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Abstract

Bacteria are one of the most widespread kinds of microorganisms that play essential roles in many biological
and ecological processes. Bacteria live either as independent individuals or in organized communities. At the
level of single cells, interactions between bacteria, their neighbors, and the surrounding physical and chemical
environment are the foundations of microbial processes. Modern microscopy imaging techniques provide
attractive and promising means to study the impact of these interactions on the dynamics of bacteria. The aim
of this dissertation is to deepen our understanding four fundamental bacterial processes — single-cell motility,
chemotaxis, bacterial interactions with environmental constraints, and their communication with neighbors —
through a live cell imaging technique. By exploring these processes, we expanded our knowledge on so far
unexplained mechanisms of bacterial interactions.

Firstly, we studied the motility of the soil bacterium Pseudomonas putida (P. putida), which swims through
flagella propulsion, and has a complex, multi-mode swimming tactic. It was recently reported that P. putida
exhibits several distinct swimming modes — the flagella can push and pull the cell body or wrap around it.
Using a new combined phase-contrast and fluorescence imaging set-up, the swimming mode (push, pull, or
wrapped) of each run phase was automatically recorded, which provided the full swimming statistics of the
multi-mode swimmer. Furthermore, the investigation of cell interactions with a solid boundary illustrated an
asymmetry for the different swimming modes; in contrast to the push and pull modes, the curvature of runs
in wrapped mode was not affected by the solid boundary. This finding suggested that having a multi-mode

swimming strategy may provide further versatility to react to environmental constraints.

Then we determined how P. putida navigates toward chemoattractants, i.e. its chemotaxis strategies. We
found that individual run modes show distinct chemotactic responses in nutrition gradients. In particular, P.
putida cells exhibited an asymmetry in their chemotactic responsiveness; the wrapped mode (slow swimming
mode) was affected by the chemoattractant, whereas the push mode (fast swimming mode) was not. These
results can be seen as a starting point to understand more complex chemotaxis strategies of multi-mode

swimmers going beyond the well-known paradigm of Escherichia coli, that exhibits only one swimming mode.

Finally we considered the cell dynamics in a dense population. Besides physical interactions with
their neighbors, cells communicate their activities and orchestrate their population behaviors via quorum-
sensing. Molecules that are secreted to the surrounding by the bacterial cells, act as signals and regulate
the cell population behaviour. We studied P. putida’s motility in a dense population by exposing the cells to
environments with different concentrations of chemical signals. We found that higher amounts of chemical
signals in the surrounding influenced the single-cell behaviourr, suggesting that cell-cell communications may

also affect the flagellar dynamics.

In summary, this dissertation studies the dynamics of a bacterium with a multi-mode swimming tactic
and how it is affected by the surrounding environment using microscopy imaging. The detailed description
of the bacterial motility in fundamental bacterial processes can provide new insights into the ecology of
microorganisms.
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Chapter 1
Introduction

Bacteria play prominent roles in the world, in many respects. They are remarkably diverse
and live everywhere on earth, from the deepest parts of the ocean to the inside of human
intestines. However, they have in common amazing properties. They are mostly single
cells, and have evolved remarkable flexibility to interact with changes in physicochemical
conditions. Chemical, thermal, and mechanical signals, as well as electric and magnetic
fields, can be sensed by bacteria [1]. They manipulate their behavior in response to these
cues and propagate all over the earth [2]. They have a wide variety of shapes and different
size, from 0.5 to 4 um in width and from 2 to 50 um in length [3]. They also exhibit
social communications through their signaling pathways inside the cells and their secreted

chemicals.

Cell motility has crucial functions in a broad range of cellular activities. Most bacteria are
motile and have various mechanisms to mediate motility. [4]. Bacterial swimming through
flagella propulsion is one of the most widespread forms of cellular locomotion, that plays an
essential role in many biological processes such as the infections spreading or formation of
biofilms [2]. They propel themselves by rotating helical flagella, that are attached to their
cell bodies. During continuous rotation of the flagellar motors, cells propagate in straight
“runs”. Any interruption of the flagella (either bundle or single flagellum) rotation harmony
brings the cell into the “event”, by which the cell changes its direction of motion. This

29 6 29 4¢

interruption events can be “tumble”, “stop”, “reversal”, or “flick”. Throughout the “tumble”,
the flagella bundle falls apart as a result of changing motor rotation of at least one of the
flagellar, e.g. peritrichous Escherichia coli [S]. In some bacterial species, e.g. monotrichous
Rhodobacter sphaeroides [6], the periodic pausing of the motor rotation helps the cell to

change the direction. Finally, the monotrichous Vibrio alginolyticus cells redirect either



2 Introduction

with “reversal” (through the reversal of the motor rotation direction), or “flick” (through the
buckling instability of the flagellum hook) [7, 8].

The bacterial species of our interest Pseudomonas putida (P. putida) is a soil bacterium
and has both capability to support the corps and to protect the plant from different pathogens.
They degrade a wide variety of chemicals (many natural and artificial compound) in soil [9]
and establish mutual relationships with the plant by feeding on root exudates and releasing
siderophores, antibiotics and biosurfactants [10]. They can sense chemical gradients and
respond to them using flagella or pili coupled to a chemosensory system [11]. In terms of
flagellation, they have a bunch of flagella inserted the pole of cell to form a tuft [12]. The
chemosensory system of P. putida is more complex than E. coli. However, the canonical
chemotaxis system in P. putida is expected to be similar with E. coli [11]. One of the
preliminary studies to understand the P. putida swimming tactic showed that the cells swam
in the straight “run” and occasionally changed the swimming direction either with “turn”
or “stop” [13]. Moreover, the swimming speed of the “run” phase can be altered by the
factor of two on average when the cell reverses the direction of the motion [14]. Detailed
observations using high-speed video microscopy of fluorescently tagged flagella revealed
the significant information of the flagella dynamics [15]. Counterclockwise (CCW) rotation
of the flagella establish the bundle that pushes the cell forward; clockwise (CW), it pulls
it backward. Furthermore, it is revealed that the CW rotation establishes another distinct
run state; wrapped mode with the covered flagella bundle around the cell body while it
swims in a corkscrew motion (also found in three different bacterial species [16—18]). These
features make P. putida a valuable model system to better understand the swimming tactic of

multi-mode swimmers.

In this thesis, we capture the dynamic nature of P. putida with a multi-mode swimming
strategy using live imaging techniques. We develop a new framework to investigate the
influence of flagellar bundle configuration on fundamental processes such as cell motility,
chemotaxis, and bacterial communication. We start with an introduction that gives a review
of the whole biological and physical phenomena involved in the bacterial motility in general.
In chapter 2, we present a review of selected contributions to advance our knowledge of
the fundamental biological and physical features in bacterial motility and chemotaxis from

single cells to collective motion.

In chapter 3, we explain our new established digital imaging set-up which broadly utilized
to reveal the P. putida dynamics. Besides the economic privilege of the novel high-speed
microscopy, it captures the images with adequate resolution to visualize the flagella dynamics

of every single cell body displacement and reorientation. The temporal/spatial resolution



of the set-up can be more beneficial for the statistical reliability of the bacterial dynamics.
Moreover, the image processing techniques and the data analysis approach will be elucidated
in this chapter. The imaging set-up, together with the image processing and data analyzing
approaches, founded a baseline for the experimental and theoretical findings.

In chapter 4, the quantitative description of the motility pattern of P. putida is clarified.
The noticeable aspect of this study originates in the reliable quantitative information of P.
putida dynamics with different flagella configurations. The new established microscopy
set-up enables us to reveal the full swimming statistics of a multi-mode swimmer, including

the transition rates between the different run states.

In chapter 5, we present the analysis of P. putida swimming near the solid boundary by
taking advantage of the set-up introduced in Chapter 3. We found out that the hydrodynamic
interaction of bacteria with a solid boundary could influence push mode; The bacterial cells
during push mode moved in a circle, close to the solid boundary. However, the wrapped

flagellar bundle did not display any interaction with the surface.

In chapter 6, we display the responses of E. coli and P. putida to the gradient of nutrition.
Together with my collaborators, we proposed the robust methodology to describe E. coli
dynamics in a nutrition gradient. Furthermore, we discovered the asymmetry of the chemo-
taxis response of P. putida’s different run modes. In a joint attempt with our collaborator
Robert Grossman, we developed an active particle model of multi-mode swimming to better
understand the influence of this asymmetry on the chemotactic motion of the bacteria in the

long-time limit.

Finally, we address the bacterial motility in the crowded environment. In this project,
a detailed analysis of the population-scale swimming statistics was performed to study the

influence of cell density on bacterial cell motility.






Chapter 2

General introduction

2.1 Motility by means of flagella

2.1.1 Structural features

Bacteria can swim in aqueous environments by means of the flagella. Typically each flagellum
contains a complex rotary nano-machine and a passive filament of up to 10 um length, and
40 nm diameter. The flagellum of gram-negative bacteria, e.g. E. coli, consists of three parts:
the complex basal body, the hook, and the filament (Fig. 2.1).

The basal body is embedded in the cell wall and consists of a set of protein disks that
bridges three layers of the cell envelope, termed as MS, P, and L ring [19]. The L and P rings
are located within the outer membrane and the peptidoglycan layer, respectively [20, 21].
The inner-membrane spanning MS ring is made of a single protein FliF. The switch complex
c-ring is located beneath of MS-ring and comprises FliG, FliM, and FIliN. It is equipped
with an active system to export the components of the hook and the filament structures
used to assemble them [4]. This part of the basal body has a rotary motor function. The
flagellar motor components are the stator (stationary element) and the rotor (rotating element).
The power that drives the flagella rotation is provided by a transmembrane electrochemical
gradient through the stators (MotA/MotB in Fig. 2.1). The electrochemical energy is
converted into torque via the interaction of the stator and rotor. The flux of ions across the
stator drive conformational changes [23, 24]. These conformational transitions induces the
interactions between MotA of the stator and the rotor protein FliG [25, 26], and finally can
whirl the rotor in either a counterclockwise (CCW) or clockwise (CW) direction (as seen
from behind).
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Flagellar
filament

Hook-associated
Flagellar proteins
hook

(switch)

Fig. 2.1 The bacterial flagellum of E. coli contains three parts: a complex basal body, a hook,
and a filament. Many bacteria swim through liquids by using filaments propelled by a rotary
motor. The core of the motor is the basal body. The basal body spans three layers of the cell
envelope: outer membrane, peptidoglycan cell wall, and cytoplasmic membrane. The proton
flow through roughly eleven force-generating units (MotAB complexes) generates force to
rotate the flagella. Taken from [22].

The second part of the flagellum is the hook. It is a short flexible cylindrical structure with
a 50-100 nm length and ~ 20 nm thickness [27]. The specific physical properties of the hook
are vital for bacteria motility. Researchers in Ref. [28] confirmed that changes in the stiffness
of the E. coli hook caused a loss of bundle formation during swimming. Furthermore, a
buckling instability of the hook is the key factor for the reorientation of monotrichous marine

bacterium Vibrio alginolyticus [8].

The third component of the bacterial flagellum is a helical polymer filament, with ~
20 nm diameter. Both hook and filament are tubular structures made of protofilaments. The
flagellar hook protein E (FIgE) and flagellin (F1iC) are the bulding blocks of the hook and
filament, respectively. Eleven protofilaments are self-assembled to form the tubular structures
[29, 30].

2.1.2 Polymorphic transition

The flageller filament is a rigid structure but can transform between distinct polymorphic
shapes [31-33]. Many factors influence the shape of the filaments such as the sequence of
the flagellin, the pH, ionic strength, and torsional load [23]. The protofilaments have two

conformation states, which is called L and R-types (R and L refer to the twist direction). The
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Filament length (pm)

=

000600000000
Fig. 2.2 The scheme of the 12 polymorphic shapes of bacterial flagellar filaments. Number 0
and 11 are the straight filaments. The rest of them are true helices. Among the non-straight
shapes, 3 are left handed (numbers 1-3). Polymorphic number 2 is called normal filament.
Of the 7 non-straight right-handed polymorphic shapes, the semicoiled (number 4), and the

curly (number 5) are the polymorphic transitions while the flagella bundle is disassembled.
Adapted from [34].

electron cryomicroscopy and X-ray diffraction studies of filaments indicated that there are
two conformations of the filaments helix (number O and 11 in figure 2.2); The filaments can
twist into either right-handed helix or left-handed based on the handedness of the monomer
twist. They also showed that the right-handed filaments are slightly shorter than left-handed
ones with 0.8 A difference [35]. Those straight filaments are made when all of the monomers
twisted into the same direction. The ratio of the left-handed and right-handed protofilaments
make the various conformations. Between these two straight shapes, 10 helical filaments

polymorphic states are possible which are molecularly and mechanically stable [31, 36].

The flagellar filaments of free swimming cells showed the precise dynamics of polymor-
phic transitions in different bacteria species. E. coli during the “run” state has the filaments
with the “normal” polymorphic shape (number 2 in figure 2.2). Both “semicoiled” (number
4 in figure 2.2), and “curly” (number 5 in figure 2.2) are the forms in the “tumble” state.
The transformation of “normal”, “semicoiled”, “curly”, and eventually back to “normal”
is more likely used by wild-type swimming bacteria [37]. The monotrichous bacterium
Rhodobacter sphaeroides utilizes a much simpler flagellar polymorphism. As same as E. coli,

the left-handed “normal” form is used for bacteria to swim forward. For the reorientation,
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bacteria switch off the motor and stop. The flagellum form the coiled conformation during a
stop (number 3 in figure 2.2) [38, 39].

2.1.3 Energy source and dynamics

The flagellar motors are powered by ion flows moving from the outside to the inside of a
bacterial cells. In fact, the stators in the flagellar motor act as selective ion channels. The
coupling ions of the stator can vary in bacterial species. Some of the bacteria like Vibrio
species are Na'-driven type, and bacteria such as E. coli are H " -driven type. The driving
force for a single ion passing through the cytoplasmic membrane is ion-motive force (IMF).
The IMF contains two components: an electric voltage and a chemical gradient across the
membrane. It can be defined as:

IMF =V, +kgT /qIn(C;/C,), 2.1)

where V,, is the electrical potential (inside minus outside) which is defined as free energy per
unit charge, ¢ is the charge, C; and C, are internal and external concentrations of the coupling
ion, respectively. With a typical physiological IMF of around —150mV, the free energy of a
single ion passage through the cell membrane is ~ 6 kpT [40].

As mentioned earlier, each flageller motor contains two parts, the stator and the rotor.
Each rotor is surrounded by up to 11 stators units and each stator can be an independent force-
generating unit [41, 42]. The ion flow across the channel causes conformational changes in
the stator, which work on the rotor to drive rotation. Furthermore, the stator ring system is a
highly dynamic complex and can be either incorporated into or dissociated from the rotor
in response to ions concentration alternation and different levels of viscous drag [43—48].
This exchangeable ability of the stators between motors and a membrane-bound pool might
regulate the motor rotation behavior.

The biochemical/physical and structural characterization of the stator is hindered by
the membrane-embedded nature of it. For that reason, the detailed mechanochemical cycle
of the flagellar motor mechanism is still unknown. The best biological probe candidate
to understand the mechanochemical cycle of torque generation is the relationship between
torque and rotational speed [49]. Measurements of this relationship have been determined in
different bacterial species with smooth-swimming (CCW rotating) via various methods and
over a wide range of loads [50-56]. In all these cases there is a plateau of nearly uniform
torque up to particular low speeds, then a sharp shifts into a near-linear reduction in torque
at high speeds [40]. The torque-speed plot for E. coli with only CW rotation showed quite

different behavior; There is no plateau regime, motor torqued decreased linearly with speed
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Peritrichous Polar monotrichous

Escherichia coli Pseudomonas aeruginosa

Polar lophotrichous Polar amphitrichous
Photobacterium fscheri Ectothiorhodospira halochloris

1 um

Fig. 2.3 Flagella arrangement in different bacteria species. (a) Peritrichous Escherichia coli.
(b) Polar monotrichous Pseudomonas aeruginosa. (c) Polar lophotrichous Photobacterium
fischeri. (d ) Polar amphitrichous Ectothiorhodospira halochloris. Adapted from [34].

[57]. The researchers speculated that higher speed of the swimmer (while the motors rotate
CCW) improve the ability of cells to perceive variations in local concentrations of chemicals.

The torque-speed relation is a critical test of any theoretical rotational motor model.

2.1.4 Arrangement of flagella

The arrangement of the flagella on the cell body of different bacteria species is various
(figure 2.3). The peritrichous bacteria are covered by multiple flagella distributed randomly
at various positions on the cell body. The peritrichous flagellated E. coli is chosen as a
model organism to study the cell motility and chemotaxis. Flagellated monotrichous bacteria
possess a single flagellum at the cell pole. The lophotrichous bacteria, e.g. P. putida, have
multiple flagella located the same spot on their body. Amphitrichous bacteria with a single

flagellum on each of the two opposite ends.

2.1.5 Swimming tactics

Our understanding of bacterial locomotion has long been shaped by the knowledge on E.
coli. The peritrichous E. coli have four to eight helical flagella contributed from random

points on its cell body [2]. Each flagellum is powered by a bidirectional rotary motor. The
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swimming pattern of E. coli is ‘run-and-tumble”. During the “run” episode, all the flagellar
motors rotate CCW (as seen from behind). Because of hydrodynamic interactions, all the
flagella are assembled as a helical bundle. The flagellar bundle propels the cell body in a
nearly smooth path at ~ 30um/s. When at least one flagellum changes its rotational direction
(CCW to CW), the bundle falls apart. During this episode (also known as “tumble”), the
cell changes the direction randomly. Other bacterial species have different swimming tactics
rather than the classic “run- and-tumble”. The common behavior of all of the species is that
they have a longer episode, a “run”, which bacteria swim relatively long in a smooth path.
The “run” episode is interrupted by the short unstable phase, an “event”, that makes the cell
to randomly choose a new direction to explore better the environment. The monotrichous
V. alginolyticus has two sets of events: The first “event”, reversal, is the result of changing
the rotation direction of the flagellum motor. When the flagellum rotates CCW, it pushes the
cell body forward. In contrast, if the motor rotation direction changes to CW, the flagellum
pulls the cell body backward. The reorientation angle for the reversal is around ~ 180°. The
second “event” is called flick. Bacteria in the forward swimming reorient roughly ~ 90°
through a buckling instability of the flagellum hook [7, 8]. But this is not the same for all
of the bacteria with monotrichous flagellation. The monotrichous Rhodobacter sphaeroides
represents another motility tactic. During the “run” state of Rhodobacter sphaeroides, the
flagellum rotates CW and drives the cell forward. The runs are interrupted by periodic motor
stops. Rotational diffusion during the stop event serves as a mechanism of reorientation. In
this phase, the flagellum filament also displays polymorphism (forms a relaxed coiled shape)

[6].

2.2 Life at low Reynolds number

2.2.1 Swimming at low Reynolds number

The microorganisms, such as bacteria, encounter some constraints when swimming in the
aqueous environment. The behavior of bacteria in the water is affected by those physical
constraints. The most important of the constraints are imposed by the laws of low Reynolds
number flows [58]. Swimming movement involves the interaction between the body of the
swimmer and the induced flow in the environment. To bacteria, water appears as a laminar
flow with sever viscous drag many orders of magnitude stronger than inertial force. In fact,
bacteria are dealing with fluids in the low Reynolds number regime. The Reynolds number of
a particle moving at the velocity of v through a fluid is defined by the ratio of two expressions;

the inertial forces and the viscous forces. It is defined as a single dimensionless scaling
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parameter
inertial force  Lvp

, (2.2)

viscous force n

where L is the size of particle, p is the density of fluid, and 1 is its dynamic viscosity.
To understand this number better, if we try to swim through honey, we will experience a
Reynolds number of Re ~ 10~ while bacteria may feel Re ~ 10~> when they swim through
water [59].

For small Reynolds numbers Re < 1, the Stokes equation describes the characteristics of
the flow regime,
Vp=nV3U, (2.3)

when U is the velocity vector field, and p is the pressure scalar field.

Since inertia is absent at low Reynolds number, any non-zero resultant force acting on an
object gives rise to infinite acceleration. Accordingly, the total net force and torque will be
at all times zero. For a freely swimming E. coli, the thrust generated by the helical flagella
balances the viscous drag of the cell. Also the torque applied by the flagellar motors on
the filaments is balanced by the counter-rotation of the cell body. As soon as the driving
force stops, this condition enforces the cell to decelerate immediately and brings it to a stop.
Another interpretation of the Reynolds number is the ratio of the hydrodynamic relaxation
time T ~ L?p /1 and the time required to travel the distance L, 74,5 ~ L/v. This ratio
also produces the equation 2.2. For an E. coli of size 1 ps swimming through water at a speed
of 10 um/s, Tyejqr = 1 us, and Ty, = 0.1s. Imagine E. coli stops swimming; it will then
decelerate according to Newton’s law in 0.1 us and eventually stops. In the other way, a fluid
element needs 0.1 ps to be in mechanical equilibrium with its surrounding and bacteria reach

the steady-state motion almost instantaneously.

The time-reversibility of flows, which are described by the time-independent Stokes
equation, is another feature of the low Reynolds number regime. If a swimmer executes
geometrically reciprocal motion (identical shape changes in back and forth motion) at low
Reynolds number in a Newtonian fluid, the net displacement must be zero [58, 60]. In order
to produce a net displacement, locomotion generally requires non-reciprocal motion. Mi-
croswimmers such as bacteria break the time-reversal symmetry using wave-like deformation

of the flagella, or the rotation of helical filaments.

The flagellar propulsion is one of many tactics used by bacteria that live at low Reynolds
number. Propulsion by flagellar rotation can be illustrated via resistive force theory (RFT)
[62]. In this theory the motion of a single flagellum is modeled as a wave moving through a

viscous fluid producing net propulsion [61, 63]. RFT basically splits the flagellum into short
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Fig. 2.4 Drag based flagellar propulsion model: based on resistive force theory, the flagellum
is split into short linear segments. The individual segment is propelled with the velocity u.
The rod feels local drag by the surrounding fluid. A net propulsion force is generated by
means of the drag anisotropy. Taken from [61].

linear segments (2.4). Each segment moves with a velocity # at an angle 6. The velocity can
be split into two components, | = usin0 and , U|| = ucos 0 with u = |ii|. Therefore the drag
per unit length components are defined as: f) = C,uy = usin@ and f| = ju = {jucos 6.
£ and C” are the corresponding drag coefficients (typically £, /{ | &~ 2). This means that the
viscous drag on a segment moving perpendicular to its principal axis is approximately two

times larger than the one for parallel movement. The propulsive force is defined as
Fprop :2(CH —CL)usinG.COSQex (24)

In order to produce a net propulsion, both the filament velocity i and its angle 8 must vary
periodically in time. For instance, if # — —# and 6 — & — 0, the sign of the propulsive force
is constant; in contrast, periodically changing only @i — —u with constant 0 leads to zero

average force.

2.2.2 Swimming near surfaces

A physical boundary, e.g. swimming close to a solid wall, strongly affects bacterial dynamics.
The boundaries induce a couple of different affects. One is changing from straight to circular
motion when viewed from above the surface. This behavior was observed experimentally
for the “pusher” swimmer E. coli [65, 66]. When the bacteria are exposed to the boundary
surface from one side, they experience a net lateral drag force near the surface which induces

a torque acting on the cell [64].
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Fig. 2.5 Circular swimming of a bacterial cell near surface. (A) Hydrodynamic effects on the
bacteria swimming near the surface boundary induce a torque on the cell to induce circular
swimming (dashed blue arrow). The cell body and the flagellar filament rotate in opposite
directions, red arrows. The flagella are subject to a force to their left and the cell body to its
right, blue arrows. (B) Spatial distribution of the drag forces on the top and bottom of both
cell body and flagella. Adapted from [64].

As a result of swimming near boundary surfaces, the drag force symmetry acting on
the top and bottom of both flagella and cell body is broken, see Fig. 2.5B. As mentioned
in section 2.2.1, flagellar propulsion is balanced by a counterrotation of the cell body (red
arrows in Fig. 2.5A). The cell body experiences a hydrodynamic force at a right angle with
respect to its direction of motion. In the case of E. coli, the cell body rotates CW. Similarly,
the flagella are subject to a force in the opposite direction as the cell (blue arrows in Fig.
2.5A). The surface-induced torque is the net effect of these two forces turning the entire cell
(dashed arrow in Fig. 2.5A). For E. coli with the right-handed helix, this causes the cell
trajectories to turn CW.

2.3 Theory of active Brownian motion

The random motion of the microscopic particles was reported for the first time by Robert
Brown in 1827 [67]. The theoretical descriptions of random motion, “Brownian motion”,
were given by Einstein in 1905 and Smoluchowski in 1906 using a probabilistic approach
[68, 69]. Later on, Langevin, in 1908, rephrased the phenomena in terms of stochastic
differential equations [70]. Authors in Ref. [71] described a comprehensive review of the
motion of the active particles using Brownian dynamics. When a spherical microscopic
particle glides in a liquid solvent, it shows erratic movements due to thermal agitation from

collisions with the surrounding fluid molecules. This random motion is called “Brownian



14 General introduction

motion”, in honor of Robert Brown. Based on the Stokes-Einstein relation, the diffusion
coefficient D depends on the temperature and viscosity of the fluid and the size of the particles.
By tracking a spherical Brownian particle with radius R at times regularly separated by a
fixed interval At, the translational diffusion coefficient Dy, is given by
kpT
D, =2, (2.5)
Y

where kp is the Boltzmann’s constant, and 7" is temperature. ¥ = 67NR is the friction
coefficient of the particle, where 7 is the viscosity of the suspending medium and R is the

sphere’s radius.

The Brownian particle also experiences random reorientation, which is defined by the
rotational diffusion coefficient D,:
_ kgT

D, ; (2.6)
Yr

where D, is proportional to the rotational friction coefficient J, = 87N R°.

The reason of random motions lies in the particle interactions with the fluid molecules,
which are affected by the temperature. The Brownian particle experiences a force and a torque
as a result of the collisions with the fluid molecules that disturb its motion (thermal noise).
Langevin equations describe the translational dynamics of a particle in a fluid environment
which is defined by

ma=—yv—+Fy, (2.7)

where —7v is the viscous friction force of the fluid and Fy, is the stochastic thermal force.

Since the mass of Brownian particle is small, inertia can be neglected. Indeed, the
relaxation time of Brownian particle 7,.,; = m/¥;V, is the order of magnitude of micro-second,
which is several orders of magnitude below the time intervals of images captured via a
standard CMOS camera. By dropping the inertial term ma, the Eq. 2.7 is simplified to the

overdamped Langevin equation:
vV =Fip. (2.8)

In fact, the overdamped Langevin equation is adequate to obtain the relevant measurable

physical characteristics of any system where AT > T,,;.

The bacteria are active particles with the ability to propel themselves. Because of their
natural habitat, aqua environment, they are subject to two forces; The viscous force that

acts opposite to their velocity and the thermal noise generated by the rapid collisions of the
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fluid molecules around the cells. Let us consider that self-propelled particle, bacteria, with a
constant speed v along a given orientation direction in 2D. The motion in two dimensions is

described by a set of Langevin equation with three variables:

Lx(t) = veos O(t) + /2D, Wy,

Ly(t) = vsin0(t) + /2D, Wy,

F (2.9)
EG(I) =0 + 2DrW9,

where Wy, Wy, and Wy indicate independent Gaussian white noise processes. In fact, these

stochastic differential equations describe the dynamics of microorganisms.

In order to describe the microscopic system characteristic in 2D motion, one quantity is

the mean square displacement (MSD)
MSD(t) = ((x(t1 +1) —x(t1))* + (v(t1 +1) —y(11))?) (2.10)

the <> indicates averages over all initial times ¢ and the possible trajectories. The MSD
provides a lot of insights about the dynamics of a system. In fact, the MSD ~ t* where « is
the anomaly parameter. For o = 1 the underlying process corresponds to a pure diffusion
[72]. The process is called subdiffusive when o < 1 or superdiffusive when o > 1.

The trajectory of an active Brownian particle govered by Eq. 2.9 has the MSD of

2 Vztz 2t
MSD(r) = (4D +v) 1455 (7 — 1), .11)

where t, = 1/D; is the time scale for the rotational diffusion. This formula describes the
transition from the ballistic regime to the diffusive regime. From Eq. 2.11, when the
t > t;, the particle motion is diffusive with MSD(7) < . For t < t, the particle motion is
superdiffusive (ballistic) with MSD(z) o< v?¢2.

2.4 Chemotaxis and its implications

Another aspect of the bacterial world is to detect and process external signals from
the environment with their unique internal signaling pathways. When bacteria swim in a
gradient of nutrition, their strategy to reach the desirable region (or run away from the toxins)
is a biased random walk, employing a temporal comparison of chemical concentrations.

Essentially, the rate of reorientation is modulated to reach a desirable place. This phenomenon
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Fig. 2.6 Two dimeric MCPs are attached to the transduction units (CheA, and CheW). A
decrease in attractant concentration leads to autophosphorylation of the CheA. CheA-P
transfers the phosphate group either to the CheY or CheB. CheY-P diffuses in the cell
and finally interacts with the flagellar motor. The interaction increases the probability
of the switching to CW flagellar rotation to bring about a change in direction. CheZ
dephosphorylates the CheY-P and makes the CW rotation of the flagella short enough.
Meanwhile CheA-P also phosphorylates the methylesterase CheB. CheB-P compets with
a CheR methyltransferase to controll the degree of methylation of glutamates in the MCPs.
Taken from [22].
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is called chemotaxis. The process is based on coupled flagellar rotation and the chemosensory

system inside of the bacterial cell (Fig. 2.6).

2.4.1 Signaling pathways

The chemotaxis pathway of E. coli is a sensitive system that contains 4 units: sensor unit,
transduction unit, actuator unit, and integral feedback unit [11, 22, 73].

* The sensor unit (also known as methyl-accepting chemotaxis proteins (MCPs)) is the
stimuli detector in bacteria. The number of MCPs varies among bacterial species. For
instance, E. coli has four of these MCPs while, Pseudomonas species have more than
25 MCPs encoded in their genomes. The MCPs contain three operational modules:

transmembrane sensing module, signal conversion module, and kinase control module.

* The hub of the transduction unit in E. coli is a complex composed of a histidine kinase
(CheA), an adaptor protein (CheW), and the kinase control module of MCPs. The
transduction unit ensures modulation of CheA autokinase activity in response to ligand
binding.

* The actuator module changes motor rotation through binding of a phosphorylated

response regulator (CheY).

* The integral feedback unit with two enzymes (CheR, and CheB) resets the receptor
signaling state to its pre-stimulus level.

A set of chemicals binds directly to the sensor unit. The information transmits across the
cytoplasmic membrane and converts to a signal. That triggers the signaling pathway which
directs the cell locomotion by regulating the rotational direction of the flagellar motor (Fig.
2.7). In the absence of chemoattractant, the motor shifts the equilibrium in favor of CW
rotation. A specific sequence of events is involved to change the flagellar rotation:

(a) Decreasing of the chemical stimulus concentration leads to reducing the probability of
binding the chemoattractant to the MCPs,

(b) Activation of CheA trans-autophosphorylation as a result of step (a) (first autophos-
phorylates and then transfers its phosphoryl group),

(c) Flux of CheA phosphoryl groups modulates two response regulators, CheY and CheB.

(d) The CheY-P diffuses in the cell and eventually interacts with the protein FliM, a

component of the flagellar switch complex.
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(e) The interaction enhances the probability of clockwise (CW) rotation, which causes

random reorientation.

This signal should not be available for a long time (the mean duration of tumbles in E. coli is
about 0.1 s). Therefore, CheY-P can be dephosphorylated vi the phosphatase CheZ quickly.
The phosphatase CheZ ensures a short duration in CW rotation so that CheY-P levels closely
reflect CheA activity. Decreasing the chemoattractant concentration is not the only way to
enhance CheA autophosphorylation activation. The CheA autophosphorylation is induced by
MCP methylation as well. The CheB-P results in an increased demethylation of the MCPs.
Eventually, demethylated MCPs have a lower capability to CheA autophosphorylation
so that the system adapts to the new chemoattractant concentration. With increasing the
chemoattractant concentration, autophosphorylation of CheA is inhibited. Thus, CheY-P

concentration is reduced, and therefore flagellar CCW rotation is firmly preferred.

Swimming of the bacteria up the gradient of chemoattractant requires a primitive type of
memory to modify their behavior accordingly, to either remain in the swimming path or to
reorient [75, 76]. The adaptation system provides the memory, which is a combination of
several specific glutamyl residues on the kinase control module of MCPs, methyltransferase
CheR, and methylesterase CheB. CheR is always active and is responsible for methylation
of glutamyl residues. CheB is only active when phosphorylated by CheA and responsible
for removing the methyl group. CheR preferentially enhances receptor activity by methy-
lation, whereas CheB preferentially diminishes their activity. Besides, the Che A-mediated
phosphorylation of CheB increases its methylesterase activity. In isotropic medium, these
two feedbacks enable the system to adapt to the environment stimulation. The kinase activity
of MCPs is adjusted to produce intermediate levels of CheY-P. The intermediate level of
CheY-P generates a random sequence of runs and tumbles and allows the bacteria a random
exploration of the environment. Increased attractant binding to receptors inhibits CheA activ-
ity and the concentration of CheY-P decreases. As a result, the bacteria swim in a favorable
direction for a longer time. Changes in the rate of receptor methylation occur slower than the
phosphorylation—dephosphorylation steps. This delay in adaptation functions as a memory.

Finally, CheR resets the kinase activity back to the ground state after stimulation [77].

2.4.2 Gradient sensing

The microorganisms can adopt two strategies to sense the gradients of a chemical attrac-
tant/repellent: temporal and spatial sensing. The spatial sensing is the measurement of
a spatial gradient directly across the cell extension, which allows the cell to turn in the

appropriate direction. It is commonly assumed that bacteria are too small to exhibit spatial
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Fig. 2.7 Motor rotation and chemotaxis. The well-known bacteria E. coli has a “run-and-
tumble” swimming strategy. (a) When all of the flagella rotate CCW in the “run” mode, the
flagellar bundle propels the cell. (b) If at least one of the flagellar rotate CW, the cell tumbles
and reorients randomly. (d,c) CheY-P controls the falgellar motor switching: (d) swimming
downward the chemoattractant increases the probability of the CheY-P interaction with the
motor because of the deficiency in the chemoattractant. The cell makes more tumbles to
change the direction. (c) Swimming toward the gradient increases binding of chemoattractant
to MCPs which suppresses the phosphorylation of CheY. The cells prolong runs to navigate
towards higher amounts of chemoattractant. Taken from [74].

sensing of a chemical [80, 81]. In temporal sensing, the cell compares the intensity of the
receptor signal at different times along its swimming track and modulates the probability of

changing its direction.

E. coli analyses concentration measurements using temporal sensing and produces run-
biasing decisions (longer runs toward the favourable direction). The chemotactic response
function K(¢) quantitatively describes how bacteria make the comparison process. The
experimental measurement of the chemotacic response function was done in Ref. [78] (Fig.
2.8). The single flagellum of cells had been attached to the substance. The cells were exposed
to a short chemoattractant (aspartate) pulse applied at t = 0. The chemotactic response,
obtained by measuring the fraction of time that the motors spins CCW, was probed over

time. Atr =0, K(¢) approached to the maximum response within about 0.2 s, returns to
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Fig. 2.8 The experimental chemotactic response function K(¢) to attractant (aspartate) mea-
sured using the tethered cells [78]. K(¢) was determined by measuring the bias of the fraction
of time that a flagellum rotated CCW, averaged over several cells. The cells were exposed
to a chemoattractant pulse applied at the time Os. They showed an instant response, then
adapted to the signal within 3 s. The response gradually returned to the default levels with
constant chemoattractant concentration background. Taken from [79].

the baseline within about 1 s, and remains below the baseline for 3 s (adaptation). Finally
the response relaxes to the baseline, which indicates that the cell loses the memory of the
past chemoattractant concentration. The experiment showed that the short-term memory of
4 s 1s used by cells to determine the level of chemoattractant experienced in the recent past.
The response function curve has a universal feature, which is that the positive and negative
lobes of response have equal areas; the integral of the response function is close to zero, i.e.,
Jo K(t)dt =~ 0.

2.4.3 Model of chemotaxis

The experimental response function sets the stage for a couple of models to describe the biased
random walk in a non-uniform distribution of chemoattractants [79, 82-86]. The models
describe the chemotaxis in terms of modified mean run time as a result of chemoattractant
concentration previously sensed. One can suppose the cell changes the mean run time 7

linearly in response to the chemoattractant, according to

T="1(1-Q(1)), (2.12)

where 7 is the mean run time in the absence of chemoattractants. The memory of the cell is

determined by the bias term . Mathematical models use a kernel representation of Q

[

0(1) = / "K(t—t),c(t)dr (2.13)
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where ¢(') is the chemoattractant concentration experienced by the cell at time ¢’ along its
past trajectory, and K(r) is the cell’s response function which has a two-lobe shape with
equal areas, i.e. zero integral function. These properties of K(z) are consistent with the
experimental curve (Fig. 2.8).

2.5 Collective motion

In most natural environments, bacterial cells construct architecturally complicated com-
munities known as biofilms. The biofilms are surface associated structures with extracellular
polymeric substance (EPS) scaffold. The biofilm development is a multi-stage process that is
controlled by multiple genetic pathways [87, 88]. These stages have been classified as (1)
planktonic, (ii) early attachment, (iii) microcolony formation, (iv) biofilm maturation, and (v)
detachment and return to the planktonic mode. The free swimmers explore the environment
in planktonic phase. The cell-surface interaction initiates with a weak contact to the surface
(reversible stage), which is followed by a more stable surface association (irreversible stage).
Besides the chemical molecules involved in the cell attachment, a variety of bacterial surface
structures may engage in this process, e.g. flagella , pili and lipopolysaccharides. The
attached cells divide and create microcolonies. Afterward, further adaptation is essential
for bacteria to adjust themselves to the dictated circumstances by the biofilm. During the

maturation phase, the surface-attached bacterial cells achieve two main properties, increasing

Detachment
Planktonic Signals
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Biofilm

Environmental
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Interactions \ Signals
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Fig. 2.9 Scheme of biofilm development. Five stages have been operationally identified
in biofilm development as (i) planktonic, (ii) solid surface attachment, (iii) microcolony
formation, (iv) colony maturation and (v) dispersal. Adapted from [87].
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Fig. 2.10 Electron microscopy picture of Pseudomonas putida PRS2000: lophotrichous P.
putida has 3-7 flagella at one of the cell poles. Scale bar is 1 um. Taken from [12].

the synthesis of EPS and the development of antibiotic resistance. Finally, the developmental

circle is completed by returning cells to the planktonic phase.

Living in a complicated structure for bacteria requires abilities to communicate between
cells. The cells continuously divide and produce extracellular signals. Those signals can
act as environmental messengers for the populations. In several gram-negative bacteria,
cell-cell communication mechanisms are involved in biofilm formation [89]. One of the
cell-cell interaction is “Quorum sensing” by which bacteria communicate their activities and
orchestrate their population behaviors. “Quorum-sensing” is a mechanism which enables
bacteria to have cell-cell communication. They produce, release, detect, and respond to
the accumulation of self-generated signaling molecules (so called autoinducers) through
quorum-sensing process [90]. The signaling molecules are produced continuously by the
bacteria. An increase in the bacterial population density causes accumulation of autoinducers.
When the concentration of the autoinducers reaches a particular threshold (the “quorum™), a
signal transduction cascade is activated in the population and induces a coordinated change

in gene expression.

In gram-negative bacteria, there are some common characteristics in quorum-sensing
systems (reviewed in [91]). Acyl-homoserine lactones (AHLs) are the most common class of
autoinducers for quorum-sensing. They can freely diffuse through the bacterial membrane.
The autoinducers interact with some specific receptors that are located either at the inner
membrane or in the cytoplasm. When the signals are detected by the cell, they trigger the

expression of many genes related to the cell-density dependent process [92].
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The biofilm colony contains both motile and sessile cells. The other challenge of being
in a biofilm is the cell dynamic in a very concentrated structure. Although the investigation
of this specific 3D structure is not an easy task, when the experimental resources are limited,
many observation has been clarified that when the colonies were growing on wet agar surfaces,
the a variety of collective motion was produced (reviewed in [93]). For instance Cisneros
et al. [94] investigated the collective dynamics of Bacillus subtilis in densely populated
suspension. The cells assembled into swimming clusters locally. The speed exploration of
the cells within the clustered showed a pattern of vortices. The experimental finding, together
with theoretical investigation, indicated that the transition, from a free-swimming bacterium
to being a member of a biofilm, involves extensive changes in the form and the function of
the cells [88]. However, these field of researches requires more examination to understand

better the cell-cell interaction, which is crucial for bacterial life in their natural habitat.

2.6 Pseudomonas putida

Pseudomonas are gram-negetive bacteria found in soil, water, air, food, plants, and animal.
Some of them interact with other organisms as facultative pathogens commensal; they can
colonize their hosts without inducing infection [10, 95]. They adapt to physicochemical and
nutritional niches and tolerate both endogenous and exogenous stresses. They have attracted
attention as a platform for biotechnological process, since they have a remarkable metabolic
and physiological robustness. P. putida are well-known species because of their ability to
colonize soils and for their capacity to degrade a wide variety of chemicals (many natural and
artificial compound) [9]. They establish mutual relationships with the plant by feeding on
root exudates and releasing siderophores, antibiotics and biosurfactants [10]. They also can
sense chemical gradients and respond to them using flagella or pili coupled to a chemosensory
system [11]. They consume a wide range of chemicals including amino acids, aromatic
compounds, organic acids, phosphate, chlorinated compounds, toluene, naphthalene, and
sugars [11]. The early study of the P. putida flagellation (Ref. [12]) showed that P. putida
has between three and seven flagella inserted at the pole of the cell body to form a tuft (see
polar lophotrichous flagellation in Fig. 2.3C). The chemosensory system of P. putida is
more complex than that of E. coli. However, the canonical chemotaxis system in P. putida is
expected to be similar to E. coli [11].

The swimming pattern of P. putida does not show the characteristic tumbling events. Fig.
2.11 displays the motility pattern of P. putida with two types of the events. The cell swims
in a smooth path and sharply reverses the direction of motion (Fig. 2.11A). Also during

swimming, the cell occasionally stops and starts to continue the swimming path with the
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Fig. 2.11 Swimming trajectories of P. putida. (A) Trajectory with several reversals. (C) and
(E) Trajectories with stop events. The black circles are the center of mass of bacterial cells.
The red circles are the reversal and stop events. (B, D, and F) Speed and the absolute value
of the angular velocity over time for the trajectories A, C, and E, respectively. Red triangles
are the time points of the corresponding events. Taken from [14].
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Fig. 2.12 Push and pull flagellar bundle configurations in P. putida. (A) and (B) are push and
pull modes, respectively. The images were taken in the vicinity of a solid interface. Scale bar
is 5 um. Taken from [15].

Fig. 2.13 Wrapped flagellar bundle configuration in P. putida. (A) Fluorescence image and
(B) cartoon of the wrapped mode. The arrows indicates the swimming direction. Scale bar is
5 um. Taken from [15].

more or less same directionality (Fig. 2.11C and D). Another feature of P. putida is that
their swimming speed can change by a factor of two during reversals (Fig. 2.11B) [14].
Furthermore, several studies were addressed the cell dynamic of P. putida in confinement
[96, 97]. The researchers in Ref. [96] showed that P. putida in the presence of two solid
boundaries reoriented more frequently and swam faster. Moreover, P. putida in geometrical

confinements illustrated the guided trajectories along the open spacings [97].

High-speed video microscopy revealed that the flagella motor in P. putida is also bidi-
rectional [15]. During CCW rotation, bacteria swim forward (Fig. 2.12A). Interestingly, it
is revealed that the CW rotation can establish two distinct run states; backward swimming
(Fig. 2.12B) and wrapped swimming (flagellar bundle wrapped around the cell body while
it swims) (Fig. 2.13A and B). Accordingly, P. putida has three run states: push, pull, and

wrapped. The push state is similar to forward swimming of E. coli, when the cell is pushed
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by the flagella bundle. The pull state starts from changing the motor direction to CW, and the
flagella bundle pulls the cell body. When the bundle is wrapped around the cell body, the cell
swims with the cell pole ahead. The wrapping mode is a quite new swimming mode, which
has been observed in different bacterial species recently [16—18].



Chapter 3

Digital imaging setup

3.1 Introduction

Optical microscopy imaging is a strong means to reveal the structural and dynamical
properties of the micro-objects. Most of the key properties of high-quality images are dictated
by the choice of an objective lens and the camera. The magnification and resolution of the
image are defined by the objective, and the camera determines the temporal resolution of the
image series. The previous investigation in our group on P. putida motility was done with
high temporal/spatial resolution fluorescence microscopy, i.e. with 60x/100x objective and
frame-rate of 100-400 frames/s (fps) [15]. The imaging set-up utilized in the study revealed
interesting structural and dynamical details of P. putida flagella bundle status for the first
time. It showed that P. putida has a complex swimming strategy (see section 2.6). The
flagella bundle could be in push, pull, or wrapped mode during the run phase, and each has
particular properties. Therefore a complete understanding of the underlying dynamics of P.
putida requires information of bundle status and trajectories over time. There are several
reasons that using high temporal/spatial resolution fluorescence microscopy for time-lapse
measurement of trajectories is not beneficial. Firstly, the flagella had fluorescent markers in
our study. Generally, fluorescent dyes (fluorophores) are molecules that absorb an excitation
wavelength and emit a different emission wavelength. For that reason, the flagella were the
sample that could be detected with fluorescence microscopy and the cell body not. Since
P. putida has the multi-mode swimming tactic, knowing the relative spatial position of the
cell pole, i.e. the cell ending with the tuft of flagella, is critical to distinguish one mode
from the other (for instance, pull mode has a cell pole in the direction of the swimming

path). This indicated that fluorescence imaging was not sufficient to distinguish flagella
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bundle configuration, especially when the cell body is not fluorescently stained. The other
important feature of high temporal-spatial imaging is the size of image data. The high-speed
imaging generates massive amounts of image data that makes it hard to access, analyze,
and store them quickly. Furthermore, to present a comprehensive picture of the system
dynamic, the numbers of analyzed swimmers define statistical accuracy of the investigation.
In order to have an accurate statistical analysis, more image stacks would be generated.
Therefore, processing the large amounts of high-temporal/spatial resolution images would be

time-consuming.

Although the high temporal/spatial resolution microscopy is a powerful method for
detection of the system dynamic within millisecond range, lower resolution could be more
beneficial for extracting the information about the underlying cell swimming pattern dynamics
which has a time duration with an order of the magnitude of seconds, i.e. P. putida has a
run duration ~ 1 s. For this reason, most of the studies in this field used bright-field particle
tracking microscopy with lower temporal/spatial resolution, i.e. with 20x/40x objective and
frame-rate of 20 fps. Decreasing the imaging resolution leads to manageable data production,

which is a way to overcome data analysis difficulties and to increase trajectory statistics.

The particle tracking microscopy gives a measurement of the cell body displacement and
orientation (Theves. et.al., in Ref. [14] used this method to investige the swimming pattern
dynamics of P. putida). However, here the missing piece of the puzzle is a description of the
flagella movement. We developed a novel high-speed microscopy solution applying the latest
hard- and software technology that fulfills all requirements. It captured images with enough
resolution to see the flagella bundle status. The image stacks had a moderate size for storing
and analyzing. The novel set-up collected large amounts of cell trajectories for statistical
accuracy. More importantly, for every single cell body displacement and orientation, the
flagella dynamics were visualized. We established a set-up with a LED controller, which
produced an alternating sequences of phase-contrast and fluorescence images. The phase-
contrast images were processed to track the cell body; afterwards, fluorescence recordings

were checked to determine the orientation of flagella by visual inspection.

In the following chapter, we will introduce the novel set-up, which was developed to
couple the statistical analysis of the P. putida trajectories, and the information of the flagella
bundle state. Afterwards, the image processing procedure will be explained. The image
processing section will be followed by elucidation of the trajectory analysis tools, which
were used to extract the statistical information of the cell population.
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3.2 Combined phase-contrast and fluorescence imaging

3.2.1 Imaging set-up

The set-up consists of five devices; (1) IX71 Inverted Microscope (Olympus) equipped
with 20x UPLFLN-PH objective (Olympus, Japan), (2) high-speed camera (Orca Flash 4.0,
Hamamatsu), (3) a 470 nm blue LED (Prizmatix, UHP-T-LED-460), which was used to
visualize the stained flagella filaments in fluorescence (F-L) imaging mode, (4) a white LED
(Prizmatix, UHP-LED-White) was the light source for the phase—contrast (P-C) imaging part,
and (5) LED controller Triggerscope2 (Advanced Research Consulting) (Fig. 3.1). In the
following section, we will explain the sequence of devices utilized step by step to produce

the image series of our interest.

(i) Signal production in camera. One of the important parts of the set-up is the manageable
camera in order to achieve optimal imaging in our specific range of application. Orca
Flash 4.0 has a couple of operation functions and timing outputs that control the
imaging timing of an external device and camera. The maximum frame rate of the
camera is 100 fps with the effective pixels of 2048 (H) x 2048 (V)!, which means the
camera requires 0.01 s for the sensor readout. During the image readout, the camera
sensor was exposed to the light so as to record a frame. The frame rate in our study
was 20 fps, which nicely achieved the readout time. The camera was mounted on the
microscope, and has a connection to the LED controller Triggerscope? via the Trigger
input port (see inlet of Fig. 3.1). In our particular set-up, the camera become the
master and managed the Triggerscope2. In an attempt to track the bacteria cell body
parallel with the flagella visualization, we acquired a sequence of combined P-C and
F-L images. The combined image series was P-C/F-L,/P-Cs/.../F-Ly for a sequence
of N images. Therefore, upon each exposure time?, the camera output signal was

produced and transferred into the Triggerscope?2.

(ii) LED controller Triggerscope2 receiving signal form camera. The camera signals
arrived in Triggerscope? controller, which has an embedded Arduino board. The board
is an open-source electronics microcontroller, which operates as a small computer. It is
able to read the input signal —signal from camera — and turn it into an output — switch
on/off the LEDs. The input signal, TTLs (Transistor-Transistor Logic) is sent out over

a BNC cable (see inlet of Fig. 3.1) from camera to Triggerscope2 at each exposure.

Image with 2048 horizontal and vertical lines.
ZExposure time is a period in which a camera sensor is exposed to the light.
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TriggeFScope

Fig. 3.1 Microscopy Set-up for the Combined Phase—Contrast and Fluorescence Imaging:
The camera was mounted on the microscope on one side and linked to the LED controller
Triggerscope2 on the other side. The Triggerscope2 has a USB port to connect to the PC,
two TTL Channels, one Trigger Input. Two LEDs were applied for two types of imaging,
Phase—Contrast and Fluorescence.
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Fig. 3.2 Scheme of the microscope optical path and devices communication. The image
acquisition was started by gManger. Upon each exposure time, tManger was programmed
to switch On one of the LEDs via Triggerscope.
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Fig. 3.3 Scheme of signal generation in devices. After exposure, the image readout of the
sensor starts row after row, starting from the central row and proceeding towards the sensor
top and bottom row. Readout takes around 0.01 s. Simultaneously, one of the LED receives
the pulse and is set ON within the exposure; frame P-C; with the white LED ON. Next frame,
the pulse triggers the blue LED and switches it ON.

The Triggerscope?2 includes 2 TTL channels. Each was connected to a LED through
a BNC cable. In each frame, one of the TTL channels must be ON?. When the TTL
channel switches ON, it triggers the connected LED.

(iii) LEDs blinking in each frame. Both LED drivers support TTL triggering. The signal

from Triggerscope2 passed through the BNC cables and arrived in the LEDs. The

signals set the LEDs to the correct status. Figure 3.3 displays a chart of the synchro-

nized signal production in the devices. The camera sensor readout should be started

with the LED ON status. Triggerscope2 manages the signal transferring at a time scale

< 1ms, which was quite successful to have the corresponding LED ON. Due to the

signal arriving at the specific LED, the corresponding images was captured:
Framel: P-C;/ white LED ON, blue LED OFF
Frame2: F-L,/ white LED OFF, blue LED ON
Frame3: P-C3/ white LED ON, blue LED OFF

FrameN: F-Ly/ white LED OFF, blue LED ON

3LED is ON when it receives ~ 5 Volts and off when voltage is ~ 0 Volts.
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3.2.2 Hardware synchronization

All the devices were controlled by uManger (http://www.micro-manager.org/). In fact,
uManger is an open-source, cross-platform desktop application, to control a wide variety
of microscope accessories, cameras, illuminators, etc. It has a central capability, Multi-
Dimensional Acquisition (MDA), which sends the commands from the computer to the
external devices each time a change is required. There is a specific Arduino firmware to use
the board with Micro-Manager. After adding the Arduino to gManger’s configuration, the
camera communicates directly with the LEDs. As we mentioned before, the camera needs ~
0.01 s for image readout. When it starts, the light source should be ON. The crucial part of
the set-up was to synchronize the timing between these two processes. The default Arduino
firmware for Micro-Manager has been programmed in such a way that the LED turning ON
and image readout was initiated simultaneously. The following steps happened in practice
and can be summarized as this:

1: acquisition parameters set in the MDA provided by yManger (exposure time: 50 ps, image
number: 600 frames, and image interval: 0.05s),

2: uManger converts the parameters into the sequence of commands,

3: the camera starts acquisition in streaming mode,

4: Triggerscope?2 runs the sequence of commands which is stored in its memory

5: TTL’s are updated; during every exposure, one LED receives a TTL pulse and the light
turns ON in its sequence of states.

For each sequence, the images were acquired at 20 fps for 30 s.

3.3 Automated image processing and cell tracking

Image processing

A custom Matlab program based on the Image Processing Toolbox (version R2015a and
R2018b, The MathWorks, USA) was used to process the image sequences automatically. The
software program was written by Marius Hintsche [98] and developed further by the author
for the new version of image stacks produced by combined phase—contrast and fluorescence
imaging. For each image sequence, a background image was calculated by pixel-wise time
average projection. It was subtracted from each frame to eliminate non-motile objects and
shading effects. The new set-up might have an overlapped time when both LEDs were ON
for a short amount of the time. The phase-contrast frames have a different range of intensity

values than the fluorescence ones. Even microsecond overlapped time could introduce some
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intensity artifacts in the phase-contrast images: a phase-contrast frame with intensity values
from the fluorescence illumination. Due to the overlapped time when both LEDs are ON,
some of the images possessed intensity values beyond the intensity range of the cell bodies
and background. If the overexposure pixels remain on the phase-contrast images, the low-
intensity cellular details can be lost. This artifact was fixed with an intensity substitution:
overexposure pixels were replaced by the background intensity. The built-in Matlab function
imsharpen was then applied to enhance edges of the cell bodies using unsharp masking.
The unsharp mask filtering is a method that expands the high-frequency edge information
in images, which is useful for segmentation. The filter operates by subtracting a smoothed
version of the image from the original image to produce the edge of the particle. The

smoothed image is obtained by filtering the original image with a low pass filter.

Imgedge (m7 I’l) = Imgoriginal (m> I’l) - Imgsmoothed (ma n)a (3 1)

where m and n are the rows and columns of the image which is a measure of its resolution.
The image size of our recording was 2048 x 2048. Afterwards, the highlighted edge image
was added to the original image.

Imgshap(man) = Imgoriginal(man) + k[lmgedge(man)]7 (32)

where k is a scaling constant that was set with the default Matlab value, k = 0.8. To
reduce the background noise, the Gaussian smoothing filter was applied using sigma = 2 and
imgaussfilt (see Fig. 3.4). The putative bacterial cells are distinguished from background
using the maximum entropy thresholding algorithm by Kapur et al. [99]. The threshold was
calculated for each image in the sequence separately. The median of all threshold values was
used to segment the whole sequence. The left panel in Fig. 3.5 is the binary image that came
from segmentation. The right panel shows an image after unsharp and Gaussian filtering with
the overlaid result of the segmentation process. The binary images were further processed
with the morphological operations, imopen and imclose (with a disk of radius 0.3 um) to
eliminate any noise caused by segmentation. The built-in function bwconncomp was used
to find all connected objects in the binary images. Size and centroid of the objects were
determined using the regionprops function. Afterwards, particles with an area between 1 um?
to 15.6 um? were considered as single bacterial cells. Finally, trajectories were obtained
employing the tracking algorithms by Crocker and Grier [100].
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Fig. 3.4 Steps that are taken for bacterial cell detection. (A) A raw image of the phase-contrast
microscopy. (B) The intensity profile along the yellow horizontal line in (A). (C) Raw image
after unsharp mask filtering to enhance edges of the cell bodies (see description in the text).
(D) The intensity profile along the yellow horizontal line in (D) shows the clear separation of
the cell and background fluctuations. (E) Raw image after unsharp mask filtering followed

by the Gaussian smoothing filter to correct for low and high frequency noise. (F) The line
profile.
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Analysis of cell trajectories

The Matlab particle tracking software allows us to simultaneously track several bacterial
cells. More than 3000 movies of the individual 2D trajectories were extracted. Figure 3.6
is an overview of the extracted trajectories using video microscopy. The trajectories are
measured individually. During image acquisition, some of the cells moved in and out of
focus. For that reason the length of the tracks varied over the video microscopy period. The
trajectories were stored in an array that looks like that:

indexi time | X y
1 189  1400.9 1409.7
1 190 1400 1411.6
1 191 1399  1412.6
1 192 13979 1413

The first column is the trajectory index number i = 1, 2, 3, ...; the second is the time index j
=1, 2, 3, ...; the third and fourth columns give the corresponding center of mass (centroid)
bacterial cell positions in the (x,y) imaging plane,

Aij = (xij,Yij) (3.3)

>

y position (pixel)

X position (pixel) X position (pixel)

Fig. 3.5 Illustration of the segmentation result. (A) The binary image after segmentation. (B)
The raw image with the red overlaid detected regions. Cells can be distinguished as black
values on a gray background.
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Fig. 3.6 Representative trajectories over 27 s of one of image stack. The color bar shows the
time evolution of the images capturing.

of the trajectory identified i at the time j.

Eventually more information was extracted from the movie processing. Polar coordinates

can be calculated from the centroid positions along the trajectory,

e =\/X; + i, (3.4)

6, = tan'(21). (3.5)

Xt

The instantaneous translational velocity and angular velocity were derived from the change in

the position and direction of propagation between two subsequent time intervals, respectively,

_r(t+AT)—r(1)

v(t) = AT ; (3.6)
olf) = 6(t+AArz—9(t)' 3.7)

Afterward, the curvature of the trajectories was calculated. The curavture is defined by

L

K= —
ds’

(3.8)
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Fig. 3.7 Scheme of heuristic run-tumble analysis. (A) and (B) are the time series schemes
of angular velocity and speed, respectively. The red dashed lines are defined by o and 8 in
speed (B) and angular velocity (A), respectively.

where ds = \/dx? + dy? is the displacement between two consecutive data points. For every
individual track, the curvature was measured over time. The median value for each trajectory
was taken, and 5% of the trajectories with the highest median curvature were filtered out, in

order to dismiss the pathogenic cells, which could not form a stable the bundle [101].

3.4 Trajectory patterns classification

Heuristic run-tumble analysis

In order to categorize the run and event phases, an automatized event recognition algorithm
was applied, as introduced by Masson et al. [102] and modified by Theves et al. [14]. The
idea is to identify large fluctuations in the direction of motion and/or sudden drops of the
speed. First, the trajectories were smoothed using a second-order Savitztky—Golay filter with
a window size of 5 data points [103]. The instantaneous speed v(t), direction of propagation
0, and turning rate @(¢) were evaluated on the smoothed tracks. First, we determined all
local minima (maxima) of instantaneous speed v (turning rate @) located at t,,, (tnay) In
the time series. Afterward, two maximum (minimum) at time 7; » located in the vicinity of
every minimum (maximum) were determined. The depth (height) Av (A®) of the minimum
(maximum) can be defined as

Av =max|[v(t)) — v(tmin),v(t2) — V(tmin)], (3.9)
Aw = max[|@(tmax) | = [@(t1)], | @ (tmar) | = |@(22)]]- (3.10)
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Two threshold parameters on the speed and angular velocity were adjusted to identify events.
If Av/v(tmin) > a, with an o = 3, an event was detected. Its duration was set to the time
for which v(r) < v(tin) +0.55. For the angular velocity, an event was detected if the total
angular deviation during the time interval #,-#, sufficiently exceeded the directional change

because of passive rotational diffusion, 1. e.,

Z|A9| ZB\/ Dmt(IZ_tl); (311)

with D,,; = 0.1 rad? /s. In fact, D, is the rotational diffusion of a passive sphere with the

radius of 1 um., and B = 0.65 . The event duration was defined around ¢,,,, where
10 (tmax)| — |0(2)]| < 0.85A0. (3.12)

Figure 3.7 illustrates the scheme of the method. The horizontal red dashed lines defined by o
and f3 are the parameters to categorize the data points as events. The data points with values
larger (smaller) than the dash line in angular velocity (speed) time series are the events. Only
one of the criteria — speed or angular velocity — is sufficient for a time point to be identified as
an event (see the scheme of a trajectory with events identified by the event detection method
in Fig. 3.8A). The event detection was verified by visual inspection. The same parameters
were used for the experiments reported in the following chapters.

Turn angle

The heuristic run-tumble analysis provided the segments of runs and events for every tra-
jectory. The turn angle is the change in swimming direction from the end of one run to the

beginning of the next run. To determine the turn angle y (Fig. 3.8B), a linear regression

Fig. 3.8 (A) Scheme of a cell trajectory with turning events identified by the algorithm. The
black circles are the cell body center of mass, and the red circles are events. (B) Turn angle
definition .
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was performed to fit the last three data points of a run and the first three data points of the

subsequent run with a vector. The turn angle was the angle within these two vectors.

3.5 Conclusion

A new high speed combined phase-contrast and fluorescence imaging set-up was estab-
lished to disclose the swimming strategy of the multi-mode swimmer P. putida. Indeed, the
combined microscopy approach was a bridge between the high speed/resolution fluorescence
microscopy and the common time-lapse recordings of swimming cells with phase-contrast
microscopy. The first microscopy set-up reveals the structural and dynamical details of the
fluorescently tagged flagella, and the second one produces the information of bacterial cell
body dynamics. Both pieces of the information were simultaneously gathered in the new
set-up, which created a fully automated phase-contrast/fluorescence image series to provide
the status of the cell body position relative to the flagella bundle for every single data point.
This is crucial for better understanding the swimming tactics of the multi-mode swimmers
like P. putida with different types of flagella configurations during swimming. The image
stacks generated by the set-up had adequate resolution to visualize the orientation of the
flagella bundle. Also, the stacks had a reasonable size to manage the processing time and to
generate enough trajectories for accurate statistical analysis accuracy.






Chapter 4

Statistical analyzing of P. putida

swimming modes

Recent research in Ref. [15] shed new light on the motility pattern of P. putida. The study
was optimized to visualize the flagellar dynamics with a high spatial and temporal resolution.
The high temporal/spatial resolution images of the flagellar bundle of P. putida revealed
interesting information about the underlying motility pattern: P. putida has a complex
swimming strategy composed of three run modes (push, pull, and wrapped, see Fig. 2.12
and 2.13) and two types of events (turn, and stop). The flagella of P. putida are driven
by bidirectional rotary motors. Both CCW and CW rotations can make steady run modes.
Synchronized CCW rotation of motors leads to the formation of a flagellar bundle at the rear
of the cell body. As a result, the cell is pushed by the bundle. CW motor rotation enable two
different flagellar bundle configurations with diverse geometrical properties. One is the pull
mode; the bundle pulls the cell body. The other mode is wrapping. In this case, synchronized
CW rotation of the motors again make a bundle. However, the bundle wraps around the cell
body when it is swimming. Both pull and wrapping modes have the flagellated cell pole
as a leading pole. The flagellar polymorphic shapes for the push and pull modes are the
same. The filaments are left-handed helices of radius 0.4 £0.1 um and pitch 2.0 £0.1 um.
The wrapped mode has a more compacted left-handed polymorphic state with 0.6 0.1 um
radius and 2.1 £0.3 um pitch. The swimming speed of the cell is distinct for each mode.
The pusher/puller swimmers have a mean speed of 25.4 £+ 0.4 um/s, whereas the cells with
wrapped flagellar bundle are slower, having with the mean speed of 15.54+0.2um/s [15].

Those information are not all we know about P. putida. Our preliminary knowledge of P.
putida came from the research by Theves et al. (Ref. [14]). The early investigation of the
relatively long P. putida trajectories revealed quantitative information of the cells behaviour
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without the flagellar bundle visualization. This type of routine image recording have some
important advantages. Besides the data size which is much smaller in comparison to high
temporal/spatial resolution microscopy imaging, the relatively long trajectories with more
swimming episodes enable to test modeling hypothesis.

Both experiments together gave us interesting picture of the motility pattern of P. putida.
High temporal/spatial resolution microscopy images provide detailed information about
the flagellar bundle, whereas the cell tracking images revealed statistical features of the
swimming trajectories. However, there are missing pieces of the whole picture; how do the
three different flagellar bundle configurations and the two types of events contribute to the
environmental exploration of P. putida. In this chapter, we present novel aspects of P. putida
motility which were obtained by the newly established microscopy set-up (as introduced in
chapter 3). The advantage of this combined phase-contrast/fluorescence imaging is that it
enables us to track the cell body and visualize the flagellar bundle simultaneously. Most of
the findings presented below have been published in Ref. [104].

4.1 Materials and Methods

Cell Culture

Pseudomonas putida KT2440 FliCgyg7¢c (P. putida F1iC) is a genetically modified strain from
the wild-type Pseudomonas putida KT2440 [105]. The genetic modification causes a single
cysteine substitution in the flagellar filament protein as described in Ref. [15]. P. putida FliC
from glycerol stocks stored at —80 °C was cultured in an overnight shaking culture of Luria
Bertani (LB) Broth (Lennox, Sigma Aldrich). 50 ul of the cell suspension were evenly spread
on a solid LB agar plate (Miller, ForMedium) and incubated overnight at 30 °C. The bacteria
sample was collected with an inoculating loop from the plate and streaked on a new LB agar
plate for single colony isolation and then incubated with the same conditions. The LB plate
containing bacteria was stored at 4 °C and utilized as the cell source for three weeks.

The single colony was picked up from the plate and grown in 50 ml Tryptone Broth (TB)
(10 g1~ ! tryptone (Applichem), 5 g1~! NaCl) overnight being shaken at 300 r.p.m and 30 °C.
The overnight cells culture which contained the highly motile bacteria were directly used for
further experiments.
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Staining Flagellar Filaments

The cell suspension was washed free of growth medium by centrifugation (4000 rpm, 4 min,
room temperature), followed by gentle resuspension of the pellet in 500 ul motility buffer
with glucose (MB+) (11.2gl~! K2HPO4, 4.8 g1~! KH2PO4, 3.93 gl~! NaCl, 0.029 gl~!
EDTA and 0.5 gl~! glucose; pH 7.0). The cells were then labeled with 50 ul Alexa Fluor
488 C5-maleimide dye (Life technologies) stock solution (1 ml dye, 1 ml DMSO (Prolabo))
on a rocker shaker at 40 rpm for ~30 min. The previous steps were the standard protocol to
prepare the fluorescently stained flagellar bundle for P. putida experiments.

For the bulk experiment, the cells were sedimented and washed again carefully (2500 rpm,
1.5 min, room temperature) twice with 1 ml of MB+ to remove residual free dye. The cell
suspension was filled into an ibiTreat u-Slide Chemotaxis 3D (Ibidi, Martinsried, Germany)
(Fig. 4.1). The final ODgq of the cell suspensions was 0.02 before filling them into the
chemotaxis chamber. The u-Slide Chemotaxis 3D has three units, and each unit consists of
two large reservoirs connected to a central channel (observation area). The central observation
area was filled with MB+. For the bulk assay, both reservoirs carried the cell suspension

without any chemoattractant to ensure a homogeneous environment and avoid spurious drift.
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Fig. 4.1 Schematic of Ibidi u-Slide Chemotaxis device. The chamber consists of two large
reservoirs connected to a central channel. In this study, both right and left reservoirs were
filled with bacterial cell suspension without chemoattractant. The video microscopy was
used to visualize bacteria in the region of the field of view marked in red. Taken from [104].
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4.2 Simultaneous cell tracking and visualization of flagella

The swimming behavior of a bacterium can be described by the measurement of the dis-
placement and orientation of the cell body (as described in section 3.3). These measurements
will be complemented by the information on the flagellar bundle configuration. We achieved
a combination of those data with sufficient quality using the new microscopy set-up. The
set-up was examined on our model organism P. putida in the bulk fluid of the experimental
dishes with and without a chemoattractant gradient. The details of the experimental proce-
dure, cell tracking, and the calculation of the motility statistics was described in chapter 3. In

this section, we first present the main observations of the swimming pattern of P. putida.

In order to ensure an effective image acquisition, we need, at the one hand, a high spatial
resolution to distinguish the flagellar bundle configurations clearly, and on the other hand,
high enough temporal resolution. The temporal resolution is also essential for the complete
picture of the run mode details without missing too much information. We tried to have
a combination of good spatial-temporal resolution in our study. Since P. putida has the
mean run time of T = 1.540.07s [14], imaging about 30s for each image stack provided
a considerable number of trajectories with more than one events. Our temporal resolution,

which is 20 fps for cell tracking, is adequate to detect the run and events as well.

As described in the methods section, the image series were acquired with the alternating
sequence of phase-contrast and fluorescent frames. To better comprehend the set-up, let us
imagine we have a recording for 1s with the frame rate of 20 fps. Therefore the image series
contains 20 frames (Fr-1, Fr-2,..., Fr-20). All of the even frames are the fluorescent images
which picture the flagellar bundle. The rest is the time series which was used for the cell
tracking. In other words, we have ten frames containing the cell body (Fr-1, Fr-3, Fr-5, ...,
Fr-19) with the time delay of 0.1 s. In between each odd frame, we have the information of the
flagellar bundle. By aligning the linear interpolation between adjacent phase-contrast images
(e.g. Fr-1 and Fr-3), and the fluorescence images (e.g. Fr-2), the details of bacterial swimming
mode for each time step can be revealed. Since the flagellar bundle is a stable configuration
for the whole run period, the time delay between the sequential fluorescent/phase-contrast

images is negligible.

Figure 4.2a shows one exemplary trajectory of P. putida. The track is a representative
case of P. putida swimming behaviour; the cell was swimming in the bulk and performed
all types of swimming strategy which were illustrated before with the high speed/resolution
microscopy images of Ref. [15]. The phase-contrast images contain the cell body and

each data point along the track (circle markers) displays the cell body center of mass. The
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Fig. 4.2 Illustration of the combined fluorescence/phase-contrast microscopy technique
enabling tracking of the multi-mode swimmer P. putida with simultaneous information
on the conformation of the flagellar bundle. (A) A typical trajectory containing multiple
changes of the flagellar conformation: cell positions displayed by circular markers at 0.1 s
intervals. The three run modes are highlighted in color: pull (orange), push (blue) and
wrapped (black). A schematic of the flagellar bundle configuration is placed close to the
corresponding run state (not to scale). The arrows are the swimming direction. The transition
events, identified by the tumble analysis (see section 3.4), are shown in red. Furthermore, the
frequency of observations of the different swim modes is represented as an inset. The panels
in the middle (B-D) represent the corresponding image series of phase-contrast (left) and
fluorescence (middle) with the time delay of 0.05 s between two consecutive phase-contrast
and fluorescence images. The three swim modes are symbolized by cartoons on the right.
The phase-contrast images are utilized to track the cell body, whereas fluorescence images
contain information about the state of the flagellar bundle. In the fluorescence images, the
position of the cell body, obtained by linear interpolation between adjacent phase-contrast
images is indicated by a pink rectangle. The first row (B) displays the cell in the pull mode
with the flagellar bundle placed in front of the cell body, the second shows the push mode (C)
characterized by a long tight bundle located behind the cell body and the third row (D) is the
wrapped mode identified by an oval-shaped bundle covering the cell body. (E-F) Time series
of rotational velocity @ (E) and swimming speed v (F) providing the basis for the automatized
recognition of runs and events (same colour scheme as in A). Scale bars are 5 um. Taken
from [104].

color codes show different episodes of the swimming phases (same as the rest of the plots).
Turn and stop events (marked in red), which separate individual runs, were identified by
the automatized tumble recognition algorithm based on the time series of cell speed and
angular velocity (see see section 3.4) [14, 102]. The algorithm categorized the tracks into
runs and events. Afterwards, the flagellar bundle configuration for each run was determined
by visual inspection of the fluorescent image series. For the purpose of validation of the
set-up, the precise details of the flagellar bundle configuration among the three running
modes should be distinguishable. The first and second columns of the panels in Fig. 4.2B-D
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Fig. 4.3 Analysis of P. putida turn angle. The analysis is based on the bulk experiment. (A)
The bimodal distribution of the turn angle of all events with two peaks; a narrow one ~ 180°
and a broad one at ~ 60°. (B) The event duration,Az, ,as a function of reorientation. The
dashed line represents the median, (Az,). (C) The contribution of transition scenarios in this
study.

are the snapshots of phase-contrast and fluorescent images together with the corresponding
swimming mode cartoon. The second column is showing the fluorescently tagged flagella
images with the interpolated center of mass of the cell body marked by a pink rectangle. The
first column shows the cell body by a black oval shape which was used for tracking. The
overlapped center of mass on the fluorecently labeled bundle provides us enough information
about the bundle configuration. The wrapped run was detected if the cell body was covered
by the bundle, which has an oval-shape with the similar dimension of the cell (Fig. 4.2D).
However, the push and the pull configurations (Fig. 4.2B, and C) have longer and thinner
polymorphic shape and, the cell body is located ahead/behind the bundle. The combined
information provides sufficient information to distinguish the different run modes. Using
those kind of information, the runs in one track were color coded to represent different bundle

configuration.

The time series of speed and angular velocity displays complementary information about
the run modes and events properties (Fig. 4.2E and F). The push runs were on average
with the factor of two faster than the wrapped modes. Moreover, turn and stop events were
distinguishable. The turn events caused the sharp spikes in the angular velocity time series
combined with the drop of the swimming speed. In contrast, pausing events were the result
of decreasing the speed with or without change of the motion direction.

Within the temporal and spatial resolution achieved in our study, the bundle configuration
of the single cells is reliably detectable. Moreover, the noticeable number of trajectories
with the bundle information provide a high statistical significance. The diagram in Fig. 4.2c,

represents the fractions of each push, pull, and wrapped states, by imaging 1799 trajectories
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Fig. 4.4 P(At,) of (A) push runs, (B) wrapped runs together with the visual representation of
key statistical values in box plots. The red line inside the boxes show the median values. The
probabilities are built from (A) 969 runs for the push and (B) 1472 runs for the wrapped.

in the bulk. The majority of runs observed in this study belongs to the wrapped and pushing

modes. Only a small fraction of the runs remained in the stable pulling mode.

4.3 Statistical analysis of bulk swimming

As mentioned earlier, the motility pattern of P. putida consists of two types of runs
(push/wrap), separated by events. P. putida has two type of events; stop and turn. We
evaluated the probability distribution of the run duration, Af,. The histograms in Fig. 4.4
does not show significant difference between push and wrapped run duration distributions.
One useful parameter to better understand the physical features of the event is turn angle, v,
which is the change of the direction of motion from end of one run to the beginning of the
next run (inset of Fig. 4.3A). The turn angle distribution of P. putida has two distinguishable
peaks; one at 180°and one at 60°as can be seen in the nonuniform distribution for |y| in
Fig. 4.3A. Furthermore, the events duration is typically of the order Az, ~ 0.3s, and the
scatter plot in Fig. 4.3B does not show any clear correlation between the event duration and

corresponding turning angle.
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Fig. 4.5 Cell trajectory containing a reversal as a result of the push to wrapped transition.
(A) Right hand panel shows the tracked cell positions. The cell swam in the push mode
and after a reversal, the flagellar bundle changed to the wrapped mode. The overlapping
forward and backward parts of the trajectory close to the reversal may be the result of a
short intermediate pull phase, see the rectangular inset. The left hand panel displays the raw
image series of the corresponding data points together with the schematic representation. The
dashed dark red line provides a reference for cell position. The flagellar bundle marked by a
red rectangle showed the tight and long bundle and could be the sign of the short intermediate
pull mode with duration < 0.05ms. (B) and (E) Time series of rotational velocity @, and (C)
and (F) swimming speed v. (D) Push to wrapped transition with a reversal reorientation. Cell
trajectory contained two run modes and two events. The rectangular inset shows the selected
data points included the reversal. The corresponding raw image data in the left hand panel
shows the bundle transition from push to wrapped. The bacterium with the push mode swam.
After the short episode of the reversal, the bundle wrapped around the cell body. During the
reversal, the cell body relocated forward while the bundle deformed simultaneously. This
type of trajectories presents the indication of a direct push to wrapped transition without any
intermediate phase (see also Movie S3). Taken from [104].
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Fig. 4.6 Turn angles of transition scenarios. (A) The narrow turn angle distribution of the
motor stops during push run modes. (B) The broad distribution of turn angle of wrapped
swimmers with occasional stops in their swimming path. (C) and (D) The transitions from
push to wrapped run modes (and vice versa) built the peak at ~ 180°. Taken from [104].
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Knowing the state of the flagellar bundle for every single run enables us to extract
separate turn angle distributions for the different transition scenarios. The pie plot shows
the percentage of the all the transitions from 1067 events (Fig. 4.3C). The unbundle mode
indicates the disability of the bacterial cells to establish the bundle. The transitions with
unbundle title were dismissed from the statistical analysis, and refers to the transitions with
at least one unbundle run. The reason of disability is unclear and could be a consequence of
bacterial sample preparation. After excluding the unbundle runs, the 987 transitions were
analyzed for the plots in 4.3A and B. Further investigation shows that the pull mode engaged
in less than 4% of the transitions, which is predictable since 2% of the observed runs were
in this mode in contrast to the earlier data presented in Ref. [15]. It has not been possible
to provide definitive answer to this matter. One possibility could be that the pulling mode
is a short intermediate episode of the flagella configuration transition between the push and
wrapped modes, and it is covered up by the time resolution of this study. By investigation in
detail, this kind of transition could be classified into two groups. One type of push to wrapped
transition among the population had approximately the same overlapped parts during forward
and backward with a reversal (rectangular marked area of trajectory in Fig. 4.5A). One
explanation could be that this type of reversal reorientation needs the pull run mode in order
to make the overlapped part. However, the stability of pulling flagellar bundles has been
questioned by theoretical studies and experiments on macroscopic helical bundles [106, 107].
Besides, another type of this transition (Fig. 4.5D) did not experience the overlapped forward
and backward trajectory part. That pieces of evidence held the strong clue indicating that the
behavior is a result of direct transit from pushed bundle to wrapped without any intermediate
phase. Also, Kinosita et al. reported the same direct transition in Burkholderia sp. RPE64
which has the same flagellation pattern like P. putida [17].

Fig. 4.6A-D displays the extracted turn angle distribution of four specific transitions.
Other transitions were not considered since the sample size was not enough for statistical
analysis. The turn angle distribution for the transitions between push and wrapped modes
(Fig. 4.6C, and D) indicates that the bacteria switch from one to another with a reversal. As
described earlier, the push bundle configuration has the unflagellated cell pole oriented in
the swimming direction. In contrast, the wrapped swimmer has the flagellated pole upfront.
Since the transitions between two flagellar configurations do not require any change of the

cell body polarity, one can expect the reversal of the motion direction.

The histogram in Fig. 4.6A shows a narrow turn angle distribution with the mean angle,
which is caused by pausing the motor rotation coupled with abandon one flagellum filament
the bundle (Fig. 4.7A-C). In this case, the cell experienced brief stops when the flagellar

bundle was pushing the cell body, whereas the swimming path was not changed after a stop
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Fig. 4.7 Push and wrapped runs interruptions (A) Raw data, corresponding to the rectangular
inset of the trajectory, displays the bundle transition while the motor stopped the rotation.
The left handed panel indicates that the pusher cell slowed down and the bundle made the
polymorphic transition for a short amount of time (< 0.05ms). After that, the flagella bundle
formed and pushed the cell body for the rest of the time (see also Movie S4). (B) Rotational
velocity o of the track are in the range of 0 —4rad/s. (C) Corresponding speed v data of the
stop event shows a abrupt slowdown, started at time 1.3 s. (D) Trajectory with a wrapped
mode. Track interrupted with an event by an angle y ~ 90°. The raw images of the selected
trajectory data points suggest that although the flagellar bundle configuration did not changed,
the cell reoriented (see also Movie S5). Taken from [104].
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event. The bundle disassembly caused a speed drop, which was the reason corresponding
data points categorized as an event (red data points on 4.7C). Leaving a filament from the
coherent bundle might be the reason of this type of event. The raw image panel of Fig.
4.7A demonstrates the bundle instability during the stop phase (bundle marked in red). As
previously stated, the tumble event in E. coli is the consequence of changing the rotation
direction of at least one flagellum in the bundle (from CCW to CW). The rotation direction
reversal brings the filament out of the bundle. The stop event in push mode is significantly
more similar to the tumble in the sense of bundle instability. The only difference is the turn
angle distributions; although the tumble event leads a broad range of turn angle distribution,
by the stop events during push mode, cell reorientation was restricted with small angles due

to the narrow turn angle distribution.

On the other hand, the turn event during wrapped mode could display different properties.
The wrapping mode interruption made a broad range of turn angles 4.6B). Figure 4.7D-F is a
trajectory example of changing the direction while the flagellar bundle configuration was
in the wrapped mode. The selected raw data on the right panel does not show any altering
bundle configuration (Fig. 4.7D).

We investigated the run speeds of the population which was defined by V, = i—fr’. The
histogram in Fig. 4.8A shows two sub-groups, one for wrapped runs and one push runs. On
average, the push runs were two times faster than the wrapped runs, with the mean run speed
of < Vi push >=252+£9.4um/s and < V,.,rqp >= 12.5+6 um/s. Furthermore, the push
distribution is wide and included a broad range of speeds.

4.4 Summary and discussion

The combined microscopy set-up provides a strong method to find out the characteristic
swimming properties of P. putida. Compared to the statistical analysis of P. putida done by
Theves. et al [14], we were able to split the analysis based on the flagellar configurations.
Our results show that the push and the wrapped modes were the most observed swimming
modes in the population. Moreover, the pull mode is a rare configuration which is in contrast
to the observation reported in Ref. [15]. In fact, the actual purpose of Ref. [15] was to
report the swimming modes of P. putida for the first time, rather than an actual quantitative
description of motility parameters. In term of experimental set-up, the investigation in Ref.
[15] was done by high temporal/spatial resolution microscopy with 60x/100x objective and
frame-rate of 100-400 fps. Using the high temporal resolution feature allowed the researches

in Ref. [15] to present the complete picture of P. putida motility tactic in term of flagellar
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Fig. 4.8 Frequency distributions of run speed. Distributions are built from 2487 runs in total
(grey histogram), 969 runs for the push sub-group, and 1472 runs for the wrapped sub-group.

bundle configuration during run modes and also the detailed description of the flagella bundle
dynamics during the possible transitions, e.g. polymorphic state of flagella. However, it
generated massive amounts of image data which made that impossible to track the single cells.
In current study, we were able to track and analyze the cell trajectories with the automated
event detection method. This indicates that the total fraction of run states in Ref. [15] could
be increased by event detection, and be the explanation of observing the different percentage

of run states in these two studies.

Furthermore, The bundle transition analysis illustrated that the reversals were caused by
the bundle transition from wrapped to push and vice versa. Moreover, the stop event during
push mode did not influence the direction of the motion; The reorientation angle in this case
is |y,p| ~ 0°. However, the wrapped mode interruption caused the broad reorientation angle
distribution with a peak close to the |y,,,| ~ 60°. This might arise from the geometry of the
bundle in wrapped mode.

The run speed of the push mode is two times larger than the wrapped mode on average.
This suggested that P. putida motors structure may have various features in each mode which
require more investigation. Pseudomonas aeruginosa, another bacterium of the Pseudomonas
family, has more complicated motor configuration than E. coli. It has five different genes
(motA, motB, motC, motD, and motY) which are known to be required for motor function
[108]. Doyle et al. in Ref. [108] studied the contribution of those genes on the motility of P.
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aeruginosa. The analysis of mutants showed that torque generation by MotA/B/Y or MotC/D
is enough to promote motility in liquid; however, MotA/B/Y units are essential for movement
in viscous environments. They suggested that the more complex torque generating system in
P. aeruginosa is essential for a polarly flagellated bacteria to solve the problem of motility
in the presence of increasing external load. While the peritrichous bacteria, such as E. coli,
solve the problem by up-regulating the number of propellers [108]. Different properties of P.
putida swimming modes may originate from the architecture of the motor, which requires

additional studies to reveal the motor architecture in P. putida.



Chapter 5

Swimming near-surface

5.1 Introduction

This chapter is focused on a research conducted with P. putida near a solid boundary. P.
putida is a soil bacterium and evolves in the presence of solid boundaries. Living in complex
environments, such as soil, needs flexibility to pass through the micro labyrinths, in where
swimming via flagella mediate motility could be a big challenge [109]. In their everyday
life, P. putida interacts with the nearby boundaries/surfaces. Their complex swimming
strategy could be affected by the boundary in various ways. Knowing P. putida’s swimming
characteristics close to a solid surface can shed light on the hydrodynamic interactions
between different flagella configurations and the boundary.

A solid surface and more commonly confinement influences the motility dynamics
of flagellated swimmers significantly. The first aspect is the distance (from the surface)
dependence of the swimming speed. When bacterium swims near a surface, the larger drag
force causes decreasing the swimming speed [110]. The second type of surface-influence on
the swimming is a circular trajectory nearby a surface (see also section 2.2.2). Swimming in
the circle of E. coli near-surface was observed both in wild type and smooth-swimming cells
(non-tumbling mutant) [66, 111]. Although wild-type cells moved away from the surface
more frequently, smooth-swimming cells swam in the circle for a longer time than wild type.
It shows that the tumble events is a mean to escape from hydrodynamics effect of the solid
boundary. Other bacterial species are influenced by the surface differently. V. alginolyticus is
known to switch between forward (CCW motor rotation) and backward (CW motor rotation)
swimming modes. Qualitative differences between forward (push mode) and backward (pull

mode) are found. The average backward swimming speed is detected 1.5 times greater
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Fig. 5.1 Boundary element model of a bacterial cell at a distance (d) from a solid boundary.
The coordinate systems xyz and the pitch angle, 0 are shown. Taken from [114].

than the forward [112]. Also, the cell traces near the surface are composed of straight and
curved sections [113]. During pull mode, the cell swam in a circular arc, while the track
during push mode progressed linearly. A numerical study by Goto et al., [114] showed that
the backward swimming is unstable close the solid boundary. In this study, an influential
factor to the difference between the forward and backward motions was the orientation of
the cell concerning the wall. The calculation were performed by changing the pitch angle
0 and the distance from the wall boundary d (Fig. 5.1). When a cell swim parallel to the
surface 8 = 0. If the cell swims with the flagellum close to the wall and the cell body away
from it @ > 0. Finally 8 < 0 is the opposite way around. The numerical calculation of the
motion indicated that the forward swimmer tended to maintain a fixed distance from the
wall, because its pitching motion was stable; the cell body interaction with the wall increased
the pitch rate, and the flagellum interaction with the wall decreased the pitch rate (those
two motions acted opposite each other, which led to the stability of the pitch motion). On
the other hand, the pitch motion of the backward swimmer was unstable. It means that the
backward motion was either approaching the surface (pitch angle 6 is positive) or departing
(pitch angle 6 is negative) from it. For departing motion in backward swimmer, the cell
steadily increased its distance from the wall. It swam almost in a straight line close to the
wall. However, the approaching motion in backward swimmer is a circular motion, which
was the consequence of the flagellum interaction with the surface. These representations
may be confirmed if the pitch angle is available experimentally along with trajectory. Recent
experimental studies by Ref. [115, 116] reported the pitch angle of E. coli near-surface.
The investigation indicated that E. coli circulated close to the boundary with the cell body
pointing to the surface (“nose-down”), in contrast to the numerical study explained above.

It is still unclear why the pusher E. coli has a circular trajectory near the solid boundary,
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while V. alginolyticus has not. One explanation could be that the ratio of the cell body to
flagellum size is an important parameter to stabilize the track close to the boundary. Here,
we investigated the hydrodynamics interaction with the solid boundary in case of P. putida
with multi flagella bundle configuration. The following section describes the experimental

finding of the near-surface behavior of P. putida.

5.2 Materials and methods

The Pseudomonas putida KT 2240 FliCge7c strain was cultured overnight in 50 ml
Tryptone Broth (TB) (10 gl~! tryptone (Applichem), 5 g1~ NaCl) being shaken at 300 rpm,
and 30°C. The overnight cell culture with highly motile bacteria was washed once by
centrifugation (4000 rpm, 4 min, room temperature), followed by gentle resuspension of the
pellet in 500 ul MB+. The cells were then labeled with Alexa Fluor 488 C5-maleimide.
The fluorescent labeling was explained in chapter 4.1. 300 ul of the cell suspension was
filled in a ibidi pu-Plate 96 Well (see Fig. 5.2 for the physical dimension of the well). The
plate stayed for 10 minutes in a stationary position to diminish the flow drift. After that
the cells were visualized in the plate using an IX71 inverted microscope equipped with a
20X UPLFLN-PH objective (both Olympus, Japan) and an Orca Flash 4.0 CMOS camera
(Hamamatsu Photonics, Japan) together with TriggerScope. The image stacks were acquired
at 20 fps. The field of the view was placed 5 um above the bottom of the well. Total height

of the well was 12.9 mm.
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Fig. 5.2 Layout of the ibidi u-Plate 96 Well. Each plate contains 96 wells with the dimension
shown in the figure. Adapted from [117].
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5.3 Experimental results

As mentioned before, the focal plane of the microscope was located 5 um above the
glass bottom of the well. The cells were monitored from below in XY plane. That is the
reason we were not able to have the pitch angle of the cell. When the cells approached 5um
above the well bottom, some of them remained in the microscope focal plane. Accordingly,
1320 trajectories were recorded at that depth and statistically analyzed. Figure 5.3 shows
a typical trajectory of P. putida swimming pattern near-surface, which is not the same for
those observed for E. coli [65, 66]. However, the track has a similarity with the near-surface
trajectories of V. alginolyticus. The cell swam in a circle when the flagella bundle pushed it.
After switching to the wrapped mode, the trajectory became a straight run. This implies that
the near-surface hydrodynamic interaction influences two run modes differently; when the
cell was in push mode, it swam in circle as a consequence of the surface-induced torque (for
more detail see the 2.2.2), however the wrapped mode was not affected. Due to earlier study
[15] and our finding, the stop events during push mode happen when one filament leaves the
coherent bundle. In some turn events in a circular motion, this kind of bundle disassembly
occurred; the push bundle was clearly dissembled. The raw images display how the flagella
bundle changed their configuration in the circular part of the trajectory (Fig. 5.3A, top panel).

In section 3.7, we described how the runs and events were categorized heuristically. The

o (rad/s)

v (um/s)

m wrapped (38%)
W push (57%)
m pull (4%) 12pm

time (s)

Fig. 5.3 Typical P. putida trajectory near-surface. (A) Cell circulated with the push bundle.
The push run interrupted three time, one with the flagella bundle disassembly, the corre-
sponding raw data are displayed in top rectangular box. Then, the flagella bundle switched
to the wrapped mode. The pie chart exhibits the percentage of the runs (N=2533) which
were observed in the near-surface experiment. (B) and (C) are the time series of rotational
velocity @ and swimming speed v, respectively.
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Fig. 5.4 The analysis is based on near-surface experiment. (A) Comparison of the overall turn
angle distribution of the tracks near-surface in green and the bulk in black (taken from Fig.
4.3A). The green distribution was built from 1303 turn angles. (B) Turn angle distribution of
the push-push transition. The distribution was built from 643 turns.

300 :
All Runs
250 + mm Push Runs
mm Wrapped Runs
200
=
=
Q
O 1501

100 -I

ol Illlll

V, (umvs)

Fig. 5.5 Frequency distributions of run speed of the near-surface assay. Distributions are built
from 2177 runs in total (grey histogram), 1277 runs for the push sub-group, and 900 runs for
the wrapped sub-group.
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Fig. 5.6 Temporal evolution of the mean square displacement (MSD) for different run modes
in bulk and near-surface experiments. The MSD for the bulk and near-surface data sets are

shown by squares and triangles, respectively. Each curve includes information from at least
2000 runs.

events are identified by sudden change in speed or angular velocity. The events detected in
the circular motion of the Fig. 5.3 were mainly classified based on increasing the angular
velocity.

The statistical analysis overall population displays the difference between the near-surface
and the bulk swimming characteristics. The turn angle distribution for the near-surface
population indicates that the peak at ~ 60° is more pronounced than in the bulk (Fig. 5.4).
The turn angles in Fig. 5.4 were taken from all the possible transitions. The bulk turn angle
distribution was adapted from Fig. 4.3A for better comparison. By looking at the turn angle
distribution for all the possible transition scenarios, the only transition that had a different
distribution shape than the bulk population is the push-push transition (Fig. 5.4B). Because
of their similarity to the bulk analysis, the distributions for the other transitions were not
shown. As described in section 2.2.2, the surface-induced torque constantly changes the

swimming direction to maintain swimming path in a circle. The bulk results shows us, the
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Fig. 5.7 Relative angle of motion distributions. The colorless histograms are the relative
angle of motion from the bulk experiment. The blue and black histograms are from the
near-surface experiment.

disassembly of the flagella bundle could not effect the straightness of the push runs. That
is the reason the push-push transition on average has a turn angle ~ 0° in the bulk. The
surface-induced torque caused the cells in push mode reoriented slightly in order to stay in
the circular track. The run speed distribution shapes are similar to bulk experiment (Fig. 4.8),
expect for the push runs (Fig. 5.5). The distribution of the push runs speed in Fig. 5.5A,
shows that the peak is around 10 um/s, which is reduced considerably in comparison to the
bulk.

Next, we quantified the mean square displacements (MSD) of P. putida for the push and
the wrapped run modes from tracking data, as shown in Fig. 5.6. The MSD curve of the
three data set — push in bulk, wrapped in bulk, and wrapped near-surface — shows the ballistic
motion with the slope of ~2. Only the push near-surface data set displays a reduction to
slope ~1 at longer run times (> 0.2s). At that time scale the behavior was diffusive. The
near-surface data sets indicate that the push runs randomized faster because of the circular
motion.

Distribution of relative angles of motion between successive time intervals of the trajecto-
ries can probe the dynamics of the cells near-surface as well [118]. Each track contains a
set of positions of the cell centre of mass X. Given these data, one can form the vectors that
connect positions separated by T steps, V(¢;7) = X (¢ + ) — X (¢). The relative angle 3(¢; 7)
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is the angle between V (#;7) and V (r + 7, 7) via

V(t;t)-V(t+1;7)
V(eD)||V(ie+137)|

cosB(t;7) = (5.1)
Indeed the parameter 7 is a lag time. Figure 5.7 is the 3 distribution for the lag time of
T = 0.1, which is the time delay between two consecutive positions of the trajectories. The
wrapped mode (Fig. 5.7. lower panel) has a same shape of the distribution of relative angles
of motion P(f3) in both bulk and near-surface experiments. On the other hand, the distribution
for the push mode in bulk (Fig. 5.7. Downer panel) shows a strong peak around ~ 5° which
denotes straighter runs on average than the wrapped mode. However, the near-surface push

run data set displays a similar distribution as calculated for the wrapped mode.

5.4 Summary and discussion

From the experiment conducted above it is evident that the different run modes interact
differently with the nearby boundaries. The initial attempt was to analyze the run modes
to find their hydrodynamics interaction when they faced the nearby boundary. Since the
trajectories were captured in the XY plane, we were not able to check the cell and flagella
bundle alignment with the surface. However, the trajectories statistical analyzes pointed
out the asymmetry for different run modes. The turn angle distribution for the P. putida
near-surface (Fig. 5.4) displays more pronounce peak around ~ 60°. Analysing the turn
angel distribution for push-push transition indicated that the peak shifted from ~ 0° to ~ 60°
in near-surface boundary. However, the turn angle distribution for the other transitions
was not influenced by the boundary. Furthermore, the run speed distribution of push mode
demonstrated the peaks at ~ 10 um/s for both push and wrapped runs near a surface, which
is a considerable reduction in push mode; the push mode in bulk had a peak at ~ 20 um/s as
shown in Fig. 4.8A. In conclusion, the push mode, which is the faster mode in general, slowed
down near-surface while the wrapped mode was not affected. The distance dependence of
the cell speed was reported before [110]. The other feature of the push mode near-surface
extracted from the MSD curves (Fig. 5.6). The MSD curves were calculated for the push and
wrapped run modes. The runs in push mode near a surface shows a transition from ballistic
to diffusive regime at times longer than 0.2s. This behaviour were not detected for the other
data sets. Eventually, the relative angle of motion distributions of consecutive data points

along the runs verified that the push runs became curved near the surface boundary.

Even though we were not able to measure the pitch angle of P. putida near surface, the

2D trajectories revealed essential features of the cell dynamics near the boundary. Based on
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our experimental findings, P. putida also showed asymmetry for different run modes when it
encountered to the surface. The push run mode was affected by the surface and made the arc
part the P. putida trajectories. However, wrapped mode did not show any interaction with the
surface. Swimming in a circle near-surface was reported earlier for E. coli [66, 111] and V.
alginolyticus [113]. E. coli switches to the circular tracks at the whole time of runs, while
V. alginolyticus has both straight and arc runs near the boundary. P. putida and E. coli have
the arc part of trajectories when their flagella bundle pushes the cell body. In contrast, the
circular motion in V. alginolyticus occurs when the flagellum pulls the cell body!. Both P,
putida and V. alginolyticus are multi-mode swimmers, and just one of their run modes makes
the arc part of trajectories. Those information suggested that the geometry of the bacterial
cells may play an important role in this matter. Definitely, We need more theoretical study
to address the question of how the same behavior, the circular motion, was established in
different bacteria species with various geometry properties. Moreover, the complementary
experimental investigation on the pitch angle of the push mode closes the surface will clarify

the reason behind this phenomenon.

'In contrast to the E. coli with only one type of flagellum (H " -driven type), V. alginolyticus has two types
of flagella: a single polar flagellum (Fla, Na™-driven type) and many lateral flagella (Laf, H"-driven type).
The researcher in Ref. [113] utilized two mutant strains, YM42 (Fla™ Laf~) and NMB102 (Fla— Laf") [119].
Ym42 strain was biased to forward swimming and did not have any lateral flagella. However, NMB102 did
not have polar flagellum and was considered as the strain which was biased to backward swimming. The
direction of the flagella was not visualized for all trajectories, because of the imaging techniques. For that
reason, the terms forward and backward were pointed to the trajectory properties; the curve parts of the tracks
were considered as backward motion and the straight parts were categorized as the forward motion.






Chapter 6

Chemotaxis

6.1 introduction

The best-understood model organism E. coli alternates the run duration to achieve the
region with a high concentration of nutrition by increasing the probability of the longer runs
toward the nutrition source and decreasing the probability of the tumbling [2]. In fact, E.
coli modulates the CCW and CW intervals to external chemical cues. The cell increases
the time duration of CCW motor rotation, run mode, to purposefully navigate toward the
chemoattractants, and the motor reversal, CW rotation, causes reorientation. The chemotaxis
signal transduction network inside the cell regulates the run and tumble probability. Any
changes in the environment transmits into the cell with the chemotaxis signal transduction
network. The information transmission yields activation/deactivation of CheY proteins. The
chemoattarchtant deficiency actives CheY through phosphorylation. Consequently, CheY-P
binds to flagellar motor which increases the possibility of CW rotation. Multiple flagella of
E. coli synchronously rotate CCW in run phase, and CW rotation of at least one flagellum
triggers the bundle disassembly and reorientation. Therefore, E. coli regulates its response to
the environmental cue via controlling the likelihood of flagella rotating CCW or CW. The
genes controlling chemotaxis in E. coli are homologous to the other bacterial species that
suggest a similar core chemotaxis signal transduction network among the bacterial species
(for more details see also 2.4.1).

There are plenty of single polarly flagellated bacterial species, i.e. Shewanella putrefa-
ciens, Pseudoalteromonas haloplanktis, and V. alginolyticus, which have run and reverse
motion. In contrast to E. coli, both CCW and CW motor rotation establish a persistent

random walk. The chemotactic behavior of those rely on a combination of several run modes
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much less is known. Xie et al.’s paper [7] raises the important feature of chemotacic response
of V. alginolyticus. In a chemically homogeneous medium, no correlation observed for the
forward and backward swimming times. However, the forward and backward swimming
times correlated strongly near a point source of attractant. The study indicated that V. algi-
nolyticus had shorter forward swimming time in presence of chemoattractant gradients. The
research suggested that one run mode, forward runs, effected more in the presence of stimuli,
which may indicate the gradient sensing in multi-mode swimmers has been evolving in only

one specific run mode.

This chapter primarily investigates the response of P. putida and E. coli to the gradient
of nutrition. Firstly we will discuss our finding of E. coli chemotaxis in a combination
of theoretical study. The theoretical approach introduces a stochastic model for E. coli’s
run-and-tumble random walk. Afterwards, we will discuss our novel results of the P. putida
chemotaxis strategy. Our model study P. putida is also a multi-mode swimmer with run and
reverse swimming tactic. It has three run modes with various sense of motor rotation; CCW
rotation of the all flagella in push mode and CW rotation of the all flagella in wrapped and
pull modes. We examined P. putida response to stimuli using our combined phase—contrast
and fluorescence imaging. The microscopy set-up enabled us to investigate individual run
mode response in a linear chemoattractant gradient. Relying on P. putida as an example, we
evaluated the role of one specific run mode in bacterial chemotaxis and, at the same time, shed
light onto the chemotaxis strategies of multi-mode swimmers beyond the classical paradigm
of E. coli. Based on the data set produced by the combined imaging set-up, we proposed
an active particle model for bacteria with the multi-mode motility tactic that provided us
to bridge the gap of experimental short-time observations and chemotactic motion in the
long-time limit. Besides, it presented the basis for a significant evaluation of the efficiency
and robustness of chemotaxis strategies of bacteria with multi-mode motility, both in bulk
and in disordered environments. The findings presented in section 6.4 have been published
in Ref. [104].

6.2 Material and methods

6.2.1 E. coli in linear gradient

Experimental set-up

E. coliAW405 strain was cultured overnight in liquid Tryptone Broth (TB) (10 gl~! Difco
Bacto™-Tryptone and 5gl~! NaCl) at 37°C on a rotary shaker at 300 rpm. The cell
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suspension was diluted 1:100 into fresh TB, and grown to mid-exponential phase (ODgog =
0.5). Then the bacterial suspension was washed and resuspended in MB+-. Afterward, the cell
suspension was divided into two fractions. One was centrifuged and resuspended in the same
motility buffer (chemoattractant-free cell suspension), and the other was centrifuged and
resuspended in motility buffer supplemented with the chemoattractant -methyl-aspartate
(Sigma-Aldrich, USA) in a final concentration of 0.5 mM (chemoattractant-containing cell
suspension). In both cases, the final ODg of the cell suspensions was 0.07 before filling
them into chemotaxis chambers (Fig. 4.1).

Image analyzing and cell tracking

A custom Matlab program based on the Image Processing Toolbox (version R2015a, The
MathWorks, USA) was used to process the image sequences automatically. For each image
sequence, a background image was calculated by pixel-wise time average projection. It
was subtracted from each frame to eliminate non-motile objects and shading effects. The
built-in Matlab function imerode was then applied for morphological erosion (with a disk of
radius 0.6 um) to reduce the background noise. The putative bacterial cells are distinguished
from background using the maximum entropy thresholding algorithm by Kapur et al. [99].
The threshold was calculated for each image in the sequence separately. The median of all
threshold values was used to segment the whole sequence. The binary images were further
processed with the morphological operations, imopen and imclose (with a disk of radius
0.3 um) to eliminate any noise caused by segmentation. The built-in function bwconncomp
was used to find all connected objects in the binary images. Size and centroid of the objects
were determined using the regionprops function. Afterwards, particles with an area between
1 um? to 15.6 um? were considered as single bacterial cell. Finally, trajectories were obtained
employing the tracking algorithms by Crocker and Grier [100].

To avoid tracking artifacts caused by tumble events when cells enter and leave the focal
plane, the first and last 0.5 s of each track were removed. Highly curved tracks as well as
tracks with a total displacement < 10 um were eliminated, as they most likely result from

damaged flagella.

6.2.2 P. putida in linear gradient

Fluorescently stained flagella of P. putida was prepared as described in section 4.1. Sub-
sequently, the cell suspension was allocated into two fractions. One was centrifuged and
resuspended in the MB+ as the chemoattractant-containing cell suspension, and the other in

MB+ supplemented with the chemoattractant casamino acids (Amresco) in a final concentra-
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tion of 7 % (wt/vol) as the chemoattractant-free cell suspension. The cell suspensions were
loaded into the chamber. The recorded image stack were processed as explained in section
3.4.

Both studies, E. coli and P. putida in linear gradients, were performed in the u-Slide
Chemotaxis 3D chambers in order to maintain a stable linear gradient of the chemoattractants
(Fig. 4.1). For each chemotaxis assay, the cell suspension with chemoattractant was filled
into the reservoir on the right hand side and the chemoattractant-free cell suspension into the
reservoir on the left hand side. The central observation area was filled with motility buffer. A
stable linear chemoattractant gradient is generated by diffusion in the observation area and

maintained for several hours [120].

6.3 Chemotaxis response in E. coli

The information about the physical properties of bacterial motion obtains form the 2D
trajectories. The tracks does not have any information about the flagella, therefore each
swimming phase categorizes based on some heuristic run-and-tumble recognizer methods
as an alternative way [81, 102]. For instance, the method introduced by Masson et al., in
Ref. [102] is founded on significant changes in the speed and angular velocity time series;
when cell tumbling swimming speed decreases, and angular velocity increases (see also
section 3.4). These significant changes are detected on the basis of threshold parameters by
an automatized tumble recognition algorithm. All the automated tumble recognizer methods
require visual inspection of the trajectories for the accuracy of the tumble detection. In this
section, we focused on a joint project published in Ref. [121]. In this study, the stochastic
description of E. coli swimming motion was investigated in the presence of uniform and
gradient chemoattractant source. The theory presented novel tools to distinguish run and
tumble states of the bacterial motion beyond the classical tumble recognizer which was
developed by Maximilian Seyrich in the Statistical Physics of Soft Matter and Biological
Systems group of Holger Stark. In this section we will first describe the theory. Afterward,
the trajectories analysis using the inference method will present in the uniform buffer solution

and the linear gradient of a chemoattractant.
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Statistical parameter inference

We describe the dynamics of bacteria in terms of Langevin equations

r(t) =v(t)e(r), (6.1)
V(1) = rlvo—v(t)] 4+ & (1) + 4 (1), (6.2)
®(t) =V 2Drot(l) éan(l)' (63)

Here, v(¢) is the velocity of the bacterium in two dimensions, e(¢) = (cos ®,sin®) is the unit
vector, O is the bacterium’s orientation angle with respect to the x axis.

The equation for speed v(¢) has contributions from three sources: drift, diffusion, and
jumps. The jump initiates the tumble at time #; via a shot-noise process [122, 123]

q(t) = —Nva(t)5(t—ti), (6.4)
i=1

which is a series of N* delta spikes (number of tumble events) with amplitudes 1. The

tumbles follow Poisson distribution and occur randomly with tumble rate A(z). At the
beginning of each tumble, the bacterial speed is reduced by 1 to (1 — n)v,. During the
tumbles the track speed drops down. In equation 6.2, r is the relaxation rate after a tumble
event, where the speed relaxes towards the swimming speed v of the run phase. Therefore
r~ ! is the mean duration of a tumble event. &sp is a Gaussian white noise process that accounts
for rotational thermal noise due to the ambient fluid, which is determined by (&p) = 0 and
(Ep(5)Eep(t)) = 028 (t —5). Here, o is the white noise strength. Eventually, five parameters
{A,r,vp,0,n} determine the stochastic speed process. These full set of parameters are
inferred from the moments m)! = (v(¢)") of equation 6.2, where the average is taken over all
times ¢ and all tracks in the long-time limit, and also the speed autocorrelation function for
the mode gy () = ([v(t + 1) —m¥][v(t) — m)]) = A>ve=(r+12)7,

Table 6.1 Inferred parameters for the stochastic processes of speed and angle for E. coli
moving in a control experiment.

Speed Angle

A 0.834+0.04 57! A 0.84+0.02s !

r 441403571 r 3.81+03s7!

Vo 20.840.2 ums™! Dy 0.09+0.002 s~!
o 5.1140.07 wms™! Dr 231401257

n 0.85+0.01
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The stochastic equation for the orientation angle ® is described by the white noise term
Ean. It is characterized by (Ean) = 0 and (Eun(5)Ean(?)) = 6(r —s). In the model, Dy (1)
alternates between two values, Dy and D7. Dy is the run status thermal rotational diffusion
coefficient and, D7 is an enhanced value during tumble status. Overall, four parameters,
{A,r,Dg,Dr7}, govern the stochastic process for the orientation angle. In order to find the
full sets of parameters, the steady-state probability distribution p(|A®|) form Eq. 6.3 is
determined. The moments of the absolute angular displacement m4® = (|A®|") together
with the autocorrelation function gg(7) ~ 1 — a7 with a relaxation rate o are utilised to

infers the parameters to control the directional dynamics.

Results

To perform the parameter inference, the moments from experimental trajectories are calcu-
lated and, fitted with the analytical solutions. The inferred swimming parameters are the
tumble rate A, the tumble time r—!, the swimming speed vy, the strength of speed fluctu-
ations o, the jump height 7, the thermal value for the rotational diffusion coefficient Dy,
and the enhanced coefficient during tumbling Dr (see table 6.1). The method is validated
by comparing the inferred swimming parameters to their values determined by a heuristic
tumble recognizer. For instance, the tumble rate determined with the heuristic tumble rec-
ognizer was A = 0.84s~!, which shows a fair agreement to those obtained regarding our
method. Afterward, the experimental data of E. coli in the gradient was investigated. The
swimming parameters depend on the orientation or swimming angle 68 were determined. The
experimental data was split into 8 subsets, 8 = 0,27 means swimming up the gradient and
0 = 7 in opposite direction. Figure. 6.1A shows the tumble bias A /r, the ratio of tumble
time to run time, as a function of the orientation angle. The ratio is lower when swimming
up the gradient (60 = 0,27), it means that the run time is dominated. The tumble bias had a
maximum value when swimming down the gradient (6 = &) which indicates that the tumble
time increased more in comparison to the run time. The curves from angle inference and
speed inference were displayed in orange and blue, respectively. They show the same trends
even though they are executed independently from each other. The diffusion coefficient Dy
during tumble displayed the same trend; it was improved when swimming in an unfavorable
direction (Fig. 6.1A), which confirms the alternative chemotaxis strategy identified in Refs.
[124, 125]. Overall, the results from the method introduce an approach to describe the

motility of the bacterial swimmers beyond the classical run-and-tumble analyzers.
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6.4 Chemotacxis response in P. putida

Experimental finding

The classical representative of bacterial chemotaxis strategy is the comparison of the probabil-
ities of observation a run that is longer than a given time 7, sojourn probabilities s(z). Indeed
s(t) is the complementary cumulative distribution function (CCDF) of runs times. In simple
terms, s(z) is used to realize how often a random variable (run time) is above a particular
level: CCDF(t) = s(T >t) = 1 — CDF(r), where CDF(¢) is cumulative distribution function.

In order to calculate the sojourn probabilities s(¢), the runs can be categorized into
two groups conditioned on the run direction. Two subsets of the data were created that
contained all runs oriented up or down the gradient direction. Figure 6.2 displays the
sojourn probabilities s() of E. coli in a linear of a-methyl-aspartate gradient. Due to E. coli
classical chemotaxis strategy, runs in the direction of the gradient (blue) are longer than
runs in the opposite direction (red), themselves longer than control runs (black) where no
chemoattractant is present. Unlike E. coli with only one run mode, P. putida has a complex
swimming maneuvering combination of three different run modes and two types of events.
To elucidate how P. putida uses its multi-mode swimming pattern to navigate towards a

source of chemoattractant, we imaged bacteria in a linear casamino acid gradient. In this
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Fig. 6.1 (a) Tumble bias A /r conditioned on the swimming angle 6. The bacterium navigates
toward the gradient for 8 = 0,27, and backward for 8 = 7. The tumble bias is determined
either by angle inference in orange or speed inference in blue for E. coli in a linear gradient
of (a-methyl-aspartate). (b) Rotational diffusion coefficient D7 during tumbling conditioned
on 6. Tacken from [121].
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Fig. 6.2 Run-time bias of E. coli in a linear gradient of o.-methyl-aspartate. Due to chemotaxis,
runs in the direction of the gradient (blue) are longer than runs in the opposite direction (red),
themselves longer than runs of control experiment (black). Each curve includes information
from at least 1000 runs.

context, we classified the runs not only concerning the gradient but also based on the flagella
bundle configuration. Runs in push and wrapped mode were analyzed separately (Fig. 6.3).
Afterward, the sojourn probabilities s(¢) were determined for all four data sets (push and
wrapped directed to and down the gradient). Figure 6.3 displays the results for the runs in
push (A) and wrapped mode (B). The sojourn probabilities s(¢) were estimated based on a
nonparametric maximum likelithood approach proposed in Ref. [127], which correctly takes
incomplete runs into account as censored data (for more details please see appendix A).
The wrapped mode demonstrated a clear run-time bias which obvious in a difference of the
sojourn probabilities of up- and downgradient runs.

In other words, runs towards the chemoattractant source are longer, on average, than runs
directed downward (see Fig. 6.3B). Surprisingly, run-time bias is not observed for runs in
the push mode; the statistics of swimming time up and down the gradient are equal (see
Fig. 6.3A). Therefore, the push and wrapped swimming modes response uniquely to the
chemoattractant. Note that the push mode rotates CCW and wrapped CW [15]. Thus, the
time that a flagella bundle rotates CW is affected by the chemoattractant, whereas the time
of CCW rotation is not. The run-time statistics in a linear gradient compare to the control
experiment revealed another feature of the P. putida chemotaxis strategy: while the sojourn
probability of upgradient wrapped runs is identical to the control experiment, downgradient

runs decrease (Fig. 6.3B). In contrast with the well-studied case of E. coli which extends
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Fig. 6.3 Run-time bias of P. putida in a linear concentration gradient: the plots show the
sojourn probabilities s(7) that a run is longer than a given time ¢ for runs in the push mode (A)
and wrapped mode (B). Upgradient runs are shown in blue, downgradient runs in red. The
control experiments in the absence of a gradient are plotted in gray for comparison. The error
bars indicate the 10-interval estimated by bootstrapping [126]. The run-time bias depends
on the swim mode: whereas the run-time statistics up- and downgradient is practically
indistinguishable for swimming of the bacteria the push mode, there is a significant run-time
bias in the wrapped mode: bacteria in the wrapped mode tend to decrease the downgradient
run-time. Each curve includes information from at least 900 runs. Taken from [104].

their run duration when swimming in the direction of the chemical gradient (Fig. 6.2).
The similar behavior to P. putida was reported for V. alginolyticus which displayed shorter
forward swimming time in the presence of chemoattractant gradients [7], as mentioned in

the introduction section 6.1.

Modeling active particles with multi-mode motility

In a joint effort with Robert GroBmann, we propose an active particle model for the multi-
mode swimmer P. putida based on the observed motility states and the statistics of the
corresponding transitions between them. Theory development and modeling have been
conducted by Robert GroBmann. In the following, we will restate the theory to better
understand the asymmetric chemotactic strategy of P. putida. The model demonstrates that
the a given movement strategy of P. putida can be fully understood if the mutual interaction
of the bacterial cells and disorder environment (e.g. soil) takes into account.

From the statistical analysis of the experimental data, we learned that the pull mode either

is uncommon or short (duration is less than the delay between two frames, 0.1 s). Therefore,
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Fig. 6.4 Model representation of the motility pattern of P. putida: the two essential run states,
push and wrap, are interrupted by stops of the flagellar driving or their reconfiguration with
respect to the cell body inducing transitions from one run mode to another accompanied
by turns. The mean duration of all states is parametrized by inverse transition rates that are
denoted by k;. The parameter p,,, reflects the probability that the push mode is followed by
the wrapped mode (and vice versa for p,,,). Taken from [104].

the pull mode is dismissed, and there are two essential run modes to take into account, push
(p) and wrapped (w). The model included the following features:

¢ The swimmer has a characteristic speed, shown by v, and v,, for push and wrapped

mode, which are assumed to be approximately constant

e The persistence runs length is considered by rotational noise with the intensities D),
and D,,.

* The run, stop, and transition times are assumed to follow an exponential distribution
(Poisson statistics), in a way that they are characterized by effective transition rates
defined by k;. In fact, the rates k; captures the average number of events in time interval
[t,t + At] with the probability k, ,,Af that a run ends within a time step Ar.

* The cell body does not displace spatially during stop and transitions.

* The turning events are described in terms of their probabilistic turn angle distributions
(Fig. 4.6).

* The probabilities that a push (wrap) run is follow by a run in the wrapped (push) mode
is defined by the parameters p,,, and pp.

The time evolution of bacterial dynamics in each states and the transitions between them
are reflected in set of master equations. Since we assume that the run modes are distributed

exponentially, the average push and wrapped run times are 7, = 1/k, and 7, = 1/K,. In
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order to account the run times dependency with respect to the chemical gradient V¢, the rates

are coupled to the current direction of motion as follows:

Kp,w(e) = )Lp,w —Npw (e-Vc), (6.5)

where the unit vector e denotes the direction of motion. Without a chemical gradient, the
transition rates are obtained by A, ,,. Here, 1, are phenomenological parameters. These
parameters could be obtained from a microscopic model for the signaling cascade which
regulates flagellar motor reversals. In fact, 7, 1s the response function explained in the
section 2.4.3. Since we do not discuss the chemotaxis pathway in this study, 1, ,, considered
as a parameter. When the cell swims upgradient, the corresponding transition rates decrease
for 1., > 0, the cell should keep swimming in same direction instead of reorienting. From
the experimental results, we observed 1, < 1, (Fig. 6.3). Subsequently, the question raised
here about weather this specific run-time bias is the optimum tactic or not for the long-time
chemotactic response of multi-mode bacterium. We addressed this question by reducing the
full dynamics to a Keller-Segel-type equation [128] for the particle density p through a mode

expansion in order to derive long-term transport properties analytically,
ap ~ —V- [ (Ve)p]+DAp, (6.6)

where D is the long-time diffusion coefficient and the average chemotactic drift velocity

is provided by v; = uVe. Here u is the effective transport coefficients. Both p and D

Table 6.2 The table summarizes the mean values of model parameters as they were estimated
from experimental data.

model parameter estimated mean value

D, 0.03s!
D, 0.13s7!
Vp 25 wms™!
Vi 13 ums™!
Ap 03s™!
A 0.4s!
Pwp 0.42
Ppw 0.75
(cosy) ,, 0.9
(cosY) ., -0.9
(cosy),,, -0.9
(cosy),,,, 0.55
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are functions of the underlying motility pattern. The derivation of the effective transport
properties from a descriptive model of the motility enables up to predict the chemotactic
response. Here, we will discuss the chemotactic drift coefficient ¢ in terms of efficiency and
robustness of P. putida chemotactic performance. Due to first order in the chemoattractant

gradient Vc, the chemotactic drift is identified with the chemotactic responses U, ,, via

M= UpTNp + Hy Ty (6.7)

Up (L) 1s the chemotactic response due to a potential run-time bias in the push (wrapped)

mode. The corresponding chemotactic responses, are given by

= & ) Vpgw [1 - FPP (1 - ppw)] - VprPprpw - Vprpwrwp)bwppwpwp (6.82)
d Dp D — T pwlwpAp Ao D pwPwp ’
Ly = & ) vwgp [1 — Dy (1 - pwp)] —VpDywpuwplvp — Vwrpwrwplpppwpwp (6.8b)
" d -@p-@w - prrwplplwppwpwp ' -

where P, and P, are the probabilities to find a bacterial swimmer in the push or wrapped
mode in the stationary state, respectively. d is the dimension of the motion, which is two
(d = 2) for the self-propelled motion. The indices ij correspond to a transition from state i to

j. Tij = (cosy); ; O and the effective rotational diffusion coefficients are defined by

Dp=Dp+p[1=Tpp (1= ppu)], (6.92)
D= Dyt A[1 = Tyno(1 = pup) |- (6.9b)

Using the abbreviations introduced above, here we introduced the effective diffusion coeffi-
cient
1 V?;-@w + vawlpppwrpw

D —_ — P . +P
d b @p@w - prr‘wplplwppwpwp "

. V2D + VA DwpDwp
DpDw — T pwlwpApAwppwPwp

. (6.10)

Since the cell has one slow wrapped mode which showed the run-time bias (n,, > 0) (Fig.
6.3) and one fast push mode which is blind to the chemoattractant (1, ~ 0), we investigated
the mixed chemotaxis strategy. Figure 6.5 shows the response function u,, dependency on
the probability p,,, that a wrapped run is followed by a push run (p,,, = 1 — py,p). The graph
has two limits; p,,, = 0 means that the cell performs the wrapped mode interrupted by turns,
and p,,, = 1 denotes the bacterium runs in the push mode interrupted by stop events. The
dependence of u,, on p,,, demonstrates two interesting points. Firstly the mixed chemotaxis

strategy (the combination of wrapped and push runs) may lead to an optimized chemotactic
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Fig. 6.5 (A) Response function ,, as a function of the transition probability p,,, from the
wrapped to the push mode (we set pp,,, = 1 — py,p). For p,,, = 0 bacteria stay in the wrapped
mode and perform run-and-turn motility. In the opposite limit (p,,, = 1), they perform
push runs that are occasionally interrupted by stops. The dependence of u,, on p,,, is not
monotonic and all curves intersect around p,,, = 0.35 reflecting a robust chemotactic response
independent of the turn statistics (cos Y, ). Parameters: average turn angles <cos wpp> =0.9,
(cos Yy ) = —0.9, and (cos Y, ) = —0.9, speeds v, =25 pim/s and v,, = 13 um/s, average
reorientation rates A, = 0.3s~! and A,, = 0.4s~!, rotational diffusion D, =0.03 s~! and
D,, =0.13s7 1, spatial dimension d = 3. (B) Chemotaxis in heterogeneous environments.
The plot shows the relative difference Ay of the response functions i, and y,, as a function
of the mean free path length in a disordered environment. If the obstacle density is low (large
mean-free path length), the faster run mode is the beneficial one. However, as collisions
become more frequent — i.e. if the mean-free path is comparable to the average run times —
both run modes are equally efficient. In crowded environments, where /. is smaller than the
average run length, the wrapped mode may even become the more efficient one (A, < 0).
Parameters: mean turn angles for collision with obstacles (cos y,.) = —0.3, Ppw = 0.6,
Pwp = 0.4; other parameters as in (A). Based on data, we estimated 0.2 < (cOs Wyyy) <0.6 for
P. putida, represented by solid lines in both panels. Taken from [104].
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drift. Secondly, there is an intermediate value of p,,, =~ 0.35 at the intersection for all of the
mean cosine of the turn angle (cos ). This exhibits a novel way of ensuring the robustness
of bacterial chemotaxis; in a certain range of p,,, values, the drift becomes independent of
the reorientation angle.

Surprisingly, P. putida uses the wrapped mode to do chemotaxis as the push mode
would be more efficient. To address this behavior, we investigated the effect of disordered
environment on P. putida motility. P. putida is a soil bacterium, and its evolutionary swimming
strategy can be a reflection of the interaction between bacterium and habitat. Structurally,
soil is a heterogeneous environment. We approximated the heterogeneous environment as
an array of obstacles of size ¢ at a density p,. The cell can ballistically swims on average
before colliding with an obstacle. The mean free path /. = 1/(po0o) is the characteristic
distance between obstacles. The collision rates depend on the speed of the respective run
modes, K,(;fev = Vpw /l.. The collisions are included in the active particle model, assuming
that when cell collides to the obstacle it reorients by a random angle y,. In this context, the
relevant transport coefficients ¢ and D are structurally similar to Egs. (6.8,6.10) discussed

before. The rotational diffusion coefficients are renormalized by collisions with obstacles:

D, — Dp+v,poo (1 —T), (6.11a)
Dyy— Dyt vypoo (1 —T). (6.11b)

The mean cosine of the reorientation angle upon collisions of cell is given by I'. = (cos y)...
Since the relative increase of rotational diffusion is proportional to the speed, collision is
more likely to happen for the faster run mode in a given time interval. For the crowded

environment /. — 0, the expressions for the transport coefficients change:

~ i" <COS WWP> Pwp + <COS l/’WW) (1 - pwp) )
" d 1 —(cosy.)

I+ 0(12). (6.12)

When [, — 0, the response function is independent of speed and finally disappears. In this
regime, the geometric properties determine the chemotactic drift. Consequently, ability
to escape from traps is more effective than swim quickly. Figure 6.5B displays above
interpretations The plot displays the relative difference in the response functions Ay, =
(Mp — tw)/(Mp + W) as a function of the mean free path. For the large amount of /. (the
lower amount of obstacle density), u, is more prominent. This situation is similar to
swimming in the bulk. If /. is smaller than the average run length, the wrapped mode may

become more effective than push mode (A, < 0).
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6.5 Summary and discussion

In this chapter, we discussed the chemotaxis response of the E. coli in a linear gradient ini-
tially. The classical definition of the bacterial chemotaxis originated from the E. coli studies;
the cell biases the motion in a way that to reach/avoid the source of the attractant/repellent
[2]. Our experimental results also shows the same manner. Also exploring the diffusion
coefficient D7 during tumble displayed an improvement in an unfavorable direction. To find
the bacterial dynamic properties, extracting the run and tumble states from the trajectories is
the standard approach. There are some heuristic methods based on the speed and angular
velocity dynamics of the bacterial cell [14, 75, 102]. Those procedures categorize the run and
tumble phases relying on fulfilling some parameters with roughly ~ 10% of detection error.
We propsed the robust methodology which used to describe the swimming motion of E. coli
in two dimensions stochastically. Two sets of overdamped Langevin equation for speed and
angular dynamics were considered. The moments, distribution and autocorrelation functions
of the equations provided us a detailed stochastic description of the run-and-tumble motion.
Besides, a set of inferred swimming parameters were obtained. The experimental results
of a heuristic tumble recognizer were in good agreement with both theoretical predictions
from our model and with numerically determined functions using the inferred swimming pa-
rameters. The approach of inferring parameters is a robust method to classy run-and-tumble
states without acquiring sets of threshold parameters, which are normally the foundation of
heuristic tumble recognizer methods. However, additional developments will be needed for
other bacteria species with different swimming strategies. In order to apply the inference
method to other bacteria, for instance, P. putida, the Langevin equations 6.2 and 6.3 require
some modifications. Furthermore, the alternating swimming speeds of P. putida should be
considered to have an elaborate model of the speed dynamics.

Next part of the chapter was about chemotaxis study of P. putida. For the first time,
we performed a detailed analysis of the chemotaxis strategy of a bacterial swimmer with a
multi-mode swimming tactic. The soil bacterium P. putida exhibits run phases with pushing,
pulling and wrapped filament configurations. While the pull mode can be largely neglected,
the two remaining dominant run modes showed distinctly different chemotactic responses: for
runs in the wrapped mode with CW rotation of the flagellar motors, a clear run-time bias was
observed, whereas runs in the push mode, with CCW motor rotation, were not affected in
the presence of chemoattractant gradient. We developed an active particle model of multi-
mode motility to analyze the influence of this asymmetry on the chemotactic motion of the
swimmers in the long-time limit. Based on our model, we could show that the presence of a

non-responsive run mode may still be beneficial to ensure an efficient and robust chemotactic
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performance of the swimmers. Moreover, our model suggests that the lower swimming speed
during the chemo-responsive wrapped mode as compared to the non-responsive push mode

enhances the chemotactic efficiency in dense, crowded environments.



Chapter 7

Cell motion in dense populations

7.1 Introduction

Despite the focus on single cell motility researches in an aqueom environment, bacteria
predominately live within biofilms in natural environment [129]. Biofilm is a 3D complex
structure combination of bacterial cells and extracellular matrix, which forms as a develop-
mental process [130]. Initially, the process starts with attachment of the free swimmers to the
surface through cell-surface-associated adhesins. In the early biofilm formation stage, sessile
cells begin to divide and generate extracellular polymeric substance (EPS). Subsequently,
3D structures develop and maturate over time. In this phase, the EPS scaffold provides a
medium with heterogeneous chemical and physical microenvironments for organisms in
where they have social interaction. Finally, cells leave the biofilm to re-enter the planktonic
phase and float in the aqueom environment as single swimmers [130]. The sessile cells within
the biofilm are able to alter their physiology and evade the destructive factors [131]. The
bacterial community within the biofilm is a combination of motile and sessile populations
[132]. Motile sub-populations are important for community survival. They are assumed to
have roles in lots of processes, for instance, driving biofilm colony expansion, searching
for food [133]. However, the physiological functions of motile sub-populations in biofilm
communities are largely obscure.

Biofilm development is a result of the social group mechanism of cell communities,
quorum-sensing system [91]. As we described in section 2.5, every cell individually synthe-
sizes the autoinducers, which are either passively released or actively secreted outside of the
cells. By increasing the cell density, the concentration of the autoinducers enhances in the
surrounding. When the accumulation of the autoinducers reaches a threshold for detection,
all the population exhibits changes in gene expression. Therefore, the quorum-sensing

system enables cell populations to behave in a uniform and collective manner [91]. Our
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model organism, P. putida, is a rhizosphere-colonizing bacterium. They survive on plant
roots and the soil area. Espinosa-Urgel et al. [134] studied the quorum-sensing system of
P. putida for the first time. They characterized the expression pattern of a gene, which is
involved in initial bacterial colonization of plant surfaces. The expression of a particular
gene might be involved in quorum-sensing process, ddcA, was maximal at the beginning of
stationary phase, when the density of the cells is the highest in the batch culture. The gene
expression was independent of nutrient depletion, phosphate starvation, and the medium
pH changes during bacterial growth in the medium. The study indicated that P. putida
responded to population density. However, the mechanism is still unspecified. Moreover, this
potential quorum-sensing system plays a role in the communication of P. putida with plants,
a mutant strain lacking ddcA gene reduced their ability to colonize on the plant surface. This
investigation raised a question regarding the effect of the quorum-sensing system on cell
motility.

Besides the collective gene expression of the bacteria in biofilm as a result of quorum-
sensing system, the cells within the biofilm display a collective motion, characterized by
periodic streams [135]. One of the first evidence of the collective motion of bacteria was
introduced in a paper by Adler in 1966 [136]. The E. coli cell suspension settled at one end
of a capillary tube with a uniform concentration of the food source. Over time, the patch of
bacteria traveled together to reach an area with a higher amount of nutrition concentration.
The reason behind the traveling bacterial band was that the bacteria in the dense region
consumed the nutrition sources. The nutrition consumption of the bacteria within the band
created a chemical gradient along the tube. The study in Ref. [124] tracked the individual
E. coli cells inside the wave while measuring the global properties of the wave. The local
gradient was sensed by the single swimmers, and all the population synchronized their
motion to travel as a band. The population exhibited classical chemotaxis behavior and
increased their run length on average to progress in a favorable direction. Although the
single-cell bacterial chemotaxis is well understood [65], there is still lack of knowledge about
cell interactions effect on chemotaxis. A recent study of the effect of high cell density on
chemotactic behavior of E. coli showed that at a higher density, the chemotactic drift strongly
suppressed [137].

We investigated collective motion in two possible ways. At first, we will introduce
an experimental approach to investigate the effect of cell-density on single-cell motility
by implementing the method utilized in Ref. [134]. Indeed, we studied the impact of the
social group mechanism on cell motility, exposing the bacteria to a medium with different
concentrations of the autoinducers. To better understand the experimental set-up, we explain

the growth curve model of bacteria in liquid medium. The bacterial cell density, in bulk
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liquid medium over time, is changed and described by the growth curve. The growth curves
are obtained by measuring ODggg (optical density at 600 nm). The curve has the generic
four-phase pattern of a standard bacterial population growth (Fig. 7.1). The first phase is the
“lag” phase, when the cells have vigorous metabolic activity without division to adjust to the
new environment. Afterward, the population enters the “log” (logarithmic) phase when rapid
cell division occurs. The cells in the middle of the log phase are normally investigated for
cell motility assays. In this phase, growth rate and death rate are equal, which might be a
result of the depletion of required nutrients and/or the production of an inhibitory product.
Eventually, the dying cells overcome the live cells in the “death” phase [138]. Indeed, the
concentration of autoinducers should raise over time when the cells are in the log phase.
When the cells reach the stationary phase, the density of the autoinducers may not change
anymore. In our particular experiment, the media were generated from a cell suspension,
which was grown for a couple of hours. When the cell density met different ODgqg, the
media were cleaned of cells without losing the containing chemical molecules, which were
secreted into the medium by bacteria. By exposing the fresh cells to the conditioned-media,
the motility of the cells was examined.

Finally, we will introduce the various aspect of collective motion in E. coli and P. putida
while they formed a traveling band. In fact, we considered the influence of distinct cell
swimming strategies, i.e. run-and-tumble in E. coli and run-reverse-screw in P. putida, on

bacterial collective motion.

Stationary phase

\Death phase

Log phase

Number of cells (log)

Lag phase

Time

Fig. 7.1 Different phases of a bacterial growth curve in culture medium.
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7.2 Material and methods

Quorum-sensing set-up
Conditioned medium preparation and bacteria cultivation

A single colony of P. putida KT2440 from a LB agar plate was inoculated in an overnight
shaking culture (at 30 °C on a rotary shaker at 300 rpm) of 100ml LB Broth (10 gl~! Difco
Bacto™-Tryptone, 5gl~! Difco™ Yeast Extract and 10 g1~! NaCl). The overnight cell
culture was diluted into a fresh LB broth at a ratio of 1:100 with a final volume of 400 ml.

Each conditioned medium (C-medium) was prepared in two steps:

* 100 ml of cell suspension was taken at a specific time after inoculation. Table. 7.1
shows the time table and the corresponding cell density, ODgg. For instance, the S2

medium was taken when ODgyp was 0.56, 2 h after inoculation.

* The medium was cleaned of the cells by centrifugation for 10 min at 4400 rpm at room

temperature, followed by filter-sterilizing and stored at 4 °C.

Table 7.1 Conditioned medium properties

c2 C3 C4 G5 C6
ODs00 056 125 1.6 184 +++°
Time(h:min) 2:00 2:20 2:30 3:15 Overnight

* For the overnight culture, the photometer could not detect
the exact amount of the cell density, since it is out of the de-
tection range.

For the cell motility analysis, S0ml of new cell suspension was prepared and grown to
their mid-exponential phase with ODgyy = 0.62. The cell suspension was washed free of
growth medium once by centrifugation (2400 rpm, 10 min, room temperature), followed by
gentle resuspension of the pellet in 30 ml MB+-. Afterward, The suspension was allocated
into 6 tubes. Firstly all the tubes were centrifuged at 2400 rpm, 10 min, and then resuspended
each with the corresponding C-medium, C1 (fresh LB medium), C2, C3, C4, C5, and C6.
The final OD*¢ of the 6 tubes after washing was ~ 0.2; because some cells were washed
out by centrifugation and resuspension during the sample preparation, OD*gq is the exact
cell density after the sample preparation. The cells were incubated for an hour to adapt to the
new environmental circumstances. The samples were injected by a 10 ml syringe with a Luer
tip into an ibiTreat u-Slide VI*! (Ibidi, Martinsried, Germany) (Fig. 7.2). The chambers

were sealed with Luer Plugs Male (Ibidi, Martinsried, Germany) to prevent any flow within
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Fig. 7.2 Scheme of linear chambers u-Slide VI?!. The chamber consists of 6 linear channels,

each with two reservoirs. The dimensions are in millimeters. Figure was adapted from
Ref. [139].

the channels. The cells were imaged at a frame rate of 20 fps and analyzed with the same
procedures described in section 3.4.

Bacerial band formation

Microfabrication

The linear chambers were fabricated by standard “soft lithography” technique [140]. The
mold was earlier constructed by Matthias Theves (see technical details in materials and
methods section of [141]). Briefly, the channel layout was sketched using Novarm DipTrace,
a CAD freeware. To generate the negative imprint (mold), contact photolithography with
SU-8 2000 series photoresists (Microresist (Berlin, Germany)) was used. After a series of
treatments, the master mold was ready to use for chamber preparation. Two master molds
were used in this set-up. The chamber molds were rectangular shape with a length of ~ 3 cm,
and a widths of 1 mm. The depth of chambers were 50 and 100 pum.

The microchannels themselves were built by forming liquid PDMS together with 10%
of curing agent (Sylgard 184, Dow Corning Corp., Midland, USA) against the master mold.
The liquid PDMS and curing agent were mixed well together and poured on top of the
master mold. All together they were located into a vacuum desiccator to remove air bubbles.
Then, the PDMS was treated through heating up to 75 °C for 60 min. One hour before each
experiment, the channel was cut out using a scalpel and peeled off its mold. The PDMS
block was located in a plasma cleaner (Harrick Plasma PDC-002, Ithaca, USA) together with
a glass coverslip. This plasma cleaning treatment developed a strong adhesion between the
surfaces of the coverslip and the PDMS. Afterward, the PDMS was placed on the top of

the coverslip. After chamber fabrication, one droplet of cell suspension was placed on one
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end and absorbed by capillarity. The channels were then sealed with a curing epoxy resin
(Araldite 90s, Bostik). In order to avoid sticking the cells to the resin, the sealed chambers

stayed on the bench for at least 30 min to dry out completely.
Band formation

To push all the cells to one extremity of the channel, they were centrifuged along their main
axis at 65 g, for 30 min. After centrifuging, most of the bacteria were located at one end of
the channels and formed the band. The chambers were imaged every 3 min over a 1 h period
using 4X UPLFLNH objective (Olympus, Japan) and IX71 Inverted Microscope (Olympus,
Japan).

Cell growth

E. coli AW405 strain was cultured overnight in liquid LB broth (Lennox, Sigma Aldrich)
at 37° from a single colony and being shaken at (200 rpm and 37 °C. The overnight culture
was diluted into the ratio of 1:100 in fresh LB broth and grown to the mid-exponential state
(ODgpp = 0.8). The cell suspension was filled into the chamber directly.

A single colony of P. putida KT2440 strain was cultured overnight in 100 ml TB (10 g1~!
tryptone (Applichem), 5 g1~! NaCl) in a shaking culture at 30 °C. The highly motile overnight
cell suspension was directly used to produce a band in the linear chamber. The cell density
was increased up to ODgog = 0.9 by centrifugation to have the same initial condition for both

strains.

7.3 P. putida dynamics in dense populations

The accumulation of autoinducers in the external medium is a function of the cell
population; more cell division leads to an increase in the net concentration of autoinducers
in the medium. Although the concentration of autoinducers was not measured directly in
our experiment, the cell density evaluation (ODggy) was an indirect way to estimate the
concentration of the autoinducers. An equal quantity of bacterial cells was exposed to those
C-media. The bacteria in the C-media were growth for an hour, and the bacterial motility in
each group was investigated. The fixed bacterial density in each sample was the advantage
of the set-up by which the physical interaction, e.g. collision, was identical for all samples.

Instead, the chemical profiles, i.e. autoinducers concentration, represented the cell density.

Table 7.2 Influence of C-media on the cell division

SI S2 S3 S4 S5 S6
OD’400/OD*gp0 2.3 1.74 183 1.13 125 09
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Initially, we investigated the cell responses to the C-media in terms of cell division. P.
putida has a doubling time of ~ 42min in LB medium [142]. The ODgpp measurement one
hour after exposing the cells to the C-media could be a measure to identify the bacterial
response to the contents of the medium; in best condition, the cells might be doubled in
one hour (one hour is the duration of cell incubation in C-media). The ratio of that cell
density after one hour of incubation (ODh600) to the initial cell density (OD* o9 ~ 0.2, which
was mentioned in section 7.2) was shown in Table 7.2. The ratio decreased from S1 to
S6. The S1 was the control experiment in which the cells were inoculated into the fresh
LB medium. S1 population divided once within one hour of incubation; the S1 cell had
a OD00/OD*g09 = 2.3/1, which means that the initial cell density was doubled. The
S2 and S3 populations were inoculated to the C-media C2 and C3 which belong to the
mid-exponential growth curve of P. putida and they showed the similar ratio. The stationary
phase of P. putida growth curve were started at time 2:30 h:min (Table. 7.1) in when the C4
medium was prepared. That phase continued until the C5 was developed. The corresponding
bacterial samples, S4 and S5, displayed the similar density ratio as well. The S6 sample was
exposed to the overnight medium, C6, and its ratio of the cell density was about one.

Afterward, the transition scenarios among run states in each population (S1-S6) were
considered. Because of difficulty with flagella visualization in this experiment set-up, the
bundle information was not identified for each run. However, a comparison of the turn angle
probability distribution to the same distribution with identified bundle configuration in Fig.
4.6 might clarify the run state contributions in their dynamics. The plots in Fig. 7.3 are
absolute values of turning angle probability distribution for each sample. To classify events,
the turn angles greater (less) than 90° were set as reversals (stops). Accordingly, the blue
and orange bins are associated with reversal and stop, respectively. As we clarified in Fig.
4.6, the stop events are any interruption in either wrapped or push runs, and the reversals
are the outcome of transitions from push to wrapped (and vice versa from wrapped to push).
Even though the S1 population shows a major portion of stops, the reversal subgroup in
this distribution may indicate the presence of some push-wrapped transition while the cells
swam (Fig. 7.3A). The rest of the turn angle probabilities displays two clear subgroups,
reversals and stops (Fig. 7.3B-F). Then we examined two transition parameters, K;.; and K.,
which reflect the transition rates from the run to stop and reversal, respectively. Indeed, k;;
captures the average number of events (stops and reversals) in time interval [¢,7 + At]. The
K5 and K., of all populations were shown in Fig. 7.3G. The K ,. curve shows significant
changes from the S1 population to the rest. Furthermore, it has a clear plateau (from S2
to S6 populations) which underlines the fact that the reversal rate transition, ..., was not

affected by the different C-media. Both curves displayed maximum transition rates in the
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Fig. 7.4 Run speed distribution in different cell populations. The curves are deduced from
the Gaussian mixture model (GMM). The blue and red subgroups are two components of
the model and demonstrate wrapped and push modes, respectively. Each histogram includes
information from at least 15000 data points.

S4 population. Also, the ratio of k,.;/x;.,. monotonically decreases over populations S2-S6,
which indicated that the average number of events (stops and reversals) were becoming equal
over those populations. In other words, more autoinducers in the media may drive the cells
to have equal stops and reversal events on average.

One of the unique properties to distinguish push and wrapped modes was their run
speeds; The run speed of wrapped mode is half of the push mode on average. In order
to categorize the slow and fast swimming modes, a Gaussian mixture model (GMM) was
applied to the distributions of the instantaneous velocity, v, of runs as shown in Fig. 7.4.
The GMM is a probabilistic model for estimation of the probability density function. The
GMM classifier are well known for their ability to model complex distributions with multiple
subgroups [143], for more details see Appendix B. In fact, a mixture of Gaussians produces
the distribution of subgroup characteristics in this method. All the distributions in Fig.

7.4 have two distinct peaks, one from each flagellar mode. The blue and red Gaussian fits



90 Cell motion in dense populations

represent the instantaneous velocities of the wrapped and push modes during run, respectively.
The distribution series have one important feature; the wrapped mode peaks (blue lines)
shifted to the higher velocities from fresh medium (C1) to overnight C-medium (C6). The
S2-S4 populations do not show changes in the wrapped and push distributions. However,
their probability of wrapped mode velocity became larger than in the S1 population, which
indicated that the number of runs with the wrapped bundle might have grown. The push
mode peaks (red line) slightly shifted to higher values for the S1 to S2 populations and
became similar for the rest of them. Before we knew about run mode properties through
the flagella bundle visualization, Theves et al., in Ref. [14] reported that upon the reversal
the P. putida swimming speeds change by a factor of two. They examined the difference
in swimming speed before v and after a reversal vi, | divided by the sum of both speeds,
Q = Vi1 — Vi /Vir1 + vi. We evaluated this approach of the available data-set in Fig. 7.5.
For runs with stops, ¢ < 90°, the Q-distributions peaks are close to zero, which indicated
that systematic difference between the swimming speeds before and after the turning event
was not observe (Fig. 7.5A-F, left panels). However, the runs with reversal, ¢ > 90°, had
Q-distributions displaying two maxima centered around Q = £1/2 except the S1 population
(Fig. 7.5A-F, right panel). Figure 7.5 demonstrated that the angle criterion to separate
reversals from stops worked well. Also, figure 7.4 and 7.5 leads us to conclude that the
wrapped mode proportion in P. putida swimming tactic was larger in populations S2-S6 than
in S1.

7.4 Collective motion, P. putida vs E. coli

In the present work, we prepared a high density region of bacteria using a microfluidics-
based approach. Two microfluidic chambers were filled with P. putida and E. coli strains,
respectively, and they were accumulated at one end of the micro-channel by centrifugation.
The initial condition for both strains was roughly the same; ca. 90% of the cells were
concentrated at the end of the micro-channels.

The wave traveling in E. coli studied was before by Saragosti et al. [124]. They reported
that E. coli wave propagated at constant speed, Viyave = 3.8 + um/s, along the main axis
of micro-channel. The concentration profile of the wave did not changed over time of the
experiment. They investigated individual trajectories within the propagating wave. The
bacterial trajectories analysis indicated that the mean run length was longer in the direction
of propagation. Furthermore, the directional persistence was larger compared to the opposite
direction. We also examined the wave travelling of E. coli with our microscopy set-up.
Because of the microscopy constraints, we were able to monitor ~ 0.2cm of the micro-

channel length. We fixed the field of view and monitored the wave in that region. Our
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observation indicated that E. coli made the coherent band and traveled along the channel
(Fig. 7.6A). The white pixel of the figure 7.6A are the bacterial cells. The yellow lines
shows the approximate border of the bacterial bands (it was determined manually by an
intensity threshold via ImagelJ). Five concentration profiles measured at different times were
superimposed in Fig. 7.6B. The concentration profiles at times 15 min and 30 min show the
complete band length. The rest of the concentration profiles contain part of the band. This
observation indicated that most of the E. coli cells synchronized their run-and-tumble motion
and traveled together as a collective wave.

On the other side, we examined the same protocol for P. putida. The high density
bacterial profile accumulated on one end of the chamber and the bacterial band dynamics
were investigated over time. Fig. 7.7A displays the images of P. putida collective behavior in
the chamber. The superimposed concentration profiles of four time intervals were depicted in
Fig. 7.7B. The image frame in O min displays the initial location of the P. putida band (marked
in yellow). The corresponding concentration profile shows a peak in position 150um of the
channel, and some of the single swimmers occupied the rest of the chamber. The next images
display the relocation of the wave (with certain bacteria density). One apparent feature is
some bacteria escaped from the high-density region as single swimmers and spread behind
and front of the band. The high dense peaks for all the time series indicated that the number
of the bacteria in the wave is stable over time. Simultaneously the density of the single
swimmers outside of the wave increased. Although the cells could divide during imaging,
increasing the cells in the background would be an effect of micro-colonies establishment
on the channel surfaces (attaching the P. putida cells to the channel surfaces is their natural
behavior we faced in everyday experiments). That was a significant difference between the
collective motions in E. coli and P. putida. Although most of the cell population in E. coli
experiment participated in a collective manner and constructed a wave, in P. putida case, just

part of the cell population travelled along the chamber as a coherent wave.

7.5 Summary and discussion

The bacterial cells construct a complicated 3D structure, a biofilm, in their natural
habitat. The high bacterial density in this structure leads to inevitable interactions among
cells. These interactions can be physical or chemical. One kind of chemical interaction
among the population is quorum-sensing, by which the cells communicate and exchange the
information through autoinducers. We established a set-up to investigate the autoinducers’
impact on P. putida motility. The bacterial cells were grown in a rich medium over certain
amount of time. While the bacteria divided over time, the production of the autoinducers

increased. The C-media were papered at different times of cell growth and cleaned of
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Fig. 7.6 Collective migration of E. coli in a PDMS channel. (A) The channel was filled with
a homogeneous cell suspension followed by centrifugation to accumulate bacteria on the
left end. The yellow lines displays the wave edge. The white pixels are the cells. (B) Five
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Fig. 7.7 Collective motion in P. putida in a PDMS channel. (A) The channel was filled with
a uniform cell suspension followed by centrifugation to gather bacteria on the left end. The
wave border is marked in yellow. (B) Four cell concentration profiles in the channel separated
by 15 min time intervals.

cells. Therefore, each C-medium contained different autoinducer concentrations without the
physical presence of the bacteria. After that, a fresh cell suspension was made and exposed
to 6 different C-media. The initial cell density for all samples was same. After an hour of
incubation, the cell motility under the C-media conditioned was investigated. The initial
results indicated that the cell division was quite effected by C-media; The cells were grown
with a higher amount of autoinducers divided less. One can argue that the cells’ response
to the C-media might be influenced by nutrition deficiency, which were consumed by the
population while the C-media were prepared. With respect to the paper by La Rosa et al [144],
we could conclude that cells within the first 12 hours of incubation had enough resources to
consume. In this study, the uptake rates of amino acids and glucose in the different intervals
of time of P. putida cell growth curve were measured through NMR analyses. The graph
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Fig. 7.8 Uptake parameters for the chemical nutrition absorbed by P. putida. Blue or grey
dots indicate the time at which the concentration of the chemical component has decreased
to 50% of the initial value, Tso. The circles show the time required to identify a decrease in
the compound concentration from 75% to 25% of the initial value. The bar plot displays the
relative amount of each compound in mM. Taken from [144].

in Fig. 7.8 represents the time points each chemoattractant was consumed in 12 hours, and
also the speed of consumption of each. From hour 2 to hour 3, which was the time that
the C2-C5 were papered, there were enough chemoattractants to consume. Besides, the
circles displaying the speed of consumption are mostly overlapped, which indicates that at
different time points in this period, the cells roughly consumed the same chemical resources.
However, the C6 medium might have a deficiency in chemoattractants resources. The events
dynamics revealed that except for the S1 population, the rest of the samples had two types
of events (stop and reversal). However, the ratio of ;.;/%;,. (transition rate from run to
stop/reversal) decreased monotonically. The run speed probability distributions revealed
that the wrapped mode subgroup grew from S1 to S2-S6 populations. However, the push
mode subgroup did not display any deviation. The S1 samples contained lower amount of
autoinducers. The bacterial cells in this medium reoriented with stop events. Corresponding
run speed probability distribution suggests that most of the runs were in push mode. The run
speed probability distributions for the S1-S6 samples also indicates that the wrapped mode
subgroups became predominant, and the peak of the probabilities shifted to the higher values.
In other words, media with higher amounts of autoinducers may affect the swimming tactic
and led to an increasing abundance of runs with wrapped configuration.

The other approach we considered to study the collective motion was the traveling of high
density bacterial bands in micro-channels. The bacterial bands for P. putida and E. coli were
constructed by centrifugation of the channels filled with bacteria. Although the E. coli cells
displayed the high density band and traveled together along the micro-channel as reported
before [124], most the P. putida cells escaped from the high-density region of bacteria and

spread along the channel. The bacteria concentration evaluation displayed that in the case of
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P. putida only a few cells made a band and traveled along the micro-channel simultaneously.
Resent study by Seyrich et al., in Ref. [145] presented an extensive study of the traveling
waves of E. coli theoretically. This numerical study and theoretical modeling illustrated
the effect of different parameters on the wave stability. In their model, the tumble rate A is
proportional to the chemotactic strength parameter. They showed that, for the small amount
of the chemotactic strength, the pulse contains fewer bacteria, and some of the bacterial
are left behind. The experimental assay of the P. putida wave illustrated a similar behavior.
This may originate from the fact that the chemotactic response of P. putida relies on one

swimming mode. The other fact is the concentration profiles






Appendix A

Kaplan—-Meier estimator

As we discussed, the bacteria tracks contain episodes of runs and events. In fact, run sate is
the time that bacteria swim between two events. In bacterial motility analysis, we always have
an issue with leaving the bacteria out of the field of view. Consequently, the majority of the
tracked data indicated that the runs are not complete (normally ~ 20% of runs were between
two events). The survival analysis deduces the true survival time of random variable of our
interest, run duration, using the incomplete observed time. The Kaplan—Meier estimator

is a non-parametric statistic used to estimate the survival function, S(¢), from incomplete

observed time by [146]
N AN(T))
0= 11 (1_ Y(Tij) )

JTi<t

where 7; is variable observed at time (7)), and Y (7}) is the individuals known to have
survived. One way to estimate the Kaplan-Meier variance Var($(t)) is the bootstrap method
[126]. Specifically, bootstraping implies iteratively resampling a dataset with replacement.
After forming B samples by sampling with replacement from the data, the Kaplan-Meier

estimate S}; (t) is computed for each time 7 and each B = 1,...,b. The variance estimate is
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And we can estimate the standard errors given by
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Appendix B

Gaussian mixture model

A Gaussian mixture model (GMM) is a mixture of several Gaussian distributions [143]. For

a n-dimensional component vector (or kernal) t, the mixture density function is described as:
m
p(t]X) =Y ai(X)i(t] X),
i=1

where m is the number of components. GMM is parameterized by two sorts of values, one is
mixing coefficients ;(X) which can be a regarded as prior probability (conditioned on X)
of the target vector t, with the constraints that }"7" ; @;(X) = 1 so that the total probability
distribution normalizes to 1, and also 0 < ¢;(X) < 1. The other value is the unimodal
Gaussian densities ¢;(7 | X) which represents a conditional density of the target vector t for
the ith kernal. Each Gaussian density is parameterized by the component means u,, and

variances Oy, using:

1 —t—w(X)|]? /202

W= s [,

where c is the dimensionality of the t. The parameters of GMM are calculated applying
the iterative expectation-maximization (EM) algorithm [147]. The algorithm starts from
some initial random estimate of X, and then continues to update X until convergence is
detected. Each iteration contains an E-step and a M-step. The E-step consists of calculating
the expectation of the component assignments X for each data point given L;, o;, and ¢;.
The M-step or the maximization step includes maximizing the expectations calculated in the

E-step concerning the model parameters.
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