets whereas in the core of trefoils they are depleted, which is in agreement with previous work

showing that cells capable of exerting larger amounts of force accumulate in —|—% charged defects [34].

Although the normalised time plots are useful indicators for the accumulation of bacteria sur-
rounding topological defects, we cannot completely rely on the conclusions that come from them as
if a defect is close to the image border some bins will not collect data, which overall reduces the
amount of normalised time. This might be responsible for the trend of normalised time decreasing
radially from the defect core for comets and trefoils, for all cells and labelled cells only. However, we
can still investigate the accumulation of labelled cells surrounding topological defects by measuring
the proportion of time labelled cells are tracked for in close proximity to a defect. By dividing the
normalised time of labelled cells by the normalised time of all cells, we observe two distinct spatial
distributions around each defect type. For comets, we observe an enrichment of labelled cells behind
the core and a depletion infront, implying that the greater force producing cells are first depleted
and then accumulate as a comet passes through an area. At the core of trefoils, we observe only
a depletion of labelled cells. We also measured the mean proportion of time labelled cells spend
around topological defects for Figure 33, with both comets and trefoils returning 0.14, consistent
with the results that the density of cells surround comets and trefoils is very similar (Figure 32d).
Therefore, we conclude that topological defects appear to have no influence on local cell density in P.
aeruginosa monolayers, however they do cause spatial patterning of cells capable of exerting greater

amounts of force.

Although we were unable to identify a clear trend in the relationship between pole swap rate and
local cell density, we have shown that the greater force producing FimX-YFP cells accumulate at
greater concentrations in —i—% charged comets, than —% charged trefoils. Additionally, albeit over a
small range, we see a depletion of FimX-YFP cells in front of the core of comets and at the centre of
trefoils, then at larger concentrations behind the comet core. Given we see increased polarisation of
FimX-YFP behind the core of —1—% defects (Figure 22a), could this be driven by a reduction in pole
swap rate in this region? To answer this, we will next measure how the pole swap rate varies around

defects.

4.2.2 Topological defects

Not only were we motivated to investigate how pole swap rate varies surrounding topological defects
by the enrichment and depletion of FimX-YFP cells, topological defects also play a crucial role in

many biological processes [169]. Recent literature has shown that pole swaps occur at low density
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when two cells undergo a ‘T-bone’ collision, with the colliding cell reversing direction after it makes
contact [37]. The alignment of cells at the core of +% charged topological defects (Figure 21),
are reminiscent of the aforementioned T-bone collision, albeit at a much larger cell density. One
could therefore hypothesise that reversals might be enriched at the defect core. Here we probe how
pole swap rate varies with position relative to half integer charged topological defects, to investigate
whether spatial trends might be observed.

First, we will measure how pole swap rate varies with distance from the defect core, rp, and
angular position, fp, measured from the orientation of the defect counter clockwise. Half integer
charged topological defects each have lines of symmetry, meaning data can be combined about these
to enhance the signal given that pole swaps are relatively infrequent. For +% comets, the line of
symmetry runs horizontally (Figure 22a), splitting the defect core in half. By setting the z axis in
the comet frame of reference as this line of symmetry, such that data with a negative y value can
have its sign swapped and combined with the data with a positive y value. The case with trefoils is
slightly more complex as there are three lines of symmetry running along each inflowing spoke of the
velocity field (Figure 22b). There are thus three identical domains about 6p: —60° < fp < 60°,
60° < fp < 180° and 180° < fp < 300°. We subtract 120° from #p in the second domain, and 240°

in the third to collate the data. We calculate rp and 0p using

D = \/z2D +y]% and Op = tan~! <yD>
D

with the resultant plots shown in Figure 34.
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Figure 34: Pole swap rate at different positions around the defect core. Data is pooled from 15
different experimental time series containing a total of 1029 and 1051 suitable comets and trefoils
respectively. (a) Pole swap rate as a function of rp with the accompanying number of pole swaps
and time available in each radial bin. Bin size is 2 um. (b) Pole swap rate as a function of fp with
the accompanying number of pole swaps and time available in each angular bin. Values shown have
rp < 12 pm and bin size is 15°. Data shown is from the ‘folded over’ analysis.
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As shown in Figure 34a, there are only very small differences in pole swap rate between comets
and trefoils for all values of rp. It is worth noting also that at large values of rp some of the pole
swaps and the amount of eligible time could potentially be counted twice when defects are in close
proximity to other. Thus, we set a limit of 12 um when investigating pole swap rate as a function of
fp. As observed in Figure 34b the changes in pole swap rate relative to fp are very small.

As no clear trend can be identified plotting pole swap rate against distance from the defect core
or the angle from the direction of defect travel, we next sought to spatially resolve pole swap rate in
the area around topological defects. Following the same process used to generate the pole swap rates
shown in Figure 33, we divided the number of pole swaps observed in each spatial bin around a
defect by the total amount of eligible time in which a pole swap could occur, with the results shown

in Figure 35.
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Figure 35: Resolving pole swap rate in the area surrounding topological defects for (a) —i—% comets
and —% trefoils. Data displayed is the pole swap rate, pole swap count and time count. Defects
are oriented in the same manner as in Figure 21. Plots contain data pooled across 15 different
experimental time series containing 1029 and 1051 comets and trefoils respectively. Data displayed
in the same bins used in our SPR model with a bin size corresponding to 4 cell widths (3.2 pm).
Heatmaps show a region corresponding to a 48 x 48 cell widths (38.4 x 38.4 pm). The scale bar is
12 cell widths (9.6 pm).

As can be seen in Figure 35, there is no clear relationship between pole swap rate and the
location surrounding a defect, the signal is too noisy for any trend to be identified. Partly, the
noise could be due to the relatively small number of pole swaps found in some bins. Regardless, we
cannot use these plots to draw any conclusions on the effects topological defects may have on the

rate of reversal of bacteria in confluent monolayers. Instead, we considered how pole swaps might be
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stimulated via alternate properties of the monolayer.

4.2.3 Individual bacterial response to collective direction of travel

A P. aeruginosa monolayer is comprised of rod-shaped individuals that align their orientations in
the same direction as their neighbours [34]. Upon closer inspection of epifluorescence time lapses of
bacterial movement in these dense collectives, it became apparent that the localisation of FimX-YFP
was aligned with the direction of group travel in majority of cells (i.e. cells had the most FimX-YFP
in the pole oriented in the direction of the collective movement), however, significant variability was
observed and in some individuals the opposite was observed. We therefore considered the hypothesis
that P. aeruginosa is reversing to travel with the collective, facilitating collective polar behaviour.
The first step of investigating the reversal response to collective travel is to measure bulk velocity
of the collective, which we accomplished via Particle Image Velocimetry (PIV), outlined in Section
2.7. We then interpolated the PIV field at the location of a cell at each time point. To test if FimX-
YFP does indeed accumulate more in the cell pole corresponding to the direction of collective travel,
we first measured Opirr, the angle between the orientation of FimX-YFP, ¢r,,, and the direction
of collective travel, Opry (Figure 36a). We define ¢, = ¢ when Iy > 0, and ¢5,, = ¢ + 7™ when

I < 0, where ¢ is the orientation of the cell. We then calculate fpry using

-1 UPIVY

Opry = tan ;
UPIVx
where vpry, and vpry, are the z and y component of collective velocity interpolated at the location

of the cell. As such, it is possible to calculate the angle subtended by 6 and fprv, Oprr as

Oprrr = 0 — Oprv,

and designate each labelled cell at each time point as either aligned (cos (fprrr) > 0) or anti-aligned
(cos (fprrr) < 0), relative to the direction of collective travel (Figure 36b). It should be noted that
if cos (Aprrr) = 0 at that given time the cell cannot be designated as aligned or anti-aligned and is
excluded from our analyses.

With the necessary tools in place to measure FimX-YFP alignment to collective velocity, we
calculate the proportion of time spent aligned to the direction of travel, binned by |Iy| and pipr.
We bin by |Iy| rather than Iy since the assignment of the two cell’s two poles is arbitrary at the
start of tracking. The results of this analysis is shown in Figure 36¢c and 36d. In the former, we

calculate the proportion of time spent aligned to the direction of collective travel in an individual
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Figure 36: FimX-YFP tends to accumulate in a cell’s pole that is pointed to the direction of collective
travel in monolayers. Diagrams showing (a) the angles used in assigning FimX-YFP concentration
asymmetry as aligned and anti-aligned and (b) when a cell is an aligned and anti-aligned state. (c)
The proportion of time cells spend in each |I;| bin as a function of fprr. The sum of each line shown
is one. (d) The proportion of time cells spend in each |Iyj| compared to the overall time available.
The sum of all lines shown is one. Plots contain data pooled from 15 experimental time series each
between two and three minutes in length. The bin size is § radians.

|In| bin, showing that for all values of |I|, FimX-YFP is more likely to be aligned to the orientation
of bulk velocity. As |Iy| increases the degree of alignment becomes greater, as the proportion of
time spent aligned in small fprrr bins (Oprrr < §) grows. In Figure 36d we show the same trends
but with the proportion of total time. Overall, these results imply that the stronger the FimX-YFP
asymmetry, the more likely an individual is to be aligned with the direction of collective travel.

We have now quantitatively proven that the cells align their direction of travel with that of the
collective, and now we will investigate whether there is any difference in pole swap rate when a cell is
aligned or anti-aligned depending on its FimX-YFP polarisation relative to the direction of collective
travel. In Figure 37a, we show an example of a P. aeruginosa cell in a monolayer whose FimX-YFP
is initially anti-aligned to the direction of collective travel. It can be observed to perform a pole swap
so that it becomes aligned with the movement of the group. As seen in the time series of Oprp in
Figure 37b, a pole swap as expected causes a large change in Oppr. We can categorise pole swaps

as being either aligned or anti-aligned depending on the cell’s FimX-YFP localisation before the pole
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swap. Aligned pole swaps occur when cos fprr > 0 before the pole swap, whereas anti-aligned pole
swaps occur when cos Oprpr < 0. The aligned and anti-aligned pole swap rate can thus calculated by
counting the number of pole swaps of either type, and dividing by the total eligible time that cells
spend moving in either an aligned or anti-aligned state. We have processed each time lapse separately
and shown the bulk, aligned and anti-aligned pole swap rate in Figure 37c. These box plots indicate
that the aligned pole swap rate is suppressed relative to that of the bulk (which includes all cells
in both aligned and anti-aligned states), and the anti-aligned rate is elevated relative to that of the
bulk. The mean bulk, aligned and anti-aligned pole swap rates are 0.19 £ 0.01 min—', 0.16 £ 0.01
min~! and 0.24 + 0.01 min~! respectively (error values are the standard error of the mean between
the experimental time series), showing a 51.4% difference between the aligned and anti-aligned states.
Here we have presented the first evidence that P. aeruginosa deliberately biases its reversal rate to
move in the direction of collective movement. However, the relationship between cell orientation and

pole swap rate can be probed further.

We now seek to move away from the discrete nature of aligned and anti-aligned states, and
instead analyse how the pole swap rate continuously varies with Oprpr. Therefore, we bin the amount
of eligible time and the number of pole swaps by cosfpirr in the pooled data sets. We find that
the pole swap rate decreases linearly with cosfppr (Figure 37d), suggesting that cells become
progressively more likely to reverse as the direction of the FimX-YFP localisation rotates away from
the direction of collectively motility. Here we have shown that pole swap rate varies continuously with
cos Oprrr, but this does not consider the magnitude of collective velocity which also could potentially

affect the pole swap rate.

By measuring the projection of collective velocity in the direction of FimX-YFP asymmetry, we
will be able to consider when cell movement is with the group or against it, depending on if the
projection of collective velocity (primx - vprv) is positive or negative respectively. To completely
describe this phenomenon, we will also investigate the projection of single cell velocity in the direction
of FimX-YFP localisation (ppimX - YCELL)- PFimX ' YCELL and primX - vprv are calculated through

Equations 25 and 26

PFimX - VCELL = UMAG ¢0s (¢r,, — ), (25)

DPFimX * VPIV = UPIVjpag COS (¢1M - 9PIV) , (26)

where primx donates a unit vector pointing along the direction of ¢r,,, and the magnitude of collec-
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Figure 37: FimX-YFP pole swaps align bacterial movement with the direction of collective travel.
(a) Images show the (top left) epifluorescence channel (scale bar is 3 um), (top right), a merge
epifluorescence and phase image, (bottom left) epifluorescence channel overlaid with blue arrows
interpolated at cell locations showing PIV direction with a large red marker highlighting the FimX-
YFP orientation for the cell under examination, (bottom right) colours indicate the magnitude of
PIV field shown and black arrows indicating PIV direction interpolated over a 2 pm spaced grid. (b)
Time series of Oprpr and Iy for images shown in (a). The pole swap is shown as a vertical dashed
blue line and I thresholds are shown with red dashed horizontal lines. Blue markers along the time
series are at the time points shown in the above montage in (a). (c) Box plots displaying the bulk,
aligned and anti-aligned pole swap rates. Data comes from 15 different experimental time series with
each circle representing one time lapse. The red line is the median and the bounds of the boxes
represent the 25th to 75th quartile. A paired t-test that compares the aligned and anti-aligned pole
swap rates rejected the null hypothesis that there is no difference in rate between the two states with
p =2.99 x 1077, (d) Pole swap rate as a function of fprr with the accompanying number of pole
swaps and available time for labelled cells. Bin size is 0.5.

tive velocity, vprv,, o, can be calculated from the z and y components of the PIV field:

— ]2 2
UPIVmac = \/ VPV, T UPIV,-

Intuitively, when primx - vceLL > 0, we expect that a cell already is pulling itself towards its pole
with the greatest FimX-YFP concentration, whereas when pgimx - vcerr < 0 it is moving in the

opposite direction. Analogously, for primx - verv > 0, the individual cell is pulling itself with the
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direction of collective velocity, and against it for ppimx - vp1rv < 0. We observe that ppimx - VCELL
is typically larger in magnitude than pgimx - vp1v (see Figure 38a), because individual cells tend
of jiggle back and forth as they move, but the movement of the collective is much more steady in
time. However the PDF of both velocity projections is biased towards positive values, as collective
FimX-YFP asymmetry is pointed towards the direction of collective travel (Figure 36) and that
cells twitch towards their pole with the largest FimX-YFP concentration (Figure 29), therefore,
cos (¢r,, — 0) and cos (¢r1,, — Oprv) have an increased probability of being positive than negative.
With the two velocity projections defined, we calculate pole swap rate by counting the number of
pole swaps and dividing by the amount of eligible time in each velocity projection bin, pooling data

across all 15 experimental time lapses (Figure 38b).

a b
0.14 T T 04 T T T
n [ Icell - ~—Cell
0.12F C_Pv] "coab ~_PIV] ]
~ N g - .
01} e
14 I -
2 0.2 7
E 0.08 o
e :
0.06t 1 € 500 — ———a—
L g } e ——+ T 7*""7*,# 'I
0.04F o 0 - - .
I ) <
0.02 £ 3000 ——
-40 -20 0 20 40 = -10 -5 0 5 10
. .
PeimxVi (pm min™") PeimxYi (pm min™")

Figure 38: P. aeruginosa increases pole swap rate when moving against the direction of collective
travel. (a) Histogram showing the PDF of velocity projection for cell and PIV velocity. Bin size is
1.5 um min~—!. (b) Pole swap rate as a function of the cell and PIV velocity projection, along with
the accompanying pole swap count and eligible time plots. Data shown has been pooled across the

15 experimental time series each between two and three minutes in length. All bins displayed contain

more than 20 minutes of data. Bin size is 6 pm min~".

We observe similar trends for both pgimx - VcELL and primx - vprv in Figure 38b, which are
consistent with our previous observations that that P. aeruginosa tends to bias its movement so that
it tends to move in the same direction of the collective. We observe that an increase in the positive
values of primX - vprv result in increased suppression of pole swap rate, and as pgimXx - Vprv becomes
more negative, the pole swap rate increases rapidly. Our results indicate that P. aeruginosa cells
increase their likelihood of reversing direction as the proecjtion of collective velocity along the axis
of their pole with the most FimX-YFP decreases. This suggests they use mechanosensing to actively
sense their differential movement relative to their neighbours.

We began this section with visual evidence that P. aeruginosa appears to move with the collective

direction of travel obtained by inspecting the orientation of intracellular FimX-YFP asymmetry in a
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bacterial monolayer. The orientation of individual twitching motility can change drastically through
a reversal of direction along the long axis of a cell, and coincides with FimX-YFP pole swaps.
By categorising the orientation of FimX-YFP concentration asymmetry relative to the direction of
collective travel, we were able to categorise each cell into two states: aligned or anti-aligned. We found
that on average P. aeruginosa spends more time with FimX-YFP aligned rather than anti-aligned
with the collective. Furthermore, we determined the pole swap rate for these two discrete categories,
finding that relative to the bulk, the anti-aligned rate was elevated more than the suppression seen
for the aligned case. We sought to investigate any potential continuous relationship that exists,
and determined the pole swap rate as a function of Oprpr, which shows a linear relationship, where
the rate of reversal decreased with cosfpirr. Finally, we incorporated an essential component to
this process, the collective velocity, by calculating the pole swap rate relative to the projection of
bulk speed along the orientation of FimX-YFP asymmetry. Here we see the same suppression and
elevation when the cell is aligned or anti-aligned, where the extent of reversal rate increase is larger
than the decrease, resulting in a non-linear relationship. Ultimately, these results show that P.
aeruginosa uses reversals to ensure it travels with the direction of collective movement, by increasing
reversal rate when moving against the group and suppressing it when migrating with the flow. Here
we have shown that collective polar behaviour can be driven by a biological process that appears to

be stimulated by a physical property of the system.

4.2.4 Pole swaps at the colony edge

In Section 3.2.3 we showed that P. aeruginosa cells at the colony border from groups that exhibit
alignment of their cell bodies and velocity whilst expanding into previously untouched surface. Cells
in these groups exhibit collective polarisation of FimX-YFP in the direction of expansion. Therefore,
we considered if biased reversals are also used in this region of the growing biofilm as a means to

drive collective polar behaviour and possibly, expansion.

First, we measure the collective velocity using PIV and determine how the alignment of FimX-
YFP localisation varies as a function of alignment to collective velocity, and FimX-YFP asymmetry.
As done previously in Section 3.2.3, only cells within 40 um of the edge are considered for analysis.
We restrict our analysis to this distance into the colony as beyond this cells move more rapidly and
in many different directions, whereas closer to the edge nearly all cells move in the direction of colony
expansion (see the left-hand side of phase images in Figure 25). Figure 39a highlights the velocity
field obtained by PIV for the section of the colony border that is analysed (Figure 25). An example

of a pole swap at the colony border, and the corresponding fpipr time series is shown in Figure
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39b and c respectively. In Figure 39d, we investigate the proportion of time cells spend aligned
to Oprv, and we find greater degrees of alignment of ¢, with fpry than in the monolayer, as the
gradient of each line is steeper. When comparing time in each |Iy| bin, we see the same trend as
the monolayer where cells spend most of their time at small values of fpipr. When considering the
proportion of total time cells spend at different strengths of FimX-YFP polarisation (Figure 39e),
we can conclude that cells at the colony edge are in a more polarised state in the monolayer, as a
greater proportion of time is spent at large |Iy| values. In general, we observe that P. aeruginosa
is in a more polarised state at the colony border compared to that observed in the monolayer. Next
we investigate how pole swap rate varies with the projection of collective velocity in the direction of

FimX-YFP polarisation.

We will employ the same methodology that we used in the monolayer to determine the bulk,
aligned and anti-aligned pole swap rates, the relationship between the rate of reversal and Opipr,
and how the projection of collective velocity along ¢r,, can influence pole swap rate. Additionally,
by identifying the position of the colony border and the coordinates of each cell within that frame of

reference, the rate of reversal as a function of distance from the colony border will be quantified.

The overall bulk, aligned and anti-aligned pole swap rates are shown in Figure 40a. The same
trends identified in the monolayer are also found in the colony edge, the aligned rate is suppressed
relative to the bulk, but the frequency of anti-aligned reversals is increased, resulting in mean values of
0.1040.01 min~*, 0.08+£0.01 min~—" and 0.16+0.02 min—!. Although the absolute rates are reduced,
the percentage difference between the aligned and anti-aligned rate is 97.1%, which is approximately
twice as large as the difference observed in the monolayer. We will discuss potential mechanisms
behind this larger difference in Section 4.2.5. Considering the relationship between pole swap rate
and Oprrr, we also observed the same trend identified in the monolayer, namely that as cosOpirp
increases from —1 to 1, pole swap rate decreases. Given we visually observe a decrease in the cohesion
of cell body orientation with increasing distance from the colony border, we sought to determine the
pole swap rate as a function of distance from the colony border, dcp (Figure 40c). To determine
the pole swap rate, the number of pole swaps and the total eligible time within each dcg bin was
counted, subsequently the former divided by the latter. We are able to split the number of pole swaps
and eligible time into aligned and anti-aligned based on the orientation of FimX-YFP relative to the
direction of collective travel, that is often oriented in the direction of colony expansion (Figure 40a).
If a pole swap is termed aligned it occurs when a cell’s FimX-YFP distribution if most concentrated
toward the direction of expansion, and vice versa for the anti-aligned pole swaps. Aligned time is

the amount of time cells spend with FimX-YFP asymmetry oriented towards colony expansion, and
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Figure 39: Pole swaps occur at the colony edge which is highly polarised in the direction of colony
expansion. (a) Heatmap displaying the magnitude of collective velocity within 30 pm from the colony
border, with arrows indicating the direction of group travel. Scale bar is 10 um. (b) Montages showing
a cell undergoing a pole swap and PIV direction and magnitude properties at the colony edge. Images
show the (top left) epifluorescence channel (scale bar is 2 pm), (top right), a merged epifluorescence
and phase image, (bottom left) epifluorescence channel overlaid with blue arrows interpolated at cell
locations showing PIV direction with a large red marker highlighting the FimX-YFP orientation for
the cell under examination, (bottom right) colours indicate the magnitude of PIV field shown and
black arrows indicating PIV direction interpolated over a 2 pum spaced grid. (c) Time series of Oprp
and Iy as a function of time time for the cell in (b). (d) The proportion of time cells spend with
FimX-YFP polarisation aligned in the direction of collective movement within each || bin, binned
by Opirr. Bin size is g rad. Data shown is taken from 24 three minute long experimental time
series. The sum of each line shown is one. (e) The proportion of time cells spend with FimX-YFP
polarisation aligned to the direction of collective movement overall, binned by binned by fppr. The

sum of all lines shown is one. Angular bin size is g rad.

anti-aligned time is the opposite. We observed a relatively constant rate of reversal through the
group at the colony border, with the anti-aligned rate of reversal being consistently greater than

those considered aligned.

Finally, we explore how pole swap rate is influenced by the projection of collective velocity in
the direction of FimX-YFP asymmetry for bacteria moving in tightly packed groups at the colony
border (Figure 40d). We observed similar results to that found in the monolayer, with pole swap
rate decreasing as the projection of collective velocity increases from negative to positive. Again,

these results show that P. aeruginosa is actively biasing its rate of reversal to travel in the direction of
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group motion, depending on if it is moving with against the collective, and the speed of the collective

movement.
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Figure 40: Pole swaps at the colony edge align twitching motility to the direction of expansion. (a)
Box plots of bulk, aligned and anti-aligned pole swap rate calculated from Opirr where each circle
represents one time lapse series. The red line is the median and the box represents the interquartile
range of bulk, aligned and anti-align pole swap rate measured in experimental time-series. Data
comes from 24 experimental time series. Values below 1.5x the interquartile range minus the 25th
percentile and above the 1.5x the interquartile range plus the 75th percentile are considered outliers
and therefore removed. A paired t-test that compares aligned and anti-aligned rates rejected the
null hypothesis that there is no difference in rate between the two states with p = 3.2 x 107%. (b)
Pole swap rate as a function of Oprpp. Bin size is 0.5. (c¢) Pole swap rate as a function of dcp pooled
across the time lapses. Data has been split into a bulk rate, aligned and anti-aligned categories with
a bin size of 10 um. Data 40 pm from the colony border is included. (d) Pole swap rate as a function
of primX - VCcELL and PrimX - vYprv. Data has been pooled across the time lapses and a bin size of
3 um min~! has been used. Only bins containing more than 30 minutes worth of data are shown.

Here we have presented three different methods of measuring the rate of reversal of P. aeruginosa
using intracellular FimX-YFP pole swaps whilst travelling in densely packed monolayers, and at
the colony edge. By calculating the angle that subtends the orientation of Iy and the direction of
collective travel, we were able to calculate the pole swap rate as a function of whether the cell is aligned
or anti-aligned with the direction of collective travel. We found that the reversal rate is suppressed

relative to the bulk when FimX-YFP polarisation is aligned, and elevated when anti-aligned with the
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direction of the collective. We go on to develop a continuous relationship between pole swap rate and
FimX-YFP orientation relative to collective movement, showing that an increased angle of separation
causes an increase in pole swap rate. Finally, the magnitude of collective velocity experienced by the
cell is considered, with anti-aligned individuals in regions of rapid bulk movement reversing direction
of travel at a much larger rate then those in the equivalent aligned region. Ultimately, we have
shown that in both the monolayer and colony edge, P. aeruginosa reverses its direction of travel
to move with its neighbours, or to ‘go with the flow’, facilitating polarisation of the collective. In
the upcoming section, we will directly compare the relationships outlined previously between the

monolayer and colony edge.

4.2.5 Pole swap rate comparison between different experimental scenarios

In this chapter, we investigated how P. aeruginosa uses biased reversals to align twitching motility
with the direction of collective travel in densely packed monolayers and groups at the edge of colonies.
As previously alluded to in Section 4.2.4, we see a decrease in the overall rate of pole swaps at
the colony edge relative to the monolayer, but an increase in the percentage change between the
aligned and anti-aligned rate. Here, we directly compare the properties that underpin the relationship
between pole swap rate and collective velocity projection on the cell. Our rationale behind presenting
these results side by side is to glean a better understanding of what causes the differing trends in

pole swap rate between the two densely packed environments.

Before delving into our results it is worth noting that chemotaxis is unlikely to be a cause of
the increased polarisation or elevation in aligned and anti-aligned rate percentage change seen in the
monolayer relative to the colony edge. The colony, of which only a small proportion at the centre
is multilayered, is growing at the interface between glass and an approximately 2 mm thick slab of
LB agar, the contains a vast amount of nutrients. Therefore, the nutrient gradients that exist at
the periphery of more mature biofilms [174] likely do not arise in the monolayer or the colony edge
observed here.

First, we consider how the pole swap rate varies between the two environments as a function
of the angle subtended between the direction of FimX-YFP polarisation and direction of collective
movement. In Figure 41a, we see that at all values of Oprpr, that the monolayer pole swap rate is
above the corresponding value at the colony edge. Additionally, as cosfppr decreases, the rate of
reduction in pole swap rate in both environments is similar aside from the largest bin for the colony
edge. A similar trend is observed for the trends in pole swap rate as a function of ppimx - vprv in

Figure 41c, the rate of pole swapping is larger in the monolayer, however, cells at the colony edge
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exhibit a larger range of pole swap rates, which can be observed as an increase in the slope.
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Figure 41: A comparison of the pole swap rate in the monolayer and colony border using fpirr and
PIV velocity projection. Monolayer and colony edge data comes from 15 and 24 experimental time
series respectively. (a) Pole swap rate as a function of cos Oprpr. Bin size is 0.5 and the shaded region
indicates the standard error across the 15 and 24 time lapses respectively. (b) PDF histogram of
Op1rr, bin size is 0.057 radians. (c) Pole swap rate as a function of ppimx - vprv. Bin size is 3 pm
min~!. (d) PDF histogram of PIV velocity projection values, bin size is 0.6 um min~!. The black
line indicates where the projection equals zero.

Although there may be other factors that influence the rate of pole swapping, our explanation for
the elevation in pole swap rate in the monolayer compared to the colony edge is due to the constant
mixing of cells with differing orientations in the former. When domains of cells with like orientations
collide with one another the physical interactions between cells causes their bodies to turn. The
presence of domain mixing in the monolayer means rotational diffusion is increased compared to the
colony edge (Figure 28b), which leads to a flatter distribution of Oppr (Figure 41b). Although
translational movement is more ballistic at the colony edge compared to the monolayer (Figure
28a), cells in the monolayer move at larger speeds (Figure 8b). The reduced speed and more
directed movement at the colony edge leads to a larger mean value of pgimx - verv (Figure 41d),
however cells in the monolayer are more likely to have extreme values of ppimx - vprv due to their

increased velocity, which leads to an increased rate of pole swapping. We propose that the increased
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probability of cells in the monolayer experience entering the regime where ppimx - vprv < 0 more
frequently, is due to the greater chance of a cell entering a domain that is moving in the opposing
direction of twitching motility, or a cell at the interface between two domains travelling in opposing

directions.

4.2.6 Do individuals benefit from reversing in dense collectives?

Throughout Section 4.2 we have focused on how P. aeruginosa regulates its movement behaviour
and how this effects collective polar behaviour in a bacterial monolayer and at the colony edge. We
anticipate that polarised movement enables colony expansion to occur more rapidly, allowing cells
to benefit from increased access to both space and nutrients [147]. Having proposed a benefit that
biased reversals of direction can have on the collective, we sought to understand how they might be
advantageous for individual cells to use.

We can calculate the projection of cell movement in the direction of collective travel, to investigate
if an individual benefits from moving with the collective. We expect that cells deliberately twitching
in the direction of collective movement will enhance the spread of colonies. If twitching in the
opposite direction, an individual runs the risk of moving towards the centre of the colony which,
at later times, will be depleted of nutrients. To investigate how the cell velocity in the direction of
collective movement changes before and after a pole swap. We calculate the projection of cell velocity

in the direction of collective movement at each time point in a cells trajectory,

PPIV - VCELL = UMAG c0s (fprv — 6), (27)

where pprv is a unit vector pointing in the direction of group travel interpolated at the cell.

As each pole swap has a corresponding value of pgimx - vp1rv, we bin values of pprv - vcgLL that
occur 15 seconds before and after the pole swap according to primx - vp1v, and subsequently take
the average. We have chosen a window of 15 seconds before and after a pole swap is detected as by
visual inspection the relocalisation of FimX-YFP is complete in this time. Additionally, increasing
the timescale of this window would reduce the number of events eligible for analysis because we want
to have a full 15 seconds before and after a pole swap, and increasing this window would mean a
larger proportion of pole swaps close to the start and end of the 180 second experimental time lapse
would not be included in our analyses. The results of averaging pprv - vceLL pre and post pole swap
as binned by primx - vprv are shown in Figure 42a. If ppjmx - vprv is negative when a pole swap
occurs it is considered as correct, as it causes an anti-aligned cell to align its direction of twitching

motility with the collective. Similarly if pgpimx - vprv is positive when a pole swap happens it is
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considered incorrect, and causes a cell previously twitching with the direction of collective movement

to now move against it.
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Figure 42: P. aeruginosa is rewarded and punished by reversing correctly and incorrectly respectively.
Data shown comes from 15 experimental time series of confluent monolayers. (a) Mean cell velocity
projection in the direction of the collective vs bulk velocity projected along ¢r,, (PPIv - VCELL as a
function of primx - vprv) pre and post pole swap. The number of pole swaps is shown above each
bar, with the accompanying standard error in each pgimx - vprv bin shown. Bin size is 1.5 pwm
min~! within the range —6 um min™' < ppimx - vprv < 6 um min~'. This range has been chosen
as the number of pole swaps is limited as |primx - vp1v| increases. (b) Velocity of the cell projected

in the direction of collective movement for aligned and anti-aligned cells based on the orientation of

largest FimX-YFP concentration. Bin size is 1 pm min~!.

The main result from Figure 42a is that correct pole swaps are rewarded by moving more rapidly
and incorrect pole swaps are penalised by experiencing a decrease in their velocity. The increases
in pprv - vcELL after a correct pole swap are often smaller than the decreases that occur due to
an incorrect pole swap, implying that there is a larger penalty for making the incorrect choice than
being rewarded for acting correctly. It is worth noting however, that even though there is a decrease
in pprv - veeLL for bacteria reversing direction to twitch against the collective, cell velocity is still
aligned to the direction of collective movement as shown by the positive pprv - vceLL values post
pole swap for all ppimx - vPIv. AS PpIvV - VCELL is positive this means on average the cells will still
move with the collective, arising from the fact that a single cell twitching against its neighbours is
not able to exert enough force move in a direction opposite to that of its neighbours [175].

As these mean values have obscured finer details on the behaviour of single cells pre and post
pole swap, we plot a histogram of all pprv - vegLL values split into two populations, aligned and
anti-aligned according to when pgimx - vprv is positive and negative, as seen in Figure 42b. Here
we observed that both aligned and anti-aligned cells have positive mean values of pprv - vceLL, 6.9
pum min~! and 4.4 pm min~! respectively, which is to be expected as cells twitching in the opposing

direction to collective movement will still be swept along with the bulk. The key difference is that

104



those anti-aligned cells are more likely to be twitching against the collective and actually moving
against it, as shown by the greater proportion of cells with negative pprv - vcrLL in the anti-aligned
population. In fact, if a cell is anti-aligned relative to the direction of collective movement, it is 65%
more likely to be travelling in the opposite direction of its neighbours than those that are aligned.
Given cells with FimX-YFP anti-aligned to the direction of collective movement are more likely to
be travelling in the opposing direction to their neighbours, or more slowly, we conclude that these
results are consistent with reversals allowing cells to collectively move faster in the monolayer. Faster
collective moment facilitates nutrient transport through active turbulence, benefiting the colony and

individual through a more even nutrient destitution throughout the colony [147].

4.3 Discussion

In Chapter 3 we show that surface-attached P. aeruginosa cells tend to twitch towards their pole
with largest FimX-YFP concentration in both low cell densities and in densely packed collectives. Rod
shaped bacterial monolayers contain half integer charged topological defects, in which we observed
collective FimX-YFP polarisation in the direction of travel of comets, and along the outflowing spokes
of trefoils [34]. FimX-YFP localises at greater concentrations in the pole of P. aeruginosa closest
to the colony edge when in groups of cells displaying large degrees of orientational alignment near
the border, which expand outward into untouched surface. As we are using FimX-YFP localisation
as a proxy for cell movement, its bulk polarisation in topological defects and at the colony edge is
evidence of collective polar behaviour. Bacterial monolayers have previously been thought of as an
active matter system comprised of agents that are modelled using the equations of active nematics,
assuming that cells cannot preferentially exert a force in the same direction as their neighbours
[15, 138]. As Chapter 3 presents evidence of FimX-YFP polarisation in densely packed conditions,
we sought to investigate whether polar behaviour could be triggered by bacteria actively regulating

their movement behaviour.

Having built a robust analysis pipeline to investigate collective FimX-YFP polarisation in dense
collectives, we expanded on this through the addition of FimX-YFP pole swap and bacterial reversal
detection and filtering. Our work in Chapter 3 has already shown that FimX-YFP concentration
asymmetry can be used as a proxy for the direction and speed of twitching motility, and we show
through cross correlation analysis that a pole swap is correlated with a change of direction of travel
along the long axis of the cell, building upon previous visually described evidence [37]. As an
individual cell’s movement behaviour is highly influenced by neighbours in dense collectives, pole

swaps are used as proxies for reversals in densely packed conditions. Having detected pole swaps,
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we searched for the potential triggers of bacterial reversals beginning with cell density. We were
unable to identify a clear trend between pole swap rate and local cell density, therefore, due to their
importance in many biological processes, we investigated the topological defects. However, no clear
trends in the pole swap rate could be identified around either type of half integer charged defect

[145, 169, 176]. We therefore had to consider other stimuli that triggers bacterial reversals.

We hypothesised that bacterial reversals could be stimulated by the movement of neighbouring
cells. To probe this, we first measured collective bacterial movement in confluent monolayers and
at the colony edge using PIV [160]. We first identified that when FimX-YFP was localised in an
anti-aligned state, with the largest concentration at the pole pointing in the opposite direction of
collective travel, the rate of pole swapping is greater than if FimX-YFP is aligned with collective
movement. This analysis calculated the projection of collective velocity in the direction of greatest
FimX-YFP concentration, showing that reversals occur most frequently when P. aeruginosa is trying
to twitch against a rapidly moving collective. The rate of reversal then decreases as the projection
of collective velocity decreases. These trends were found in both in the monolayer and at the colony
edge. We can therefore conclude that a source of polar behaviour in densely packed P. aeruginosa
collectives is the increased reversal rate when bacteria twitch in the opposing direction of collective

travel.

We also considered how a single cell could benefit from employing biased reversals in dense
collectives by comparing the projection of cell velocity in the direction of group movement pre and
post pole swap. Although there was a increase in velocity when pole swapping correctly and a
decrease when an incorrect pole swap was performed, the overall mean values were still positive,
which was to be expected as single cells are rarely observed moving in a direction opposite to that of
their collectively moving neighbours [175]. Instead we split the populations according to FimX-YFP
alignment with the direction of collective travel and found that anti-aligned cells are more likely to
move in the opposing direction of group movement than those that are aligned. We therefore conclude
that employing biased reversals to twitch with the collective prevents individual P. aeruginosa cells
from falling behind the collective, increasing its potential to acquire nutrients that lie further afield,

outside the colony [147].

The results we have obtained show that P. aeruginosa is capable of altering its movement be-
haviour through biasing its rate of reversal in response to physical stimuli in dense collectives, ul-
timately driving collective polar behaviour. It is collective polar behaviour that appears to drive
colony expansion through twitching motility, complementing work done previously showing that co-

ordination is essential in facilitating colony expansion [45, 149]. Bacterial reversals have also been
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shown to be important in other dense collectives, for example, M. zanthus employs timed reversals to
maintain relatively large local cell density during fruiting body formation [45]. Multilayer formation
in M. xzanthus has been shown to occur around —i—% charged topological defects [145] and although
we observed polarisation within topological defects in P. aeruginosa monolayers, we do not have
evidence that suggests that this polarisation is driven by the active regulation of pole swaps. More
broadly however, biased reversals present a method of driving and sustaining the polarisation of cell
movement in active matter systems. Recent studies have highlighted the need for future modelling of
active matter systems to incorporate the coexistence of collective nematic and polar behaviour [138].
We have provided further evidence that rod shaped bacterial monolayers comprised of polar agents

must be modelled to facilitate the coexistence between nematic and polar behaviour.

Even though this study has uncovered novel information on the movement behaviour of P. aerug-
inosa in dense collectives, there are limitations to the conclusions drawn. The analysis performed
has shown that biased reversals occur in dense collectives and act to drive group polar behaviour.
Increased polar behaviour would be expected to result in each individual exerting a force in the di-
rection of travel of the collective, increasing the overall distance travelled, particularly enhancing the
amount of colony expansion [147]. Although it would be expected that the ensemble force from an
increasing number of aligned individuals results in greater rates of expansion, we have not definitively
proved it in this study. We have determined the relationship between reversal rate and collective
movement through the use of FimX-YFP, however, a number of different proteins have been found
to localise in the leading pole of P. aeruginosa which could similarly be used in the analysis pipeline
presented here. For example, the retraction motors PilT and PilU localise to the leading pole of
P. aeruginosa. In addition, it would be instructive to investigate mutation in the Pil-Chp system,
for example AfimX, ApilU or the hyperpilliated ApilH mutant appears to reverse more frequently
than the WT (only through visual inspection) [34, 37, 64]. By putting strains with different labelled
proteins or mutants through this analysis pipeline, we might improve our knowledge on how the

Pil-Chp system is used to regulate collective motility.

Although we have demonstrated that P. aeruginosa employs biased reversals to generate collective
polar behaviour, the stimulus and signalling pathway that triggers the change of direction of travel
remains unknown. Due to the number of cell-cell interactions that occur in the monolayer, it is
possible that mechanosensing through the cell envelope protein PilY1 has a role to play in triggering
bacterial reversals, as it has been known to sense shear and shares structural similarities to known
mechanically sensitive domains [69]. Alternatively, force sensing through the pilus may play a role, as

when under force a pilus becomes elongated through a conformational change, which can potentially
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be sensed by the Pil-Chp system [68]. It stands to reason that when a cells is anti-aligned to the
direction of collective travel, its pili are more likely to stretch and undergo a conformational change
compared to when it moves in the direction of collective movement. Such stimuli might prompt cells
to increase their poleswap rate, allowing them to reverse direction to move with the collective. If this
hypothesis is correct, it would explain the greater rate of pole swapping observed in the monolayer
(Figure 41) relative to the colony edge, as the greater speeds in the monolayer would cause a large
conformational change in pili when anti-aligned, as the pili anchored to the substrate are stretched

by the body being rapidly moved by its neighbours.

Recent modelling on semi-flexible agents (rather than rod shaped) has highlighted how the reversal
rate can influence the amount of movement in a densely packed system [147]. As the time reversal
rate decreases and the system is found to become more polar. This is because reversals are assumed
to be random and occur at equal rates in cells in the aligned and anti-aligned state. An increase in
polar behaviour results in increased RMSD and a decrease in the amount of jamming in the system.
It is also reported that as the cell density approaches confluence that increasing the reversal rate
or employing nematic driving of reversals aid in preventing jamming. Preventing jamming within
active systems allows the maintenance of active turbulence which potentially allow nutrients to be
mixed into the interior of the colony via collective movement [147]. We therefore propose that
P. aeruginosa has evolved the ability to respectively elevate and suppress its rate of reversal when
travelling with and against the collective, to facilitate a behaviour like observed in simulations of semi-
flexible agents. A polar approach is used when cells are aligned (relatively infrequent reversals) and
a nematic approach is taken when an individual is anti-aligned (relatively frequent reversals) and cell
bodies come into close contact with one another, increasing local density. As shown by simulations,
this behaviour increases RMSD and assists in facilitating active turbulence, which facilitates a more
equal distribution of nutrients throughout a colony [147]. While we do not currently have the means
to vary the rate of reversal when travelling with or against the group, future molecular work on the

Pil-Chp system might ultimately provide us with the means to do so.

In terms of next steps, as mentioned in Section 3.3, the robust analysis pipeline developed to
detect, filter and understand pole swaps should be utilised to investigate the function of other polar
localising proteins such as PilB, PilT and PilU [37, 64]. Cross correlation analysis could then be
utilised to elucidate in which order other proteins are recruited to the cell pole during the reversal
process, potentially providing information on how different proteins in the Pil-Chp system interact
with one another [22]. The other extension of this work would involve constructing a model of a

bacterial monolayer, comprised of rod shaped agents that exert a force in a single direction and can
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reverse, flipping the orientation of this force to align with the direction of collective travel. Although
it might be computationally expensive to run the simulation whilst simultaneously quantifying group
movement, it would allow different simulations to be run with varying reversal rate biases. Through
measurement of RMSD, it would then be possible to quantify the benefits of regulating reversals. If
there was no reversal rate bias, we would observe a more nematic system, whereas at the opposite
end of the spectrum if agents only reverse when anti-aligned, we would expect the system to become
highly polarised. By tuning the reversal rate bias we could probe at which point in the cross over
from nematic to polar behaviour generates the most robust collective movement.

Through this study, we have used a fluorescent protein that localises to the leading pole of
P. aeruginosa as a proxy for bacterial movement behaviour in dense collectives. We previously
showed novel collective polar behaviour within topological defects in confluent bacterial monolayers
and in groups of aligned individuals at the colony edge expanding outward into untouched surface.
Now, we show that P. aeruginosa employs reversals to align twitching motility with the direction of
collective travel. These reversals occur more frequently when P. aeruginosa tries to move against the
direction of collective travel, and are suppressed when moving with neighbours. Our results provide
the first experimental evidence of bacteria modifying their movement behaviour to increase polar
behaviour, which appears to facilitate colony expansion, benefiting both the individual at the edge
and the collective overall through the acquisition of nutrients. These results provide insight into
the mechanism of how polarisation of cell movement in dense collectives is generated and sustained
but also raises many interesting new challenges such as uncovering the mechanism causing biased
reversals, discovering to what degree do the reversals boost or hinder polarisation and to what extent

reversals affect the rate of colony expansion.
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5 From reversals to twiddles: using an individual based model to
understand the role of a newly observed twitching behaviour

Subsurface assays are excellent tools for investigating novel surface-based bacterial movement be-
haviours in both solitary cells and dense collectives [34, 149]. They are particularly useful for studying
the physical and biological processes that influence motility in dense collectives of bacteria, as cells
are forcibly restrained to the substrate in a monolayer which makes microscopy more accessible [73].
Although useful, it is not possible to probe the effects of fluid flow in a subsurface assay or easily ma-
nipulate chemical gradients. Instead, experiments studying cells at the interface between liquid and
glass in microfluidic devices are used [87]. Microfluidic flow chambers generate stable, well-defined
and reproducible flow patterns, and allow the investigation of the effects that chemoattractants and
other chemical treatments such as antibiotics have on surface-attached cells and developing biofilms
[67, 81, 177, 178]. Flow chambers are also used to continuously provide cells with fresh nutrients in
order to study the long term growth of individual bacteria and collectives [118]. Chambers with more
complex geometries are also be used to study different natural environments, such as soil pores [122].
As cells are no longer restricted to two dimensions in flow chambers, multilayer formation occurs
frequently, resulting in three-dimensional biofilms forming [121]. As well as differences in collective
behaviour, individual cell motility is different in flow chambers compared to subsurface assays. For
instance in P. aeruginosa, twitching speed decreases significantly in flow chambers due to the lower
number of pili expressed when cells are not confined, and the rate of bacterial reversals changes dras-
tically, with the characteristic time between reversals increasing from an order of minutes to hours
(34, 67].

Recent research in our group has observed a novel form of twitching motility in P. aeruginosa at
the interface between glass and liquid termed twiddling, which we have not observed in subsurface
assays. A twiddle involves a twitching cell rotating around its centre, with both cell poles turning
as would a propeller on a boat or aircraft, differing from if the turn was focused around one pole,
like the hands of a clock. At the end of a twiddle, rotation ceases and the cell resumes travelling in
the direction of its long-axis from either cell pole. Rather than being an instantaneous process like a
reversal, twiddles occur over the course of tens of minutes. We have observed twiddles in multiple P.
aeruginosa strains including PA01, PA07, PA09, and PA11. Twiddles are also observed in a strain
without a functioning flagellum (a AmotABCD knockout mutant that lacks the flagella stators),
which suggests that the behaviour is facilitated by pili and not flagellum rotation. Furthermore, in
preliminary experiments using a strain expressing fluorescently labelled PilT-YFP (the pilus retrac-

tion motor), equal levels of PilT-YFP were found at each cell pole during a twiddle, indicating that
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the behaviour might be generated by the retraction of pili from each pole at the same time. Taken
together, our data thus far suggests that twiddles are a newly identified behaviour used by twitching

cells as they travel across surfaces under flow [179].

Preliminary results indicate that the entry and exit rate of twiddles are fixed in the presence or
absence of a chemoattractant gradient. To investigate if twiddles are a chemotactic behaviour the
proportion of cells exiting twiddles in the direction of an increasing or decreasing chemoattractant
gradient (succinate) was measured and compared to a case with no gradient. When there is no
gradient, the proportion of twiddle exits in either direction was equal, but in the presence of a
gradient the proportion of exits towards elevated levels of nutrient concentrations was increased.
These results indicate that twiddle exits are biased and could potentially contribute to chemotaxis,

but do not give a conclusion on the if the entire twiddling process helps or hinder chemotaxis [179].

Alongside twiddles, P. aeruginosa cells have been shown to reverse their direction of twitching
motility along their long axis to facilitate chemotaxis towards nutrients and other chemicals in-
cluding antibiotics [67, 81]. Specifically, cells reverse direction more frequently when moving away
from chemoattractants, which act to direct them up gradients. From our experiments, it is not
clear whether twiddles simply perform a similar role to reversals or whether twiddles contribute to

chemotaxis in an entirely different manner [179].

Investigating the relative contribution of reversals and twiddles towards chemotaxis is experi-
mentally challenging, as the two behaviours occur simultaneously in microfluidic experiments [179].
Ideally, it would be possible to simply switch off twiddles or reversals experimentally, perhaps through
genetic manipulation, however, we have not be able to identify any genes that specifically effect ei-
ther type of twitching behaviour. The most likely candidates are genes in the Pil-Chp system, but
manipulating their expression would likely have other unintended consequences for twitching motility
[32]. Instead, we sought to develop a mathematical model to represent twitching cells in a chemo-
tattractant gradient. Utilising a model would firstly allow the experimental scenario to be stripped
back to its essential components to allow for changes of properties such as the strength of the chem-
ical gradient or cell speed to show under which conditions twiddles and reversals best contribute to
chemotaxis. Secondly, a simulation would allow for the independent modelling of twiddles and rever-
sals, effectively allowing either behaviour to be switched off at any time. By switching off twiddles

and reversals independently, the contribution of each behaviour to chemotaxis can be determined.

Over the course of the following chapter, the process of developing a non-dimensional model of
twiddles and reversals is documented. First the properties of twiddles and reversals are quantified us-

ing experimentally measured data. Second, the non-dimensional model is outlined and the necessary
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equations are derived. We go on to establish a base case scenario, performing appropriate validations
on the simulated output to ensure the movement and response of simulated agents to a chemical
gradient represents our experimental observations. Finally, the results of parameters sweeps are dis-
cussed, revealing potentially independent roles for reversals and twiddles in chemotaxis in different

regions of parameter space.

5.1 Measuring properties of twiddles and reversals to build a model

Non-dimensional models are useful tools for understanding biological phenomena as they allow the
reduction of the number of physical parameters that require investigation. To ensure that the model
best reflects nature, parameters used to govern bacterial movement and chemotaxis are extracted from
experiments. In this section, we present the experimental configuration used to measure properties
of P. aeruginosa twitching in a microfluidic device, along with the rationale and governing equations

of an individual based model simulating chemotaxis facilitated by biased twiddle exits and reversals.

The first step to developing such a model is having a clear understanding of the experimental
conditions being investigated. To investigate the properties of P. aeruginosa twitching at the liquid-
glass interface we use a dual-inlet BioFlux™ device to generate a stable chemical gradient (Figure
43a). A chemical gradient is generated by flowing growth medium into one channel and a growth
medium supplemented with a chemoeffector into the other. Our experiments use tryptone broth (TB)
as the growth medium and succinate (at a maximum concentration of 2 mM) as the chemoeffector and
therefore we will present experimental results from TB-only and ‘succinate-only’ (TB supplemented
with succinate on both sides of the channel so cells experience a uniform 2 mM concentration of
succinate all over the device) controls, and compare these to the case when a succinate gradient is

present in the background of TB medium [67].

To perform an experiment that allows the quantification of chemotaxis, the device is first filled
with growth medium and inoculated with P. aeruginosa at low density (ODggg = 0.25) on both sides
of the channel, and left without flow for 10 minutes to allow for surface attachment. Subsequently, to
remove any planktonic or weakly adhering cells, media was flowed through the channel at 40 ul h™1.
Once imaging begun, the flow rate was set to 4 ul h=! for the duration of the experiment [67]. Images
were taken at one frame per minute for over 10 h, however, the continued cell division increases the
cell density in the channels making it progressively more challenging to distinguish individual cells
and the channels eventually become clogged. Therefore only the first 300 min of each time series is
considered for analysis. Images were captured at the point where the two inlet channels meet as here

the steepest chemoeffector gradients are present, and therefore chemotaxis should be at its largest.
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To investigate chemotaxis, we wanted to measure the concentration and concentration gradient
of succinate at the location of each bacterium. To quantify the concentration field, a pilot experi-
ment was first performed using flourescein in place of succinate and the normalised concentration of
fluorescein was visualised across the width of the channel (Figure 43b), see [67]. The normalised
concentration field was then modelled using an analytical model of diffusion (Figure 43c) and dif-
ferentiated to obtain the normalised concentration gradient (Figure 43d). As we now possess a
clear picture of the experimental set up including the concentration and gradient fields of succinate,

we must now consider how P. aeruginosa uses reversals and twiddles to generate chemotaxis.
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Figure 43: P. aeruginosa performs reversals of twitching direction and twiddles in a chemical gradient.
(a) A schematic diagram of the BioFlux™ device and experimental set up with an accompany binary
segmentation image of the experiment taken 10 hours post channel inoculation. (b) The normalised
concentration of fluorescence in the device which is then converted into (c) an analytical model of the
normalised concentration which is subsequently differentiated into the (d) normalised concentration
gradient field, G (G = CMlAX% where Cyiax is the maximum concentration of succinate). (b-d)
used with permission from [67]. (e) A diagram of a twitching cell undergoing a correct and incorrect
reversal, shown as a green square and yellow circle respectively. Black arrows show the direction of
twitching motility. (f) A diagram of a cell undergoing a twiddle, with poles distinguished by yellow
and green arrows. At the end of the event the cell leaves a twiddle correctly or incorrectly by moving
towards greater or smaller nutrient concentrations respectively.

P. aeruginosa is capable of performing two twitching behaviours whilst moving at the interface
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between liquid and glass: a reversal or a twiddle. Reversals, as shown in Figure 43e, involve a
change in the direction of travel of 7w radians, with the leading pole becoming the lagging pole of
the cell, and vice versa [67]. Reversals are considered correct or incorrect if they reorient the cell
towards or away from increased nutrient concentrations respectively. Twiddles are a newly observed
twitching behaviour and arise due to pili retraction at both poles, causing the cell body to rotate, as
shown in Figure 43f [179]. Whereas reversals involve an instantaneous change of direction, twiddles
take place over a longer time span, with rotation persisting for on average between 20 to 40 min.
Upon completion of a twiddle, the cell moves towards or away from increased nutrient concentrations
allowing exits to be classified as correct or incorrect respectively [179]. Therefore, both of these
behaviours have the potential to contribute towards chemotaxis but it remains unclear whether they

play similar or different roles in surface navigation.

5.1.1 Quantifying chemotaxis from twiddles and reversals

Although we possess a description of the reversing and twiddling process, we need to develop a method
to detect twiddles and reversals, and quantify their potential chemotactic properties. Given that any
meaningful result will require the averaging of many time-lapse data sets, an automatic method
of detecting reversals, twiddle entries and exits must be developed. In our assays P. aeruginosa
cells are automatically tracked using the Trackmate plugin for Fiji and an image processing pipeline
developed previously [67, 179, 180]. We must then combine this tracking data with the concentration
gradient field to elucidate any potential trends regarding chemotactic behaviour [179]. In this section,
we describe the automatic detection of reversals and twiddles, along with their categorisation as
correct and incorrect depending on if the events drive cells towards or away from increasing succinate
concentrations. Finally, we quantify how the chemotactic effect of twiddles and reversals vary with

the concentration gradient strength the cells experience.

Before any analysis is performed, reversals, twiddle entries and exits are detected. We follow a
previously established method of reversal detection [67]. Twitching motility is driven by stochastic
pili dynamics and therefore an inherently noisy form of movement in terms of cell position and
orientation [4]. Therefore, we first smooth the direction of cell movement, 6, using a moving average
filter to give Ay (data taken every minute smoothed over 10 minutes). A reversal of direction of
travel occurs when the leading pole of the cell changes. The leading pole is defined as the pole whose
orientation subtends the smallest angle with 6. The angle of reversal, r,,, is determined by taking
the mean value of sinf in the 5 min before the reversal occurs (and therefore reversals in the first

and final five frames of a trajectory are excluded from the analysis). We also use 6y to quantify the
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total time cells spend moving towards and away from greater succinate concentrations. By dividing
the number of correct reversal by the amount of time cells spend moving away from succinate (i.e the
total time that cells could theoretically undergo a correct reversal), we calculate the correct reversal
rate, whilst dividing the number of incorrect reversals by the amount of time cells spend moving
towards succinate (i.e the total time that cells could theoretically undergo an incorrect reversal) to
calculate the incorrect reversal rate. Finally, false positives occur as the result of cell division and so
the subsequent 7 min post reversal are checked for separations, and any reversals that are associated
with cell divisions are excluded from our analysis [67]. By visual inspection the method described

reliably detects reversals, enabling the resulting data to be used to calibrate our model.

Twiddle detection relies on measuring the rate of change in the orientation of the cell body,
denoted as the angle ¢. Like 6, ¢ is also smoothed due to the jerky nature of twitching motility,
and is done so using a Savitzky-Golay filter over 20 min. Once smoothed, putative twiddles are
considered to be at any time points where ]%] > 0.05 rad min~! and are disregarded if: they are less
than 10 min long, change direction of rotation, or if the mean |‘fl—f\ < 0.1 rad min~! when averaged
across the entire twiddle. Twiddle entry angle, ¢rg,,, is calculated in the same manner as 0g,, (so
as with reversals), therefore, any twiddles that occur within the first five frames of a trajectory are
disregarded. Determination of twiddle exit angle, ¢Tx,,, using the five frames prior to a cell returning
to normal twitching motility proved unreliable in comparison to manual measurement. Therefore,
each trajectory was reversed in time, allowing twiddle exits to be detected as twiddle entries. One
additional filter is then applied, where any twiddle exits in the first frame of the reversed time series
are removed as it is not possible to know if the twiddles actually end at this point in normal time
or if they persist beyond the time of image acquisition. We are now able to automatically detect

twiddles and reversals reliably and perform further analyses on them.

To ensure that the simulation accurately reflects the behaviour of non-twiddling and twiddling
cells, a set of common filters has been put in place to correlate the properties of a tracked individual
and its environment. We start with a complete exclusion of data recorded 300 min after chamber
inoculation, as often the channel becomes so crowded due to cell division that is not possible to
separate the movement of an individual from that which is imposed by its neighbours. Second, any

I are removed, as these cells are

time points where an individual’s speed is below 0.08 wm min~
considered stationary [67]. Data points are also excluded if the aspect ratio is below 1.4 to remove
tracked objects that are not actually cells. The final overall filter is only applied to data sets with

succinate gradients present, when data is only considered if a cell is tracked in a region where the

normalised gradient exceeds 0.003 um~' and by doing so, we are only investigating the behaviour of
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P. aeruginosa when they are most likely to be able to detect the gradient, as opposed to including

trajectories in regions of the device where the gradient is negligible.

Before creating a model of P. aeruginosa using biased reversals and twiddles to generate chemo-
taxis, we must first quantify the parameters that govern this behaviour. In previous experiments
using a different chemoeffector (dimethyl sulfoxide, DMSO), it was found that cells use a pessimistic
reversal rate strategy whereby cells increase their rate of reversals when moving away from DMSO
but reverse at the basal rate when moving towards it [67]. To establish that this behaviour persists in
newer experiments that use succinate as the chemoeffector, the rate of correct and incorrect reversal
was determined and compared to the basal rates in the absence of gradients. The rates of twiddle
entry and exit must also be measured and correlated with the presence or indeed the strength of suc-
cinate gradients. Finally, an array of accompanying parameters must also be determined, including
mean cell velocities and twiddle rotation rate. We will now explain how the parameters that govern
the individual based model are measured experimentally, documenting any relevant filters that are

applied.

We begin will cell velocity, using this method of analysis as the framework for other parameters.
As P. aeruginosa has been shown to vary its velocity in response to the media it is grown in, we
compared tracking data from time lapses recorded in TB-only, succinate-only, and succinate gradient
conditions to measure any potential change in speed [179]. It is clear that cells move more rapidly in
the presence of succinate (Figure 44a), an effect we wanted to consider in our individual based model.
Additionally, we split cell velocity values into correct or incorrect according to whether cells were
moving up or down the succinate gradient (or simply up and down the channel width in the control
cases) using 6. Figure 44a shows no difference in mean velocity for the TB-only and succinate-
only data sets, however, when a gradient is present there is a small but significant difference in mean
velocity with cells moving more rapidly towards increasing succinate concentrations (a response
known as orthotaxis [67]). However, as our study focuses purely on the impact of twiddles and
reversals, and not the impact of orthotaxis, we decided to set cell velocity, vc = 0.6 um min~—! for

the individual based model, a value taken from the succinate-only control.

With vc determined, we consider the reversal rates when cells are travelling up or down the
succinate gradient. The individual and mean values across multiple biological replicates are displayed
for the TB-only, succinate-only and gradient case in Figure 44b. Rather than a pessimistic response
as has been seen previously with DMSO, P. aeruginosa shows a bi-bias response, where relative to
succinate-only control, its rate of reversal is suppressed when travelling up the chemical gradient and,

elevated when moving down [67].
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Figure 44: Quantification of twitching velocity, reversal rate, twiddle entry rate, twiddle exit bias, and
the percentage of time spent twiddling. For all plots the mean value from each replicate experiment
is represented with a square, and a cross for the overall mean. Data is split into correct and incorrect
values for (a) velocity, (b) reversal rate (c) twiddle entry rate and (d) the number of twiddle exits.
Data shown comes from five TB-only, six succinate-only and eleven gradient data sets, with p-values
calculated from paired T tests which test the null hypothesis that the correct and incorrect values
are the equal. The final plot (e) shows the percentage of time cells spend twiddling, which is used to
calculate the twiddle exit rate.

Before investigating if a similar bi-bias response is present for twiddle exits we first determined
the overall rate of twiddle entry (Prg) and exit (Prx) to quantify any differences. We calculate
Prg by dividing the number of detected entries by the amount of time a cell could enter a twiddle
(the time not spent twiddling). There are small differences in Prg between the correct and incorrect
gradient case and twiddles occur more frequently in the presence of succinate (Figure 44c). When
comparing the amount of twiddle exits, we see similar numbers of correct and incorrect events when
there is no gradient present (in these controls the direction of correct and incorrect is arbitrary).
However, in the presence of a chemoattractant gradient we observe a bi-bias response similar to that
observed for reversal rates (Figure 44d). Here incorrect twiddle exits are suppressed, and correct
exits are elevated in the presence of a gradient relative to if there was not one, a strategy that is
be referred to as a bi-bias strategy. We are unable to directly measure the rate of twiddle exit, as
we cannot assign lead and lag-pole polarity during a twiddle. Furthermore, twiddles, can last for
over 30 min and tracking could fail in this time. We also cannot pair twiddle entries and exits for
this reason. Instead, we estimate Prx, using the proportion of time spent twiddling, P. We directly
count the amount of time cells spend twiddling and not twiddling, with results shown in Figure

44e, and then calculate Prx using
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Figure 44e shows that cells spend 23%, 25% and 26% of their time twiddling in the TB-only,

succinate-only and gradient scenarios respectively.

So far, we have outlined what value cell velocity will take in our simulations, shown that reversals
and twiddle exits have a bi-bias, and that it is possible to determine the twiddle exit rate from Prg
and the proportion of time spent twiddling. After careful consideration, we decided to focus our
study on how the process of each twitching behaviour influences how an individual cell navigates
towards increased concentration regions. In doing so, using the experimental results as a guide, we
decided to set the rate of reversal, Pr and the rate of twiddle exit, Prg, to be the same, at 0.5
event h™! cell™!. In doing so, Prx becomes 1.5 h™! cell™! to ensure that cells spend 25% of their
trajectories twiddling. Given that these behaviours occur at fixed rates, we must now implement a
method for reversals and twiddle exits to generate chemotaxis by employing a bi-bias strategy, which

first involves measuring the strength of the response.

As P. aeruginosa has been shown to alter its reversal rate in response to a chemical gradient and
can change direction before it has travelled a single cell length, it has been proposed that it adopts
a spatial strategy of sensing chemical gradients, where comparisons in chemical concentration are
made between the cell poles [67]. We therefore considered that there are two different factors that
can affect chemotactic sensing: the gradient strength % (where C is the normalised concentration
gradient, and y is the vertical position of the cell in the channel), and p is the orientation of the cell
relative the direction of the gradient. We include p as a cell orthogonal to the gradient will not be
able to sense any change in concentration between its poles, where as one parallel will have maximum
sensing capabilities. As p is defined from the horizontal axis of the channel in the clockwise direction,

we use sin p to calculate the projection of the gradient along the cell length. Therefore, at each time

ac

point in tracking, the concentration gradient experienced by each cell, dy pxp’

is given by Equation

28, where

dC dC
— = —sinp. (28)
dyexp dy

acC

We are now able to calculate & Exp at each time point along a cell’s trajectory. We use this to

count the number of correct and incorrect reversals and twiddle exits, and the amount of time spent

twitching towards and away from greater nutrient concentrations, by binning in %EXP. Within each

bin, we calculate the bias in correct and incorrect reversal rate by dividing the former by the latter
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Figure 45: P. aeruginosa increases its twiddle exit and reversal chemotactic bias in response to sensing
stronger gradients. Plots showing (a) reversal rate bias (correct reversal rate/incorrect reversal rate)
and (b) twiddle exit bias (number of correct twiddles/number of incorrect twiddles) as a function
of % sin p. Bin edges are set such that each bin contains a similar amount of data, 0,7.5 x 107°,
1.875x 1073, and 0.2, with r (the gradient of each line) values calculated via least squares regression.
Data shown comes from five TB-only, six succinate-only and eleven gradient experimental time series.
Repeat experimental time series are shown as coloured lines, the mean of each bin with a black cross
and the subsequent linear fit as a dashed black line.

and apply the same process to the number of correct and incorrect twiddle exits. Figures 45a and

45b show a linear dependence of the bias for both correct reversal rates and correct twiddle exits on

%EXP, showing that cells exhibit a greater chemotactic response when they sense larger chemical
gradients. Given P. aeruginosa uses a bi-bias chemotaxis strategy, one would anticipate that when

%EXP increases, the rate of correct behaviour increases, and the incorrect rate is decreases. The plots
from TB-only and succinate-only experiments serve as a control case where there is no chemotaxis,

which is reflected in the near zero-gradient measured between %EXP and the bias for both the rate

of reversal and the number of twiddle exits. We have now quantified the chemotactic response of

P. aeruginosa, and use the information to construct the chemotactic element of an individual based
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model.

Using cell tracking and custom analysis scripts, we have quantified some of the physical param-
eters needed to describe simulated agent behaviour in an individual based model of P. aeruginosa
undergoing chemotaxis by employing biased twiddle exits and reversals. By using a bi-bias strategy,
the cell suppresses incorrect choices and elevates the rate of correct chemotactic decisions to guide
chemotaxis. However, we are yet to consider how our simulation agents will rotate outside of and
during a twiddle.

5.1.2 Measuring the rotation rate of twiddling and non-twiddling Psuedomonas aerug-

inosa cells

Twiddling and non-twiddling P. aeruginosa cells display distinct forms of rotation. During a twiddle,
the rotation of the cell body is persistent in one direction, where as outside of a twiddle cell movement
is not directed in a single direction, but instead a cell diffuses away from its original position. Given
these two distinct forms of movement, in this section we outline the methods used to determine
the average twiddle rotation rate, how the rotation of non-twiddling cells are modelled as particles
undergoing Brownian rotational diffusion, and how the equivalent diffusion coefficient was extracted.
At the end of this section, we will possess all necessary parameters to construct our model.

Before performing analysis, we first filter our data to remove tracks that have a net to gross
displacement ratio (NGDR) below 0.15. The relatively small value of NGDR has been chosen so
that we remove any cells that are simply jiggling back and forth and inherently do not travel far
[179]. Like the previous analysis, we also remove any time points 300 min post chamber-inoculation,
as increased cell density will cause cell-cell collisions that will influence the rate of rotation whether
twiddling or not.

As we are able to detect twiddle entries and exits, we split each track into twiddle and non-twiddle
events. Any events that are below 10 min in length are removed to ensure reliability of the data.
We apply the same minimum normalised concentration gradient strength filter as used previously
to ensure that when we are analysing events in a chemical gradient, and as before we exclusively
investigate the central region of the device where the cells are experiencing a significant succinate
gradient. Objects with an aspect ratio below 1.4 are also removed, as discussed above.

With all relevant filters applied, we seek to determine a rotation rate for twiddling cells, T, and
a rotational diffusion coefficient, Dy, for non-twiddling cells. When considering these values, the cell
body orientation (¢) will be used as twitching motility is often oriented in the direction of the cell
body [164]. All values of ¢ have been edited such that they are continuous (by ‘unwrapping’ the

angle so that there are no 27 jumps when the cell passes through the origin) ensuring there are no
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large changes when calculating angular velocity or RMSAg.
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Figure 46: Quantifying the rotation of twiddling and non-twiddling cells. (a) PDF histograms of \%|
for cells twiddling in the presence of a succinate concentration gradient, and in the succinate-only
control. Bin size is 0.01 rad min~!. Vertical dashed lines indicate the mean value in the presence and
absence of a chemical gradient. (b) RMSA¢ as a function of 7 for twiddling and non-twiddling cells
in the presence of a succinate concentration gradient, and the succinate only control. Black lines of
gradient 1 and % to show ballistic and diffusive rotation respectively. Data shown comes from six
succinate-only and eleven succinate gradient experimental time series.

To determine Tg, we considered two methods. The first involves calculating the mean absolute
rotation rate for each twiddle |‘§—(f], and the using this to calculate the mean or median of this data
set. We used the absolute value of rotation rates here as twiddles were found to have an equal
probability of rotating clockwise or counter-clockwise. Alternatively, we could consider pooling all
|%| values from all data sets together and calculate the mean or median, which would weight longer
twiddles more. In our simulation, twiddles have a set average length that matches the distribution
of experimentally measured events, and so we applied the same rationale to obtaining 7Ty; from
experimental data and opted for the former method. Figure 46a shows the PDF of |%| values for
cells in the presence and absence of a gradient. We consider the case with no gradient to measure
Ty to remove any impact the succinate gradient has on increasing cell velocity or rotation rates,
and find mean and median values of |%| equating to 0.158 + 0.004 rad min~! and 0.143 + 0.005 rad
min~! respectively, with uncertainties calculated through the standard error of the mean or median.
The mean and median values of \%| equate to one rotation every 39.7 or 43.9 minutes respectively,

1

therefore we consider the order of magnitude of these values and set Tg = 0.157 rad min™" or one

rotation per 40 minutes in our model.

The focus now shifts to non-twiddling cells [181]. Cells not undergoing a twiddle will be modelled
as particles undergoing Brownian rotational diffusion, and a value of rotational diffusion coefficient,

Dg , was calculated. We note that cells undergoing pili-based movement are physically attached to a
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surface and are not affected by Brownian motion. However, the stochastic actuation of pili introduces
small changes to their orientation, which gives rise to rotational diffusion over long time scales. To
determine RMSA¢, we used the same pre-processed data that was used to calculate Tk, except that
now we use only the time in between twiddles. The calculation of RMSA¢ investigates the difference
between ¢ at time t and at subsequent later time points, generating a value of RMSA¢ at a given
time lag, 7. The sum of RMSA¢ across all cells at each 7 is calculated then divided by the number

of data points at each 7, IV, calculated using Equation 29,

N
RMSA6 (1) = || 3 3 (65 (1) — (7)) (29)

i=1

Here, ¢(t) indicates the value of ¢ at the time point in question and ¢(7) is the reference value of ¢.

To ensure that the motion of the cells can be modelled as Brownian rotational diffusion, we must
validate that logio(RMSA¢) as a function of logio(7) is linear and has a gradient of 3. Figure
46b shows the results of logio(RMSA®) as a function of logjo(7) analysis for both twiddling and
non-twiddling cells in the presence and absence of a gradient. As seen in Figure 46b, the gradient of
the log10(RMSA) as a function of logig(7) plot is approximately 1 up until larger values of logyo(7)
for twiddling cells. For the non-twiddling cells both in the presence and absence of a gradient, the
data plots do not always have a gradient of % and therefore a selection must be made on the subset
of points to fit to. As such, data points in the range log;;(15) < 7 < log;;(35) have been chosen for
fitting. A straight line with gradient % is fitted to the subset of data points and the intercept found.
Once the intercept has been found, the equation to calculate Dg must be derived, beginning with

Equation 30,

RMSA¢(1) = \/2Dgr7 (30)

1
log,o(RMSA¢(7)) = iloglo(QDRT)

1 1
logo(RMSA@(T)) = §log10(7) + 510g10(2DR)- (31)

Which is analogous to y = mx + ¢, taking %loglO(QDR) as the y intercept from log1o(RMSA¢). Once

the intercept has been acquired Dg is calculated using
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1
Cc = iloglo(QDR)

1
DR = 51020. (32)

In Equation 32, ¢ is the intercept obtained from fitting logio(RMSA¢). Dgr was found to be
0.0299 4 0.0002 rad? min~—' and 0.0207 + 0.0006 rad? min~! in the presence and absence of the
gradient respectively, with errors representing 95% confidence intervals. Moving forwards into the

1

simulation, Dg will be set to 0.02 rad? min~!, using data from the succinate-only control to negate

any effect of increased speed from a chemoattractant gradient (Figure 44a).

Now a complete set of parameters has been extracted from the experimental data, with the
remaining values of Ty and Dy being acquired by considering the mean and median value of |%|
and through analysis of log1o(RMSA¢) as a function of logig(7) respectively. The remainder of this

section will focus on the formulation of the simulation, with a list of all parameters used at the end.

5.1.3 Development of the simulation

Now that all the relevant experimental parameters have been estimated, the equations that define
our model of P. aeruginosa performing surface-attached chemotaxis through biased twiddles and
reversals can now be described. As chemotaxis is purely facilitated by twiddle exits and reversals,
the movement of simulated agents whilst freely twitching and in a twiddle will be outlined first,
followed by a description of the 2D nutrient concentration field and the subsequent concentration
gradient fields that are used in simulations. We assume that the consumption of nutrients by cells is
negligible, and do not include growth in our simulations. Next, the model of gradient sensing will be
outlined, followed by how this impacts the bias of twiddle exits and reversals up or down a gradient.
The following section will outline the operation of the model at any given time point and provide a

description of how the simulation is initialised.

At each time point, ¢, each simulated agent has coordinates, (x, y), and orientation, ¢. Here the
orientation is the direction of movement which for twitching cells is directed along the long axis of
the cell [164]. When not performing a twiddle, simulation agents are modelled as particles that move
at a constant speed along its long axis whilst undergoing Brownian rotational diffusion (Equations
33 - 35) [182]. For each agent the first operation is to update ¢ prior to the change in coordinate,

then position using
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&(t) = d(t — dt) + N'\/2Dgdt, (33)
2(t) = z(t — dt) + ve cos(¢(t))dt, (34)

y(t) = y(t — dt) + vc sin(o(t))dt. (35)

For Equations 33 — 35, dt is the time-step of the simulation and N is a value sampled from a
normal distribution with a mean of zero and unit standard deviation. Whilst performing a twiddle,

the coordinates do not change however the orientation is updated by Tg,

é(t) = p(t — dt) £ Trdt, (36)
2(t) = 2(t — dt), (37)
y(t) = y(t — db). (38)

In Equation 36 the = arises as each agent has a 50% chance of twiddling clockwise or anti-clockwise
as decided at the beginning of the twiddle. With the description of cell motion complete, the chemical

gradient and cell sensing will be outlined.

Rather than using a 1D nutrient field that runs from the top of a domain to the bottom (as is
the case in our experiments), a 2D shape will be used to represent a nutrient source as one might
occur in natural environments [183]. The nutrient field will be described using a two dimensional
Gaussian,

2
C(r,0) = Cyvax exp (M) . (39)
As chemotaxis operates by sensing the gradient of this field, the derivative of the concentration with

respect to radial position r can be calculated as

(40)

dC _ rCuax ox —r?
dr o2 202

In Equations 39 and 40, o is the standard deviation of the Gaussian used to model the nutrient
source and has been set such that it is sufficiently larger than the distance a cell travels between
twiddle or reversal events. Cyax is the maximum value of the Gaussian shaped concentration field.

Note that we have defined % as the absolute value of the radial gradient in order to simplify notation.
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The functions presented in Equations 39 and 40 are shown in Figure 47a and 47b respectively.
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Figure 47: Generalised nutrient concentration field and concentration gradient field used in the model
and how the concentration gradient is sensed by simulated agents. (a) The concentration field was
modelled as a two dimensional Gaussian. Inset: A bird’s eye view showing the nutrient concentration
within a 80 x 8¢ region. (b) The corresponding concentration gradient . Inset: A bird’s eye view
showing the nutrient concentration gradient within a 80 x 8¢ region. (c¢) A representation of the
angle subtending the cell orientation relative to the radial gradient field, p. Black arrows indicate the
direction of cell travel, however, the value of p for each agent would be the same, as it is independent
of the direction of travel.

Although % is calculated at the coordinates of an agent, it would not fully represent the gradient
experienced by P. aeruginosa as we are hypothesising that chemotactic sensing is performed spatially
along the cell body [179]. Spatial sensing involves comparing concentration values between the two
cell poles (i.e along the long axis of the body) and this means that the greater the angle subtended
by the cell body orientation and gradient direction, the smaller the stimuli a bacterium experiences
[179]. We represent this angle in our simulations as p, which is the angle subtended by the orientation
of the cell pole closest to the nutrient source and the nutrient source, which in our simulations is at
the origin. As such, p may take any value in the range 0 < p < 7. p is shown in Figure 47c and is
calculated using Equation 41.

y(t)

pl0) = ot0) — ™ (2. (41)

The resulting concentration gradient experienced by each agent, %EXP, is shown in Figure 48a and
is determined using Equation 42,
dc dc cos rChaax e —r cos (42)
- = — = X .
dr ExXp  dr o2 202 p

Similar to Equation 40, here we present the absolute value of the radial gradient to simplify notation.

We have outlined how a simulated agent experiences a chemical gradient, and we now define
how this signal is translated into chemotaxis. Before delving into how chemotaxis is modelled, we
must first describe how a reversal and twiddle entry is initiated. At each time-step an agent enters

a twiddle or begin a reversal with the experimentally derived probabilities Pr and Prg respectively.
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We draw a random number from a uniform probability distribution (Ug for reversals, Urg for twiddle

entries and Urx for twiddle exits) at each time-step and if the following inequality is satisfied

U < Prdt (43)

the agent begins reversing. Likewise, if

Urg < Prgdt (44)

holds, the agent begins twiddling. Once in a twiddle, an agent cannot reverse. There is of course the
chance that both conditions are satisfied at once. In such cases a weighted coin toss is used, using

another number drawn from a uniform probability distribution, where if the following is satisfied

Pr

Ucp < ————,
™ Pr+ P
the agent begins a reversal, otherwise a twiddle is initiated. The scenario is comparatively simpler

considering twiddle exits, as when the following inequality is fulfilled a twiddle exit occurs,

UTtx < Prxdt. (45)

Now that the first step in modelling when twiddle exits and reversals occur has been outlined, we
describe the second step where chemotaxis is generated. Upon a twiddle exit the cell has two choices,
to either twitch in the direction of increasing or decreasing concentration, a correct or incorrect deci-
sion respectively. Likewise, when the opportunity to reverse arises, the cell has two choices, to either
reverse or to suppress the reversal, choices that are correct or incorrect depending on the original
direction of travel relative to the concentration gradient. As we have shown experimentally that P.
aeruginosa follows a bi-bias chemotaxis strategy (Figure 45) and since we are modelling twiddle
exits and reversals in as similar way as possible, the same method of chemotaxis will be implemented

for both behaviours. We have also seen that the proportion of ‘correct’ behaviours increases with

ac

5 Exp (Figure 44). The probability that a cell makes a correct or incorrect chemotactic decision

f dC

depends on the value o &y EXP

that is currently experiences. We denote these probabilities as Pg
and P respectively, and we use these to model the bi-bias response.
Since we are interested in developing a generalised, non-dimensional model (see Section 5.2.6),

we only need to consider the form of the relationships in Figures 48a and 48b, rather than directly

126



measuring the chemotactic response of P. aeruginosa to a particular chemical gradient. Twiddles and
reversals occur at fixed rates in our simulation (defined by Prg, Prx and PR respectively), therefore,
we will model a chemotactic bias by calculating the proportion of correct chemotactic decisions a cell

makes for any given value of concentration gradient experienced. To do so, we must determine the

probability that an agent makes the correct (Pc) and incorrect (Pp) decision at any value of %EXP.
We calculate Pc (the blue line in Figure 48a) using
Po=m% : 46
c=m dr EXP ho (46)
and P; (the red line in Figure 48a) using
dc
P=-m~—  +K. (47)
dr EXP

In Equations 46 and Equations 47, K¢ and K are intercepts on the y axis of a plot of Pg/; as a

ac

S exp (Figure 48a) and are therefore rates. K¢ and K are calculated using

function of

Ko = Pg —mx (48)

and

K= Pg+my (49)

respectively. Here, Pg represents the basal rate of correct behaviour, which is set as Pg = Pr such
that once converted to a non-dimensional form (see Section 5.2.1) its value is one, y represents the
minimum value of chemical gradient sensed needed to generate a chemotactic bias, and m represents
the chemotactic sensitivity of a cell, i.e. its ability to respond to a chemical gradient, and is the
gradient of the lines seen in Figure 48a. The correct and incorrect rates of behaviour are expressed
graphically in Figure 48a. At the point where P is zero, we have the saturation point of the
agents, S, which represents the largest chemical gradient that a cell can sense before before its
response saturates. Therefore, an agent can sense a chemical gradient provided it is in the range

x < %EXP < S, which is illustrated in Figure 48b.

To simplify our modelling, we calculate the proportion of correct chemotactic decisions, B, using

Equation 50,

127



amax PC

1
PC” (min™")
-

05—

0y s max dCrdr o - = 3ﬂ - 0y S maxdCidr
dC/dry o, (mM i)  (um) dCfdryyp (MM m™)

Figure 48: Implementing the experimental reversal rate bias and twiddle exit bias as a function of
%EXP into a model of chemotaxis. (a) The rate of correct and incorrect chemotactic behaviour
changes as a function of concentration experienced. (b) The concentration gradient experienced by
each agent as a function of distance from the nutrient source. The values of x and S are indicated
with dashed lines, which represent the minimum value of concentration gradient sensed that can
cause a chemotactic bias, and the the value where the response is saturated. (c¢) The proportion
of correct chemotactic decisions as a function of concentration gradient experienced, the resultant

relationship from Equation 50.

Pc

B=_—1¢_
Poc+ P

dc
B— M pxp T Kc

= —ic dc
Mg pxp T Ko — Mg pxp + K1
ple.
B— w. (50)
Kc + Ky

B varies with 2¢

7 pxp as shown in Figure 48c. When %EXP < x, B = 0.5, meaning there is an

equal probability of a reversal being correct or incorrect. When B = 0.5, a twiddle exit has an
equal probability of reorienting the movement of an agent towards or away from greater nutrient

concentrations. In either case, twiddles and reversals do not contribute to chemotaxis when B = 0.5.

ac

Grexp <9, B increases, meaning the probability of an agent making the correct

In the range y <

ac

TExp = 9, at which point B = 1 such that the response is

chemotactic choice increases, until
always correct. To decide if a chemotactic decision is correct, we draw another distinct number from

a uniform distribution, Up, and test it using the following the following inequality,

Up < B,

which if fulfilled, means the twiddle exit direction orients an agent towards increased nutrient con-
centrations, suppresses a reversal if the agent is already travelling up the gradient, or reorients the

agent if moving away. Otherwise, the decision will be incorrect.

Practically, B has an influence over an agent’s orientation, ¢, post reversal or twiddle. If a cell is
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moving towards greater nutrient concentrations and a correct reversal event is triggered, ¢ remains
the same. If an incorrect event is triggered, the agent orientation becomes ¢ + w. In the case of a
cell moving towards smaller nutrient concentrations, an incorrect reversal would suppress a change
in orientation here, and a correct event would add 7 radians to the agents orientation. Twiddle exits
are less complicated as they do not depend on the original orientation of the agent. A correct twiddle

exit will set ¢ = p and an incorrect event will set ¢ = p + 7.

We have now summarised the two-step process that we use to model chemotaxis. The overall
rate of reversals and twiddle entries is fixed, with the proportion of correct reversals and twiddle
exits changing according to the chemical gradient sensed. The set-up of the simulation domain and

initialisation will now be discussed.

Our simulations are run within a domain of size 160 x 160, where o is the standard deviation
(100 um) of a 2D Gaussian shaped concentration field at the middle of our domain at x =0, y = 0.
The Gaussian has a maximum concentration, Cyax, of 2 mM. We define L as the shortest distance
from the origin to the edge of the domain, which in this case L = 8¢ (meaning the domain size is
2L x 2L). We initialise cells within a square 80 X 8¢ region centred on the origin, such that the
majority of cells are capable of sensing the gradient when the simulation begins. We define I as the
shortest distance from the origin to the edge of the initialisation region, therefore in this case I = 4o
(meaning the initialisation size is 21 x 2I). Cells in our simulation navigate towards greater nutrient
concentration regions by chemotaxis generated by the regulation of twiddles exits and reversals,
which is balanced at steady state by diffusion of the agents that arises from the randomness of their
movement direction. To fully determine the impact of these opposing processes, the simulation will
be run with and without periodic boundary conditions, modelling two scenarios: the case where
there is an infinite lattice of equally spaced nutrient sources, or a single nutrient source appears in
an otherwise barren region of space, allowing agents to drift off and become ‘lost’. Therefore, these
simulations will test both the chemotactic ability of twiddles and reversals, but also their ability to

prevent cells from accidental wandering away from a nutrient patch.

Agents are initialised into the 21 x 21 region with periodic boundaries using a random distribution
in x and y, with a ¢ randomly drawn from a unit circle. The purpose of the initialisation stage is to
reproduce the conditions that would occur prior to the appearance of the nutrient source. During the
initialisation period B = 0.5, such that twiddle exits and reversals are unbiased in their direction.
At the first time point of initialisation all agents are in the non-twiddling state, and therefore the
simulation must reach a steady state where the number of agents twiddling matches our experimental

measurement of the number of cells twiddling at any time, 25% (see Figure 44). Once complete,
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the final time point of the initialisation period becomes the first time point of the main simulation
and periodic boundary conditions are extended to the range denoted by L if the simulation is being

run with boundary conditions, or removed if the simulation is being run without them.

The process of modelling P. aeruginosa using twitching motility to climb a chemical gradient using
appropriately biased twiddle exits and reversals has been outlined in this section, using experimentally
derived parameters in all cases possible. In the upcoming sections of this chapter, the process of
converting these equations into a non-dimensional form will be outlined, and the results of parameter
sweeps of non-dimensional parameters discussed. A summary of the dimensional parameters values

and equations used are given in Table 5.

Parameter Notation Value used in model
Cell velocity e 0.3 um min~*
Rotational diffusion coeflicient Dy 0.02 rad? min—!
Twiddle entry probability Prg 1/120 min—!
Twiddle exit probability Prx 3/120 min~!
Twiddle rotation rate Tr 7/10 rad min~1
Reversal probability Pr 1/120 min—!
Chemotactic sensitivity m 20 uM min~! mM~!
Gradient detection limit X 0.002 mM um~!
Basal correct behaviour rate Py 1/120 min—!
Domain size L —800 : 800 wm
Initialisation size 1 —400 : 400 pm
Maximum concentration CMAX 2 mM
Standard deviation o 100 pm

Table 5: Parameters used in the dimensional model of chemotaxis facilitated by twiddles and rever-
sals.

5.2 A non-dimensional model reveals the role of twiddles in bacterial chemotaxis

In the previous section, we have comprehensively outlined how experimental data was used to con-
struct a model of twitching P. aeruginosa performing chemotaxis in a microfluidic device. Rather
than restricting our analysis to scenarios that match the experimental configuration, we seek to un-
derstand how twiddles and reversals influence bacterial chemotaxis across a variety of scenarios. As
such, we have converted our model into a non-dimensional form to reduce the number of parameters.
Over the course of this section, we first derive the non-dimensional equations required to run the
model, and use a base case run using experimentally derived parameters to validate agent behaviour.
We then go on to discuss the results of our parameter sweeps, uncovering further information on the

role of twiddles.
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5.2.1 Development of non-dimensional equations

Creating non-dimensional equations requires converting each of the experimentally derived parame-
ters into values that have no units by dividing by intrinsic scales of the system, for example a key
length scale such as the mean run length between a run and tumble in swimming E. coli [27]. Once
we convert our equations into a non-dimensional form, they yield non-dimensional groups that fully

define the system.

Our model has three intrinsic dimensions: length, time and chemical concentration. The standard
deviation of the Gaussian shaped distribution used to model the nutrient field, o, is the characteristic
length scale, the inverse of the reversal rate, Py ! is the chosen as the characteristic time scale and
the maximum concentration used in the microfluidic flow chamber, Cyiax, gives the characteristic
chemical concentration. An agent’s radial position, chemical concentration and time can thus be

non-dimensionalised as:

C

) EZ tPR’ CN’ = CMAX’

=
I
Q=

where the presence of a tilde over a parameter indicates a non-dimensional value.

Beginning with the equations of cell movement using the change in ¢ position as an example, the

non-dimensional substitutions are made

o(t) = ¢(t — dt) + N'\/2Drdt,

(1) = o(F — di) + Ny | 22 i,
Pr

B(t) = ¢(t — dt) + NV 2adt. (51)

Where, ¢ is an angle and by definition already non-dimensional. The first of three non-dimensional

groups is contained in this equation, «,

-7 (52)

(07

which specifies the rotational diffusion normalised by the reversal rate. The second non-dimensional

group is identified using the equations dictating the change in position of each agent,
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dzx

E = UC COS(@(t)),
UPRCZf = vg cos(p(1)), UPRZ? = vosin(@(t),
d~ ~
di; = GU]SR cos(o(t)),
% = Beos(o(D),

The second non-dimensional group is f3,

_ _vc
-~ oPR’

(54)

which specifies the non-dimensional velocity normalised by the product of the standard deviation

of the nutrient concentration field represented as a Gaussian distribution, and the reversal rate.

Considering the case when a cell is undergoing a twiddle, Equations 37 and 38 simply become

#(t) = z(t — di)
and
g(t) = y(t — di),

however, Equation 36 requires further modification:

N TR -
O(f) = 6(F —di) & i

o) = ¢(t — dt) + Trdt
where

N Tk
TR = —
R= B

represents the non-dimensional twiddle rotation rate.

(55)

(57)

All components of cell motion have now been converted into a non-dimensional form, therefore

we now consider the chemical gradient sensing mechanism. Beginning nutrient concentration field in

Equation 39, we convert to a non-dimensional form by
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5 242
CuvaxC(r) = Cyaxexp < 552 >

C(r) = exp (‘27'2) . (59)

The non-dimensional concentration gradient field experienced by a cell is therefore given by

CMAX dC 7oCM AX —r2g2 cos
o~ _ [UVYMAX
o dr Exp 02 P 7902 P
dC —r?
P rexp <2T> COS p. (60)

As an increase in concentration experienced by a cell leads to a greater number of correct chemotactic
reorientations, Equation 50 must be converted into a non-dimensional form. When calculating B

the conversion of

Kepr = (61)

is used as K¢/1 is a rate. B is calculated using

dC Cuax 2%
mar o + KCPR

B — = ~ 9
KcPr + K1Pr
B Pr <milifg7c;MP;X + Kc>
Pr (f(c + fﬁ)
B mic;v][%?( % + K¢
Kc+Kr
dC | R
B=_—d T2C (62)
K¢ + K
yielding another non-dimensional group,
C

Here, w represents non-dimensional cell sensitivity to the chemical gradient experienced, and which

can be obtained by considering the equation for P ;. Starting from (Equation 46 or 47)
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dC Cyiax =

PC/IPR = :l:mﬁ + Kc1Pr,
- Cumax dC' | -
Pog=+ — 4+ K
O = = e dr + Koy
. daC -
PC/I == :I:w? + KC/Ia (64)
T
where w arises again. Finally ¥ must be determined, representing the minimum value of %EXP that
chemotaxis can occur. As x is a value of chemical gradient
o
= 65
X=X (65)
and for completeness, when substituted into Equation 48 or 49 gives
~ - wo Pr OMAXX
KopPr = PgPrF C X
MAX O
Ko = Ps Fwx. (66)

Finally the the equations that govern reversals, twiddle entries and exits must be converted to a

non-dimensioanl form. The same methods outlined in Equations 43, 44 and 45 are used yielding,

_di -
Pdt = PPg— = Pdt.
Py

Here, P represents any probability. Therefore reversals, twiddle entries and exits are triggered when

the inequalities

Ur < Prdi,

Urg < Pred,

and

Urx < pTxdt~

are fulfilled respectively (the latter assuming the agent is already undergoing a twiddle). Reversals

and twiddle entries can potentially be triggered in the same time-step in the non-dimensional model,
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and therefore the weighted coin toss shown changes to

for reversal to be triggered, otherwise the agent begins a twiddle. For completion, correct chemotactic

decisions are made when

Ug < B

holds, otherwise the cell will move in the incorrect direciton.
All equations required to describe a non-dimensional model of chemotaxis facilitated by biased
twiddle exits and reversals have been described. The non-dimensional parameters used in the simu-

lation derived from experimental measurement are summarised in Table 6.

Parameter Notation Value
Rotational diffusion Q 2.4
Cell velocity I6; 0.72
Twiddle entry probability Prg 1
Twiddle exit probability Prx 3
Twiddle rotation rate Tr 67
Reversal probability Pr 1
Chemotactic sensitivity w 2.1983
Gradient detection limit X 0.0303
Basal correct behaviour rate Py 1
Domain size L —8:8
Initialisation size I —4:4

Table 6: Parameters used in the non-dimensional model of chemotaxis facilitated by twiddles and
reversals.

5.2.2 Validation of non-dimensional equations

As non-dimensional equations describing twitching facilitated chemotaxis in P. aeruginosa have been
developed, it must now be proven that when converted back to a dimensional form, the inputs match
their experimentally derived counterparts. If there are disparities between the physical inputs and

the non-dimensional conversions, simulation results will not give a true representation of reality. In

ac

this section we show that for the parameters C, 7, and Po ;1 that the non-dimensional curves match

those with physical units. As B is calculated using PC s1 and is already dimensionless, it will not be

included in these analyses, as if ﬁc /1 accurately returns to physical units so will B.

C
Cmax”

Conversion testing will begin with C, which is converted using the previously defined C' =
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Converting back to a dimensional chemical gradient is performed using: We calculate % using

EicMAXE
dr o dF’

As shown in Figure 49a-f, the non-dimensional values for C' and % map back to their dimensional

counterparts. Shifting focus to ]5@ /1, conversation back to a dimensional form occurs through

Pcji = Pojp Pyt

As shown in Figure 49g-i, ]50 1 and P p match upon conversion.
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Figure 49: Conversion between dimensional and non-dimensional simulation inputs is accurate. The
dimensional (a,d,g), non-dimensional (b,e,h) and the comparison between the dimensional and con-
verted non-dimensional inputs (c,f,i). We show the concentration (a-c) and concentration gradient
(d-f) as a function of distance from the source, and probability of making a correct or incorrect
chemotacic decision as a function of concentration gradient experienced (g-i).

We have shown that the non-dimensional values representing nutrient concentration, gradient

strength and the probability of making a correct or incorrect chemotactic choice convert back to

physical dimensions accurately. These checks have ensured that results discussed in Section 5.2.6
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are suitable for drawing conclusions about the physical system being modelled.

5.2.3 Convergence testing

A complete description of governing equations and parameters, simulation methodology and conver-
sion to a non-dimensional form has been provided. In the following section, we show the process
for choosing an appropriate time-step, dt, and total agent number, N, using both simulations that
use the ‘base case’ of experimentally estimated parameters in addition to simulations run with more
extreme values of the non-dimensional parameters. dt must be small enough to accurately simulate
cell movement, and if the time-step is too large the simulations will not reach numerical convergence,
whereas a time step that is too small leads to wasted computational effort. As each agent in our
simulation exhibits stochastic behaviour, we must also run our simulations with a suitable number
of agents to resolve how they are distributed. As such, we discuss the set-up of a simulation base

case to test these factors before parameter sweeps.

The simulated base case has been run using the parameters in Table 6. These simulations
have been run for a total non-dimensional time (T) of 50, OOOP~R71, using 25,000 agents. We have
chosen 50, OOOP~R_1 as it will allow simulations to reach a steady state and is five weeks in length
once converted to dimensional units, which is a reasonable time-scale for mature biofilm formation
[184]. At each time point, an agent will experience a nutrient concentration, C, calculated using
Equation 59. At each time time-step, we calculate the mean value of concentration experienced by
all agents, Cy, indicating the average fitness of a cell in a given environment. As small changes occur
at each time-step, we sample data every 100dt for further analysis in post-processing. We compare
three time-steps to test for convergence, 0.5?1—; 1, Pg L and ZPP; 1, measuring C’M over non-dimensional
time with periodic boundary conditions applied. One would anticipate that as df decreases, Cy will
converge, such that an even smaller time step would not change our results. We see that convergence
has already occurred at 2]513? ! (Figure 50a), therefore to ensure that the simulation runs accurately,
we use df = ]5}; 1 as our time-step. We must also ensure that we simulate an appropriate number
of agents chosen as having a too few agents will lead to noisy results. In Figure 50b, we calculate
Cw using an increasing number of simulated agents. As the number of agents increases, the noise
decreases, until at N = 10,000 the simulation converges and therefore, to minimise noise further we
use 25,000 agents for our simulations. In Figure 50c, we show Cy; measured over the simulation for
10 repeats of the simulated base case with df = ]51{ Land N = 25,000. Given the random placement of
cells at the start of simulation, rotational diffusion, and the randomness in the twiddles and reversals

(which both follow a Poisson distribution), we expect that there will be an element of variability
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between two different runs of the same simulation. Repeated runs of our simulation yielded nearly

the same results (Figure 50c), indicating that our results are highly robust and can be used to draw

conclusions from our simulations about the behaviour of P. aeruginosa in this environment.
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Figure 50: Determination of the simulation time-step and the number of agents to be used in param-
eter sweeps. Each line contains data from 25,000 agents and the shaded region shows the standard
error unless specified otherwise. (a) Plotting Cw as a function of ¢ to investigate time step conver-
gence. (b) Plotting Cyy as a function of # to test convergence in the number of agents used. Here
each line is coloured according to how many agents are used. (c) Running 10 iterations of the base
case simulation with 25,000 agents to measure the amount of noise in each simulation run. (d-f)
Testing time-step convergence by measuring Cyt as a function of ¢ for relatively small o, large 8 and
large w simulations.

Despite being able to draw conclusions on the behaviour of chemotaxing bacteria in our exper-
imentally derived base case, it is currently unclear if the simulation can be relied upon to produce
meaningful results at extreme values of the parameter sweeps that will be performed. To test this,
we have run the time-step checks seen in Figure 50a at extreme values of «, 5 and w, to test the
movement and chemotactic ability of agents. We are most interested in the movement properties of
our agents here, as if the simulation time-step is not suitably large at small values of a (o = 0.0024)
and large values of 8 (8 = 1.44) we will incorrectly simulate the twitching behaviour of P. aeruginosa.
Figures 50d, 50e and 50f show small values of a and large values of 8 and w respectively. In all
cases, we observe convergence at a time step of Py!, indicating that our simulations conducted using
this step step can be trusted even when our parameters are at extreme values.

In this section we have shown that our base case simulation converges for all time-steps tested and

for an appropriate number of agents, choosing suitable values for N and df. Additionally, we have
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validated these choices for more extreme values of simulation parameters that govern physical and
chemotactic properties of agents. Now, we will validate that the physical and chemotactic behaviour

of our agents matches simulated inputs.

5.2.4 Agent behaviour validation

To ensure that the simulation is running correctly we used the model’s output to see if we could
recover the same parameters that were used as model inputs. Therefore, in the coming section we
ensure that B is recovered from simulations that were run with the base case set of parameters, along
with PR, PTE and PTX. We then move onto recovering «,, which subsequently leads to an investigation
into how different chemotactic strategies influence rotational and translational diffusion.

We begin our series of behaviour validations with B, which represents the chance an agent has of
making a chemotactic choice that drives itself towards larger nutrient concentrations depending on

ac
dr EXP

%EXP. At each twiddle exit or reversal, we record the value of and keep a count of the correct
(N¢) and incorrect (V) chemotactic decisions in terms of twiddle exits and reversals, allowing the

calculation of B through

N,
B=--¢ |
Nc + Ny

We are then able to bin N¢ and Ny for twiddle exits and reversals by %EXP and compare the results
to the simulation input as shown in Figure 51a, which displays a strong match between B defined
by ¥ and w, and measured B. For completion, we show that the chance of undergoing a correct
chemotactic decision is greater when p is near zero and decreases as p approaches 7 (Figure 51b).
We must now confirm that the rate of reversal, twiddle entry and exit match the values defined to
run the simulation. To do so, the number of reversals, twiddle entries and exits are counted for each
agent and divided by the amount of time available to perform each operation, then a mean is taken.
The time available to reverse is equal to the time a cell spends not twiddling, and the time available
to enter a twiddle is the same time minus a time-step for each reversal, as each behaviour cannot
occur concurrently. The time available to exit a twiddle is the amount of time spent twiddling, with
one time-step removed for each twiddle, as a cell cannot exit a twiddle on the same time-step it enters
a twiddle. For Pg, Prg and Prx, we measure 1.00, 1.00 and 2.98 respectively, which are all suitably
similar to the initially defined values.

Having validated the chemotactic behaviour, we seek to recover « from our simulation. To do so,

we must measure RMSA¢@, as done using Equation 29, but for our simulated results. To retrieve

«, we must perform measurements on agents that do no twiddle or reverse, as each behaviour type
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Figure 51: Measuring the chemotactic properties and movement of simulation agents to match the
defining parameters. Plots presented are run without boundaries and show the results for 25,000

agents. (a) The proportion of correct twiddle exits and reversals as a function of %EXP matches
the defined behaviour rate. Data shown is for agents that twiddle and reverse. Bin size is 0.0121.
(b) The probability of exiting a twiddle or reversing correctly or incorrectly as a function of p. Data
shown is for agents that twiddle and reverse. Bin size is 55 rad. (¢) RMSA¢ as a function of logyo(7)
for different agent behaviours. Modelling the non-twiddling non-reversing cells allows RMSA¢ line
fitting to return the experimentally derived value of a. (d) RMSD as a function of logio(7) for
different agent behaviours.

acts to increase the change in ¢ over the same time period. Therefore, we perform the same RMSA¢
analysis used to measure Dy of non-twiddling and non-reversing cells on our simulated agents to
obtain a. We found that using sampled data gave inaccurate results, therefore we use the first 100
time-steps of our simulation for all agents rather than sampled data, obtaining o = 2.4, matching

the experimentally derived value.

In this section we have shown that both the physical and temporal parameters set to define agent
behaviour in the simulation are recovered through measurment. These checks are important to ensure
that the simulation is running correctly and allows for the extraction of results that have meaning in

the context of understanding the purpose of biased twiddles and reversals in twitching chemotaxis.
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5.2.5 Quantifying translational and rotational diffusion in different chemotactic strate-

gies

We sought to quantify the rotational and translational diffusion of other behaviour types that we
can simulate and use in our parameter sweeps to compare the effectiveness of different chemotactic
strategies. To isolate the different role that reversals and twiddles play in pili-based chemotaxis, as

well as identify potential synergies, we will use simulations with the following characteristics:

e T+R: Twiddles and reversals: agents twiddle and reverse at the rate dictated by P, Prg and

e T+R w = 0: Twiddles and reversals with no chemotaxis: The rates described in the T+R case

still apply, however reversals and twiddle exits are unbiased in their direction.

e TOME: Twiddles only matching events: No reversals, and the number of twiddle exits matches
the total number of chemotactic events in the T+R case. ]33 =0, ]5TE = 2]5TE0 and ]5TX =
PTXO, where ﬁTEO and ﬁTXO represents the twiddle entry rate and twiddle exit rate from the

T+R case respectively.

e ROME: Reversals only matching events: No twiddles, and the number of reversals matches the
number of chemotactic events in the T+R case. PR = 2]5R0, PTE = 0, where PRO represents

the rate of reversal from the T+R case.

e TO: Twiddles only - reversals are switched off. Twiddle entry and exit rates are dictated by

pTE and PTX and PR =0.
e RO: Reversals only - twiddles are switched off. Reversals occur with rate Pg, and Prg = 0.

e NTNR: no twiddles and no reversals - all chemotactic behaviour is removed and agents act as

particles undergoing Brownian rotational diffusion.

For the TOME and ROME cases, we multiply the rate of remaining behaviour (twiddle entry and
reversal rate respectively) by two to ensure the same number of chemotactic events (twiddle exits and
reversals) occur as in the T+R case. We are able to multiply by two since their rates of occurrence as
measured experimentally are the same. By doing so, we compare the effectiveness of each chemotactic
strategy rather than the number of events occurring.

We calculate RMSA@ for all the above behaviour types, as shown in Figure 51c. As anticipated,

over the long-term, any behavioural type that involves twiddling has an increased RMSA¢ compared
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to those that do not twiddle. We find that TOME agents have the most rotational diffusion, which

is unsurprising as they spend the most time twiddling.

What is perhaps more interesting is the effect that each behaviour type has on the translational
diffusion of the simulated agents, as this will impact an individuals ability to navigate towards nutrient
sources and climb chemical gradients. We calculated RMSD using Equation 24 for all behaviour
types and display the results in Figure 51d. Although TOME cells have the largest RMSA@, they
have the smallest RMSD, which arises as cells spend more time stationary (the cell centroid remains
fixed in place whilst they are twiddling) as they twiddling at twice the frequency of T+R agents. We
then observe that T+R and T4+R w = 0 agents have the next largest RMSD, then ROME and TO
cells. Cells that spend more time twiddling experience the smallest amount of translational diffusion,
and this effect is increased when doubling their rate of occurrence (e.g. comparing TOME with TO).
We also see an increase in translational diffusion when moving from the RO to ROME strategy.
Increasing translational diffusion can help a cell find a nutrient patch, however it can also cause an

individual to more like to wander away from a patch it has already found.

In this section we have shown that the output from our simulations recovers the same parameters
that were used to run the model. These checks are important to ensure that the simulation is running
correctly. We have begun to probe how the frequency and type of chemotactic behaviour influences

diffusion. These relationships will be investigated further through parameter sweeps.

5.2.6 Results of parameter sweeps

Having validated the behaviour of our simulated agents, we now run parameter sweeps to investigate
the conditions under which twiddles and reversals help or hinder chemotaxis. Before doing so, we
discuss how the fitness of each parameter sweep is measured using the base case (using parameters
from Table 6) as an example. By plotting a subset of simulated agents, we show how chemotaxis
from biased twiddle exits and reversals drives cells to increased concentration regions at the centre
of the domain (Figure 52a). An accumulation of agents develops at the centre of the domain when
periodic boundary conditions are applied and when there are no boundaries to the simulation. The
accumulation at the domain centre appears to be of greater density in the periodic boundary case
than without. Additionally the density of agents appears to be larger at distances in the range
4 <7 < 8. One would anticipate that the density is increased when periodic boundaries are applied,
as an agent cannot become ‘lost’ like when the simulation borders are removed. To validate this
claim, we calculate the probability an agent has of appearing at a given 7 (Figure 52b). We

plot the distribution of agents at the beginning of the simulation to ensure that the same starting
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conditions are present. At the simulation end, we see a marginally larger density of agents at the

centre of the simulation when periodic boundaries are applied.
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Figure 52: Results from the simulation base case with and without periodic boundary conditions.
(a) Start and end positions of simulation agents with and without periodic boundary conditions. A
subset of 500 agents is shown, each as a blue spot. Each box is 2L x 2L (16 x 16) in size, equalling
the domain size when periodic boundary conditions are applied. The black circle indicates a radius
of 4. (b) PDF of radial agent positions at the start and end of the simulation normalised by annulus
area. Bin size is 0.5. (c¢) Mean concentration experienced of all simulation agents with and without
periodic boundary conditions. The shaded region indicates the standard error in Cy between 25,000
agents.

We probe how each behaviour type influences agent fitness by measuring how Cy; changes over
time (Figure 52c). Each parameter sweep uses a set of values like those defined in Table 6, and
to compare sweeps we will need to represent Ciy as a single value. Therefore, we will measure the
mean value of C' that all cells experience within a given time period, Cyn, as means of comparing
the effectiveness of twiddles and reversals at facilitating chemotaxis. Most simulations have an early
phase where cells climb the gradient, then a later phase, where the change in Cy is small or it is
stable. As our simulations run for a non-dimensional time equivalent to five weeks, over which a
mature biofilm can form [185], we measure Cypy for the first and final 15% of the simulation, referred

to as the early and late phase respectively.

For the base case, in the early time period we measured Cypy with and without periodic bound-
aries to be 0.268 £ 0.002, and in the late stage as 0.395 £ 0.003 and 0.384 + 0.002 with and without
periodic boundaries respectively (errors calculated using the standard error in the mean). These are
extremely small differences, arising most likely from cells in the non-periodic boundary case only just
starting to drift beyond where the boundaries would be in the equivalent case. Once differing values
of the parameters are used to run the simulation, we anticipate seeing an increased difference in Cuimt
between the two boundary conditions. With validation of chemotaxis occurring and an explanation

of our fitness measurement in place, we now discuss the results of the parameter sweeps performed.

We begin with «, non-dimensional rotational diffusion, with results shown in Figure 53. A com-

mon feature of all conditions with increased rotational diffusion (logig(a/cv) > 2), is a convergence
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of C’MM to a relatively small value (C’MM < 0.1). One would anticipate that in these conditions rota-
tional diffusion is so large that agents become restricted to moving within a small region of space in
the domain, essentially becoming fixed in place as there is no movement in one persistent direction. In
the early phase, the case with and without periodic boundary conditions is nearly identical, and the
benefit is seen for TO cells when logig (a/a,) < —0.5 and for TOME cells when logig (a/a,) < —1.5
over those that which reverse. In the late phase of the simulation, all agent behaviour types perform

similarly when periodic boundary conditions are applied, until « is very small at logig (a/a,) < —2,
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Figure 53: Results of the a parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyiy between 25,000 agents.

where T4+R and TOME agents begin to outperform ROME cells. Twiddles display the greatest
benefit during the late phase of the simulation when periodic boundary conditions are removed, and
agents become lost. Here, TOME agents begin to outperform all others when logig (a/a,) < 0.5.
We also observe T+R cells outperforming ROME agents in this range.

The results shown in Figure 53 display a common trend observed in nearly all other parameter
sweeps, that agents which perform a greater number of chemotactic events (e.g ROME agents perform
more reversals than RO agents), experience greater concentrations of nutrient on average. Addition-
ally, we typically see an increase in Cypyy when periodic boundaries are applied. The increase arises
as cells are unable to become lost from the nutrient patch and therefore have a greater probability of

encountering increased nutrient concentration regions again. Although these are obvious conclusions,
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we have commented on them during our first parameter sweep and will not on subsequent sweeps,
unless these trends change.

We attribute the relative increase in chemotactic performance of agents able to twiddle in condi-
tions with reduced rotational diffusion to their capability to turn the cell. When rotational diffusion
is sufficiently small, an agent is unable to turn without twiddling, resulting in straight lined tra-
jectories. Given the concentration field is radial, and the paths are straight, this means there is a
maximum value of C' each agent can reach. A twiddle therefore enables a cell to reach increased nu-
trient concentrations under conditions where turning through normal twitching motility is restricted
(which is investigated further in Figure 61 after the discussion of parameter sweeps performed in
experimentally derived conditions).

Parameter sweeps for non-dimensional velocity, 8, are shown in Figure 54. A key feature of
all plots here is the improved performance of reversing cells at decreasing values of 3/8,. Reversing
cells continue to perform the best until 5/, approaches zero, where all conditions perform equally.
The equal performance arises due to the uniform random placement of cells at the simulation start,
where they remain for the entire duration when 5 = 0. In the early phase, we see ROME agents out

compete all others until a cross over at §/5, = 1.67 for both boundary conditions. Once beyond this

PBC No PBC

0.3

o
w

o
)
a
% 0

W

#

»
4

[=]
N
\
A
/)

Early phase
Co

o
=)
o

0.05

o
o

06 . . . 06

Late phase

Figure 54: Results of the S parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyp between 25,000 agents.

value, TOME cells perform best, however the increase is not large at the maximum value of our
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sweep. A similar crossover also exists for TO and RO cells, occurring at 5/, = 1.17. Once the
simulation reaches the late phase, the cross over is extremely small when periodic boundary condi-
tions are applied, however, it persists above /8, = 0.833 when periodic boundaries are removed.
During twitching motility, twiddles act to pause cell movement (cells rotate while their centroid
remains stationary), giving P. aeruginosa a greater opportunity of experiencing increased nutrient

concentrations if already in a high concentration region, or if quickly moving away from the source.

As velocity decreases, each agent will travel shorter distances in between reorientation events.
In the case where a cell either twiddles or reverses but not both (TO and RO strategies), the RO
strategy performs better than the TO strategy because the reorientation of the direction of travel
towards increased nutrient concentrations is instantaneous. The instantaneous turn means whilst
other cells are twiddling and remain stationary, those only capable of reversing travel towards larger
nutrient concentrations. However, if cell velocity is too great, agents risk overshooting the chemical
source or even becoming lost. Therefore, when cells travel at relatively large velocities, twiddling

causes them to pause in high concentration regions, acquiring more nutrients whilst doing so.

For cells at the same orientation and position in the simulation, twiddle exits and reversals have
equal probabilities of making the correct chemotactic decision. When moving with large velocities, the
pauses in translational movement twiddles generate allow our agents to experience larger nutrient
concentrations on average, as at increased velocities diffusion acts to drive agents away from the
nutrient source at a faster rate. As there appears to be an interplay between cell velocity, and the
amount time of agents spend stationary by rotating in a twiddle, which we investigate further in

Figure 62.

To better understand how the length of a pause in movement caused by a twiddle influences the
fitness of P. aeruginosa, we run parameter sweeps varying Prx (Figure 55). In all cases we have run

scenarios with RO and ROME agents (in which RO has half the reversal rate of ROME) to ensure

the simulation is functioning correctly, and to provide a comparison for very long and instantaneous
twiddles. In all cases, when logig (PTX> is suitably large, twiddles become instantaneous and are
effectively reversals, hence the convergence to RO and ROME like performance. It is therefore
expected that in the early phase, as logig (IBTX) decreases, the performance of twiddling cells drops,
as the response to the gradient becomes slower as the amount of time between a twiddle entry and
exit increases. For the late phase, as found at large a values (logg <PTX> < —3), behaviour types
with a greater number of twiddles and reversals (T+R and TOME strategies) perform similarly to
those with a reduced amount (TO and RO strategies). When logig (PTX) < =3, cells enter a twiddle

and do not leave as they have an extremely small probability of doing so. The similarity in Cypy in
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Figure 55: Results of the Prx parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyy between 25,000 agents.

between T+R, TOME, TO and RO agents with boundaries applied implies that entering a twiddle
and never leaving is just as effective as a strategy for acquiring nutrients as performing reversals at a
reduced rate (0.5]5R). The improvement arises in the case without periodic boundaries when agents
can become lost to the source if they do not enter a never ending twiddle.

Mainly included for completeness, parameter sweeps for varying Tk, are shown in Figure 56.
These sweeps effectively represent the base case however where agents are able to sample the angles
in a twiddle at a faster rate. As the angle of a cell has no bearing in over when a twiddle exit occurs,
the rate of sampling has no impact on the fitness of any behaviour type.

We now consider the gradient strength sensing parameters, beginning with w (Figure 57), which
represents the sensitivity of a bacterium to the chemical gradient. When w is small (w < 2), the
agents respond weakly to a chemical gradient, meaning there is a reduced bias in twiddle exit and
reversal direction. As w (2 < w) increases, the agents respond more accurately to a chemical gradient,
increasing their chemotactic bias. The increase in bias is reflected in rising Cau as w increases in
all scenarios. During the early phase ROME cells outperform all other behaviour types by a large
amount, most likely because they are able to quickly respond to the chemical gradient in comparison
to twiddles, which cause the cells to pause in one position. When w is sufficiently large, the chemo-

tactic decision will nearly always be correct, and therefore, reversals provide each agent with the
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Figure 56: Results of the T parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyy between 25,000 agents.

opportunity to always drive themselves instantaneously towards increased nutrient concentrations.
We see in Figure 51c that when chemotactic behaviour is present, reversing cells have the largest
RMSD, and therefore explore the surface at the fastest rate. If a cell is exploring the surface at a
fast rate and always making correct chemotactic decisions, it will likely navigate towards regions of
greater nutrient concentration rapidly, which explains why we see an increased performance in agents
that do not twiddle at large w. In contrast, twiddles cause a cell to pause and reduce translational
diffusion relative to reversals. As w decreases and the probability of making a correct chemotactic
decision falls, ceasing movement allows an individual to experience greater nutrient concentrations
for longer on average. Cells that are paused remain in regions with a large nutrient concentration,
whilst those only able to chemotax poorly continue to drift away due to diffusion. The increased
performance of reversing behaviour is present for large w in all cases, then as w decreases the benefit

of twiddling is seen in the late phase with no boundaries applied.

The second sensing parameter is ¥, representing the minimum value of chemical gradient sensed
that generates a chemotactic bias. As x gets larger, the minimum gradient required to perform
chemotaxis increases, until at one we are simulating the case with no chemotaxis. We observe that
as \ tends to one, the average concentration experienced decreases (Figure 58). In the early phase

at large x, we observe a tiny increase in the performance of agents that twiddle over ones that
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Figure 57: Results of the w parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyy between 25,000 agents.

reverse, most likely due to cells pausing as they diffuse away from the nutrient source. The effect of
chemotaxis is introduced as x approaches zero, where we see similar performance between TO and
RO agents, but an increased performance for cells that reverse for the T+R, TOME and ROME cases
in the early phase. The benefit of reversing diminishes in the late phase, with a negligible separation
in performance in twiddling agents when periodic boundary conditions are applied, however when
removed, there is a small benefit to twiddling. Taken together, as one might expect cells capable
of sensing smaller gradient strengths and are more likely to respond correctly and perform better.
Perhaps more importantly though, these sweeps on the chemotactic properties of our simulated
agents suggest once again, that reversing cells perform best in early time periods, and the benefit of
twiddling is found at later times.

We now consider how the region over which cells are initialised, I, and domain size, L has an
impact on the chemotactic performance of our agents. Considering the former first, we observe an
equal performance between T+R, TOME and ROME cells during the early phase for I < 3 (Figure
59). As I increases, we see ROME cells out competing all other behaviour types. TO cells have a
small advantage over RO agents when I < 2 but this advantage vanishes quickly as the initialisation
size increases. During the late phase, cells that twiddle outperform all others when I decreases

(f < 3) however, once I > 4.5 we see ROME cells perform highest and the fitness of TOME cells falls
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Figure 58: Results of the y parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyy between 25,000 agents.

rapidly for the periodic boundary case. We observe the same crossover when periodic boundaries
are removed but to a smaller extent. We attribute the improved relative performance of agents
that can twiddle at reduced I to the reduced diffusivity of TOME cells. As cells are already close
to the nutrient source, they have a large probability of staying there through biased twiddle exits
and experience a greater concentration of nutrients as they pause before undergoing reorientations.
However, when T increases (f > 5), the random placement of agents occurs over a greater area, the
increased diffusivity that reversals offer aid the agents in finding the nutrient patch. Of course, this
increase in diffusivity is helped by the periodic boundary conditions, as the agents are always within

a set distance of the nutrient patch and are capable of finding it in a shorter time period.

We now consider how L influences chemotaxis. As the no boundary case has no domain size it
has not been included here. We reach the anticipated result that smaller domain sizes improve the
chemotactic performance of all behaviour types, as the nutrient patch of the same size is confined
to a smaller area, increasing each agent’s probability of encountering it (Figure 61). Given the
agents are initialised in a region of fixed size 412 in an area of size 4L? it is likely that for large L
the simulation is essentially running without boundaries, as agents have not reached the edge in the
simulation time. We see a plateau in the stable phase as L increases, and the simulation behaves as

if there are no boundary conditions. With L discussed, this completes our parameter sweeps based

150



PBC No PBC

Late phase

Figure 59: Results of the I parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyy between 25,000 agents.

on experimentally derived parameters.

Early phase Late phase

0.7

0.35

—
QO ’ o T+R
TO
ozl ] 0.2 L R0
T~ |e-Tome
- 0.1 ROMEH]
0
O'154 6 8 10 12 14 16 4 6 8 10 12 14 16
L L

Figure 60: Results of the L parameter sweep for the early and late phase of the non-dimensional
simulation. The shaded region indicates the standard error in Cyp between 25,000 agents.

When discussing our sweeps of a and IBTX, it was noted that twiddles appear to benefit cells
in environments where rotation is restricted by allowing agents to turn, and that they appear to
allow cells to experience greater nutrient concentrations on average when velocity is large due to the
pause in movement they facilitate. To investigate these conditions further, we ran sweeps of 5 when
a = 0.0lag, and for Prx when 3 /Bo = 2. In the reduced «,  sweep we observe T+R agents out

competing all other behaviour types during the early phase when when /3y is small (8/5y < 1.167)
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(Figure 61). We noted previously that over short time periods, reversals offer a faster method of
climbing chemical gradients than twiddles when velocity is reduced. Here we see the combined effect
of reversals boosting chemotaxis at relatively small velocities, and twiddles enabling reorientation at
reduced rotational diffusion. The combined effect of the two behaviours makes the T+R strategy the
most effective at small values of 5. When /8y > 1.5, agents will begin to overshoot the nutrient
patch and the TOME strategy becomes more beneficial, due to the frequent pauses that occur during
twiddles. During the late phase, we observe reversing agents being out performed by those that can

twiddle for the majority of 3/ values. These benefits vanish during the advanced phase when
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Figure 61: Results of the o = 0.0lcg parameter sweep for the early and late phase of the non-
dimensional simulation. The shaded region indicates the standard error in Cypg between 25,000
agents.

periodic boundaries are applied, but are present when removed.

Finally, we consider the sweeps of Prx when 3/, = 2 (Figure 62). Compared to the equivalent
sweep when 3/8, = 1 (Figure 55), there is an overall reduction in the fitness of each behaviour
type. However, the performance of cells that twiddle compared to those unable to has improved
relatively. In the early phase, we see that as logig (PTX) decreases, twiddling strategies outcompete
the RO case, where as previously they performed worse. At logig (IBTX> = 0 we even see an increase
in performance in T4+R and TOME cells compared to ROME cells in the early phase where we

previously did not. In all cases we still observe the convergence to reversing behaviour with increasing
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logig <I5TX>. Considering the advanced phase, we see large improvements in all types of twiddling
behaviour. In fact, when logg (PTX) < —2 when cells enter a twiddle and do not leave, all behaviour
types match the performance of ROME cells with periodic boundaries, and when logyg (PTX) <-1
and no boundaries are applied they out compete ROME cells. With boundaries removed, fast cells
will become lost to the concentration gradient at a faster rate than slower ones, hence the more
notable difference between the boundary cases. Our original value of Prx is one, and we see that
in all cases when logig <15TX> is below zero, twiddling cells experience a boost in performance when

agents are allowed to become lost. By remaining stationary for long periods of time, cells are able

PBC No PBC

0.2

Early phase
Cn

o
o
52

0.2

Late phase
M

0.05

Figure 62: Results of the Prx parameter sweep with J3 /Bo = 2. The shaded region indicates the
standard error in Cypyp between 25,000 agents.

to outcompete those that do not pause and diffuse rapidly away from the nutrient source.

Through our parameter sweeps we have identified that a balance of physical and biological pa-
rameters dictate how twiddles and reversals contribute to chemotaxis and influence the overall fitness
of twitching bacteria. We found that reversals increase the ability of a cell to move across a surface
at faster rates, increasing the probability of finding a nutrient patch and subsequently climbing up
gradients towards one. As velocity decreases, reversals become much more beneficial than twiddles,
as their instantaneous action enables the rapid climbing of chemical gradients. The instantaneous
nature of reversals also aids agents capable of making correct chemotactic decisions quickly, as in-

stantaneous reorientations are made if moving away from a chemical source, where as twiddles take
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time.

When at the same coordinates and orientation, twiddles and reversals have equal capacity to drive
agents towards increased nutrient concentrations, and therefore the time it takes to perform a twiddle
is a key distinction between the two behaviour types. We even observe twiddles acting like reversals
once Prx is suitably large. The most obvious benefit as shown by our sweeps, is that twiddles
enable the turning of a bacterium when rotational diffusion from twitching motility is restricted, as
identified by the better performance of twiddling cells when « is reduced compared to those that
only reverse. We then see twiddling cells displaying improved fitness in conditions where otherwise
diffusion would cause our agents to become lost from the nutrient patch rapidly, including at large
velocity, and when it is challenging for a bacterium to sense the chemical gradient, as there is no
chemotactic bias. Additionally, when cells are initialised close to the chemical source, twiddling cells
perform most highly, implying that they help prevent a cell becoming lost once cells have reached a
sufficiently large nutrient concentration region.

Therefore, we conclude that twiddles and reversals contribute to chemotaxis and therefore cell
fitness in different ways. Reversals appear to aid P. aeruginosa in finding a nutrient patch due to the
rapid exploration of a surface they facilitate, and allowing them to climb chemical gradients quickly.
Reversals can be detrimental if employed in certain regimes, such as when cell velocity is large, and
are more likely to cause a cell to become lost to the nutrient patch over time. Twiddles therefore
aid in preventing an individual from becoming lost by limiting translational diffusion through their
pauses. After a pause and rotation, twiddles are able to redirect a cell back towards a nutrient source
through a biased exit, and are crucial in reorienting a cell when rotation in normal twitching motility

is restricted.

5.3 Discussion

Through performing time-lapse microscopy on surface-associated P. aeruginosa at the interface be-
tween glass and liquid, a novel form of twitching behaviour called twiddling has been identified. A
twiddle involves the persistent rotation of the cell body via pili retraction at both cell poles, differing
from normal twitching motility that is normally driven by pili retraction at a single pole [179]. In
the presence of a chemical gradient, we found that twiddle exits display a bias of direction towards
increasing chemoattractant concentrations. Therefore, we sought to investigate if and how twiddles
give P. aeruginosa a fitness advantage through chemotaxis.

We experimentally quantified the behaviour of P. aeruginosa cells in the presence and absence

of a succinate gradient, showing that cells display a bi-bias chemotaxis strategy, elevating the rate
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of correct reversals and correct twiddle exits and suppressing the respective incorrect behaviours
that reorient cells towards reduced concentrations of nutrients. A non-dimensional model of bac-
teria performing chemotaxis through biased reversals and twiddle exits was developed using these
experimentally derived parameters, allowing for parameter sweeps to simulate different conditions
under which twiddles are more or less beneficial to chemotaxis and overall cell fitness. We found that
twiddles and reversals bring different benefits to bacterial chemotaxis and overall fitness. Twiddles
allow for the reorientation of cells towards the nutrient source when rotational diffusion is reduced,
and they also act to reduce translational diffusion, which helps to prevent P. aeruginosa becoming
lost from nutrient patches. Additionally, when already in regions of large nutrient concentration,
twiddles show an increased ability over other behaviours to keep a cell at that location. Reversals on
the other hand allow cells to quickly climb chemical gradients and elevate the level of translational
diffusion, meaning they could be used as a strategy to search larger areas of a surface for a nutrient

source.

Both reversals and twiddles have a chemotactic element to their behaviour that propels P. aerug-
tnosa towards increased nutrient concentrations, but our results hint that the two behaviour types
could have evolved for different purposes. Reversals act to increase translational diffusion to find a
nutrient source and climb it quickly, where as twiddles act to keep a cell in a region of large concen-
tration. P. aeruginosa has already been shown to employ differing twitching behaviours depending
on nutrient concentration, showing a greater tendency to explore a surface in nutrient devoid condi-
tions, and cease movement when conditions are favourable [74]. However, this work did not identify

twiddles, and does not consider how chemotaxis influences bacterial movement.

Previous studies have highlighted the ability of P. aeruginosa to use twitching motility in diverse
ways, for example, walking upright on one pole or using slingshots to explore surfaces at a faster
rate than conventional twitching motility [32, 34, 39]. The work described in this chapter is part of
a wider body of research that seeks to understand the forms of twitching motility not yet reported.
Here, our non-dimensional model seeks to understand how twiddles and reversals could provide P.
aeruginosa with an increase in fitness through improved chemotaxis. In other lines of study, we are
also seeking through modelling and experiment to understand how the rotation of twiddles arises

through TFP retraction.

Despite the information discovered on how twiddles and reversals contribute to chemotaxis and
cell fitness, there are still areas of this research that need further exploration. Our results hint that
twiddles keep P. aeruginosa in nutrient dense regions and it would be instructive to investigate

this phenomenon further, both experimentally and through simulation. For instance, it would be
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instructive to compare the rates and durations of twiddles in different nutrient regimes.

We propose a model of twitching motility in which twiddles and reversals both have chemotactic
potential and the capability of influencing the amount of translational diffusion displayed by a cell.
We possess some preliminary experimental validation for this claim in that cells enter twiddles more
often in TB + succinate (an additional carbon source) compared to TB (Figure 44). We therefore
hypothesise that P. aeruginosa activates twiddles when it senses a nutrient concentration that is suf-
ficiently large, and given twiddles are capable of facilitating chemotaxis, the opportunistic pathogen
never ceases to try and improve its fitness further through biasing its rate of twiddle exits towards
larger nutrient gradients.

Then there are modifications to the simulation that can be made to make it more compar to na-
ture. We used a steady Gaussian shaped nutrient distribution in our model, which bears resemblance
to those that occur in nature [183]. However, food sources often arise and are then consumed i.e.
they can be highly transient [79]. Alternatively, we could have considered a nutrient distribution that
could be depleted over time due to the agents actively consuming nutrients. Then we could compare
different chemotactic strategies head to head, by allowing them to compete for the same nutrient
source. Our simulations are also run with a finite number of individuals, however, bacteria increase
their rate of division when nutrient conditions are more favourable. Therefore, the simulation could
be modified so that the agents are able to divide at different rates, depending on their past exposure
to nutrients. Then we could potentially change our measure of fitness to instead consider the overall
number of agents at the end of the simulation [92]. In addition, we could explore a more ephemeral
nutrient landscape where patches spontaneously appear in random locations and then diffuse away
[186], such that agents must rapidly accumulate in nutrient patches before they vanish.

We set out to understand how a novel form of twitching behaviour, twiddling, could potentially
benefit cell fitness through chemotaxis. Using experimentally derived parameters, we constructed a
non-dimensional simulation of P. aeruginosa performing pili-based chemotaxis mediated by rever-
sals and twiddles, that exhibit a bi-bias response strategy. Although we see that reversals quickly
drive cells towards greater nutrient concentrations, cells unable to twiddle can find themselves lost
and unable to return to the nutrient patch if moving too quickly. We therefore conclude that both
behaviours enable chemotaxis, however each serve different purposes. Reversals act to increase the
amount of surface exploration and the rapid climbing of chemical gradients through their instanta-
neous action, whereas twiddles enable rotation when cells experience limited rotational diffusion and

keep P. aeruginosa in regions of increased concentration for as long as possible.
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6 Conclusion

In this thesis we have investigated how the opportunistic pathogen P. aeruginosa navigates surfaces

using twitching motility during biofilm formation.

We first showed that P. aeruginosa cells tend to align their twitching motility in the same direction
as their neighbours both in the bacterial monolayer and at the edge of the colony, where it likely
helps to facilitate colony expansion. We then showed that reversals help drive this collective polar
behaviour, by demonstrating that cells tend to reverse at greater frequencies when moving against the
collective than when they move with it. Our findings indicate that P. aeruginosa uses mechanosensing
to sense its movement relative to that of its neighbours to actively polarise its collective movement.
While bacterial colonies have previously been modelled as a nematic system, the collective behaviour
we observed may help to both distribute the transport of nutrients into the interior of bacterial
colonies through the maintenance of active turbulence, and to facilitate the collective expansion of
colonies by allowing them to spread more rapidly and thus better exploit nutrients further afield
[147]. Our work provides excellent motivation for future modelling studies to investigate how the

behaviour of individual cells affects collective movement by helping to facilitate polarisation.

We then investigated the processes that drive pili-based chemotaxis of solitary cells on surfaces.
We developed an individual-based model of P. aeruginosa responding to a two-dimensional chemical
gradient, which was motivated and parameterised using experimental observations. We found that
twiddles and reversals each can drive chemotaxis, but show differences in the parameter regimes where
they are found to be most effective. Twiddles enable a cell to access larger nutrient concentrations
when rotational diffusion is relatively weak, when cells move more rapidly, or when the cell’s have
a relatively weak chemosensory response. Reversals on the other hand were found to allow cells to
more rapidly accumulate in nutrient patches compared to twiddles. We therefore propose that P.
aeruginosa has evolved both orientation behaviours to maximise their ability to position themselves

within nutrient sources across a wide diversity of different environmental conditions.

To perform the research in this thesis, we have developed a number of new techniques. In
particular, we have developed an automated image analysis pipeline that can quantify the distribution
of fluorescent proteins within bacterial cells and how they depend on both individual and collective
movement. This pipeline is sufficiently general that one could apply it to a number of other rod
shaped organisms and across a wide variety of different experimental assays. Thus, these tools could
potentially be used to interpret the how cells distribute proteins within their bodies in response to

a range of different environmental stimuli to understand how bacteria regulate emergent collective
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phenomena that occur when they are tightly packed together [64]. For example, one might expect
groups of cells to localise proteins in a particular pattern as they collectively respond to gradients of

nutrients, surfactants, antibiotics, or light.

The non-dimensional model developed to investigate pili-based chemotaxis also could be extended
to look at how bacteria have evolved to respond to more realistic chemical environments that both
vary in time and contain multiple localised hotspots of nutrients with different strengths. In addition,
this model could also be extended to understand the behaviours that cells exhibit when they are
confronted with contain gradients of more than one chemical — a scenario frequently encountered in
biofilms where cells often experience opposing gradient of nutrients and waste products [109]. Our
simulation could also be extended to include cell division to investigate how each behaviour type
could affect average cell fitness. Within a nutrient rich medium P. aeruginosa can undergo division
in 30 minutes [187], meaning over the course of our five week-long simulations each agent has the
potential to divide 1680 times. However, division rates in the natural environment are expected to
be much smaller than that typically observed in optimised laboratory conditions. Recent work from
our group has shown that P. aeruginosa uses pili-based motility to actively chemotax towards the
clinical antibiotics that are used to treat infections. When confronted with steady, opposing gradients
of nutrients and antibiotics, cells first move towards the nutrients before ultimately changing course to
move towards the antibiotics [81]. Our model could thus be extended to interpret how cells process
and combine information from multiple stimuli. In particular, it could be used to methodically
interpret how the response to multiple stimuli can be related to the responses observed to each

stimuli individually.

This thesis has focused on identifying the movement behaviour that bacteria use to respond to
their local environment and how it affects their ability to navigate both individually and collectively
as a group. This work constitutes an important step towards understanding the strategies that
bacteria use to move across surfaces. A deeper understanding of pili-based motility might ultimately
allow us to engineer bacterial communities to our advantage, with many potential applications across
medicine by preventing or eradicating infections [109], in agriculture to facilitate the symbiosis of
plants that cannot fix nitrogen with bacteria on their roots that do [188], and in biotechnology, to

pattern bacteria on surfaces in specific spatial orientations [189].

The work performed in this thesis has revealed that bacteria moving on a surface through twitch-
ing motility are able to modify their movement behaviour to influence the physical properties of
themselves and the collective. With these discoveries also come new questions, which we hope are

investigated further, perhaps through collaboration, and just like cells at the colony edge will push
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our understanding of the stunning dynamics observed into currently unknown territory.
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