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Abstract

Heterotrophic marine bacteria navigate a heterogeneous landscape of resources. Bac-
terial populations cycle through periods of feasting when attached to nutrient particles
and periods of famine when foraging between hotspots; thus, bacterial physiological
states and ecological processes are intertwined. The stress response to nutrient limi-
tation appears within three hours, while the encounter time to new particles has been
estimated to happen on the scale of days. Therefore, it is unclear how the phenotypic
changes undergone by bacteria during starvation affect their ability to search for and
acquire nutrients. Here, we quantified the physiological responses of the marine het-
erotroph Vibrio coralliilyticus to carbon and nitrogen starvation and its subsequent
success at foraging in a landscape of resource particles. We compare the foraging suc-
cess of different bacterial populations in terms of the minimum number of particles
needed for ten percent of such a population to encounter any particle. We parametrize
a model of bacterial foraging during starvation superposing multiple Poisson processes
using measurements of viability, motility, attachment, and renewed growth observed
for Vibrio corallitlyticus over several days of carbon and nitrogen limitation. We find
that motility loss, bacterial persistence, and reductive cellular division are key be-
haviours determining foraging success. While motility loss increases the number of
particles required for successful foraging in a population, bacterial persistence relaxes
that constraint. Heightened reductive division accelerates the speed at which the
first ten percent of the initial bacterial population achieves a particle encounter. This
work provides a quantitative estimate of the influence of nutrient-limited phenotypes
on bacterial foraging success in a marine environment.
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La douleur me guette, tapie dans mon futur, camoufliée dans les souvenirs ; elle
m’attend pour me trapper mais je la contournerai et me défendrai hardiment. Je
chasserai de moi jusqu’a la moindre image. Mais sous les cendres, I'inévitable
espérance tiendra bon. Je ne sais d’ot1 viendra le souffle qui ’attisera. Je ne sais vers
quoi elle me poussera. Je la sens. Dans mon ensevelissement je la sens. Indistincte,

informe, impalpable mais présente. Je me retire en moi mais je n’y mourrai pas.

FExcerpt of Elise ou la vraie vie by Claire Etcherelli
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Chapter 1

Introduction

1.1 Background

1.1.1 Marine bacteria live in patchy landscapes
The different scales of patchiness

As microbes live in a natural environment, notably in the oceans, they experience a
set of conditions specific to their localization. On a worldwide scale, oceans present
a heterogeneous distribution of resources that arise from biogeochemical cycles and
physical properties. Global phenomena such as ocean acidification exhibit spatial and
temporal patterning due to water circulation and seasonal changes in biochemical
processes, for example, affected by temperature [39]. These large-scale variations
create gradients of nutrients that constrain the bacterial life observed within each
body of water. Microbes then exhibit growth and perform certain functions such
as primary production and bacterial secondary production given their surrounding
nutritional space. For example, productivity in some of the mixed layer in the Atlantic
ocean is primarily limited by nitrogen, due to the low concentrations of nitrate [115].
Resource heterogeneity creates different milieus to which microbes need to adapt.
These different physicochemical conditions in oceans have been extensively sam-
pled on different spatial and temporal scales. Their association with biological data

casts light on the diverse roles of oceanic microbial life and their efficiency at fulfilling

23



their function [37]. The horizontal resolution of biological measurements coupled with
geochemical variables is on the order of magnitude of kilometers or tens of meters
in the best-case scenario with a sample size for biological data of the order of liters.
[61] [99] [29] These studies provide new insights on the ecology of microbes by linking
metagenomics and proteomics data to the environmental variables. Complementary
experiments such as addition of selected nutrients to a sample also allow to determine

which factors contribute to a resurgence of bacterial growth. [174]

However, this scale of spatial patterning does not correspond to the range of
conditions a microbe experiences within its life cycle. As a limit-case example, the
sulfur-oxidizing bacterium Thiovulum majus isolated in the swamp ecosystems ex-
hibits speeds up to 650 micrometers per second. [51] [46] At the best of their abilities,
when presented with a gradient they respond to, they can move two meters away from
their starting point within an hour. For the fastest marine algorithm Vibrio alginolyti-
cus, this estimate drops to less than a meter per hour. [156]. These approximations
also do not consider the physical flow that surrounds microbes. On top of that, most
microbes do not have motile properties and move via Brownian motion within wa-
ter. Through their mobility, microbial populations have the opportunity to disperse
within the oceans over long timescales and contribute to the homogenization of the
ocean biosphere. [109] However, even motile marine microbes only end up exploring
volumes of up to 0.8 milliliters within a day [161]. The scale at which a bacterium
experiences its environment is relative to its size and its ability to move against the
flow. The resolution of the methods used to sample and observe microbes in situ on

a global level does not capture this microbial microenvironment.

At this finer scale, there exist hotspots of nutrients due the presence of structures
that are bigger than a typical bacterial cell size (about one micrometer in length).
These structures can be bigger organisms such as zooplankton or diatoms that can
leak resources to their surrounding environment during their apoptosis [155]. This
phenomenon creates gradients that bacteria can navigate. Another structuring fac-
tor of the bacterial microenvironment is marine snow [88]. Marine snow consists of

particulate organic matter. All in all, bacteria live in and impact a highly heteroge-
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neous environment where nutrient concentrations are limited both by global physical

processes and by local players [10]

Nutrient patches at the mesoscale

Individual heterotrophic bacteria explore patchy landscapes of resources within the
range that they can explore. These ecological patches consist of macroscopic aggre-
gates, rich in various nutrients |7, 146]. They notably concentrate chitin, a non-soluble
polysaccharide abundant in the oceans due to its predominance in shell structure [20].
These aggregates also contribute to a vertical flux of particulate organic matter by
sinking in the ocean due to their density [147]. Their high concentration of nutrients
makes them a sought-out microhabitat for bacteria, as they are more abundant and
active on these particles than in the surrounding seawater [136, 152, 78|.

In the wide volume that oceans occupy, these particles are not homogeneously dis-
tributed and can exhibit different physical properties. For example, the heterogeneity
in particle diameters can be described by power-law functions called particle size dis-
tributions estimated in situ by various experimental methods [96, 134, 159, 62]. These
distributions capture both the contribution of small size particles via the exponent
and the number of particles. Quantifying these properties leads to better estimates
of the processes governing the biological carbon pump, notably of the rate of rem-
ineralization |7, 85|. The geographical variation of particle concentrations depends
on biophysicochemical processes such as the coagulation of transparent exopolymer
particles [103], the rate of particle degradation by the bacterial community [85] and
also on the lability of the chemical components of the marine snow [120].

Bacterial populations navigate that local ecosystem of patches and contribute
to the degradation of these patches [11]. Bacteria indeed possess the enzymatic
machinery to utilize these patches as resources to grow [89, 151]. This biological
process leads to the reduction of the organic matter that sinks with particles {192,
120]. Thus, bacteria fulfill an environmental role within the oceanic cycle of organic
matter through their colonization of these patches. This ecological function focuses

the quantification efforts in wvitro [34, 44, 43, 137, 5, 168] and in silico [42] on the
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colonization dynamics on particles. Datta et al. identified successional patterns of
bacterial arrival on an enrichment of chitin particles [34], while Pollak and colleagues
inferred ecological roles for multiple bacterial types around chitin [137].

However, bacteria have to navigate between particles and forage for these patches
[161]. What happens between patches impacts encounter odds and arrival time scales
on particles, and thus colonization dynamics [173, 167, 60, 168|. In the process of
community assembly on a particle, priority effects which define the advantage for a
bacterium earlier without competition can enhance the establishment of one specific
bacterial population on a patch [167]. The presence or absence of each bacterial
strain also determines the power balance between different bacterial taxa and thus
the community function |60, 168]. All these factors also play a part in the persistence
of a bacterial population. Even though the landscape of patches is more continuous
than meets the eye [11], bacterial populations need to be efficient foragers to hop
from one patch to another and benefit from the resources offered by the concentrated

nutrient particles.

1.1.2 Nutrient heterogeneity requires bacterial foraging
Particularities of bacterial foraging

Foraging corresponds to the act of searching and finding resources in an heterogeneous
environment. Both observations and models of this process take as a starting point
either the foraging agent, which can be an animal [19] as well as a bacterium [18], or
the utilitarian maximization of resource scavenging through optimal foraging theory
[141]. In the former case, the path the foragers follow can be described by a variety
of stochastic processes, most of them being a variation of the random walk process
[21, 106]. Random walks consist of a succession of steps taken at random within
an environment. Another way to formalize random walks is to consider an agent
alternating runs (straight lines) and turns at random angles within an environment.
This characterization mirrors the way bacteria move through patterns such as run-

and-tumble or reverse-and-flick [169, 160]. Bacterial foraging has also been singled out
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as a biased random walk thanks to the role of chemotaxis [79, 131]. A chemotactic
bacteria can follow environmental chemical cues, such as concentration gradients,
by adapting its searching strategy. These motility patterns determine the ability of
bacteria to efficiently explore their surrounding environment.

Foraging involves searching for resources but also utilizing them. Another partic-
ularity of bacterial foraging stems from the overlap in time scales between bacterial
foraging and other processes, such as death and growth [49, 161]. When a bacterium
encounters a patch of usable nutrients, bacterial growth leads to a direct increase of
the abundance of that bacterial population, which is very different to the case of most
animals. For example, birds [14] hop from one patch to another to look for resources
to optimize their energy intake under the assumption of a constant number of indi-
viduals. However, for bacteria, one of the parameters that optimizes a population’s
persistence is the number of offspring a bacterium produces from one patch. That
variable called the growth return quantifies the increase in bacterial number with
respect to the quality of the patch. This return on investment needs to be contrasted
with the search time. Unlike for bigger organisms, the bacterial population size is not
constant over the foraging process. Thus, investigating foraging requires taking into
account the dynamics of the whole foraging population and its competing processes.
Yawata et al. developed a theoretical and experimental framework to document the
trade-offs between search time and residence time [187]. All in all, bacterial explo-
ration of a patchy landscape makes scavenging a process not only driven by individual

cellular properties but also by whole population dynamics.

Bacteria developed strategies to cope with nutrient heterogeneity

Being able to adapt to local nutrient limitations is key for oceanic bacteria to per-
sist. Microbial potential for nutrient acquisition is determinant for their growth and
hence for their persistence in the environment [140]. Bacterial cells have developed
strategies to get the necessary supply of resources for their growth. These strategies
are highly dependent on their abilities to move around. If a bacterium does not have

the machinery required to move within its microenvironment, it has to rely on dif-
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fusive processes to gather resources. However, if a bacterium is able to propel itself,
it can also proactively scavenge for resources it needs when the motility apparatus is
functioning. Within the field, there has been an on-going debate on which of these
two strategies is the most relevant to study when talking about microbial survival in

oceans.

Zehr et al. argued that non-motile cells rely on diffusion of small soluble molecules
to fulfill their requirement in resources and see a relatively homogeneous nutrient
environment [193]. As more than a quarter of phototrophic bacteria in the ocean are
non-motile, they argue that there must be an effective way for these organisms to get
the supply of nutrients they need, even though the environment they live in is sparse.
Small soluble molecules such as ammonium are subject to diffusive processes that
rapidly homogenize the gradients. From these concentrations that are hypothesized
to be homogenous on a microenvironment level, the number of molecules present
in a cell-sized volume is computed and appears to be enough to sustain cellular
growth. Hence, motility is not necessary for cells to survive and strive in an oceanic

environment.

Lambert and colleagues challenge the conclusion that non-motile bacteria are dom-
inating the oceanic bacterial processes [98]. Motility is an asset for cells to maximize
their nutrient uptake and to reach higher metabolic rates. Even though motile cells
build up a relatively low amount of the total bacterial biomass in the ocean, their
motility allows them to take full advantage of the heterogeneous environment formed
by insoluble materials, notably through chemotaxis. Motile cells are efficient at find-
ing nutrient hotspots. Fast swimmers whose space exploration can be modeled by
a random walk find a particle within a day on average. A lucky swimmer belong-
ing to the top 1% of bacteria reaching a nutrient-replete patch does so in less than
an hour. Therefore, importantly, persisting as a population within the environment
means that some but not all bacteria need to reach nutrient hotspots. On top of that,
these calculations do not take into account the ability of cells to move up gradients
of nutrients and direct their trajectories towards potential food sources. This ability

called chemotaxis dramatically improves the time to reach a patch. The efficiency
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of actively foraging for resources is of course linked to the concentration and size of
particles. In the worst conditions, bacteria stay in the bulk looking for a hotspot for

over a week.

1.1.3 Nutrient limitation dynamically impacts bacterial phys-

iology

When bacteria forage in seawater, they experience an environment depleted in nu-
trients relative to the abundance of resources on a particle. That same nutrient
limitation has the potential to change bacterial phenotypes within a few minutes for
the duration of the nutrient deprivation. Bacteria such as Vibrio spp. can rapidly
adapt to nutrient depletions, as their stringent stress response happens within half
an hour [129] and other molecular adjustments can take place throughout the en-
tire duration of starvation [145]. In this section, I explore the changes of important
bacterial foraging behaviors, such as viability, motility and attachment, to nutrient
deprivation.

The moment a cell leaves a particle and the instant it finds a new patch define sharp
transitions of the immediate nutritional surrounding for bacteria. Notably, the way
nutrients get depleted matters for cell physiology. In the case of a patchy landscape, I
assume that changes in nutrient concentrations are imposed by the environment and
not by the cells exhausting the resources. Phenotypes are indeed impacted differently
if cells are at an exponential growing phase [41]| or at a late stationary phase [135].
For this section, we will focus on sharp transitions in the concentrations that mimic

the attachment/detachment process on a particle.

Viability

Starvation of a bacterial population impacts numerous cell properties which are linked
to their ability to scavenge for resources. First, cell viability is strongly affected by
starvation [127, 125]. Viability is defined here by the ability for cells to regrow on

rich media. The percentage of cells that can form colonies again on a rich agar plate
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after a starvation treatment drops dramatically to 0% within 80 hours in the case of
Vibrio sp.14 facing a nitrogen limitation [125]. The limiting nutrient matters, as this
result differs when it comes to carbon or phosphorus limitation. When considering a
population of starved cells, it is expected that the viable portion of the population is
decreasing [144|. Bacteria are expected to die at a constant rate, when the transition

from the nutrient-rich environment to the nutrient-poor one is sharp.

Contrary to the model organism F. coli, marine heterotrophic bacteria such as
Vibrio spp. are able to undergo reductive division to ultra microcells in a nutrient-
limited environment [124, 126]|. Here, reductive division is defined as the decrease in
cell size happening after a division event. The maximal size of both daughter cells
together in that environment is smaller than two times the one of the mother cell.
Starved phenotypes of Vibrio sp.14 are significantly smaller in cell length. These
morphological changes in response to starvation happen within the first 100 hours
of starvation. It is also notable that this fragmentation of biomass into smaller ves-
sels potentially impacts the abundance of a bacterial population, as more cells are

produced even in a nutrient-depleted environment.

Whenever looking into microbial physiology, the nutritional history of each cell
matters and impacts the new physiological state of the bacteria. For example, one
factor that might play a role in bacterial numbers after a sharp transition is that a
bacterium can potentially store carbon-rich compounds within its cytoplasm such as
poly-B-hydroxybutyrate [27]. These storage units accumulated during growth on a
rich media can be used to sustain a few cell divisions once the cells enter a nutrient-
depleted environment [126]. Growth in a nutrient-limited environment can, thus, still
happen, even with a doubling time on the scale of days [56]. This additional cellular
vitality enabled by storage falls under the umbrella of reductive division defined in
the previous paragraph. An increase in the abundance of a bacterial population even
in a nutrient-limited environment could significantly influence the foraging fate of a
population. These changes in the head count of a bacterial population can be key
to determining the persistence of bacteria scavenging for resources, as mentioned in

section 1.1.2. It is unclear how much the viability loss and the reductive division
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balance each other when it comes to the absolute number of bacteria foraging. The
process of foraging happens at a similar time scale to the processes of death and
potentially reductive division. The dynamics of cell viability are at odds with the
ecological behavior of foraging bacteria. Taking into account the viability under
starvation could then influence the search time of hotspots, and also the persistence
of a bacterial population.

Even though cell viability is defined as the ability of a bacterium to regrow in
rich media, it is notable that some starved, yet viable cells that encounter a particle
might not be able to use the resource as well as their non-starved counterparts. The
abundance of viable cells does not mirror the ability of bacteria to utilize the particle
to divide. Chitin is a complex polysaccharide that requires enzymatic machinery to
degrade [71, 137|. However, under nutrient limitation, marine bacteria degrade some
of their intracellular proteins, which can lead to the reallocation of metabolic resources
towards persistence [91|. The impact on cellular viability on particle colonization does
not stop with the bacteria-particle encounter but afterwards, when a bacterium has
been able to re-grow on the substrate of interest and recover an exponentially-growing

physiological state.

Motility

Nutrient limitation not only affects viability, it also alters motility. A motile bac-
terium can explore more space during foraging than a non-motile one. That ability is
captured by the notion of bacterial diffusivity that is at least three orders of magni-
tude higher for bacteria exhibiting active motility [86, 98]. As motile bacteria forage
through their environment, they survey a nutrient-depleted environment, which can
lead to bacteria losing their motile properties. Within 16 days of nutrient limitation,
almost all Vibrio sp. 14 lost their flagellum, which made them unable to be motile
[165]. This dramatic change in molecular machinery could lead to a decrease in the
motile fraction of a bacterial population while foraging. Motility loss impacts how
fast and far bacteria are able to explore their surroundings.

When living in nutrient deplete conditions, the average speed of a motile bacterial
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population is slow. Starvation skews the distribution of bacterial speeds within a
population towards lower values [186, 113]. As famine influences motile properties,
it seems necessary to include speed variations due to starvation within the foraging
models, especially because the time scales of the motility decline are relevant to the
search for new resources.

If starvation negatively impacts bacterial motility, starved cells also change their
chemotactic abilities. Chemotaxis describes the ability of bacteria to direct their
movement within a chemical gradient they are experiencing. While foraging for re-
sources, bacteria can bias their random walk towards hotspots by sensing signals from
chemo-attractants released at the feasting location [162|. After starvation, cells are
more responsive to lower concentrations of chemo-attractant [171, 125, 100]. Chemo-
taxis relies on bacteria sensing differential concentrations of nutrients in space. Sens-
ing lower concentrations confers a significant advantage in foraging for resources, as
it informs about the trade-off between the energy usage required by motile behaviors

and the potential growth return.

Attachment

Once a bacterium finds a particle, this encounter needs to become long-lasting through
attachment or at least through the absence of detachment. Bacterial strains can
exhibit different strategies in terms of attachment strengths [188]. Attachment results
from the physical interaction between the cell and the particle, sometimes facilitated
by the surrounding fluid [68]. Active attachment also referred to as adhesion can be
mediated by molecular mechanisms. This process can be both general [132] or specific
to certain substrates such as chitin [138, 114]. The cell membrane and wall play an
important role in successful attachment that depends on bacterial physiology.

There is contradicting evidence when it comes to the influence of nutrient depri-
vation on bacterial stickiness. On the one hand, some Vibrio can increase in their
adhesion properties by adding to the composition of their cell surface a new poly-
mer [36]. In other cases, changes in the cell membrane’s physical properties, such as

an increase in hydrophobicity, could mediate an augmentation of bacterial adhesion,
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as surveyed by Kjelleberg and Hermansson [92]. On the other hand, Pruzzo et al.
showed that long-term exposure to a nutrient-limited environment leads to the de-
crease by almost half of the adhesive propensities of Vibrio cholerae [139]. There is
at least strain-level variability between the impact of nutrient limitation on bacterial
adhesion to surfaces. In a patchy environment, resource allocation towards surface
adhesion becomes a strategy to increase the odds of successful attachment, and thus

growth at the moment of encounter.

Individual cellular attachment also depends on the encountered particle and its
hospitalibility. The nature of the particle, notably the presence of labile resources,
could influence the settlement of a bacteria, as an easily degradable particle can
optimize bacterial growth return on the patch. The presence of other degrading
bacteria could lead to cooperative efforts in the production of public goods, such as
extracellular degradation enzymes [43]. High attachment also inflates the risk for a
bacterium to be stuck on a particle without a competitive advantage, be it because
of viral infection or bacterial competitors or free-riders [42, 137, 168]. As attachment
corresponds to the transition to the next phase of a bacteria’s life cycle, it interplays
with both the physiology of the arriving bacteria and the microbial ecology on a

particle.

1.2 Environmental relevance of bacterial foraging un-

der nutrient starvation

The active search for nutrients by motile bacteria is rewarded by high metabolic activ-
ity. This activity is concentrated around particles, which act as hotspots of metabolic
activity because of their density in resources. It has been shown that bacterial pop-
ulations on particulate organic matter are taxonomically different to bacterial pop-
ulations living in the bulk seawater [50]. If motile cells constitute a low proportion
of free-living bacteria, they are overrepresented on particles. As these particles are

nutrient rich, it has been shown that cells on particles are more metabolically active
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than the free-living cells [143]. Motile cells are the most metabolically active part of
the bacterial biomass.

However, motile cells need to forage for resources within a nutrient-depleted en-
vironment. They undergo cycles of famine and feast, as Srinivasan et al. described
in 1998 [157|. Nutrient starvation induces physiological changes that impact the cell
properties and behaviors. The lack of nutrients to feed on is a strain for bacteria,
the same way that drought can be a strain to plants. As motility is a cell property
that requires energy, it is likely to be impacted by a stressing environment [112]. All
the calculations made by Lambert and colleagues concerning motility assume con-
stant speed for all the bacterial population [98]. It is unclear how starvation would
influence the average searching time.

Starvation and motility are highly relevant when considering the dynamics of com-
munities in a patchy landscape. The heterogeneity of resources implies that cells un-
dergo phases of nutrient depletion. As phases of abundance are concentrated around
hotspots, phases of depletion correspond to phases of scavenging for new resources
where bacteria can activate their motile behaviors. So far, the link between motil-
ity, starvation and population persistence within a patchy landscape has rarely been
explored from an ecological point of view. On the one hand, starvation studies have
focused on the change of cellular physiological traits, such as motility, chemotaxis
and others [181]. On the other hand, the experimental systems exploring the ecol-
ogy of bacteria in heterogeneous landscapes have all been primed with cells coming
out of the exponential phase [45]. Tt is unclear how the changes of physiology due
to starvation impact the ecological dynamics of a bacterial population in a patchy

landscape.

1.3 Contributions

Bacteria explore a heterogeneous landscape. That heterogeneity stems from the pres-
ence of nutrient hotspots that bacteria can find through their active motility or their

passive diffusion in the water. The time it takes for one bacteria to encounter a par-
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ticle depends on its diffusivity and on the particle concentration. Using a theoretical
model, Lambert et al. states that the top 10 % of a motile bacterial population can
reach a particle within the range of minutes (when chemotaxis is involved) to days
(when the particle concentration is low) [98]. The main take-away of this paper is
that motile bacteria drive particle colonization, even if they only represent a small
fraction of the global population, as they arrive at the particles significantly faster.
Their model compares two distinct non-overlapping population types: one motile and
one non-motile, as it assumes that these two properties are constant [153|. However,
this hypothesis does not take into account that foraging happens within a space of
low nutrient availability. Nutrient limitation does not only impact cell viability but
also cell motility and cell attachment, which are key parameters to the scavenging of a
bacterial population [165] As motile bacteria look for available resources in the ocean,
they undergo nutrient limitation, which affects their cell number, their ability to be
motile and to attach. For example, both the percentage of motile cells within a pop-
ulation and the bacterial diffusivity of the motile cell fraction dramatically decrease
over time [186]. Here, I bridge the gap between microbial physiology and ecology to

estimate time scales of particle colonization.

1.3.1 Experimental quantification of bacterial foraging behav-
iors at single-cell and population levels under nutrient

limitation

These dynamic changes of bacterial behaviors at a single-cell level under nutrient de-
privation impact the foraging abilities at the bacterial population scale. Bacteria can
adopt a wide variety of strategies to be competitive foragers under nutrient limitation.
As a single bacterial population aims to persist within a patchy environment, adap-
tation to a stressful environment can be the source of heterogeneities with a bacterial
population [176]. This process is called bet-hedging [57, 116, 52|. No experimental
evidence for bet-hedging has been gathered for marine heterotrophic bacteria. So far,

measurements made about the impact of nutrient limitation on bacterial behaviours
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in marine heterotrophs have been made at the population level, notably all studies
conducted at the beginning of the 1990s by Nystrom et al. [125, 127, 126|. In this the-
sis, I leverage the technical improvements made in microfluidic devices, microscopy
and computational techniques to get single-cell (when appropriate, single-particle)
and population level measurements of these dynamic changes in phenotypic plastic-
ity and explore the population heterogeneity. The time scale for interrogating these
phenomena is here on the order of days, as it corresponds to the order of magnitude

of time that bacteria scavenge for resources.

1.3.2 Estimations of nutritional requirements and foraging time

scales of a bacterial population in a patchy landscape

Once I gather experimental evidence for bacterial behavioral changes due to nutri-
ent limitation, I can use this qualitative and quantitative information to revise the
estimations of bacterial foraging time scales. Current approximations for bacterial re-
source scavenging in the oceans do not consider the impact of nutrient deprivation on
bacterial physiology for motile bacteria [98]. In this thesis, I incrementally develop
foraging frameworks that account for the phenotypic plasticity. In our stochastic
models, foragers explore both a physical space parametrized by the number of parti-
cles and a behavioral space constrained by their answer to nutrient limitation. I also
seek to connect these ecological models with oceanography measurements by analyz-
ing the feasibility of bacterial colonization for different particle concentrations given

their scavenging behaviors.

1.4 Thesis Outline

After this introductory chapter, the second part of this thesis explains the steps
followed for the design of the experimental system constrained by the current tech-
nical state-of-the-art. The third chapter presents the obtained experimental results,

while the fourth one consolidates these into a modeling framework. The fifth chap-
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ter expands the scope of this thesis by providing preliminary data that surveys open
questions pertaining to the link between ecological and physiological states. The sixth

and final chapter discusses the impact of this thesis.
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Chapter 2

Experimental Design for Long-Term

Nutrient Limitation

This chapter describes the process of designing the experimental set-up used for long-
term nutrient limitation and its observation. This work starts with the following
question: What is the influence of long-term nutrient limitation on bacterial foraging?
To answer this question, I develop an experimental set-up that follows a bacterial
strain limited by one nutrient for multiple consecutive days. This framework must
also yield consistent results and be flexible enough to observe bacterial behaviors
that impact foraging. The first part of the chapter explains the choices linked to
long-term starvation, such as the selections of a bacterial strain, a defined media, a
specific limiting resource, and a particular physical set-up. The rationale behind each
pick and the system’s limitations are also explored in this first part. The second half
of this chapter focuses on the methods for observing different bacterial behaviors such

as viability, motility, attachment, and rescue.
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2.1 Long-Term Nutrient Limitation

2.1.1 Strain choice

Microbial diversity provides the reductionist scientist with a vast array of microbes
to choose from and many dilemmas. The first step in this important process is es-
tablishing selection criteria that fit the experimental design and goals. In this case,
I choose to focus on heterotrophic bacteria degrading chitin, an abundant insoluble
polymer in the marine environment. The scientific questions require that three se-
lection criteria are met: a bacterial strain’s cultivability, its ability to use chitin as a
carbon source, and its motility. These criteria can then be evaluated against a strain
collection, partially presented in table 2.1. The Cordero lab has established a strain
collection from environmental samples [34]. Datta et al. performed an enrichment
experiment with particular organic matter, notably with chitin particles, to isolate
strains from Nahant beach in Massachusetts. These strains are characterized both
genetically (metagenomic data are available) [34, 44| and phenotypically [43, 137].
Early colonizers arrive at particles, as they are motile and can degrade chitin. In
contrast, late colonizers are less efficient at foraging for resources and using them.
Thus, early colonizers, with their ability to move around and degrade carbon sources,
are good model organisms when investigating the impact of nutrient limitation on
foraging. They have the most to lose when deprived of nutrients. The search for an
ideal model strain therefore focuses on the early colonizer strains, all gram-negative

bacteria mainly belonging to the genera Vibrio and Alteromonas.
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Table 2.1: Metadata available about the short-listed strains of this thesis. These data
were gathered within the context of [44] and [34] by Tim Enke, Matthew Metzger,
and Manoshi Datta

Strain Name | Genus Growth on | Growth on | Growth on | Chitinase | Motility
(or higher order when unavailable) | GlcNAc | chitin (Halo) | chitin beads | secretion

1A01 Vibrio + — + + +

3D05 Pseudoalteromonas + + + + +

6C06 Psychromonas + + + + +

6D02 Alteromonadales + - + — _

6D03 Vibrionaceae + + + + +

Technical limitations also create another set of criteria to narrow down the search
for optimal strains. As chitin is not soluble, the bacteria of choice need to grow
within a minimal media composed of N-acetyl-glucosamine (abbreviated GlcNAc),
the building block of chitin, as the sole carbon and nitrogen source. The recipe of
such a media ideally removes any confounding factors by being strictly composed
of known chemicals. I conducted several dual screenings, including different early
colonizers with multiple potential limiting resources. These screenings are explored
in more detail in part 2.1.2 and further restrained the number of candidates available
for our set-up.

At the start of this project, none of these isolates were successfully fluorescently
labeled with genetic engineering. Even though this project does not directly rely on
the use of genetic modifications, further extensions of the project could require strain
engineering. For example, a caveat of not having a labeled strain is that chitin is
auto-fluorescent. It is not a given that enough contrast can be achieved to observe
the bacterial colonization of a chitin bead by adding a dye that is typically neutral to
bacterial metabolism up to a certain concentration threshold. Thus, I also added the
fluorescently labeled strain Vibrio coralliilyticus, when it became available, as liability
management for screening natural isolates to potentially circumvent these drawbacks.

Vibrio coralliilyticus fills all the requirements for a strain of interest, as it is motile
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through the use of a single-pole, sheathed flagellum, and it can utilize both N-acetyl-
D-glucosamine and chitin |15, 84, 108]. This Gram-negative rod-shaped bacterium is
also a pathogen of the coral Pocillopora damicorni. This strain has been the focus of
many environmental studies because its pathogenicity, linked to extracellular protease
production, depends on temperature. This led to the development of genetic tools for
this strain, which is rare for a microbe first isolated less than ten years ago [15]. The
available constructs range from bright fluorescent labels [148] to a motility knock-out
[108]. T also established the time scales of chitin bead colonization for this strain (see
Appendix D). This shows that Vibrio coralliilyticus visibly colonizes and degrades
available particles faster than most other available strains [45]. The hyper-efficiency
of this strain to move within the media, degrade complex carbon sources, and colonize
particles makes it an ideal candidate for our experimental set-up. Vibrio corallitlyticus
has the most to lose. Changes in these different phenotypes between starved and
exponentially growing are also easier to measure and observe, as the baseline time

scales are shorter. Therefore, I chose this bacterial strain for our assays.

2.1.2 Media choice

Limiting Resource

Nutrient limitation is a concept that appears in diverse disciplines such as bacterial
physiology [144] and microbial ecology [49]. As this thesis aims at bridging these
different kinds of literature, it is important to define nutrient limitation in a way that
is both unifying and actionable. Here, I first examine the impact that this definition
has on the experimental set-up.

In the lab, there are two major ways to provide bacteria with nutrients. On one
hand, bacteria can be cultivated within a closed system. In this case, bacteria are
inoculated within a finite pool of resources. Nutrient starvation occurs when one of
the resources is depleted. On the other hand, resource supply can be continuous. In
this set-up, referred to as a chemostat, nutrient limitation stems from the imbalance

between the bacterial demand in certain resources and the supply of those nutrients.
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Both these methods lead to nutrient stress, the first one through nutrient depletion
and the second one through nutrient imbalance. From a technical standpoint, the
chemostat approach has more parameters, such as in and out fluxes, to optimize
than a closed batch system set-up. When a bacterial population exhibits a very slow
growth, it can be especially challenging to avoid bacterial extinction while maintaining
a constant nutrient environment [194]. While those two methods are different, the
closed system can be seen as a limit case of a chemostat, where the fluxes are nil.
This perspective is particularly relevant when some nutrients are completely depleted
in the media, and that inhibits bacterial growth. Keeping that in mind, the most
parsimonious experimental step involves describing the effect of nutrient depletion on
bacterial phenotypes. The work could later be extended to a chemostat to focus on

questions around nutrient pools.

Within the framework of a closed system, when submitting bacteria to nutrient
stress, the choice of the limiting resource is key. Each resource is processed through
different metabolic pathways, which leads to varied effects on bacterial phenotypes.
Removal of all sources of carbon, nitrogen, and phosphorus from the media gives
an appreciation for the impact of multiple-nutrient depletion on bacterial behaviors
[186, 127]. However, this approach lacks any potential mechanistic insight on nutrient
limitation, as it remains unclear which resources are the actual bottlenecks for the
observed change in phenotype [125]. The experimental framework presented here
stems from a parsimonious approach: the heterotrophic bacteria of choice are starved

when they alter their phenotypes due to the depletion of one nutrient.

To select that nutrient of interest, I conducted growth assays while titrating the
different nutrients individually. Bacterial concentrations were monitored continuously
for up to 48 hours by measuring optical density at 600 nanometers. The artificial
seawater media recipe (presented in section B.1) used to first characterize the marine
isolates [45] supplies a shortlist of potential limiting nutrients: glucose for carbon
limitation, ammonium for nitrogen, phosphate dibasic for phosphorus, and N-acetyl-
D-glucosamine for carbon and nitrogen. While keeping all the other nutrients at the

concentrations prescribed by the original rich media recipe, I quantified the effect of
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reducing the concentration of one of the nutrients of interest by 10-fold dilutions.
This screening reveals the impact of varying nutrient concentrations for multiple
bacterial strains from the Cordero collection and for the main strain of interest, Vibrio

coralliilyticus. These bacteria were first revived in marine broth, a very rich media.
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Figure 2-1: Optical density measurement over 21 hours of Vibrio coralliilyticus for
different concentrations of phosphate with a base media composed of GlcNac and

ammonium. Each point is the mean of a technical triplicate.

In our system, the addition of phosphorus in the media influences neither the
growth rate nor the growth yield when keeping all the other nutrient concentrations
equal. In figure 2-1, the observed optical density after 21 hours is similar for all con-
centrations of phosphate dibasic and notably for the negative control, where there was
no phosphorus added. The kinetic data also vouches for the independence between
bacterial growth and phosphorus concentration in the media. A potential limitation
to these data is that there could be some phosphate contamination, for example, due
to the water used as a base for the media in section 2.1.2. This assumption is further
validated by the fact that when cells are washed with the new media before being
inoculated in a low phosphate concentration media, they grow faster than cells that

have not been washed. Another hypothesis is that these heterotrophic bacteria have a
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very flexible phosphorus stoichiometry that allows them to reallocate their phosphorus
internally [55]. Their growth then becomes either carbon and/or nitrogen-limited be-
fore being phosphorus-limited. On top of the multiple interpretations of such results,
there is also a conceptual argument not to consider phosphorus limitation. Within the
chitin particle system, heterotrophic bacteria navigate a patchy landscape of carbon
and nitrogen-rich particles. The highest differences in concentrations between the
patches and their surrounding media are the ones in carbon and nitrogen, as these
last two elements are not provided within the surrounding media. This thesis aims
to observe nutrient limitation in the context of population cycles of feast and famine
[157], which is focused on carbon and nitrogen. For parsimony’s sake, I thus chose to

discard phosphate limitation from our study.
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Figure 2-2: Optical density measurement over 23 hours of Vibrio coralliilyticus for
different concentrations of GlcNAc, ammonium and glucose. Each point is the mean

of a technical triplicate.

Another unexpected result from this screening stems from the serial dilution
in ammonium when coupled with either glucose as a carbon source or N-acetyl-D-
glucosamine as another carbon-nitrogen source. In both cases, high ammonium con-

centrations (1mM) appear to be toxic as no growth is observed for the first 21 hours,
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as shown in figure 2-2. For some model organisms, it has been shown that ammonium-
impaired growth is linked to changes in general properties of the medium, such as
osmolarity or ionic strength [119]. Variations in ammonium concentration unsur-
prisingly impact the growth of cells more in glucose than in N-acetyl-D-glucosamine.
The latter indeed provides bacteria with both carbon and nitrogen. In the absence of
ammonium with that carbon and nitrogen source, cellular growth for Vibrio coralli-
ilyticus is still supported. However, in the inoculation with glucose and ammonium,
growth rate and yield are optimal for the concentration of ammonium 10-fold lower
than the one used in the artificial seawater recipe. A higher ammonium concentration
leads to significantly lower growth, as seen in figure 2-3. In this particular screen,
ammonium both supplies nitrogen and poisons the cells. The toxicity of ammonium

adds a layer of complexity to the interpretation of nutrient starvation.
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Figure 2-3: Optical density attained after 21 hours by different bacterial strains as a
function of the ammonium concentration provided in the original media presented in

B.6. Each point is the mean of a technical triplicate.

Carbon concentrations impact both the growth rate and yield. The more carbon,

the faster and the more bacteria grow. Kinetic data for Vibrio coralliilyticus also
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reveals that this bacterial strain resumes growth faster on N-acetyl-glucosamine than
on glucose by three hours. The growth yields for both these carbon sources are
comparable, as shown in figure 2-4. Another goal for this screening was to establish
the minimal carbon concentration that leads to visible optical density changes. That
concentration 2mM is an order of magnitude below the controlled artificial seawater
medium used as a reference presented in table B.6. That chosen new concentration is
the one that will be referred to later as the base medium concentration, whose recipe

is in table B.7.
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Figure 2-4: Optical density over 21 hours for Vibrio coralliilyticus with different
concentrations of GlcNAc on the left panel and of glucose on the right panel. The
rest of the chemical are given by the original media recipe in table B.6. Each point

is the mean of a technical triplicate.

This first screen established two parameters: a carbon base concentration and
an optimal concentration in ammonium. Then, six bacterial strains, including Vibrio
corallirlyticus, were submitted to another growth assay comparing the dynamics under
these standard concentrations with the dynamics when one of the nutrients was di-
luted 10-fold. Vibrio coralliilyticus exhibits the fastest growth on the standard media
(see section 2.1.1), attaining its maximal bacterial concentration within ten hours for
both N-acetyl-D-glucosamine and glucose media. Even though all the selected strains
are able to grow on N-acetyl-D-glucosamine, they use glucose as a carbon source with

different efficiency. For example, the Pseudoalteromonas 3D05 did not exhibit any
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growth on glucose, whereas the Vibrio splendidus 1A01 grew to a higher yield and
faster on the combination of glucose and ammonium than on N-acetyl-D-glucosamine.
With that last combined carbon/nitrogen source, Vibrio splendidus 1A01 ’s growth
rate shifts after 10 hours, hinting toward more complex degradation dynamics. When
confronted with lower carbon and nitrogen concentrations, cells follow similar dy-
namics for the first few hours and then reach their maximum yield. This observation
verifies that cells are alive then and that, even in the presence of submillimolar carbon
concentrations, bacteria reach a stationary phase within the first five hours.

After focusing on carbon and nitrogen limitations, I decided to use N-acetyl-D-
glucosamine as the primary source for both these nutrients. This way, it avoids the
caveat of ammonium toxicity while remaining consistent with our experimental model
system of a landscape of chitin beads. N-acetyl-D-glucosamine is indeed the monomer
of chitin. Further work could decouple that dual carbon and nitrogen limitation by
contrasting the result in this thesis with independent nutrient limitations in both

glucose and nitrogen.

Gradual media set-up

After choosing the limiting nutrient of the media, it is essential to determine con-
ditions to start the nutrient limitation in a reproducible manner. Reproducibility
comes with high control over the different variables that influence bacterial growth.
This part aims at uncovering what happens from the frozen bacterial stock to the
inoculation in the nutrient-limited environment.

Cells are first revived from a frozen stock by being streaked on a marine broth
plate. Marine broth is a rich media with many resources. Cells form visible colonies
within a day. To ensure that bacteria conserve the same physiological state, these
colonies can be harvested up to 3 days after the streaking process. Once a colony
is picked, it is transferred to 1mL of rich liquid media. Rich liquid media comprises
a mix of 10% filter-sterilized marine broth and 90% of base media (see table B.9).
That base media emulates seawater while being a highly chemically defined media. Its

recipe can be found in the table B.7. It is noticeable that all the major nutrients, such
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as carbon, nitrogen, and phosphorus, are supplied in this base media, whose primary
source of carbon and nitrogen is N-acetyl-D-glucosamine, abbreviated GlcNAc for
the rest of this thesis. The bacteria are incubated in this mixed media for 4 hours.
This stage balances the need to jump-start bacterial growth with marine broth, the
limitation of potential carry-over nutrients from the rich media, and the exposure of

bacteria to the base media.

After being exposed to this mixed media, bacteria are inoculated at various initial
bacterial concentrations in the base media. In that milieu, the GlcNAc concentration
can support exponential bacterial growth. This incubation lasts around 24 hours at
25°C. In the end, the measurement of optical density gives a first approximation of
the number of cells present in each sample. Also, it informs about the physiological
state of the sample. The goal here is to select a sample growing up to the same
physiological state consistently. This way, the starting condition of the nutrient lim-
itation experiment is reproducible. Then, that sample is diluted to a 0.005 OD in 5
mL of nutrient-limited media. The nutrient-limited media presented in table B.8 is
devoid of GlcNAc. The only carbon and nitrogen sources stem from the carry-over of
nutrients from the base media. That inoculation corresponds to the time zero of the

nutrient limitation set-up.

This set-up is based on the harvesting of exponentially-growing cells. While this
setting enhances the experimental reproducibility, it has implications for the carry-
over of the limiting nutrient. The Monod growth curve establishes that the limiting
nutrient concentration is over a certain threshold when cells grow exponentially at
their maximum growth rate. That threshold is strain-specific and can be determined
by observing bacterial growth rate at different starting nutrient concentrations. As
a result, when sampling from an exponentially growing population of bacteria, the

sample will contain some limiting nutrient that has not been completely depleted.

The most common way to eliminate the nutrient carry-over consists in washing the
cells [111]. After centrifuging the sample, the supernatant is removed and replaced
with the new fresh media. This method eliminates the media variability due to the

carry-over of chemicals from the preceding steps. It works for a population of cells
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that can form a pellet in these conditions. Two conditions are necessary for this to
happen. Firstly, cells have to be in a high enough concentration to create a visible
pellet at the bottom of the tube. Secondly, cells also have to have a high enough mass,
such that the centrifugal force significantly impacts them. Here, the controlled media
in which cells grow exponentially before experiencing nutrient limitation can sustain
cell proliferation up to a low density of cells. Optical density measurements at the
stationary phase never exceed 0.110. In addition to a low bacterial concentration, cell
mass measurements also indicate that Vibrio coralliilyticus’ biomass is more than two
times smaller in that media (around 70 femtograms) than in marine broth (about 200
femtograms). This lower weight makes cells less likely to form a pellet, as the applied
centrifugal force depends on their mass. Combined, these factors make it challenging
to pellet cells and thus to wash cells before starting the incubation.

Carry-over of nutrients from the controlled media is not avoidable. However, Glc-
NAc is the only nutrient removed from the limitation media and thus the only one
that needs to be quantified. As a first approximation, the concentration of spurious
GlcNAc is measured via a reducing sugar assay using a dinitrosalicylic acid reagent
[110]. The reagent becomes fluorescent when reacting with reducing sugars. The
set-up is first calibrated using serial dilutions of the reducing sugar of interest, Glc-
NAc, here. The amount of sugar detected in the controlled media at the time of
transfer to the GlcNAc free media is below the sensitivity threshold of the assay (5
mM). It is noteworthy that that carry-over nutrient concentration is diluted another
time, as it is linked to the volume of bacterial cells transferred into the GlcNAc-free
incubation. The amount of this controlled media transferred to the following media
constitutes maximally 10% of the final incubation volume. It implies that the max-

imal concentration of GlcNAc at the start of the nutrient-limited incubation is 0.5

mM.

Other components in the media

The media in which the nutrient limitation takes place lacks GlcNAc. However,

GlecNAc is not the only potential provider of carbon and nitrogen sources in this
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media. Even though this media is highly defined, it still contains molecules made of
carbon and nitrogen. It also relies on using cleaned and purified water coming from
the city of Cambridge. This water could include a certain amount of dissolved organic
matter even after the purification steps. In this part, I quantify the influence of these

factors on bacterial growth (or lack thereof) within the nutrient-limited media.

An unexpected result triggered this investigation for other carbon and nitrogen
sources in the media. This result appeared when looking into the influence of bacterial
concentration on the dynamics of the number of viable cells. After transferring cells to
starvation media (a media without carbon and nitrogen sources), I observe that cells
can grow again within the first few days, as exemplified in figure 3-1, at the highest
starting concentration of bacteria. One of the hypotheses is that this growth could be
due to carry-over GlcNAc from the first incubation media as the cells are not washed.
The main argument against growth on carry-over GlcNAc is that cells starting at very
low concentrations can grow more than the carry-over GlcNac would allow at such low
concentrations, as discussed in the last section. Another assumption is that bacteria
can grow on another component of the nutrient-depleted media. To mitigate the
effects of potential carry-over nutrients, cells are diluted again in a nutrient-limited
milieu after 24 hours. If bacteria can grow on another chemical in the media, the
total number of cell divisions within 24 hours would positively correlate with the
dilution factor. The higher the bacterial density, the faster a resource is exhausted.
The following figure presents the number of bacterial divisions as a function of the
dilution factor, as seen in figure 2-5. It is noticeable that there is a positive correlation
between these two variables, which hints that cells can grow on something else in the
media. The presence of another carbon and nitrogen source in the media does not
change long-term starvation results. It has, however, the potential to interplay with
reductive division in the short term. Thus, spurious growth in the nutrient-limited

media needs to be quantified.

51



1000
MNew Dillution Factor Within Plate

* 11
. 4 A 1:100
N 300
E = 1:100000
w0
=]
5 Dillution Factor From Initial Plate
100 s 110
*  1:1000
*  1:1000000
30 =
-
5 10 15

Number of divisions

Figure 2-5: Initial number of bacteria counted in colony forming units as a function
of number of bacterial divisions after the bacteria have been incubated for 24 hours

in the original media without carbon and nitrogen sources.

The first potential source of carbon and nitrogen is polyvinylpyrrolidone , abbre-
viated PVP40 thereafter. This polymer has been added to the nutrient-limited media
as it prevents cells from attaching to walls. This anti-adhesive function is necessary
to measure bacterial motility, as described later in this chapter. PVP40 also is com-
posed of heterocyclic compounds made of 4 carbon atoms and one nitrogen atom)
linked through a chain consisting mainly of carbon. It has been shown that microbial
consortia can degrade this chemical in particular conditions [75]. On top of that, the
physical properties of PVP40 could impact bacterial growth by avoiding cell attach-
ment to the bottom of the well. To check if PVP40 influenced bacterial growth, I
compared the number of viable bacteria after one day of starvation in a milieu with
or without PVP40. Both of these cultures were pre-grown in environments reflecting
the presence or absence of PVP40. Both of these conditions yield a similar variation

in cell numbers after one day of nutrient limitation. Because of that, I can conclude
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that PVP40 does not impact the nutrient limitation, at least in the short term, when

cell reductive division happens.

Another potential carbon and nitrogen source is the vitamin mix (defined in table
B.3) present in the defined media. Collectively, all the vitamins could contribute up
to 44.8 nM of carbon and 8.5 pM of nitrogen. Those concentrations could elucidate
some of the observed bacterial divisions. It has also been shown that the strain
of interest here doesn’t need vitamins to grow on the minimal media (soon-to-be
published data gathered by Rachel Gregor). Because of the facultative presence of
vitamins for bacterial growth, the vitamin mix has totally been removed from the
final media recipes. Contrary to vitamins, the trace minerals solution (presented in
table B.2, stored at low pH) does not contain any carbon or nitrogen source and is

included in the final media recipe without danger.

Last but not least, I need to look into a ubiquitous element in all media recipes:
water. Water is the main solvent where chemicals get dissolved and diluted. The usual
processing pipeline for the water includes purification and filtration steps. In the case
of our lab, purification is achieved through reverse osmosis deionization. However,
even when these steps are successful, some spurious concentration of organic matter
remains. These purifying and filtrating systems also need to be updated regularly
and monitored to avoid spikes of organic matter in water concentration. Notably,
the CoVID19 pandemic impacted most of the routine checks of this equipment. At
the beginning of September 2021, water that the purification system had already
processed exhibited up to 2000 parts per billion of total organic carbon. This value
is more than four times the amount expected in usual non-purified seawater. An
update of the purification, filtration, and transport system allowed to bring back the
total organic carbon value to what is expected post-processing. Nevertheless, these
measurements display that water can be an unexpected source of organic matter.
How much does this organic matter impact nutrient limitation in the short term? To
answer this question, cells were incubated for 24 hours in media made with water
before the water processing pipeline update or with water after the water processing

pipeline update. As a control, I used water which was graded with high-performance

53



liquid chromatography to ensure the absence of contamination (that method is abbre-
viated HPLC). The media prepared with HPLC water didn’t have any other source
of carbon and nitrogen. Viable cells are counted both at time zero and after one
day to quantify the number of cell divisions. With a starting cell concentration of
106 cells/mL, the purest milieu, made with HPLC-grade water, could sustain two cell
divisions. In contrast, the milieu with the most organic matter could sustain up to
four cell divisions. The media made with the optimized water pipeline could sustain
three cell divisions. As the starting cell concentration of this experiment is on the
higher end of the used cell concentration, this number of cell divisions is the lowest
the different media can sustain.

In this section, I explored potential carbon and nitrogen sources present in the
media. The goal of this thesis is to explore nutrient limitation in the short and
long term. Success in this objective corresponds to minimizing the growth in the
incubation media. In other words, the number of cell divisions due to spurious carbon
and nitrogen sources needs to be minimal. In any case, this design constraint informs
the choice to study nutrient limitation at the highest starting cell concentration to
mitigate the media’s carbon and nitrogen contamination. The more concentrated cells
are at the beginning of the incubation, the faster they exhaust carbon and nitrogen
supplies, and the shorter the effects of the presence of spurious carbon and nitrogen

are.

2.1.3 Physical settings

This section tackles other challenges linked to the physical experimental set-up. Be-
cause the experiment happens on a time scale of weeks, phenomena, such as the
evaporation rate, need to be addressed proactively. Evaporation could cause the
media to change properties, as the liquid evaporating would make the chemicals re-
maining in the media, such as salts, more concentrated. This property change in
salinity could, in turn, impact bacterial viability. Another element to balance with
evaporation is the need for the media to be aerated for the duration of the experi-

ment. This need for a constant oxygen supply throughout this experiment eliminates
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the possibility of having a completely sealed-off system. The bacteria also need to
be in the most homogeneous milieu possible throughout the experiment while being
incubated in a sufficient volume for destructive sample harvesting. Vibrio coralliilyti-
cus, the strain chosen for this experiment, is also highly temperature-sensitive [84].
Thus, the samples need to be incubated in a temperature-regulated environment. All

of these constraints are explored in more detail in this section.

Vibrio coralliilyticus is in the research spotlight of coral scientists because its con-
tribution to coral bleaching increases significantly with temperature changes [15, 84].
As past trends and upcoming predictions indicate that the surface levels of the oceans
are warming up on a global scale [102], this coral pathogen can become more lethal to
corals. It is known that the behaviors of Vibrio coralliilyticus are highly temperature-
dependent and that a difference in 2°C can switch molecular regulatory mechanisms
[84]. This has implications for the experimental set-up of long-term nutrient limi-
tation. The temperature needs to be controlled precisely for the experiment to be
reproducible. Leaving samples to the odds of room-temperature variations becomes
infeasible in this case. This justifies the incubation of cells in a temperature-controlled
incubator. The temperature of this incubator is set to 25°C that is optimal for Vibrio
coralliilyticus. In the context of coral health, 26°C is the temperature at which this
pathogenic bacteria becomes highly virulent [84]. In this experimental set-up, the

temperature is a constant value throughout the limitation in nutrients.

Here the nutrient limitation experiment is designed to last multiple weeks. The
experimental system needs to retain constant chemical concentrations and homoge-
neous properties for that time. The bacterial cultures are placed on an orbital shaker
such that each sample mixes. A key chemical element is oxygen, as the bacteria of
interest Vibrio coralliilyticus exhibits changes in motility depending on oxygen con-
centration [184]. This leads to favor a container whose largest dimension is not depth,
so that oxygen can be exchanged more uniformly at the interface between the air and

the media.

There is also a trade-off between the number of replicates and the range of bacterial

concentration that can be explored. Bacteria can indeed exhibit density-dependent
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properties [142, 133, 43|, notably due to their widespread quorum sensing abilities.
Thus, I need to either demonstrate that the experimental results seen are not affected
by bacterial density within a certain range or to quantify how much these experimental
results vary with density variations. From an experimental design point of view, a
high volume of culture enables the observation of lower bacterial densities in a more
reproducible manner. However, higher volumes require more space and lower the
experimental throughput. Here, I settle on a system that can attain 1 bacterium per
mL at its minimum by fixing the experimental volume to 5 mL. It is also the maximum
volume a 6-well plate on an orbital shaker can sustain without splashing. These
stackable plates allow for technical replicates while fulfilling the necessary technical

requirements.
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Figure 2-6: Colony Forming Units as a function of number of measured salinity in
%o. The colors present the different starvation durations of each sample. Each point
is the mean of a technical triplicate, measured with a refractometer. The lines are

error bars around that value.

When using 5 mL of culture in a 6-well plate with a semi-permeable plate seal,
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evaporation happens at a rate of 200 pL per day. This fast evaporation rate leads to an
increase in salinity. A way to mitigate evaporation is to increase the humidity in the
temperature-controlled incubator by putting a reservoir of liquid within that space.
Even though the implementation of this method leads to a decrease in the evaporation
rate in the wells, it also increases the humidity in the whole incubator. This change
induces a critical error in the temperature regulation system of the incubator. Efforts
to mitigate the evaporation rate need to be more localized by the samples. It is also
notable that not all plates evaporate at the same rate within a stack of plates. Wells
that are the most surrounded by other wells filled with liquid evaporate at a lesser
rate. Another remarkable fact is that in a stack of multiple plates, plates at the
bottom of the stack evaporate faster. Therefore, the final implemented method in
the experimental set-up consists of stacking the plates containing the samples above
the plates containing water and sampling the middle well of each plate last. After
implementing this method, the salinity in samples is tracked with a refractometer.
As the freshly made media mimics seawater, the baseline salinity is 35 %o. Figure 2-6
shows that salinity in the samples increases over time and reaches 50 %oafter 15 days
of incubation. Because of that, I decided to remove from analysis any sample that
is past that duration. Notably, salinity stays stable for the first two weeks, which

indicates that the solutions for mediating evaporations are effective.

2.2 Observing starvation

In this section, I described the experimental methods for observing the impact of nu-
trient limitation on bacterial phenotypes. These readouts focus on the four bacterial
behaviors that can be tied back to the ecological persistence of a bacterial population:
cell viability, cell size, cell motility, and cell stickiness. Bacterial viability and motility
both support successful bacterial foraging for particles. These foraging efforts lead
to effective bacterial colonization if bacteria maintain their abilities to attach and
re-grow on complex nutrient sources. This work aims at capturing the alterations to

these phenotypic properties due to nutrient limitation. These parameters are quanti-
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fied at both a population and single-cell level. The aggregated measurements give a
comparison point to existing works [125, 91]. The individual-level characterizations
explore the impact of nutrient limitation on population heterogeneity. They also
provide precious information for modeling, be it for their conceptualization or their
parameterization, especially in the case of stochastic processes such as foraging. This

dual experimental approach is highlighted in each of the following sections.

2.2.1 Cell viability

The number of viable bacteria within a space determines the odds of successful bac-
terial foraging at a population level. The more bacteria there are, the more likely it is
for some bacteria to find a particle. A first factor to take into account is that cell size
can change due to nutrient limitation in order to maximize their surface-to-volume
ratio [65, 128]. As optical density measurements rely on the light scattered by cells
and thus depend on cell size and shape, they do not provide an accurate measurement
of cell concentration. Also, after the onset of nutrient limitation, the number of vi-
able cells is expected to drop dramatically because of cell death [144]. Optical density
does not capture the difference between viable and dead bacteria. To measure cell
viability, other techniques need to be deployed. Here, I present four methods which
were used in my project to quantify on the number of viable cells after inoculation in

a nutrient-free medium.

Colony Forming Units

This method, which has been optimized for decades, consists in counting the number
of colonies formed on an agar plate made up of rich media after plating bacteria.
The assumption is that each circular colony stems from one single ancestral cell.
The number of cells in a sample can then be backtracked by equating the number of
colonies to the number of cells in the amount of volume dispensed to make the plate. A
key step of this protocol is to plate the right amount of bacteria. When there are only

a few colonies, the bacterial counts are not statistically significant. Conversely, too

58



many bacteria can make it challenging to distinguish different colonies. High bacterial
density can also lead to growth inhibition because of resource limitation. The target
bacterial number on a plate is between 20 and 250 [166|. This can be achieved by
plating different 20-fold dilutions from the initial bacterial sample. To increase the
reproducibility in bacterial numbers, it is also notable that the way bacteria are plated
needs to be consistent. In our experimental set-up, I used between 4 and 6 glass beads
that are shaken on the agar surfaces with a 10uL drop of bacterial culture to plate
bacteria on agar plates brought to room temperature at least 2 hours in advance and
at most two days. These two decisions were meant to decrease the uncertainty due
to the number of bacteria attaching to the surface of glass beads and the influence of
the water content of the agar plates on the rolling of the beads.

On top of all these technical considerations, this method relies on the regrowth of
each bacterium. It doesn’t only estimate the number of bacteria that are in a sample.
It also quantifies the number of bacteria that are able to grow again on an agar plate
made of rich media. This number of bacteria is the closest approximation to the
number of bacteria that will be able to resume their normal growth once they attain
a particle. Even though growth on a Petri dish requires a specific set of properties
that can lead to an underestimation of the number of viable bacteria [185], it is the
only method for bacterial counting that relies on growth. This is the primary reason

why I chose this method over others to estimate bacterial viability for starving cells.

Flow Cytometry

Another possible route to quantify viability is to use flow cytometry combined with a
live/dead stain. Contrary to counting colonies, this method can provide more infor-
mation, such as the count of dead cells, live cells, and potentially cell size distributions.
It comes with a cost of optimization. In this section, I will present some of the data
collected using flow cytometry and the reason why I decided not to use the data for
precise quantification.

Flow cytometry can be used as a tool to count the absolute number of cells. As I

chose not to use fluorescently labeled bacteria for the nutrient limitation experiments
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2.1.1, dyeing the bacteria provides positive control of what can be considered a cell.
With the aim to achieve the most precise measurement possible, I used SYBR green
stain, whose signal is the most powerful. That stain is highly sensitive to both light
and temperature. It is recommended to prepare a fresh stock of it every week and
to thaw that stock only right before sample preparation while mixing it thoroughly
with the samples. All these steps minimize potential noise in the readout on the flow
cytometer. After an incubation period with the dye, the cells can be passed through
a flow cytometer, here the InCyte Guava. A sample of the data collected within that

assay can be seen in figure 3-2.

This data qualitatively presents similar results to the ones described in section
3.1.2 and will be reviewed in more detail in that same section. Here I focus on the
technical challenges that come with analyzing the scatterplots generated with the flow
cytometer. Analysis of this type of data can be conducted using licensed software like
FlowJo™ Software or R packages such as CytoExploreR [64] or FlowCore from the
Bioconductor suite [63]. These different options need to be evaluated given availability
and compatibility with the data files and processing systems. For example, the flow
cytometer InCyte Guava saves one condensed multi-run file that cannot be read by
FlowJo™ Software, which then requires some data reformatting. The major technical
challenge stems from the cell size reduction along with starvation duration. The main
process associated with flow cytometry data analysis consists in designating a multi-
dimensional shape that will select particles with a certain set of properties. This
process is referred to as gating. As cells change their size over time, the gates need
to either be dynamically updated at each time point or cover a large enough area to
be relevant. The first method reduces the ability to compare each time point, while
the second one is doomed to capture more noise. This data was analyzed through the

first method.

It is notable that flow cytometry data can also reveal the changes in cell sizes.
Forward scatter depends on the light diffraction from each cell, which is a function of
cell size [93|. It can be used to approximate cell size. However, it is limited by how

broad the angle collection for that scattering is[25|. The intensity of DNA binding
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fluorescent dyes can also be seen as a proxy for cell size. The bigger the cell, the more
DNA there is for the dye to bind to. The caveat of this last size estimate is that this
can also be linked to cell permeability and thus does not reflect a change in cell size
but in cell membrane porosity, as explored in section 2.2.4.

Live/dead staining relies on the dual staining of cells by two chemicals. In the
case of the BacLight™ kit offered by Sigma, all cells are labeled by the green fluores-
cent die SYTQO9, which binds to DNA. Propidium iodine only permeates dead cells
and becomes fluorescently red when bound to DNA. This dual staining captures the
proportion of dead cells in a sample. As both the dyes bind to DNA, I determined the
relative concentration of those stains by running samples with known concentrations
of dead and alive cells. This data was used to define gates for those two populations.
However, the same challenge of quantifying bacterial concentrations for cells with a
wide size range remains. This staining provides another information piece that is not
available through any other method: the timeline at which dead cells appear in the
media. Determining the presence or the absence of a certain population type indeed
requires less precision than quantifying their abundance. It is notable that a stable
bacterial concentration counted by colony-forming units could be due to cell recy-
cling. The recycling hypothesis postulated that some dead cells support the division
of cells by releasing nutrients to the media. If there are no dead cells in the media,
this nutrient cycling based on necrosis cannot happen. All in all, flow cytometry
coupled with live/dead staining can be used to better describe the starving sample at

any time, even though cell size variation impacts the comparability between samples.

2.2.2 Cell size

The reduction in bacterial size under nutrient limitation influences the ability to
quantify cell numbers. Optical density is a good approximation for cell concentrations
only when cell size is constant. In figure 2-2, optical density measurements decrease
right after the maximum value has been attained. This could be the result of either
cell death or cell size reduction. When it comes to flow cytometry, the dynamics of

cell size reduction lead to an increase in noise levels and a drop in cell count accuracy,
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as shown by the raw data in figure 2-7. There are incentives to quantify the individual
sizes of bacteria because of technical limitations and also because of its potential for
uncovering some population heterogeneity. The variation in cell sizes also happens
at a single-cell level. I investigated two methods to do this quantification. A Coulter
counter estimates cell volume, whereas suspended microchannel resonators read cell
buoyant mass as an approximation for cell biomass. In this section, I provide an

overview of both these techniques.

Day 1 Day 9

Side-Scatter-HLin
Side-Scatter-HLin

10° 10? 10° 10

GRN-B-HLin GRN-B-HLin

Figure 2-7: Raw flow cytometry data after 1 and 9 days of starvation. This graph
presents green fluorescence on the x-axis and side scatter on the y axis. Fach point

is a particle detected by the flow cytometer

Coulter Counter

These instruments are based on the Coulter principle, successfully patented in 1953
for the first time [31]. The size of the bacteria are derived from the difference in
conductivity between a cell and the electrolyte solution in which it is suspended.
If a single cell goes through a small channel, then the impedance of this channel
changes. The measured electric current going through the channel can be linked to
the cell volume from a standard curve, as this current drop is proportional to the

cellular volume. This method is high-throughput, as it only requires making cells
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pass through a channel and tracking the drop in electrical current. Although mostly
used for blood cell counts, this can be applied to bacteria in salty water too, as long
as the Coulter counter is blanked with the media in which cells are suspended.
Coulter counters were first developed and are still primarily used for mammalian
cells, which are significantly bigger than our bacteria of interest. Transposing this
method to shrinking bacteria necessitates a higher size resolution. The precision in
volume measurement depends on the size of the channel bacteria flow through. The
smaller the channel is, the more significant the change in impedance is. To conduct
our experiment, I selected the smallest aperture size (20um) available at the FlowCore
Operations in Harvard. Even with this aperture size, the distribution of cell volumes
is truncated on the lower end (see figure 3-3). The resolution of this apparatus does
not allow for the detection of smaller bacteria, as the signal-to-noise ratio would then
be too low. Some spurious particles, such as crystals, could then be picked up as a
bacterial signal. The Coulter counter performs better at giving a size estimate than
flow cytometry. These two machines have been used consecutively before to sort cells

by size first and then analyze the dyeing signatures.

Suspended Microchannel Resonator

Another way to measure cell mass is by flowing cells through a suspended microchan-
nel resonator (abbreviated SMR throughout this thesis), a technology first developed
by the Manalis lab in 2007 [54]. This device weighs single cells in real-time as they
pass through a hollow channel in a cantilever while still suspended in their growth
media. The change in the cantilever’s weight transposes into a change in its oscil-
lating movement. This frequency change is then measured and quantified. It can
be backtracked to the volume of fluid that was displaced while the cell was in the
channel. While this method requires a more complex set-up than a Coulter counter
for a similar throughput [164], it exhibits a striking precision within the order of
magnitude of femtograms for marine bacteria [26].

With this device, we consider that buoyant mass is a good proxy for the biomass

in the cell. Buoyant mass corresponds to measuring the relative weight of the cell
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with respect to the weight of the solvent surrounding the cell. That variation in the
mass within the cantilever causes it to change its oscillatory pattern transiently. As
the device is first calibrated with particles of known mass and buoyancy, the second
mode of the frequency distribution can then be used to access the buoyant mass. One
caveat in this method is that bacterial biomass has to stay at a similar density. The
amount of liquid within a cell doesn’t matter, as this liquid is at equilibrium with the
solvent in terms of mass because of the osmolarity forces. However, the packing of
molecules does. Here I consider that bacterial biomass density doesn’t change with
time.

The suspended microchannel resonator was first used for mammalian cells and
then developed for bacteria. The device resolution needed to be adapted to smaller
particles. The limit of detection for some devices is above the expected bacterial
size after starvation. Cermak et al. show that the size of Vibrio cyclotrophicus
decreases more than five-fold from exponential growth to a late steady state [26].
That device parameter is controlled by the dimensions of the channel cross-section. A
smaller cross-section comes at the cost of lower throughput, as less fluid flows through
the channel at identical flow rates. As the volume displaced within the channel
is part of the readout, the dimensions of the device need to be consistent across
samples, so the measurements for exponential and starved cells need to cover the
variability in cell size over the course of the incubation in nutrient-depleted conditions.
Here, the dimensions of the device of choice are bum x 5um. There is also now a
commercially available version of this instrument, called the Life Scale developed by

Affinity Biosensors.

2.2.3 Cell motility

Microbes move within their environment. This movement can be passively driven by
diffusion [193] or actively motored by flagella and other cellular processes [98]. An in-
tegral component of discussing bacterial foraging consists in quantifying these cellular
trajectories at both a population and a single-cell level. Advances in computational

data analysis, microscopy technology, and lab techniques, such as microfluidics have
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greatly contributed to a more precise characterization of these stochastic behaviors.

Lab techniques

At a population level, bacterial motility can be assayed using soft-agar plates. The
principle is to inoculate a bacterial population at a localized point in the plate and look
at how much the bacteria have diffused through the soft agar after a certain time using
a dye that can track bacterial activity [34]. While this assay is worthwhile to screen
different strains for motile properties, it does not provide quantitative information
about motility. Soft-agar plates are a porous media and not a liquid media, which
impacts the ability of cells and particles to move through it. It is also a binary
visual assay that provides a population-level measurement. Thus, it does not fit the
requirement for the data that this study aims to gather to look into variability.
Qualitative studies about the presence or absence of active motility at a single-
cell level [105, 91] have typically used flat glass capillaries. Glass capillaries are very
narrow tubes that can be filled through capillary action that is driven by both surface
tension and adhesive force. Once loaded in a flat glass capillary, a sample with motile
bacteria can then be observed by microscopy. The capillary provides the bacteria
with space that is both large enough to allow them to swim and constrained enough
such that the bacteria don’t go out of the field of view. This motility assay can be
extended to measure chemotaxis by immersing one extremity of the capillary in a
drop of media full of chemo-attractants. This method provides a first approximation
of the absence or presence of motility in a sample. One caveat of this method is
that bacteria become deprived of oxygen once the ends of the capillary are sealed
because glass does not allow for the transfer of oxygen. This starvation in oxygen
impacts the ability of bacteria to move, as the flagellar forces are sensitive to oxygen
concentration [3]. Figure 3-5 presents examples of trajectories recorded more than ten
minutes after capillary loading. The expectation is that Vibrio coralliilyticus displays
straight runs, while the observed trajectories here are curved, which is an indication of
oxygen deprivation [184]. The observation of a bacterial sample within a capillary is

thus very time-sensitive and needs to happen before oxygen concentration is depleted.

65



Another caveat of this method is that the channel’s narrowness increases the chances
of bacterial motility being skewed by either adhesion or collision with the walls. Even
though these edge effects are alleviated by the addition of PVP40 in the media as
explained in section 2.1.2, they impact the ability to quantify bacterial motility by
potentially underestimating the proportion of motile cells. It also influences the type
of motility observed.

Advancements in microfluidics make it possible to put bacteria in a chamber of
the desired size that is permeable to oxygen. Channels are commercially available
through ibidi (here, I use the 6-channel microscopic slide called p — SlideV'10.1).
The design of these chambers is also very flexible. I chose a capillary-like chamber
that is high enough to avoid vertical edge effects while small enough to be able to
image the bacteria in bright field microscopy. The same considerations about edge
effects were applied to choose the width of the chamber. This channel can be loaded
with a pipette. The extremities of these chambers are made of liquid reservoirs that
avoid the drying out of the channels. To further avoid liquid from moving around
in the chamber during the imaging, these reservoirs are filled up to an equal amount
of media while being sealed by Parafilm. The throughput is also increased by using
these channels, as they are manufactured to fit six of them onto a standard microscopy
glass slide. This set-up also decreases the time spent looking for focus. This is the

device that was chosen to make all the motility measurements in this paper.

Imaging set-up and computational analysis

Another noticeable improvement to study bacterial motility comes from the evolution
of imaging technology. Microscopes can now be mounted with high-speed cameras, be
it directly from the provider or in a more artisanal fashion with a 3D printed support
for smartphones. The increase in frame rate makes it possible to assign each cell
in every frame to a particular trajectory, especially for bacteria exhibiting as high a
speed as Vibrio coralliilyticus [184]. During its straight runs, this bacteria can move
up to 56pum/s. A high frame rate decreases artifacts in trajectory assignment for

each bacteria, as the distance that one bacteria goes through between two frames is
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smaller. In an ideal case, the time between two frames is shorter than the time it
takes for a bacteria to move less than half its diameter. This way, when these two
frames are superposed, the bacteria from both the first and the second frames overlap.
There is then less uncertainty on how to label bacteria through time. The speed of
acquisition associated with the ability to detect individual bacteria generates a large

dataset of movies that then need to be analyzed.

Quantification of such images relies on the more widespread accessibility of the
newest computer vision technology. That change stemmed from the release in 2000
of the OpenCV library [22|, an open-source resource to make computer vision tools
usable by most. This library, whose performance is still regularly upgraded and
maintained, provides an efficient base for many other applications and circumvents
the need to reinvent the wheel with every new image processing pipeline. The videos
gathered for motility analysis present a computer vision challenge as small objects like
bacteria need to be detected and distinguishable for noise, while their run length needs
to be covered. This trade-off already appears when capturing images. The chosen
objective, here the 20x objective on the ImageXpress@®) Micro Confocal automatic
imaging system from Molecular Devices, needs to zoom in enough for bacteria to be
detectable. The bacteria I consider are less than 1um in size. However, it also needs to
zoom out enough to enable a large field of view. That last property is key to follow a
bacteria for the longest distance possible and also to enhance the number of observed
trajectories, as many more bacterias are tracked. Here, I use the Python package
trackpy to detect bacteria [6]. For each frame, the features, here the microbes, are
located by entering parameters such as the approximate size of the considered objects.
Given the small bacterial size, it is important to note that the microscope settings of
image digitalization such as the binning size matter. The binning size configures the
real size in micrometers of a pixel. The higher the binning, the bigger the pixel, the
smaller the recorded bacteria. This leads each movie to be approximately 4 gigabytes
as each image is 2048 pixels wide and large with a frame rate of 40 images per second.
Considering the size of this dataset, the parallelization tool of object detection offered

by trackpy is necessary for efficient image processing.
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Once bacteria have been detected, another computational challenge stems from
extracting information from the position of the bacteria, which corresponds to as-
signing each bacteria to its own trajectory. The trackpy package implements the

Crocker-Grier blob detection algorithm in a scalable and testable manner [32].

2.2.4 Cell Stickiness

Once cells find a nutrient-rich patch, they need to attach to it in order to take advan-
tage of all the resources available there. This transition from a free-living foraging
state to a growing state is influenced by how long the cells have spent in their foraging
environment. The attachment rate depends on the duration of bacterial foraging. In
the particle system from a bead-centric approach, detachment rate is the parameter
being measured and simulated [42]. Here, I focus the study on the free-living envi-
ronment, and thus measure attachment. The dependency on the initial state then
makes attachment to particles the focal point.

Attachment by a cell to a particle is the fruit of an interaction between the cellular
membrane and the physicochemical properties of the particle. The surfaces of the two
encountering elements need to be compatible with respect to their hydrophobicity and
their electronegativity [92]. Quantifying attachment is then specific to a particle type.
On a larger scale, colonization of the bacterial community is indeed dictated by the
available particle types [44]. Here, I only focus on the first step of particle colonization:
cell stickiness to the particle material of choice. Bacteria can also mediate attachment
to surfaces with active molecular machinery such as type IV pili [183]. In this study,
I am interested in the emergent property of attachment and not necessarily which
mechanism renders it feasible. This is why I focus on the attachment to chitin by
Vibrio coralliilyticus before and after starvation.

The physical properties of chitin make it a very challenging carbon source to
study. Chitin is indeed insoluble in water. Previous studies have used a system of
pre-manufactured chitin beads [34, 44, 45] to look at bacterial colonization. Those
chitin beads can be filled with magnetic cores, which allow for easier manipulation

by facilitating the washing step. To maintain their integrity, they are indeed stored
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at 4°C in an alcoholic solvent that is absorbed inside of the beads at equilibrium
because chitin is a biogel [1]. As those beads were indeed originally conceived for
protein purification and not bacterial growth assay, preparing these chitin particles
effectively requires washing them thoroughly. It is also notable that outsourcing the
fabrication of such a key element calls for chemical lot tracking and lot consistency,
as the manufacturer can choose to change their process, which may in turn alter the
structure of the chitin, which influences adhesion to chitin [117]. There must also
be consistency in the number and size of the beads present in each incubation. This
requires filtration steps of the original bead stock and a working knowledge of the

bead concentration in the lot.

Bacteria can be inoculated with magnetic chitin beads. This inoculation happens
within a solvent, artificial seawater. This experimental system needs to be controlled
for fluid dynamics. Recent studies have underlined the importance of low when look-
ing into the ability of cells to colonize a particle [5]. The water movement in the
media changes the encounter rate, as bacteria can then be transported by the ebbs
and flows. As seen in a later chapter 3, the impact of turbulent flow can outweigh the
contribution of bacterial motile abilities. A first iteration of this inoculation consists
in incubating bacteria with chitin particles in a 96-well plate to allow for time-lapse
microscopy. Even though these wells are sealed with MicroAmp optical adhesive film
(ThermoFischer), the stage movements of the microscope and the natural condensa-
tion that happens lead to a non-static liquid environment. This first set-up was used
to uncover the dynamics of long-term bacterial colonization on particles, as further
explored in Appendix D. When it comes to quantifying attachment though, it lacks
reproducibility. The unconstrained fluid movement is an emergent property of this
system that is difficult to control. A second iteration of this encountering dance be-
tween chitin beads and bacteria embraces this idea that the milieu is dynamic [43].
In that case, the incubation happens in a 15 mL Eppendorf tube put on an overhead
rotating wheel. This enables reproducible turbulence patterns within the media. The
number of beads is also known and reproducible (250 beads per mL). The drawback

of this assay is that building a time course then cannot be automated on a micro-
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scope. The inoculation needs to manually be transferred to wells for observation.
This lowers the throughput of that experiment significantly. However, in the com-
parison between the different physiological states of Vibrio coralliilyticus, time-lapses
are not necessary. This is why I choose this second method for the sake of heightened
reproducibility.

One disadvantage of using the chitin bead system is that imaging on a sphere is
tricky. It requires either confocal microscopy or a way to consistently determine focal
planes. As chitin is a biogel that can theoretically take many forms, it would be ideal
to image a flat chitin surface. The diverse shapes chitin takes in the exoskeletons of
animals vouches for the feasibility of such an endeavor. I explored two avenues to

forming chitin flats.

The first one consists in using chitosan, a deacetylated version of chitin, that is
soluble in acetic acid and thus can be shaped into a flat surface. It is for example
possible to etch a glass slide using Piranha solution then drop-cast the liquid chitosan
to then spin coat that chemical. As spin coating forms a very thin layer of chitosan
(of the order of one molecule high), it can then be dried up and functionalized with an
acetyl group. Even though the height of the chemical that needs to be functionalized
is short, this protocol would still require a careful quantification of the success of
the reaction from chitosan to chitin. The low thickness of the obtained surface is
also a drawback when considering bacterial growth, as the supply of resources would
then be very limited and could create spatial artifacts. On top of these technical and
conceptual limitations, this protocol also contains a very hazardous step. I did not

follow through with this method.

The second technique aimed at dissolving chitin itself and then casting it in the
desired shape. Hexafluoro-2-propanol (later abbreviated HFIP) is the solvent that
can dissolve purified chitin. For this dissolution to work, it is notable that chitin
flakes need to be thoroughly purified, as most chitin purchased through industrial
vendors is isolated from natural samples and thus mixed with other molecules such
as proteins. After the purification step is done, chitin flakes are incubated with HFIP

in a stirring flask for at least 48 hours. It can then be drop-casted on a 96-well
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plate, then left to dry off. As HFIP is highly volatile and the casting happens in
small volumes, the speed of the drying off needs to be mitigated by covering the
surfaces. Otherwise, it impacts the structural integrity of the chitin film. The surface
on which the dissolved chitin is cast also needs to be functionalized so that chitin stays
attached to the bottom of the wells in the case of a 96-well plate when surrounded
with media. Some surfaces come ready for such a use, like the delta-treated Nunclon
Thermo plate (catalog number: 168055). If this is not available, plasma treatment
offers an option to make the chitin sheet stick more to the bottom of the plate for an
easier imaging process. A drawback of this method used in a 96 well-plate is again
that flow around the chitin and within the media is not controlled. I used these flat
chitin sheets to measure bacterial growth on chitin with an optical density readout.
However, quantifying cell attachment to chitin requires spatial definition and hence

microscopy.

Chitin is also an auto-fluorescent chemical. Its biogel properties also make it more
likely to absorb and trap whatever is in the solvent. Even though chitin is theoretically
transparent, it is still a material whose structure impacts visibility when imaging. For
example, quantification of attached bacteria on chitin beads or on chitin sheets can
not be obtained by phase-contrast microscopy, as the surface of chitin is irregular and
creates imaging artifacts. That is why I use a stain that binds to bacterial DNA to
distinguish the bacteria from the beads. The signal of the dye needs to be triggered
by a binding and needs to be powerful enough to overcome the noise created by the
chitin auto-fluorescence. The dye of choice is SYTO-9, which is notably used within
the BacLight staining kit presented in section 2.2.1. High concentration of this dye
changes bacterial behaviors, such as growth. This is not an issue when considering
single-time sampling, such as the chitin bead assay with controlled dynamic flow. The
dye can then be added right before the imaging. All of the attachment data presented

in section 3.3 has been taken using this assay.

The output of the microscopy data is a projection of the maximum intensity on
the Z-axis from a confocal Z-stack for each bead. This image is then analyzed using a

pipeline developed on Matlab, which first identifies the localization of the bead using
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its auto-fluorescence and then distinguishes the bacteria on the beads. Both of these
features are detected after denoising the image through a Gaussian filter and then

thresholding the image using either a global threshold or a local one.

2.2.5 Cell Regrowth

Successful bacterial colonization doesn’t only rely on finding and attaching to a par-
ticle. It also requires the attached bacteria to revert their starved state to a growth
state. That’s why I aim to quantify the growth of bacteria after starvation on dif-
ferent carbon sources. These carbon sources range from simple soluble sugars such
as N-acetyl-D-glucosamine to insoluble chitin. I measure the optical density with
a time-resolved 96-well plate assay on a plate reader in the case of simple, soluble
carbohydrates. The bacterial inoculum is then composed of cells starved for a range
of durations at different initial concentrations. This extensive set-up casts light upon
potential cooperative behaviors that bacteria could exhibit once starved. The shape
of dependency of lag time with respect to the initial bacterial concentration gives
information on the population’s cooperation [8]. Growth curves build a wealth of
parameters such as the growth yield and rate.

However, these assays are challenging when it comes to the insoluble carbon and
nitrogen source: chitin. In the previous section, I explored the different structures
that chitin can be shaped into to study attachment. Here, I will focus on using col-
loidal chitin with an assay that was first developed by Pollak, Grakla et al. [137].
This particular physical form corresponds to suspended microparticles of that insolu-
ble chemical within an artificial saltwater media. After inoculating the bacteria with
these colloids, these clumps make it impossible to directly measure the optical density
of bacteria, as they interfere with the readout. One step of the protocol consists in
separating the colloids from the bacteria. As they have a bigger mass, centrifugation
helps sediment those particles in the bottom layer. The top layer is then sampled
and dyed with the DNA stain SYBR™ Gold, developed by Invitrogen. The measured
fluorescence after incubation is a proxy for the DNA concentration. That amount is

not strictly equivalent to the number of cells, especially when considering that starved
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cells are way smaller and potentially have less DNA than exponentially growing cells.
Counting colonies is a way to avoid that caveat. Nevertheless, more DNA means
that cells are definitely growing, but not necessarily in numbers. As this assay re-
quires centrifugation and bacterial extraction, it is destructive and significantly lower
throughput than a typical optical density growth assay. This method provides some
important information on the bacterial ability to re-grow on chitin. This protocol
notably gives a rough timeline on chitin growth that can be used as a sanity check

for attachment measurements on chitin beads.

2.3 Protocols

This section sums up all the methods implemented within the lab to obtain the

experimental results presented in chapter 3.

Bacterial culturing

Wild-type Vibrio coralliilyticus, YB2, was streaked from a glycerol stock onto a Ma-
rine Broth (Difco 2216) plate with a 7% agar concentration. After 24 hours of growth
at 25°C, a single colony was used to inoculate 2mL of rich media, whose recipe is
described in table B.9; incubations at 25°C lasted for 4 hours, shaking at 200 rpm.
Subsequently, that culture was diluted by factors of 103, 10* and 10° in base media
(see table B.7). After 20 hours of incubation at 25°C, based on optical density (ab-
breviated OD), the cell concentration was diluted down to an OD of 0.005 in a final
volume of HmL of media depleted in carbon and nitrogen (see table B.8). This in-
oculum was put in a 6-well plate sealed with breathable culture film at 25°C, lodged
between four other 6-well plates filled with water (to mitigate evaporation). This
assemblage of plate was then shaken for the desired duration of starvation at 200

rpm.

73



Bacterial staining

For flow cytometry purposes, cells were stained either with the LIVE/DEAD™ Ba-
cLight™ Bacterial Viability Kit (Catalog Number: 1.7007) or with fresh 0.3% SYBR™
-Green stock (Catalog number: S7563) diluted in mPBS.

To measure attachment with the ImageXpresss@®) Micro Confocal system, a 195uL
cell sample was stained with 5uL of 1:20 stock of SYTO™ 9 Green Fluorescent Nucleic
Acid Stain (Catalog number: S34854).

Viability

Colony Forming Units were counted by plating different 1:20 dilutions of the initial
sample onto Marine broth agar plates. Spreading on this plate was done using 4-6
sterilized glass beads. The colonies were then manually enumerated after 20 hours at
25°C.

Cell size measurements were done with Guava®) easyCyte for flow cytometry
(gated using FlowJo), with a Coulter Counter of 20um aperture and with a 5um x

5um Suspended Microchannel Resonator. The data on that last device was collected

by Yanqi Wu.

Motility

20p L samples were incubated in the 6-channel microscopic slide called u— SlideV 10.1
(Catalog number: 80666). The chambers at both end were filled with up to 40uL of
the same media to balance out the potential capillary pressure. These chambers were
then sealed with Parafilm and imaged using ImageXpresss@®) Micro Confocal system
via stream acquisition in Phase-contrast with a 20X objective at a fixed frame rate
of 40 frames per second. The images were quantified using the trackpy package on

Python [6] and the resulting trajectories were analyzed with R.
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Attachment to Chitin Beads

The bead stock was made of 500uL of magnetic chitin particles (Catalog number:
E8036S, Lot number: 10034184). After adding 1mL of starvation media, that stock
was washed three times with the help of a magnet. For size selection, that stock was
first poured on a 40um strainer. Particles on the strainer were then transferred onto
a 100pum strainer, filtered through with 40 mL of media for the final bead stock.
The inoculum for an attachment assay consisted in 4 mL of starvation media,
4 mL of the chitin bead stock and 4 mL of the bacterial inoculum at the desired
concentration. This mix was incubated in a 12 mL Falcon tube in an overhead
rotating wheel undergoing 1 full rotation in 20 seconds, at room temperature. After
usually 20 hours, 195uL of the mix was transferred to a 96-well plate with bulL of
SYTO™ 9 for imaging a Z-stack on the ImageXpresss@®) Micro Confocal system.

Rescue on chitin

To prepare flat chitin sheets, 50 mg of purified chitin powder was put in a 6 mL glass
vial with a cap and a stir bar. Once in a fume hood, HFIP is added to make a 10
mg/mL chitin solution. This solution is stirred for at least 3 days. To coat the bottom
of a 96-well plate, we added 32uL of chitin solution on the bottom of each well and
seal the plate with plastic wrap to avoid fast dry-up. This should sit for one day in
the fume hood. Then, bacteria (pre-stained with SYTO™ 9) can be inoculated in the
well. After removing the air bubbles trapped under the chitin sheet (by pushing the
tip of a pipette on top of it), the plate can be placed in a plate reader for optical
density measurements.

To measure growth on colloidal chitin, 50uL of bacterial inoculum can be incu-
bated in 150uL of a 4-fold dilution of the colloidal chitin stock in starvation media.
The bacterial concentration at different time points is measured by centrifugating the
plate for 30 seconds in a repurposed salad spinner and by transferring 50uL of top
layer into 150uL of SYBR™ Gold After waiting 15 minutes, the fluorescence can be

measured on a plate reader.
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Image Analysis

The code for image analysis of attachment on chitin particles and of motility movies

is available at https://github.com/eledieu/lostinstarvation
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Chapter 3

Experimental evidence of phenotypic

plasticity under nutrient limitation

This chapter gathers the results of our experimental measurements pertaining to
the dynamic changes of bacterial behaviors under nutrient limitation. The aim is
to characterize bacterial phenotypes relevant to microbial foraging at both a single-
cell and population levels. This dual quantification could highlight the emergence of
heterogeneities within one bacterial population and validate the hypothesis for bet-
hedging. Here, I rely on the experimental set-up presented in chapter 2 that focuses
on the incubation of Vibrio coralliilyticus in a media free of both carbon and nitrogen.
Qualitative and quantitative observations are then leveraged in the next chapter to
evaluate the constraints on successful foraging for a bacterial population in a patchy

landscape.

3.1 Viability & Reductive Division

For bacteria, time scales of foraging and of other processes such as growth and death
overlap. The quantification of bacterial foraging requires the tracking of abundance
changes in the population during nutrient deprivation. I first measure the amount
of bacteria in a nutrient depleted environment, and then I look into individual cell

biomass to unravel potential heterogeneities in cell sizes and morphologies.
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3.1.1 Cell abundance

The null hypothesis for bacteria in a nutrient-limited environment is that they die with
a constant death rate fixed for each population [144]. Figure 3-1 presents the change
in the absolute number of viable bacteria in function of starvation duration. Viability
is here defined as the ability of a bacterium to grow on a rich media plate. This
property is quantified by counting colony forming units on agar plates, as explained
in section ?7. Here, the null hypothesis doesn’t hold. Bacteria don’t start dying until
the seventh day of starvation. After that time during which the bacterial population
persists, they die with a constant death rate of 0.01 per hour, which corresponds to
the order of magnitude of the death rate observed in Escherichia coli [144]. This
decrease in persistence is also not correlated with general media measurements such

as salinity or pH, as seen in section 2.1.3.

As a comparison to this data, I can use the dataset collected by Holmquist et
al. which tracks the changes in viability and respiratory activity in Vibrio sp. 14
[67]. While cells in a carbon-depleted environment persist for up to five days, they
also observe a delay to death for cells starved for nitrogen on the order of two days
followed by dynamics governed by decay. When cells were incubated in a media free of
carbon, nitrogen and phosphorus, they followed the trend of carbon limitation. Even
though the time scale of their experiment is shorter than the one presented here, it
brings additional evidence for the first phase of observed persistence in our case. It
is notable that it is unclear how long Vibrio spp. can survive in a nutrient-depleted
environment, when studies have shown that 80% of bacteria remained viable after 40

days in a nutrient-depleted media [139].

Another noticeable fact in this graph is that the number of bacteria doesn’t only
stay constant at the beginning but also goes up by an order of magnitude. This
comes as a surprise as bacteria are inoculated in a new media without any carbon
or nitrogen, as explored in detail in section 2.1.2 and 2.1.2. The carry-over from
GlcNAc from the previous medium and potential contaminations cannot explain all

the 3 divisions that cells undergo. Another hypothesis is that these bacteria can store
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Figure 3-1: Abundance of viable bacteria as a function of starvation duration. The
abundance is counted by colony forming units per mL. Each point is the average
measurement of three technical replicates. Boxplots represent the 10 %, 25%, 50 %,
75 % and 90 % quantiles of the data for one day.

and utilize compounds, such as PHB, at the early stage of nutrient limitation. This
is highly unlikely as the bacteria here are pre-grown in a controlled artificial seawater
that provides them with everything they need but with nothing in excess [see table|,
contrary to marine broth. This difference in culturing conditions translates into a dif-
ference from more than 100 femtograms in the average cellular mass. This divergence

hints towards a lack of nutrient storage in the bacteria used in this experiment.

Another potential explanation for the early increase in cell numbers is that cells
are able to divide by reducing their total biomass. Here, I define reductive division
as the process through which a daughter cell never reaches the maximal biomass of
the mother cell. This hypothesis is motivated by the observation that Vibrio spp.
can form ultramicrocells under nutrient limitation [129]. These smaller bacteria are
believed to be more persistent. Validating this hypothesis requires precisely measuring

cell sizes, which is the focus of the next section 3.1.2.
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3.1.2 Cell size

Bacterial size corresponds to a single-cell property that can now be measured with a
high-throughput. Here I present the results of three different methods, accessing three
definitions of cell size. There is a dual aim to these measurements: the validation that
cell size reduction occurs at the beginning of nutrient limitation and the exploration
of heterogeneities between cells from a similar population.

The first cell size measurement is an indirect measurement, collected as a by-
product to a flow cytometry run. In figure 3-2, I show that the mean of the forward
scatter decreases ten times more from day 0 to day 1 of nutrient deprivation than
between the next two days. Forward scatter is a proxy for cell diameter. This drop
fits the time scale of the increase in bacterial abundance that primarily happens
at the very beginning of nutrient limitation. As mentioned in section 2.2.1, the
interpretability of forward scatter data is limited and is a good first hint that cell size

reduction happens.

M Dayo0 Day 1 Day 2
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Figure 3-2: Forward Scatter Mean of bacteria in function of starvation duration.
These average values was calculated for samples of more than 10* bacteria from a
sub-population gated by a threshold for minimal dye concentration of SYBR-~Green.

The second cell size measurement is yet another quantification of cell diameter
done with a Coulter counter. This method presented in section 2.2.2 assesses the

diameter of single cells within a certain range. In this case, the minimal cell diameter
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detected is 0.7 pmeter. Within the first 12 hours of starvation, there is a shift in the
cell diameter measured towards lower values, as shown in figure 3-3. In this lapse of
time, big bacteria dwarf down, as the tail with the higher values of size gets slimmer.
The distribution is also skewed from 1.0 pmeter towards the detection limit. These
distributions are bell shaped and appear to have one mode within the observed values.
The lack of range of the Coulter counter does not allow to have a full picture of cell
size reduction in bacteria, as the distribution of starved cells’ diameter is truncated

at the lower end of the spectrum.
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Figure 3-3: Distributions of bacterial size as measured by a Coulter Counter of aper-
ture 20um for around 2000 bacteria per sample.

The last cell size measurement leverages the technology of suspended microchannel
resonators to output values of the cell buoyant mass. This state-of-the-art technique
exposed in section 2.2.2 determines to a precision of one femtogram the mass of
individual cells. In figure 3-4, each density distribution aggregates three independent
biological replicates. The biomass of cells diminishes at a rate of 0.45 femtograms per

hour over the first two days and continues to decrease at a rate of 0.09 femtograms
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per hour throughout the whole starvation duration.

The early drop in biomass mimics the data collected for the cell diameter through
flow cytometry and Coulter counter. This vouches for the hypothesis of reductive cell
division. Compared to other mentions of the formation of ultramicrocells in Vibrio
spp. [129], the phenomenon of reductive cell division happens earlier here. One
potential explanation for this is the pre-culture of cells on a minimally rich seawater
before their incubation in a nutrient depleted medium. This step could eliminate
the apparition of storage compounds. Nile red staining that highlights the presence
of PHB conferred negative results within our cells. The lack of significant storage
compounds then skips the first step [129] from the exponentially-growing cell to the
dwarfed cell.

The continuous decrease in the mean of the cell buoyant mass is driven by both the
homogenization in cell size over time and the decline in the mode. That late-stage
drop could be linked to protein degradation. The calculated rate corresponds, for
example, to the degradation of one ribosomal protein per hour. As bacteria reallocate
their resources in nutrient-limited environment [149, 190], protein synthesis is paused
while protein degradation continues to occur spontaneously. The cost of maintenance
of proteins is high enough that some bacteria could shed some weight due to that [177].
This phenomenon is notably what leads to nutrient recycling in the late stationary
phase in Escherichia coli [135]. However, the context in which the cells are cultured
and the observation of death after the sixth day of starvation indicate that nutrient
recycling is not enough to sustain bacterial growth. When considering this late stage
decrease, it could be argued that this constant decay rate is already happening at the

beginning of starvation.

These distributions in cell biomass exhibit multiple modes towards the start of
starvation, while there is only one mode left at the tenth day of nutrient limitation.
The variability within each sample deccreases with starvation duration. Contrary to
the expectations of the bet hedging hypothesis that would predict the apparition of
distinct populations, here, the environmental stress leads to the homogeneization of

the bacteria. When considering the main modes at the start of starvation, it could be
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Figure 3-4: Distributions of cell buoyant mass in femtograms as a function of star-
vation duration. For each distribution, the dot corresponds to the mean value of the
cell buoyant mass. Each distribution aggregates the measurements for three biological
and technical replicates. Each distribution was created from at least 1500 bacterial
measurements.

interpreted that there are two main states in bacterial biomass. There could indeed
be a transfer between the main mode (around 60 femtograms) at day 0 and the main
mode at day 2 (around 40 femtograms) during day 1, which exhibits a high density
abundances in these two modes. It is also clear from this data that there are less
modes at day 5 and at day 10 than during the first day of starvation.

All in all, these morphological datasets don’t support the hypothesis of bacterial
differentiation. However, it does underline the ability of bacteria to adapt to a new

nutrient-limited environment.

3.2 Motility

Motility is a costly cell function [121]. On top of the large amount of resources needed

to build the flagellar machinery [179], propulsion requires 10*~® ATPs per second.
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However, motility is also key to successful foraging as the diffusivity of motile cells is
three orders of magnitude higher than the one of their non-motile counterparts [98].
Bacteria need to make a choice when it comes to using the limited pool of resources
at their disposal in a nutrient-deprived media. They could for example repurpose
the molecular material used in the flagella to maintain other cellular functions [195].
Previous research has shown that motility can decrease within 24 hours for Vibrio
spp. [186]. Here I investigate the retention of cells’ motile abilities over time, given

the protocol made explicit in section 2.2.3.

I collected movies at a rate of 40 frames per second for up to 5 days of starvation
in brightfield microscopy. The results can be seen in figure 3-5. Each image is
a projection of the 40 frames gathered over one second after one and five days of
incubation in a nutrient-limited environment. The colors were inverted such that
bacteria are white dots here. A bacterial trajectory consists of multiple bacterial
impressions nearby each other, which form lines. The more spaced out the bacteria
are, the faster a bacterium is scavenging the nutrient-limited landscape. After one
day in a nutrient-deprived environment, bacteria are still moving, as the left image
attests with a mixture of lines (motile bacteria) and dots. That motile fraction
is rendered almost nil at day 5. The few bacteria that exhibit motility have way
shorter trajectories - so they are slower than on day 1. These projections provide the
qualitative insight that motility can be lost within five days as a result of nutrient

limitation.

I then quantify the diffusivity of a bacterial population over time, as explained in
section 2.2.3. The measurement of diffusivity is a population level measurement that
leverages the mean square displacement of the bacterial population. This variable
is a proxy for speed, as it presents the average distance traveled after the start of
the observation of a trajectory, as seen in figure 3-6. The diffusivity of a bacterial
population is obtained by fitting a power-law function to the start of this curve, here
performed with the nlsfit function in R. The exponent at day 1 (1.34) is greater than
one which means that the process is super-diffusive. This drops down to 1.04 at day

5. On top of that, the normalizing parameter, which corresponds to the diffusivity of
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Figure 3-5: Projections over one second of bacterial trajectories (here in light colors)
for non-starved phenotypes (day 0) and starved phenotypes (day5). The colors from
the original images obtained with the ImageXpress have been inverted for better
contrast. The frame rate of each video is 40 frames per second.

. This lowering of bacterial

the population, decreases from 10%um?2s~! to 3.1um?s~
diffusivity linearly impacts the encounter rate by a factor of 50, as considered in

further details in section 4.1.1.

The data I gathered also provides a way to quantify bacterial motility on a finer
scale by looking into the square displacement of individual trajectories. Once a bac-
terium is detected by the image processing, I add the distance traveled between each
frame to the square. Figure 3-7 shows the distribution of this output for day one and
day five of starvation one second after the first observation of each bacteria. There,
the long tail corresponding to motile cells after the first day disappears at the fifth
day. The shift in distributions between day 1 and day 5 exemplifies the motility loss
identified through the global measurement of diffusivity in figure 3-6.

When it comes to motile bacteria, the few bacteria that are still motile after the
fifth day of nutrient limitation exhibit a similar speed (over 10um displacement in
one second ) to the ones which are motile after the first day of starvation. The added
granularity, offered by the logarithmic scaling of figure 3-8 also allows to determine
the motile fraction of the bacterial population, which drops from 80% at day 1 to
8% at day 5. Differences in the bacterial displacement would have required further

investigation. An increase in the ratio of time spent tumbling and a drop in the

85



Starvation (Days) 1 5

— 1000
™

-
— [=J
o (=]

Ensemble Mean Square Displacement [,um

0.03 0.10 0.30 1.00 3.00
Time Since Trajectory Start (s)

Figure 3-6: Ensemble Mean Square Displacement in function of the time since tra-
jectory start for cells starved respectively 1 and 5 days. These values were obtained
through a trackpy pipeline on Python for 4539 trajectories at day 1 and 193 trajec-
tories at day 5.
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Figure 3-7: Distributions of individual square displacement during one second as
a function of starvation duration. These values were obtained through a trackpy
pipeline on Python for 4539 trajectories at day 1 and 193 trajectories at day 5.
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run speed could both lower the value of traveled distance for bacteria within the
same duration [130]. The decrease in run speeds is a rarer occurrence which has only
been observed in Vibrio spp. so far and implies that bacteria are able to fine tune
the energetic cost of the motility machinery [195]. However, here, I did not observe a
difference in the square displacement of the motile cells, which hints towards constant

run speeds and tumbling ratio.
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Figure 3-8: Distributions of individual square displacement during one second in
function of starvation duration with a logarithmic axis. These values were obtained
through a trackpy pipeline on Python for 4539 trajectories at day 1 and 193 trajec-
tories at day 5.

Figure 3-8 reveals the presence of a total of three modes for the bacterial dis-
placement. The highest peak at 230um? per second and the lowest one at 0.2um?
respectively correspond to motile and non-motile cells. The intermediary mode that
reaches its maximum density with an individual square displacement of 3um? per
second at day 1 and 8um? at day 5 has the potential to be another class of cells away
from the parsimonious dichotomy between motile and non-motile bacteria. Further
inspection of that mode reveals that it contains the bacteria that rotate during the
first second of the trajectory observation for a significant amount of time.

In section 5.2.1, I review the hypothesis that the flagella here is not lost, as motility
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can be revived by the addition of a chemoattractant.

In a nutshell, most spontaneous motility is lost within five days in nutrient limi-
tation for Vibrio coralliilyticus, as the motile fraction drops from 80% at day 1 to 8%
at day 5. Compared to the other studies [186], the percentage of motile cells after
24 hours in a nutrient-depleted environment for Vibrio corallizlyticus vouches for its
high resilience to nutrient limitation. Thus, the calculated motility loss rate can be
considered minimal. Further surveys of other motile bacterial types could verify this
statement. I estimate this minimal motility loss rate is 0.75h!, assuming a linear

motility loss between day 1 and day 5.
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3.3 Attachment

So far, I measured cell viability and motility which are bacterial properties that
impact the encounter rate between bacteria and particles. However, this reductionist
approach does not capture the full scope of what a successful encounter requires. Even
when a bacterium finds a particle, it needs to attach to the particle [?] despite the flow
around the particle and thanks to its membrane properties. As attachment quantifies
the interaction between particles and cells, it becomes specific to the environment the
cell is in. That is why measuring physical properties of individual bacterial membranes

only builds a first intuition on what attachment can be like [92].

Here, I seek to measure the attachment properties of cells within a defined chitin
bead landscape. The specificity of the experimental set-up presented in section 2.2.4
makes an environmentally relevant argument while presenting a quantitative way to
compare the starved and non-starved phenotypes when it comes to attachment. More
precisely, I want to know if cells under nutrient limitation attach more or less than
cells in the exponential phase in a comparable set-up with a predetermined flow and

resource conditions.

Figure 3-9 shows original images gathered through confocal microscopy where
the scale bar is thirty microns wide. The image analysis relies on Z-projection of
half a chitin bead. The spherical shape of the chitin particles allows for this data
compression without losing resolution, except around the equator of the bead. In
these pictures obtained with SYTO9 staining in fluorescent light, colors were inverted
for higher contrast: bacteria are here in black and chitin beads in light gray. Chitin
beads are visible thanks to their autofluorescence. There is a qualitative decrease
between the colonization patterns after 16 days in nutrient limitation and right after
the exponential phase. It is also notable that even non-starved cells don’t form
microcolonies within the 20 hours of incubation with chitin beads, meaning that the
process of attachment is uncoupled from the process of growth on chitin. Growth on

chitin is quantified in more detail in section 3.4.2.

From these images, I quantified the attachment of bacteria in this particular set-up
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Figure 3-9: Projections over the Z-axis of bacterial chitin bead colonization for dif-
ferent duration of starvation. Here the bacteria are in black and the chitin beads are
in light gray. The scale bars are 30um long.

with an automated image analysis, written in Matlab. In figure 3-10, chitin particles
were incubated with a set initial concentration of viable cells measured via colony
forming units for 20 hours. These cells were starved beforehand for diverse dura-
tions ranging from 0 days to 16 days. The output here corresponds to the number
of attached cells to chitin beads normalized to the area of the chitin particle surface.
Every detected blob of cells is quantified as one attachment event. Any saturated
area of the bead was removed from this calculation. These areas are found at the
edge of the Z-projection, which equates the equator of the beads, where anomalies ap-
pear due to the spherical nature of the bead and the superimposed signal of different
bacteria. The colonized area on the bead was also quantified but then discarded for
consistency’s purposes. Starved bacteria were indeed less fluorescent than their expo-
nentially growing counterparts. Thus, different thresholds were required for different
starvation durations which impacts the comparability of the results. I settled on the

quantification of the number of cellular blobs per bead. As the size distribution of
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beads is fairly narrow (the diameter of the beads is 85um 4 24um, it does not impact
the quantification. At very high cell concentrations, when many cells attach, our
quantification method of single attachment events breaks because cells are so close

that they become indistinguishable from each other (data not shown).

Figure 3-10 shows that at similar initial cell concentrations, the number of attach-
ment events consistently drops with starvation duration, which defies the expectation
that cell stickiness increases after nutrient limitation [92]. However, these coloniza-
tion patterns present a holistic view of attachment to beads, where both foraging and
stickiness are main players. As the particles are physically mixed with an overhead
rotation, mixing and active motility contribute more to the encounter kernel than
thermal diffusion. In equation 3.1, the number of cells on a single bead is described
as the product of the encounter kernel v, the initial concentration cells [Cipiria], the
concentration of beads [Npeqq] and the time of the experiment ¢. Three factors add up
to build the encounter kernel: thermal diffusion of cells Vinermar, mixing of the system

Vmizing, and active motility of cells Yyotitity-

N(t) = (%ﬁhe’rmal + ’Ymixing + Vmotility) X [Cinitial] X [Nbead} Xt (31)

These three encounter functions can all be estimated within the context of the
experiment, as expressed in table 3.1. Here, the mixing kernel corresponds to a
turbulence kernel, as the incubation tubes undergo an overhead rotation. The rotative
speed multiplied by 2 is then a first-order approximation of the shear force experienced
by bacteria. The multiplicative factor of 2 comes from the observation that the tube
is not filled with liquid, which causes two back-and-forth movements of the liquid
in the tube. The estimation of the motility kernel can be done with two methods
that assume that the encounter between a bacterium and a bead is either ballistic
when the run length is smaller than the size of the bead or diffusive when the run
length is significantly smaller than the particle size. Ballistic kernels tend to be an
overestimation, whereas diffusive kernels tend to be underestimations. Thanks to

the motility measurements in section 3.2, I can deduce both these parameters. All
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in all, theoretically, in our setup, mixing and motility contribute equally when cells
are motile. When cells are not motile, the baseline attachment can be explained by

mixing.

Table 3.1: Encounter kernels for our experimental design, all units are in SI

Notation | Kernel Name Expression Variables Estimate

kpxT

r— kp Boltzman constant 3 x 10716

Ythermal Thermal
T Temperature
Thaet Radius of a bacterium

7 Fluid viscosity

Vmizing Mixing 1.3 X (Tpact + Rbeaa)® X 8h | Tpeer Radius of a bacterium 2.1x 10713
Ryeaq Radius of a bead

sh shear force

Vmotility Motility (diffusion) | 47 Dot X Rpead Rpeaq Radius of a bead 1.5 x 10718

Dyoritity Diffusivity of motile cells

Ymotitity | Motility (ballistic) %ﬂUswim X Rpead 2 Rieaa Radius of a bead 6.7 x 10712

Uswim Swimming speed of motile cells

A caveat of these approximations is that computing equation 3.1 with these values
leads to a two order of magnitude divergence between these theoretical expectations
in the ballistic setting and the experimental observations for both motile cells at
day 0 (Nineory(20) =~ 12 and Negperimentar(20) =~ 250) and non-motile cells at day 7
(Ntheory(20) >~ 0.4 and Negperimentai(20) =~ 40). Negative controls for bacterial quan-
tification on beads yield to the detection of zero cells, which enhances the confidence
for Negperimentar(20) at day 7. This last value is also a conservative estimate as the
mode of the lowest distribution peak and not to the mean of the distribution (in
the off-chance that the secondary mode is due to bacterial motility, even though the
expected motile fraction at day 7 is nil). These differences between theory and ex-
periments hint towards a theoretical underestimate of the mixing kernel, which is
only loosely based on experimental data. The updated 7,izing by a factor of 100
would then be of the order of 2.3 x 107!, which is a contribution slightly higher
to the potential overestimate of the encounter kernel due to motility. The mixing

kernel definitely leads to the attachment dynamics of the bacterial-particle encounter
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of non-motile cells. The observed decrease in attachment after day 5 would then be
due to a drop in stickiness o, a parameter whose upper bound is 1 in this case, as
described in equation 3.2.The stickiness parameter sigma here would then drop to
0.25 by day 16, assuming that the bacteria still have full attachment potential at day
7. These modelling efforts support the qualitative insight that stickiness decreases

for Vibrio coralliilyticus over the duration of starvation.

N<t) ~o X (Pymixing + ’Vmotility) X [Cinitial] X [Nbead] X (32)

The variability in particle colonization also decreases with starvation duration,
which hints towards a more uniform population of cells. This observation is consistent
with the conclusions made about cell size in section 3.1.2 and motility in section 3.2.
If exponentially-growing cells can exhibit very high attachment (above 300 cells per
bead surface area) for a few beads, this jackpot attachment does not happen after
one day of starvation. Our quantification method rules out the possibility that this
high attachment is due to cellular growth. However, bacteria could be releasing
chemotactic signals to guide other free-living cells towards the bead. This potential
for cell cooperation can be observed with different starting concentrations of viable

cells, as done in figure 3-11.
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Figure 3-10: Distributions of number of attached cells to chitin beads in function of
different starvation durations for one initial cell density. Each represented distribution

aggregates the results of, at least, 20 particles.
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The expectation is that attachment to particles is linear with the initial cell con-
centration as expressed in equation 3.2. If bacteria were synergizing in the attachment
process, a higher cell concentration would lead to an non-linear increase in cell col-
onization. This phenomenon has been observed with Psychromonas sp. in a similar
setup [43]. In figure 3-11, the linear behavior holds for low starvation durations,
which supports the hypothesis of absence of cooperation. However, after 16 days of
incubation in a nutrient-limited media, there is a jump in cell attachment for the
highest initial cell concentration. This unexpected non-linearity could be interpreted
as the need for a critical concentration of bacteria in order to colonize particles after

starvation. Earlier starvation durations (day 7) do not exhibit such a threshold.
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Figure 3-11: Number of attached cells to chitin beads for different starvation durations
in function of the initial cell density, normalized per particle area. The cross represents

the median number of normalized attached cells for each initial cell distribution.

Another way to present the data appears in figure 3-12. I establish an arbitrary
threshold distinguishing colonized from uncolonized particles at 100 cells that need to

be attached per particle. This threshold is experimentally motivated by the distribu-
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tion data in figure 3-10. This parsimonious measurement leads to the quantification
of the percentage of colonized beads and gives a clearer picture of colonization pat-
terns. It shows that particle colonization depends on both initial cell concentration
and starvation duration. This figure also casts light on the possibility that coloniza-
tion happens for a critical threshold of bacterial concentration and that this threshold

increases with starvation duration.
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Figure 3-12: Percentage of colonized beads for different starvation durations as a
function of the initial cell density. Here, the colonization threshold for normalized

attached cells is 0.18.

To sum up, bacterial attachment on chitin beads decreases with their exposure
to nutrient limitation. This phenomenon depends both on the loss of motility expe-
rienced by cells but also on the decline in cell stickiness. The initial concentration
of cells also impacts successful bacteria-particle interactions. The data hints towards

the emergence of cooperative behaviors after long starvation periods.
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3.4 Regrowth

Bacteria stressed by nutrient limitation change their behaviors such as viability, motil-
ity and stickiness which impacts their propensity to successfully attach to a particle.
Once a bacterium has found a particle and its wealth of resources, it needs to be
able to leverage these resources to grow again. In this section, I investigate how fast
bacteria can resume growth and change its state from starved to an exponentially-
growing cell. I first rescue the cells with GIcNAc, the chitin monomer, which allows

for high-throughput data, and with chitin for ecological relevance.

3.4.1 Rescue on GlcNAc

Unlike chitin, GlcNAc is soluble, which enables the use of a plate reader assay over
up to 40 hours. Figure 3-13 shows an example of an optical density measurement,
whose initial inoculum consists of 100 cells starved during 3 days. Time points are
gathered every 20 minutes. I build a dataset comprising different initial cell dilu-
tions for different starvation durations. To compare the effect of the nutrient limited
pre-treatment, I focus on three variables that describe bacterial growth curves: the
threshold time to visible growth, the growth rate and the yield. The first one de-
scribes the time bacteria take to reach a threshold value, which is equivalent to the
lag time to growth. I expect this measurement to be the most impacted by nutrient
limitation, as it can be interpreted as the time needed for cells to return to their full-
growth potential in their exponential state. The growth rate corresponds to the slope
of the exponential phase. A change in the growth rate would highlight some memory
of the stress of nutrient limitation for cells that were once starved, even after they
are back to a nutrient-rich environment. The yield symbolizes the asymptotic value
of optical density that cells are able to reach in the stationary phase for the given
concentration of GleNAc. Differences would support that starved cells use resources

more or less efficiently than their non-starved counterparts.
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Figure 3-13: Optical Density measurement to assess growth on 20uM GlcNAc for 100
cells starved 3 days. This trajectory aggregates three technical replicates, as hinted

by the error bars.

First, starvation duration affects the time to visible growth, as observed in figure 3-
14. For similar initial viable cell concentrations, it takes three more hours for starved
cells to start growing than for cells coming from the exponential phase. Starved and
non-starved cells exhibit a linear dependency between initial cell concentration and
lag time. This means that within the GlcNAc concentration they are immersed in,
there is no apparent cooperation between bacteria to escape the lag phase. This
dataset has several blindspots, as both the resource and the initial cell concentrations
are fairly high, compared to other studies on cooperation to the exit of the lag phase
[8]. Another possible interpretation of this three-hour delay to growth is that within
the pool of viable cells measured by colony forming units on marine broth agar plates,
there is a consistent subset of founder cells that supports an early growth start. As
none of the data gathered within this experimental set-up supports such a population

heterogeneity, this hypothesis seems likely to be false. Nevertheless, this three-hour
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lag time could impact the ability of cells to successfully colonize a new particle, as
competition with other cells relies on fast resource utilization. This is further explored

in section 5.3.
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Figure 3-14: Time for the growth on-set on GlcNAc after various starvation durations
in function of initial cell concentrations. Each experimental point was calculated as
the lag time of the mean of three technical replicates The lines correspond to a linear

regression of the data for each starvation duration.

The starvation duration (here up to five days) does not influence the delay in
lag time to the same extent that early nutrient limitation does. When considering
the viability data presented in section 3.1, this phenomenon of lag time delay is
synchronized with the process of reductive division. This hints towards a potential
effect of reductive division on the bacterial rescue after starvation. As ribosomes take
up a lot of the cellular volume (up to one third for fast growing cells), a mechanism
that could support the hypothesis that reductive division creates a delay in growth
is the reduction of translating ribosomes under nutrient limitation, which has been

observed in Escherichia coli before [33].
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Contrary to lag time, growth rate is not correlated with starvation duration for
different initial cell concentrations, as shown in figure 3-15. This means that after
switching back to the exponential phase, starved bacteria do not have a disadvan-
tage anymore. This equal footing between starved and non-starved bacteria is also

supported by similar yields after nutrient limitation (data not shown).
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Figure 3-15: Growth rate on GlcNAc after different starvation durations in function
of initial cell concentrations. Each point was calculated as the growth rate of the

mean of three technical replicates.

When growing back on a monomeric substrate, starved bacteria only exhibit a
three-hour delay to the start of growth. The bacterial nutrient-limited state stops

influencing growth dynamics when cells reach their exponential phase.
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3.4.2 Rescue on chitin

As chitin is a less labile resource than GlcNAc is, rescue on chitin requires more
experimental development, explained in section 2.2.5. Figure 3-16 measures the yield
of starved vs non-starved bacteria on colloidal chitin and on marine broth. The
fold-growth is similar for both resources and both initial cell states after 48 hours.
This further supports that starved bacteria can use resources as efficiently as the

non-starved bacteria, even when these resources are more complex.

Regrowth medium [I| Colioidal chitin | Rich Media (vB)

20

Fold Growth after 48 hours

1 12
Starvation duration (days)

Figure 3-16: Bacterial yield after 48 hours for starved and non-starved phenotypes

on chitin and marine broth (n=1)

In figure 3-17, bacterial growth is observed on flat chitin sheets using optical
density measurements. These measurements exhibit similar dynamics to rescue on
GleNAc when it comes to growth rate and growth yield. After 15 days of starvation,

the yield on chitin decreases for the first time.
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Figure 3-17: Optical Density measurements to assess growth on flat chitin sheets
after different starvation durations for different initial cell concentrations (the dilution

factor is indicated in the legend). Each of these trajectories is a single replicate.

In figure 3-18, I then consider the time to growth for bacteria. In this case, the lag
time increases with starvation durations at similar cell concentrations. That delay is
on the order of magnitude of the one measured for rescue on GlcNAc, even though
chitin requires more enzymes to be degraded. This could be interpreted by the fact
that the growth machinery is the potential bottleneck of re-growth for starved bacteria
and not necessarily nutrient acquisition and breakdown. It is notable that these
experiments on chitin sheets have only been done once and would require replicates
for stronger conclusions. For example, the fact that the lag time for the highest
concentration of non-starved bacteria is higher than the one for the concentration of
bacteria limited in nutrients for 2 days. This could be due to an experimental error,

such as the offset in the initial number of exponential cells that was not recorded.
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Figure 3-18: Time for the growth on-set on flat chitin sheets after different starvation
durations in function of initial cell concentrations. Each point was calculated from

the optical density measurements presented in figure 3-17

Rescue on a complex nutrient source yields similar results than rescue on a simpler
sugar: starved bacteria experience a delay to start growing but once growth resumes,
any difference with their non-starved counterparts is erased. This leads to the fact
that once cells are attached to a particle, they can use the resources to replenish
their population’s cell number, except if they are faced by other competitive strains.
In other words, I can hypothesize that nutrient limitation during foraging mostly
impacts the process of particle foraging and not the following process of growth. As
this experimental set-up deprives cells from both carbon and nitrogen, it could also
be interesting to further investigate rescue on uncoupled inputs of these resources in

carbon and in nitrogen.

3.5 Conclusion

In this chapter, I establish the phenotypic changes of Vibrio coralliilyticus due to
nutrient limitation. Furthermore, I show that the behavioral responses of the bacteria

to the lack of nutrients is a dynamic process that requires quantification over time.
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Nutrient limitation affects population size in a non-linear way, as the microbial
abundance counted by colony-forming units increases before plateauing and then
dropping down. Bacteria undergo reductive division within the first day in the star-
vation media and then postpone the onset of death for up to seven days. Additional
data gathered with flow cytometry, Coulter counter, and suspended microchannel
resonator display the decrease in cell size at the single cell level. The absence of
nutrients also causes the motile bacterial fraction to go from 80 % to 8 % within
four days of starvation, as hinted by measurements at the population and individual
scales. Population size and motility influence the encounter rate between bacteria
and particles. In the next chapter, I estimate the impact of these dynamic changes
on bacterial foraging.

Once a particle is found, the physiological state of a bacterium can determine
if this encounter is successful. Here, I show that starvation duration governs the
attachment propensity of a bacterial population to magnetic chitin beads. The longer
cells are exposed to nutrient limitation, the less likely they attach to the particular
substrate. This decrease is the product of both the decline in motility and stickiness.
I also investigate the ability of starved bacteria to regrow on GlcNAc and chitin. The
initial bacterial physiological state affects only the lag time to growth.

This chapter draws a complete picture of the behavioral state of a free-living bac-
terium in an environment deprived of nutrients. These physiological insights feedback

into the ecology of the bacterial population, as explored in the next chapter.
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Chapter 4

Quantitative predictions of nutrient

limitation on ecological processes

Chapter 3 presents experimental evidence of phenotypic changes triggered by nutrient
limitation. My experimental findings suggest that bacteria undergo rapid reductive
cell division and lose motility within two days. They also attach less successfully than
exponential cells. Starved cells retain a similar growth yield in nutrient-rich media
after a delayed start. However, questions about the impact of these these behavioral
changes on the foraging time scales and the persistence of a population within a
patchy landscape remain. These estimates are hard to answer experimentally. Thus,
I turn to modelling in this chapter that describes three different modeling approaches
based on stochastic processes. They qualitatively and quantitatively integrate the
experimental knowledge gained in chapter 3 to produce estimates of the foraging
time scales.

Every model presents a simplified world view with different biases. As this work
focuses on the fate of free-living cells, most of the simplifying assumptions concern life
on particles. The dynamics of microbial assembly on particles stem from a complex
interdependence between resource availability [44], inter-strain competition [45], and
metabolic abilities [137]. Ideally, a model of foraging would take all these phenomena
into account or even better be agnostic to them. I introduce four models of increasing

complexities to capture the intricacies of the foraging process. I first present a clas-
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sic framework for bacteria-particle encounter |87, 98]. Then, I develop a variation to
this classic model by incorporating a motility loss event. The population-based model
adds complexity to that first variation on the classic model by also taking into account
changes in viability. Where the population-based model aggregate the fate of whole
populations using a stochastic framework, the individual-based model presented in
the last section simulates individual microbial foraging trajectories. That last frame-
work helps to determine the minimal concentration of nutrient patches needed for a

bacterial population to survive.

4.1 Classic encounter rate model

Encounter rates between resources and bacteria govern the foraging dynamics in
patchy resource landscapes [87]. The ocean’s surface layer is indeed an heterogeneous
environment for heterotrophic bacteria. Marine snow particles become hotspots of
bacterial activity that microbes strive to find when they are in a free-living state
[161]. The quantification of this bacteria-particle encounter provides better estimates
for sinking particle degradation and bacterial population dynamics. Here, we present
a variation on a classic model that takes into account motility loss when bacteria

forage in a nutrient-deprived environment.

4.1.1 Mathematical definition of bacteria-particle encounter

rate
Encounter Rate

In the simplest case, encounter can be thought of as a memoryless stochastic process
between two types of objects. It can be described as a Poisson process, whose rate
is linearly controlled by the concentration of particles N, and bacteria Nyger. The
more objects to encounter, the easier the encounter is. This linear dependence comes
from the superposition of Npg¢ X Npoer Poisson processes describing the encounter

of one bacteria with one particle. The per-capita and per-particle rate A for that
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encounter rate depends on bacterial diffusivity and size, as well as particle movement
and size [87].

From here on, for this section, Ny, is set to 1, as the focus is put on the Poisson
process describing the encounter of a single cell with particles. I note E the per-capita
encounter rate, which is £ = X\ x Ny, where Ay, is the per-particle per-capita

encounter rate.

Time for the 10% luckiest bacteria to find a particle

To get a better intuition of the time scales of foraging, we consider here the time
T it would take for the first 10 % of bacteria to attain a particle. This threshold,
appearing in [98], is based on the assumption that if 10% of a population finds a
particle, then the population can persist. It would indeed only require less than 4
divisions per bacteria on particles to replenish a population to its original headcount.
As encounter is a Poisson process with a per-capita rate of E, Ty can be derived
from the cumulative probability function P(t < T) = 1 — exp ¥, This leads to
0.1 = P(Tyg < T) = 1— exp T0*F Equation 4.1 expresses Tjo in hours from an

encounter rate given per second.

In(0.9)

Tig = —— )
10 3600 x F

(4.1)

This critical value for foraging is the main output of this model. Using this
equation, Lambert et al. estimate that it takes up to 3.6 days for 10% of a motile
bacterial population to find a particle in highly oligotrophic environments [98]. This

approximation depends on properties of both the bacteria and the patchy landscape.

4.1.2 Parameters for the encounter rate
Bacterial diffusivity

In theory, bacteria influence the encounter rate through their size and their ability
to move. As particle sizes are typically defined to be at least 20 times larger than

the average size of a bacteria, the geometrical constraints of size are determined by
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particles only. In this case, the only contribution of bacterial behavior to the encounter
rate is through the diffusivity of bacteria, that can range from D, opmor = 107 12m?2s1
for non-motile bacteria to D,,,; = 107®m?2s™! for the fastest motile bacteria [98,
86]. The diffusivity of non-motile bacteria is indeed non-zero because they are still
undergoing Brownian motion, as described by the Stokes-Einstein equation described
as the thermal encounter kernel in table 3.1 [83, 98|. Active motility in the form of a
random walk results in a higher diffusivity that can be approximated by the swimming
speed v and the run time 7 to D,,,; = v*7/3 [16]. The updated encounter rate
expression is presented in equation 4.2, where Apq¢ X Npqre establish the contribution

of particle dynamics to the encounter rate. It is notable that the dimension of A,

is per particle.

FE =471 x Dbact X /\part X Npart (42)

For a given particle distribution, encounter depends linearly on bacterial diffu-
sivity. Figure 4-1 presents the time for the 10% luckiest bacteria to find a particle
as a function of that population’s diffusivity. It ranges from more than 40 days for
non-motile bacteria to 5 hours for the most active ones. In our experimental set-up,
the highest measured diffusivity for a population of cells is 107®m?s~!. According to
these equations, for set particle parameters [158] whose influence is explained in the
next subsection, the matching 77y, is around 100 hours, which is more than four days.
However, the experimental results presented in section 3.2 highlight a significant de-
crease in motility by the fifth day of starvation or 120 hours. This dynamic change
in bacterial diffusivity occurs in the range which can impact the foraging time scales,

at least for this particle distribution.
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Figure 4-1: Time taken for the 10% luckiest bacteria to find a particle in hours as
a function of bacterial diffusivity in m?s~!. Note that both axes are in logarithmic

scale. The set particle size distribution is from [158].

Particle size distribution

When a bacteria navigates a landscape of particles, its encounter rate depends on the
size and the concentration of those particles. In the natural environment, particles
come in a wide variety of different sizes, whose radii range from the micrometer
scale Tpmin = 20 x 107%m to the millimeter scale 7., = 2.5 x 1075m [98]. The
number of particles for each size follows a Junge distribution [76]. The parameters
of this distribution Npe(r) = Ny X (%)5 has been measured at different oceanic
locations, notably via video plankton recorder [134], satellite observations [95], and
via in situ underwater vision profiler [158|. All these methods agree that the value
of the exponent of this distribution [ is around 4. Thus, the factor Ny is the one
that controls how concentrated particles are in different places because the radius of
reference rg is fixed to 1um. As bacteria can encounter particles of all sizes in the
landscape it navigates, the encounter rate contains the integral of this particle size
distribution Np,+(r) (abbreviated PSD) over the range of particle sizes, as indicated
in equation 4.3.

Equation 4.3 also takes into account the fact that particles are sinking by factor-
ing in the Sherwood number Sh(r, D). This function describes the contribution of

convective forces due to the downward particle movement relative to the one of the
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bacterial diffusivity. Its complete expression that depends on the seawater’s kinematic
viscosity and other experimentally measured parameters can be found in the work of

Lambert et al. [98]. Tt scales in the following way Sh(r, D) ~ r%519 x D=0:333,

E = 47D x / " Nowrt(1)Sh(r, D) dr (4.3)

Table 4.1: Influence of the particle size distribution on the encounter rate for motile

and non-motile bacteria

Bacterial Type Diffusivity Source of Per-capita Time for 10%
PSD Encounter Rate | to find a particle
D Ny, E Tho
m2s~! st h
Motile Bacteria Dot = 8 x 1077 [95] 6 x 1076 5
[158] 2x 1077 200
Non-Motile Bacteria | Dpopmor = 1 x 10712 [95] 1x 10710 3 x 103
[158] 3x 10711 9 x 10*

Table 4.1 quantifies the influence of the PSD on foraging timescales for motile and
non-motile cells. It shows that the three order-of-magnitude difference in diffusivity
between motile and non-motile bacteria causes a similar gap in encounter rate. That
discrepancy, in turn, translates into a difference of about 1000 days to find a particle.
These estimates exemplify that motility loss could dramatically impact the time scales
of particle foraging. They also confirm that depending on the particle distribution,
cells could spend up to 200 hours looking for a particle. That time scale far exceeds

the time scales over which we can expect phenotypic changes due to starvation.

Chemotaxis

Another factor to take into account is that in the oceans, nutrient hotspots do not only

consist of the particles, but also of their surrounding chemical cloud. The substances
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released by the metabolic activity on particles can act as attractors to bacteria. It
means that microbes can be absorbed by a particle at a distance due to the process of
chemotaxis, explored in more detail in section 5.2. This phenomenon leads to bacteria
finding a particle once they enter the surrounding chemical cloud, which can be up to
10 times the size of the radius of the particle [155]. The experienced particle radius
by the bacteria is then ten times the one of the initial particle. Figure 4-2 presents
the revised time scales of 77y when bacteria undergo chemotaxis. The non-linear
dependency of the encounter rate to the particle radius makes chemotaxis a potential
game changer in the foraging dynamics. Even when bacteria are not inherently motile
but can activate motility on the cue of chemicals, the number of hours it takes for

the top 10 % of bacteria to arrive at a particle drops to less than 5 hours.
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Figure 4-2: Time taken for the 10% luckiest bacteria to find a particle in hours as

! when bacteria are chemotactic, which

a function of bacterial diffusivity in m?2s~
corresponds to an increase of the particle effective radius by a factor of 10. Note that

both axes are in logarithmic scale. The set particle size distribution is from [158]

The dynamics of bacterial chemotactic abilities under nutrient limitation are out-
side the scope of this thesis but propose interesting future directions to explore as

explained in section 5.2.
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4.2 Classic model with discrete motility loss

4.2.1 Rationale

The time scales presented in the preceding section does not account for the interde-
pendence between the bacterial environment and their physiological state, impacting
viability, motility, and attachment, as seen in chapter 3. State-of-the-art foraging
time scales consider bacteria with a constant physiological state as if bacterial prop-
erties like bacterial diffusivity were independent of the nutrient concentrations around.
However, as shown in chapter 3, when bacteria are foraging for resources, their im-

mediate environment is nutrient-poor, which can lead to loss of motility.

4.2.2 Mathematical definition of a motility loss event

The initial Poisson process can be expanded to include this motility loss in various
ways, from gradual decay of motility to a discrete motility loss event after a certain
time. Here, we choose a discrete motility loss event because in section 3.2, I showed
that if the bacterial diffusivity of the motile fraction does not decrease with time,
the percentage of motile cells drops over time. This experimental results justifies the
fact that motility loss is a discrete event at the scale of each bacterium. Equation 4.4
spells out that the motility loss event at time ¢, triggers the bacterial diffusivity
in the encounter rate kernel to switch from the motile value D, to the non-motile
one D, onmet- This way, the encounter rate depends on a new variable: the time to

motility loss.

E = E(Dpot) if t < tjoss and E = E(Dyonmot) it > tioss (4.4)

4.2.3 Impact on foraging time scales

Figure 4-3 uncovers the relationship between time of motility loss and the ensuing
variation in foraging time scales. Here, the change in foraging time scales is compared

and normalized to a baseline value. That comparison point stems from the constant
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case, as seen in Table 4.1, where bacteria are not affected by nutrient limitation and
thus stay motile at all times. As this baseline value is calculated in reference to
each particle size distribution, the output on the vertical axis of this graph becomes

independent of the particle size distribution.
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Figure 4-3: Percentage of variation in Ty in function of the time of motility loss

The earlier the motility loss happens, the more dramatic the impact of that loss
is. Motility loss leads to a two order-of-magnitude increase of the search time for the
first 10% of the bacteria to arrive at a particle. This simplistic model captures the

influence motility loss can have on the time scales of particle foraging.
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4.3 Population-based model

Nutrient limitation causes microbes to lose their motility but also alters their viability,
as quantified in section 3.1. This change directly impacts the number of cells foraging:
Cell death decreases the number of available cells able to find a particle, while cell
reductive division increases foraging success by inflating the number of cells. My
experimental results show that the bacteria don’t start dying before seven days and
that reductive division happens early on in nutrient limitation. The time scales of
reductive division and even death fall in the range of the time needed for bacteria
to scavenge for particles. These two changes in cell concentrations hence interfere
with the encounter process at the population level. Equation 7?7 which describes the
encounter rate for a bacterial population within a patchy landscape is parameterized
by a constant number of bacteria Ny,., which is not true.

Here, I propose a bypass to re-write the encounter process as an absorbing Markov
chain model. This corresponds to an inhomogeneous Poisson process with discrete
time increments. This is a generalization of the discrete motility loss presented in
section 4.2. This model consists in creating different subpopulations for the free-
living contingent, with different abilities to attach given their cell numbers. After
describing the assumptions underlying this model, I will present the model while
considering the different possible outputs. In the end, I address the limitations of
such a model, which leads to the development of the last model presented in this

work.

4.3.1 Assumptions
Encounter means persistence

Once a population encounters a particle, it resets its life history to a similar starting
foraging population. This means that when bacteria find a particle, they can establish
themselves to grow up to a similar population density, no matter the particle type and
history. This assumption is justified within the context of an experimental system of

chitin beads. In section 3.4, I showed that the initial physiological state of microbes
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did not impact their ability to re-grow either on GIcNAc or even on a less labile
carbon and nitrogen source chitin. Bacterial cell densities reached the same final
yield independently of their starvation history. These datasets ground the equivalence

between encounter and persistence in the context of chitin particles.

Detachment as a discrete event on the population scale

The foraging for resources by a bacterial population is synchronized, which means
that all bacteria detach from a particle at the same time. The dynamics of particle
detachment depend on many parameters influencing the dynamics of the attached
bacterial life style, such as a potential phage infection [42]. This could be taken
into account by using a full-scale agent-based model, as presented by the individual-
based model in section 4.4. However, this population-based model aims at looking
at the persistence of an entire bacterial population. The simplifying hypothesis of
detachment being a single event is also supported by the data presented in the last
appendix of this thesis in figure D-3, where Vibrio corallislyticus reliably exhibits a
sudden wave of synchronized detachment from chitin beads. Such a discrete phe-
nomenon can be triggered by the switch between the nature of the carbohydrates,
from a complex polymer to monomers [41]. This assumption leads to the free-living

population having the same physiological age.

4.3.2 Formalization of the model: Markov Chain

This section presents the null model deriving a population-scaled stochastic process
of foraging. Here, we rely on the mathematical model presented in section 4.1.1.
The particle-microbe encounter can be described by a rate, which takes into account
properties of the particle landscape and the bacterial population. However, the exper-
imental parameters such as bacterial diffusivity, bacterial concentration and bacterial
stickiness that govern this equation are time-dependent. Thus, we describe a Markov
chain that discretizes the physiological state of bacteria, by different time durations.

A Markov chain is a stochastic model that describes the transition between possible
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states with respect to the last current state. The application of this model to the life
cycle of the free-living population is inspired by models describing the life cycle of

animals, such as turtles or gulls [175, 80].

Mathematical Definition

Free-Living

Particle-attached

Figure 4-4: Absorbing Markov Chain describing the model

Figure 4-4 presents the schematics of the Markov chain which has two different types
of states: the particle-attached state and the free-living states. The properties of a
bacterial population are coarse-grained to be constant over the duration of one Markov
chain state which lasts 24 hours in the example below. Each state N; corresponds
to a subpopulation that has been planktonic in a nutrient-depleted environment for
1 days. The transition from the particle-attached state to the first free-living state is
1 by virtue of the two assumptions presented in section 4.3.1. Each free-living state
can switch to two different states: the next free-living state or the particle-attached
state. As expressed in equation 4.5, the transition probability a, between the free-
living state aged n and the particle state is the probability that an encounter happens
within the time frame T}, which I here take to be 24 h. As we consider that the free-
living population maintains the same set of properties in terms of motility, viability

and stickiness, while in a state, that probability is then the cumulative probability
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distribution of the Poisson process of encounter with a parameter e,, whereas the
probability of not encountering a particle, and thus starving for another day and

transitioning to state n + 1 is 1 — a,,.

n=1— exp Troaxen (4.5)

Equation 4.6 defines the encounter rate of a bacterial population of size [B],, for
the n'" free-living state as a function of bacterial stickiness o,,, bacterial concentration
[B],, bacterial diffusivity D,, and the particle density function PSD(D,,). All these
parameters can be different for each free-living state , and thus can dynamically
describe the properties of the bacterial population. Bacterial stickiness o, can vary
between 0 and 1, where the maximum value means that an encounter event is always
successful and the minimum value implies that bacteria have attachment issues and
don’t attach at all to the particles they encounter. The range of bacterial diffusivity
was explored in section 4.1.2. That same section also introduces the particle size

distribution, which only depends on the bacterial state through bacterial diffusivity.

en = 4100 Bl,DpPSD(D,) (4.6)

This model captures the dynamics of the bacterial phenotypes scavenging for
resources. The probability for a bacterial population to persist corresponds to the
probability for a population to attach at any time of their free-living journey before
they die. Here, we can assume that lim, ,..a, = 0, as a bacterial population in a
nutrient-limited population that does not attach is fated to die off at a rate r [144],
whose value is expressed in table 4.2. This causes the bacterial concentration [B],
to reach 0 within a finite amount of time. Equation 4.7 expresses this analytical
output. As this expression is agnostic to potential simulation parameters, it provides
a better output than simulation-based measurements, such as the mixing time and

the percentage of attachment events.

o) 1—1
perszstence Z a; H 1 - ag (47)
=1 7=0
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Mixing time is the number of transitions required for the system to settle in
an asymptotic distribution. As lim,_a, = 0, there exists a Ny, where for all
n > Ngeath, @n = 0. In this case, the Markov chain model can be truncated to
a finite amount of attainable states Ng.un + 1. That latest free-living state is an
absorbing state, which bacteria cannot escape. This property makes the Markov
Chain absorbing, which leads to the existence of an asymptotic distribution and thus
to the one of a finite mixing time. The mixing time can also be calculated as the
number of times a population goes through the particle-attached state before going
extinct to ensure the independence of that value with the number of states. The
Matlab function asymptotics provides the mixing time of a Markov chain through its
second argument. Figure 4-5 shows that the mixing time for a population of motile
bacteria increases with the bacterial concentration over time more than the mixing
time for a non-motile bacterial population. It means that a motile population takes
more time to attain the state of total death. As properties of the simulation of an
absorbing Markov chain, mixing times are rooted in the mathematical world, which
makes a quantitative transposition into the notion of bacterial persistence challenging,

contrary to the probability of persistence from equation 4.7.
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Figure 4-5: Mixing time (days) as a function of the initial bacterial concentration
for the null model of an absorbing Markov chain. The blue line corresponds to a
simulation for motile bacteria, whereas the green line is for non-motile bacteria.
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Parameters

This population-based model here is based on the assumption that when in a nutrient-
limited environment, bacteria die at a rate r [144], whose value is expressed in table
4.2. This model also considers that bacterial diffusivity and stickiness are constant
properties over time. There is no change in the bacterial phenotype due to nutrient
limitation. This means that the output for this model can be calculated for motile
and non-motile bacteria alike, as illustrated in figure 4-5. Below, I will introduce a
dynamic switch between the two phenotypes between these two physiological states,

motile and non-motile, as a function of time since detachment.

Table 4.2: Parameters for the encounter rate function of the Markov Chain model

Parameter Name Notation | Unit Value | Source
Stickiness o N/A 1
Concentration of cells after detachment [Blo N/A 10°

Death rate r h! 0.25 3.1
Diffusivity (Motile cells) Dot | m?s71 | 8 x 1077 | ]98]
Diffusivity (Non-motile cells) Dyonmot | m?s™t | 10712 [98]
Particle Size Distribution PSD N/A 1

4.3.3 Limitations

This population-based model offers a first way to consider a bacterial population and
its dynamics under nutrient limitation. However, it discretizes the processes such as
motility loss and changes in viability to constants for slices of time. The modeling
parameter that determines the duration of the free-living population is T3,,. There is
a trade-off between tractability (for a very small Ty,,) and accuracy (for a high Ty, ).
This parameter also needs to be biologically relevant. Any use of this model needs to

precisely check the influence of this parameter.
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It is also important to note that this model quantifies the probability of bacterial
persistence within a patchy landscape and not the time scales of a foraging population.
The mixing time and the probability of persistence are highly biased by the set of
simplifying assumptions, presented in section 4.3.1. As mentioned, the dynamics of
microbial ecology on a particle depend on a plethora of other factors this model turns
a blind eye to.

Nevertheless, the main drawback of this model is that so far, the attachment
probabilities correspond to the attachment of one bacteria. The expression of a,
given in equation 4.5 is the probability of one encounter between the sets of bacteria
and particles. Thus, in the current description of the model, if one bacteria attaches,
the whole population is salvaged. In an earlier section 4.1.1, the critical foraging time
scale was determined by the threshold of 10 % of the initial population. Changing
this threshold would require changing the expression of a,,, which adds complications
in the form of desynchronization of the processes of attachment and detachment.
Indeed, when bacteria attach in an early stage, they do not contribute to attachment
in later days so the bacterial concentrations of these later days need to be updated.
This new concentration leads to a change of a,, which increases the complexity of
this model. It would indeed require updating all the parameters for each iteration of

the model. This pitfall also renders the outputs of the model less interpretable.
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4.4 Individual-based model of a foraging bacterial
population

The following iteration of a foraging encounter model is based on simulating individual
bacterial trajectories in an independent manner. This gets around the caveats of the
previous models by including all phenotypic changes (contrary to the model presented
in section 4.2) and by removing the liability of aggregating the behaviors of individual

stochastic process (unlike the model presented in section 4.3).

4.4.1 Model without dynamic phenotypic changes

The principle behind this model is that foraging is a realization of two simultaneous
phenomena, as seen in the schematics 4-6. When in a nutrient-limited environment,
a bacteria is fated to either find a particle or to eventually die. These two outcomes
can be modeled by Poisson processes. As seen in section 4.1.1, encounter for one
bacteria within a particle landscape is a Poisson process whose rate A depends on
bacterial diffusivity. Meanwhile, birth and death are stochastic processes that can be
counted via Poisson processes. For example, an application for such modeling is the
counting of the residual number of bacteria in food packaging after desiccation [97].
Here, death is considered to be a Poisson process with a rate 6. Both these values

can be estimated with the data presented in chapter 3.

Bacterium

/

Nutrient-rich
Particle 6

DEATH  ENCOUNTER

Nutrient-depleted Environment

Figure 4-6: Principles of stochastic modeling for one foraging bacterial in a nutrient-

depleted environment
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As a bacteria is subject to both these processes at the same time, these two
processes can be superposed into a new Poisson process whose rate is A + 4. In the
Matlab code implementing this model, the time of the first instance of this superposed
process is calculated given properties of the cumulative density function of a Poisson
distribution. First, I generate a random number p between 0 and 1, which is then
used in the inverse of the cumulative density function —In(1—p)(A+4§)~'. That value

corresponds to the time at which either death or find arrives. The probability that

5

this event is death is 57+,

whereas the probability that this event is finding a particle

is 5%\. All in all, success in foraging depends on the balance between the death rate

and the encounter rate.

4.4.2 QOutput: Nutritional Requirement for a bacterial popu-

lation to survive

This process can be simulated for many bacterial trajectories in an independent man-
ner. This leads to data on both the time of the event (death or attachment) and the

type of event ending the free-living lifestyle of bacteria.

One output of such simulations is the percentage of bacteria encountering a par-

A

T As seen in

ticle. For the null model, the expected value of that variable is 100
section 4.1.1, the encounter rate A depends on the particle concentration, notably
through the parameter Ny. That parameter is a proxy for the number of particles
available in different spots. For example, Ny in the South Pacific gyre is 5 x 104m =3
[158], while Ny in the North Atlantic can go up to 1.25x 101"m 3. Figure 4-7 presents
the percentage of bacteria finding a particle in function of that value Ny, which im-

pacts A, for two different values of the death rate 4. The number of encounters

increases with the number of available particles.
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Figure 4-7: Percentage of bacteria encountering a particle with respect to Ny, a proxy
of the number of particles, as simulated for 10* bacteria. Each blue line corresponds
to the data for different death rates. The red line corresponds to the threshold cut-off

for bacterial viability.

As the percentage of encounters for a bacterial population is monotonous with
the number of particles, the foraging success of bacteria can be backtracked to the
number of available particles. Here, I define foraging success when 10 % of a bacterial
population finds a particle, as suggested by Lambert et al. [98] and described in
section 4.1.1. This threshold on the attachment of the bacterial population provides
the minimal amount of particles needed for this population to survive and persist.
This value can serve as a proxy to estimate the viability of a bacterial population
within a certain patchy environment given some phenotypic information. Conversely,
when considering a bacterial population living in a patchy landscape, this minimal
Ny value also constrains the phenotypic space a bacteria needs to belong to. To be
able to persist within that environment, the bacteria needs to be able to exhibit a
minimal trade-off in terms of persistence and diffusivity. This model enables to deter-
mine the feasible behavioral space of bacterial behaviors within a patchy landscape,
which is especially precious when foraging success is more critical at low particle

concentrations.
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4.4.3 Implementation of the phenotypic changes

After establishing a null model and the output from the model, I introduce dynamical
changes in bacterial behaviors that were suggested by the experimental data presented
in chapter 3: motility loss, death delay, and reductive division. This section discusses

the implementation choices of these three phenomena.

Buderium MOTII-ITY
— #1085
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Figure 4-8: Modifications to the baseline stochastic modeling are noted in red.

Motility Loss

The loss of motility mainly impacts bacterial diffusivity, which appears in the expres-
sion of the encounter rate, as seen in Equation 4.2. So far, the loss of motility has
been considered to be a discrete event, as bacteria don’t slow down their speed but
stop exhibiting active movement, as illustrated in section 3.2. To mimic the process,
I make the choice to consider yet another Poisson process with a rate p simulating the
time of motility loss for one bacteria. This rate is notably estimated to be 0.75h~! for
a nutrient deprived Vibrio coralliilyticus in section 3.2. This modification implies the
simulation of the superposed Poisson process of rate § + A(Djnot) + p. If the event of
loss of motility is chosen, then the rate of the encounter rate is updated to A(Dyonmot )-
The next event is simulated with the rate 0 + A Dponmot ), as loss of motility can only
happen once. The dependence between the rate of encounter and the event of motil-

ity loss follows the properties of a Compound Poisson process. If changes in motility
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were to be considered continuous in time, the chosen implementation would entail
simulating a non-homogeneous Poisson process, as the rate of encounter A(¢) would

then be a function of time.

Death Delay

As seen in section 3.1, bacteria do not start dying right away. It means that the
death process experienced by bacteria only starts after a certain time delay. For
Vibrio coralliilyticus in our experimental conditions, this duration is seven days on
a population level. This persistence mostly influences the Poisson process for death
governed by the rate 9. To formalize this, I keep the Poisson processes the same.
However, when a death event is drawn, the waiting time of the event is compared to
the duration of the death delay t44. If it is below that threshold value, the event is
discarded and a new waiting time is redrawn from the superposed Poisson process.
In the case that another event (such as motility loss) happens after waiting time
two before the drawing of death event, the duration of the death delay is updated
such that the newest accepted waiting time t,,; is tqg — two. As the waiting times of
a Poisson process are exponentially distributed, the expected mean arrival time for
death with a death rate set at 0.01h~! (as calculated in section 3.1 is 4 days, which
is on the same order of magnitude as the death delay observed experimentally. This
notably means that, with this set of values, this method does not lead to an infinite
loop of redraws. This implementation breaks down if the rate of the death process
0 is very high compared to the rate of the encounter process A and the duration of
the death delay is significantly longer than the expected mean arrival time. However,
within the context of this model, I consider the death rate § as a point of reference

to all the other rates considered.

Reductive Division

Another phenomenon observed in section 3.1 is reductive division. The number of cells
within a bacterial population indeed continues to grow even when they are immersed

in a nutrient desert. In this implementation of an individual-based model, it means
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that individual bacteria need to be able to multiple. Here, I choose to add yet another
Poisson process with a rate § which corresponds to the reductive division rate. This
Poisson process is superposed with the processes of death, encounter, and, if relevant,
motility loss. Then, waiting times are drawn given the procedure explained in section
4.4.1. When the reductive division event is chosen, one new bacterium is added to the
pool. This new bacterium has the same properties as the microbe it is replicating. In
this implementation, it is also possible to add a parameter Rd describing the state of
the bacteria in terms of reductive division power. This variable counts the number
of times a bacterium that detached from a particle can undergo reductive division.
When one reductive division event happens, that counter decreases by one. This
parameter is also transferred to the microbe stemming from the reductive division

event.

This choice of implementation might come as a surprise because it does not de-
scribe the usual birth-death process used to describe the abundance of a bacterial
population [170]. In this Markov chain description, each state corresponds to a dif-
ferent number of cells within a population and the transitions can lead to either the
addition or the subtraction of one individual from the pool. Here, a decrease in
the free-living bacterial population would be mediated by both the death and the
encounter processes, while an increase would be caused by the reductive division pro-
cess. The drawback of this method is that some of the Poisson processes depend
on time, notably via the changes in motile properties for the encounter rate and the
delay to death for the death rate. This means that the transitions to remove an
individual from the population are time-dependent in the case of the death delay.
These transitions even need to be governed by another Markov chain when it comes
to tracking stochastic motility loss. That parallel Markov chain could for example
track the motile fraction of the population. Compounding the birth-death model with
another Markov chain is the definition of a quasi birth-death model. The birth-death
model variations present the advantage of looking at a whole population and of hav-
ing a bigger toolset supporting analytical insights. However, the main drawback of

this model is the lack of flexibility when it comes to modeling the interdependence
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between two events. For example, similarly to motility loss, the number of events of
reductive divisions needs to be tracked, as there is only a limited amount of those
which can happen. On top of that, there is experimental evidence that a bacteria that
underwent reductive division could be more likely to persist longer [12]|. This depen-
dency could be added easily in the individual-based model described in this section.

Another inconvenience of the birth-death model is that it is not easily parallelizable.

4.4.4 Results

This stochastic individual-based model for bacterial foraging quantifies the influence
of all three phenotypic changes due to nutrient limitation on the ability of a bacterial
population to persist within a patchy landscape. Reductive division and death delay
are expected to be advantageous for the bacterial population, while motility loss has
a deleterious impact on finding particles. Here, I analyze the balance of this trade-off
between phenotypic changes during nutrient limitation.

The null model of motile bacteria that start dying right away at a rate of 0.01~2™!
without experiencing reductive division requires a concentration of particles whose NV
is around 10'm =3 to survive, as shown in figure 4-7. To put that in perspective with
the natural environment, this type of cells would survive even in the South Pacific
gyre which is poor in particles. Even though this is a minimal amount of particles
needed, it is noteworthy that the death rate d controls the order of magnitude of the
needed particles for a population to persist. Here, ¢ is set to the experimentally-
determined value measured in section 3.1 which is comparable to the mortality rate
measured for Escherichia coli |144].

When adding the effect of one allowed reductive division per cell, the minimal
number of particles needed to survive does not change. The minimal number of
particles required to survive Ny stays similar to the null model. That’s due to the
fact that reductive division affects neither the rate of death d nor the rate of encounter
A. When considering 10 % of the initial cell population attaching, that phenomenon
doubles the chances of attaining that threshold. Even when modifying the number of

times a cell can divide within the limits presented in the experimental data, the impact
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of reductive division does not match the influence of motility loss which changes the
encounter rate A by three orders of magnitude. However, the rate of reductive division
can significantly change the time needed for the first 10 % of a bacterial population
to arrive at a particle, as illustrated in figure 4-9. The 10 % of bacteria to first arrive
on particles require 21 hours less to find particles when reductive division is fast.
That combines the advantage of both the doubling of the number of cells and also
the speed of that multiplication. This could mean that a population that undergoes
rapid reductive division may have a significant advantage at colonizing new particles

relative to other populations, as discussed in more detail in section 5.3.

s
o
)

[#5]

3]
T
"

w
o
T

n
o
T

-t
a
T
*
*
*
*

Number of hours it takes for the first 10% of bacteria to arrive
N
(&)}

-
, ©

-2 -1 0 1 2
Log Reductive Division Rate (/hour)

N
w

Figure 4-9: Number of hours it takes for 10% of the initial bacterial population to find
a particle in function of the rate of reductive division. The x axis is in logarithmic

scale. This data was generated with 10* replicates

When considering all the ecological mechanisms improving bacterial survival such
as death delay and reductive division, Figure 4-10 offers a summary of the decrease
of the minimum number of particles required for bacterial persistence. The bottom

left corner of that graph corresponds to the null model when there is no death delay
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and bacteria are unable to undergo reductive division. The minimal particle concen-
tration required for bacterial persistence spans three orders of magnitude. The death
delay confers the most resilience to a bacterial population and is therefore selected to

compare the influence of the deleterious motility loss.
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Figure 4-10: Heatmap of the minimum nutritional requirement for a bacterial popu-
lation to survive with respect to the number of days bacteria can persist (death delay)
and the rate of reductive division. The colors represent the minimal Ny for which
10% of the bacterial population can survive. This heatmap was generated with 10*

bacterial trajectories.

Figure 4-11 explores how the minimal particle concentration changes as a function
of these two opposing factors, motility loss which reduces persistence and death delay
which enhances it. As expected, the changes in the rate of motility loss influence
the bacterial persistence the most, as the change in motility incurs a difference of
three orders of magnitude in the encounter rate A\. When considering the bottom row

which corresponds to the absence of death delay, the loss of bacterial motility brings
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the minimal particle concentration within the range of what is observed in the North
Atlantic ocean. The loss of motility then impacts where a bacterial population can
survive. Bacteria that can delay the on-set of death due to nutrient limitation can

offset this drawback.
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Figure 4-11: Heatmap of the minimum nutritional requirement for a bacterial popu-
lation to survive with respect to the number of days bacteria can persist (death delay)
and the number of days after which bacteria lose their motility. The colors represent
the minimal Ny for which 10% of the bacterial population can survive. This heatmap

was generated with 10* bacterial trajectories.

Limitation

In this individual-based model, the realization of bacterial phenotypes is assumed not
to depend on particle concentration. However, it can be argued that microbes that
live in a particle-rich environment can adapt their behavior to that particle concen-
tration, where the selective pressure stems from particle growth and not foraging.

The adapted bacterial phenotype could then favor competitive traits for particle col-
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onization. The reverse could also be true, where a particle-poor environment would
emphasize selective pressure for advantageous foraging traits. Microbes that can reg-
ulate those behaviors tightly would then be able to colonize a wide variety of patchy

environments. This individual-based model could reflect such insights if needed.

4.5 Conclusion

In this chapter, I present three models that describe the foraging dynamics of free-
living bacteria in a patchy landscape. Bacterial diffusivity determines the time scales
of bacterial foraging, as explained in the classic encounter rate model. When consid-
ering the loss of bacterial motility due to nutrient deprivation, the time needed for
bacteria to find a particle increases. After parametrizing a population model to take
into account the effect of population size variability, I develop an individual-based
stochastic model for foraging that explores the effect of reductive division, death
delay, and motility loss.

Reductive division mostly changes the time scales of particle finding, while death
delay and motility loss impact the ability of a bacterial population to persist within
certain particle landscapes. The requirement for the concentration of particulate
organic matter increases with the rate of motility loss and decreases when bacteria
postpone death. Given the dynamic behaviors of free-living bacteria, the individual-
based model presents the lower bound of particles needed for bacterial survival. For
example, the results align with the ubiquity of SAR 11 in oceans, as its lack of motility
is compensated by its ability to trump death. For a given particle concentration,
bacterial foraging behaviors then also exist within a constrained feasible space. This
model also provides hypotheses about the type of bacterial behaviors that can be

observed at different particle concentrations.
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Chapter 5

Beyond single-strain foraging on

chitin particles: future directions

The preceding chapters present experimental results and modeling insights pertain-
ing to the influence of nutrient limitation on bacterial foraging in patchy landscapes.
In this chapter, I will expand the scope of the thesis by introducing new levels of
complexities, presenting preliminary data that survey a number of future directions
and open questions raised by this work. I first explore the implications that a for-
aging population is not uniform but consists of an assemblage of bacteria that have
undergone nutrient limitation for different time intervals, resulting in phenotypic het-
erogeneity. Second, I consider that the patchy landscape bacteria navigate is not
composed of discrete particles but rather of a sea of gradients [161], which suggests
that the effect of starvation on chemotaxis may be a key factor in the estimation
of successful foraging. Thirdly, as particles are hotspots of activity for many dif-
ferent bacterial strains that compete for nutrients and sometimes share public good
resources [45, 137], I ponder the role of starved phenotypes in the establishment of
particulate microbial communities. Finally, I investigate the potential impact of this

bacterial state heterogeneity in the modeling of nutrient fluxes within the oceans.
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5.1 Interaction between starved and non-starved cells

As bacteria roam through a patchy landscape, they build a complex population whose
starvation age is heterogeneous. While some bacteria might have just detached from a
particle, others might have been scavenging for different durations causing their phe-
notypes to change. This heterogeneity can lead to the emergence of new population

level properties.

5.1.1 Starved bacteria as a seed bank for non-starved cells

Particle-attached bacteria are more metabolically active than their free-living counter-
parts [59]. In order for free-living bacteria to access the abundant resources available
on a particle, bacteria need to forage for a particle, attach and resume their growth.
The success of this transition depends on a population-wide trait, as there is a mini-
mal critical bacterial density threshold for bacteria to colonize a particle successfully
[43], even when bacteria seeding the particle all stem from exponentially growing cul-
tures. However, a particle is surrounded not only by exponential cells but also by
cells that have undergone nutrient limitation, as the process of foraging for a particle
is highly stochastic. Considering that nutrient limitation affects bacterial attachment
[92], the role of a sub-population of starved cells has been ignored. They could poten-
tially strengthen the population headcount to attain the crucial density dependence
that attachment requires to be successful and even reduce the amount of exponential
cells required for a successful transition. How much can these starved bacterial seeds

facilitate particle colonization and growth of a more exponential population?

5.1.2 Evidence for cooperative behaviors between exponential
and starved cells
Attachment is the process that concludes the foraging period. While the process

of attachment depends on individual level properties such as motility, viability and

stickiness, it also materializes the emergence of population level success at particle
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colonization. Asshown by Ebrahimi, Schwartzma et al. [43] and further demonstrated
in section 3.3, bacteria rely on a critical density threshold to successfully attach to
particles. This is the phenomenon we focus on to investigate ecological interactions

between exponential and starved cells.

Method

Two separate bacterial cultures were made from the same frozen glycerol stock at
-80°C. They are both pre-grown in liquid Difco 2216 marine broth for four hours at
25°C before being transferred for an overnight culture in the base media presented in
the table B.7 with different dilutions. Once they reach late exponential phase, the
first batch of bacteria is passaged on in the starvation media for a duration of 12
days at 25°C, while the second batch is harvested for inoculation. The two prepared
batches are then inoculated with chitin beads at different initial cell concentrations,
determined a posteriori via the counts of colony forming units. This mix of starved
cells, exponential cells and chitin particles is then incubated in an overhead rotation
device at room temperature for 20 hours before being sampled, stained with SYTO9
and imaged with confocal microscopy. This protocol is a variation of the attachment

method presented in section 2.2.4.

Preliminary data

Here, I quantified the attachment for the mixed population for 12-day starved and
exponential cells. As controls, I also measured the attachment of the two populations
independently. If there is some cooperation between the starved cells and the expo-
nential cells, I expect the mixture of both to attach more than the sum of the mean
of the homogeneous populations, as shown by the straight blue dotted line in figure
5-1. Starved cells are able to attach more than the exponential cells as their initial
concentration is more than 16 times higher than the exponential cells (5 x 10° vs.
3 x 10%). However, it is notable that a starved cell population attaches less than an
exponential cell population at equal initial cellular concentrations. The main take-

away is that the mixture of both cell types attaches more than the expected addition
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of both starved and non-starved cells. The variance in the number of attached cells
is also higher for the mixed population than for the homogeneous populations. This
data indicates a potential positive interaction between the two phenotypes. A po-
tential caveat is that the mixed population of cells here is the most concentrated in

bacteria. This requires the quantification of higher initial cell densities.

Normalized Attached Cells
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Figure 5-1: Number of attached cells normalized by bead area for 5 x 10° 12-day

starved cells, 3 x 10° exponential cells and the mixture of both.

To cast light on the differences in initial cell concentrations for the three popu-
lations, figure 5-2 presents similar data to figure 5-1. This experiment includes two
new controls: both are higher concentrations of either exponential or starved cells
than the ones in the mixed population case. As a sanity check, both concentrations
of the exponential cells attach more here than the 10-day starved cell populations.
This dataset also reproduces the result that the mixed population of non-starved and
starved cells attaches more within 20 hours than the expected sum of the two pop-
ulations inoculated separately. The controls also indicate that starved cells on their

own are not able to reach the same attachment potential as when aided with a lower
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concentration of exponential cells. This means that exponential cells facilitate the
attachment of the starved population. As suggested by the number of cells attaching
at the highest concentration of exponential cells, the more cells in an exponential

state, the more likely the attachment success is.
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Figure 5-2: Number of attached cells normalized by bead area for 10-day starved
cells (in red), exponential cells (in yellow), and the mixture of both lowest presented
concentrations of each population (in blue). This mixture consists in inoculating

exponential cells and starved cells together.

As seen in figure 5-3, I completed this dataset with the addition of a set concentra-
tion 2 x 10° of starved population to multiple exponential cell concentrations, notably
lower ones. Here, a concentration of 10* exponential cells facilitates the attachment
of the starved pool. It remains unclear from this data how significant this effect is
because these experiments were conducted while the water used to fabricate all the
media, notably the starvation media where the incubation with chitin beads takes
place, was contaminated, as explained in section 2.1.2. Even though all the experi-
ments presented were done in similar conditions, the contamination could affect the

strength of the cooperation between cell types.
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Figure 5-3: Number of attached cells normalized by bead area for different concentra-
tions of exponential cells supplemented (or not) with 13-day starved cells. The cross
represent the median of the point cloud, where each point is a different particle. The

black dotted line is the median value for the pool of starved cells alone.

This data presents a holistic view of the encounter system, where both motility
and stickiness are taken into account. Here, the effect of population size variation
has been controlled for, as seen in figure 5-2. As the starvation durations are more
than 10 days in all the data collected, section 3.2 builds the expectation that the
motile fraction of the starved cells is negligible. Thus, both motility and stickiness
explain difference of attachment between homogeneous populations of either starved
or exponential bacteria, as investigated in section 3.3. The mechanisms for positive
interaction in the mixed bacterial population of starved and non-starved cells can

thus be tied to these two properties.
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5.1.3 Discussion

This preliminary data suggests that the make-up of a bacterial population with cells
starved for different time intervals in bulk seawater influences the colonization propen-
sity of this population in a non-linear fashion. The contribution of the various phe-
notypes is not additive but relies on interactions between the subgroups of cells.
Exponential cells can rely on lingering starved cells to build up the total concentra-
tion of cells above the critical density threshold for successful colonization, while the
attachment of starved cells can be enhanced by the presence of not yet starved cells.
In the environment, the composition of the foraging population would correspond to
a balance between the detachment rate and the attachment rate. As detachment rate
is highly dependent on the microbial dynamics on a particle [42], quantifying that
phenomenon would be an interesting direction for future studies. Estimating the
composition of the foraging population calls for the merging of the particle-centric
and the free living-centric approaches, leading to better estimates of the microbial

ecology around particles.

The mechanism for the interaction between starved and non-starved phenotypes
remains an open question. A first approach to explore this that takes advantage of
the current experimental set-up and the existence of dsRED-labeled strains of Vibrio
coralliilyticus would be to mix a population of dsRED-labeled cells in exponential
phase with one of non-labelled starved bacteria. Both subgroups would be stained
with SYTO9. This differential labeling would enable the localization of the different
groups of cells and could clarify if the interaction happens on the particle or in the
bulk. Implementation details about the pre-incubation with antibiotics of the labeled
strain and potential pre-staining of the two populations would need more experimental
optimization. Another possibility for differentiating these two cell types would be to
leverage the fact that membrane properties change with starvation [92] and design

fluorescent quantum dots probe to attach to the exponential cell phenotype [180].

A mechanistic basis for cell cooperation for attachment could be due to the se-

cretion of molecules that trigger a cellular behavior, such as the induction of cellular
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motility (see section 5.2), or a particle property change like the coating of the particle
surface with sticky exopolymeric matrix [90], which confers a foraging advantage to
the free-living bacteria looking for a particle. The main hypothesis for the existence
of facilitation is that exponential cells that attach first start to produce chemoat-
tractants that then provide a roadmap for other bacteria to attach. These chemical
signals could be either public goods or small molecular byproducts of chitin such as
GlcNAc. If starved bacteria are able to navigate these gradients, then they could find
a particle faster, as chemotaxis is theoretically equivalent to enhancing the size of
particles by 10-fold [98]. This reinforces the key role of micro-gradients coming from

particles in bacterial foraging [155, 23, 79].

5.2 Influence of nutrient limitation on chemotaxis

Bacteria navigate a complex landscape within oceans. One of the reductive assump-
tions of the experimental set-up presented in this thesis so far is that bacteria forage
for resources in a nutrient desert, deprived of any other chemical cues. The real en-
vironment is composed of a combination of particles aggregating resources (marine
snow) and other soluble molecules. For example, when phytoplankton undergo lysis,
they locally release dissolved organic matter in their surroundings that bacteria can
utilize [155]. This emission of resources becomes a hotspot of bacterial activity and
is the source for diffusion of soluble molecules into the environment. This creates a
gradient that bacteria can navigate using the process of chemotaxis, in which motile
microbes adapt their patterns of movement to find a particle faster by for example
reducing their tumbling ratio [162, 79]. Once a chemotactic bacteria enters the vicin-
ity of a particle (up to ten times its radius), it can be captured by a particle [98]. The
apparent size of the particle is then bigger. Chemotaxis is an important tool in the
arsenal of bacterial foraging strategies that enhances the odds for attachment [60]. Tt
is not a surprise that this natural process has inspired a wide array of computational
methods for gradient navigation in optimization [131].

Chemotaxis has prerequisites: a bacterium needs to have tunable motile machinery
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and to sense the differential concentrations of chemical signals. As seen in section 3.2,
nutrient limitation triggers motility loss, which could impact the ability of bacteria
to follow gradients. Below, I first discuss the implications of some preliminary data
about the revival of motility by a chemoattractant. I then review the literature of

nutrient limitation and chemotaxis to identify gaps that can be explored.

5.2.1 Revival of motility

Most bacteria lose their motility by the fifth day in a nutrient-limited media, as seen
in section 3.2. However, it is unclear if this event is reversible. Motile behaviors can
be stopped because the proton or ion motive forces powering the flagellar movement
do not provide fuel to the flagella anymore [107, 94]. This would lead to a transient
stop in active bacterial movement. When a bacterium loses its flagellum, the absence
of machinery would require the renewed fabrication of proteins for the bacteria to
exhibit active motility again. Here, I aim to observe if a spike of GlcNAc can revive

motility within a timescale that would not allow for flagellar regrowth.

Figure 5-4 shows the projections of bacterial trajectories for 5-day starved cells be-
fore (on the left) and after (on the right) the addition of the chemoattractant GleNAc
at a high concentration. The images were taken five minutes after the spike. This
preliminary data suggests that motility loss is only transient for Vibrio corallitlyticus
after being immersed in a nutrient-limited media for 5 consecutive days. As the time
scale to recover motility is so fast, it can be assumed that the flagellar integrity of
5-day starved bacteria remains intact. In a way, motility stays dormant until bacteria

sense a signal.
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Day 5 - without GleNAc Day 5 - with GleNAc

Figure 5-4: Projections over 1 second of bacterial trajectories (here in white) for 5-day

starved cells before and after the addition of GlecNAc

This set-up supports the fact that bacteria conserve a functional flagella up to
5 days after the start of nutrient limitation. However, it does not quantify their
chemotactic efficiency, as the concentration of GlcNAc is uniformly distributed across

the wells.

5.2.2 Discussion: Chemosensitivity and chemotaxis

Chemotactic abilities were first observed using glass capillaries |2, 122]. Advances in
microfluidics and computation have enabled a more precise and dynamic quantifica-
tion of this process [4], as the creation of gradients has been more fine tuned and
computational methods have enabled higher throughput. Applying these methods
with cells in different nutritional states would give insights on the impact of nutrient
deprivation for bacteria. Moving through a gradient requires resources to sense the
chemoattractant and bias motility towards [79].

Chemotaxis starts with the cellular measurement of a surrounding concentration
of a signal. This process relies on chemosensory pathways [178] which can count the
discrete number of chemoattracting molecules a bacterium encounters [17, 23|. These
sensing arrays are either soluble or located in the cell membrane [74]. As seen in
section 3.1.2, nutrient limitation induces a reduction in cell volume and thus a drop

in the cell surface area. This phenomenon could cause a decrease in sensory precision
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for gradients, especially because bacteria such as Vibrio ordalit have been shown to
sense chemoattractants at the detection limit of their molecular machinery [23]. This
defect in sensing chemoattractants could temper the spatial range at which bacteria

can detect a gradient.

At odds with this logic, there is evidence that chemotactic responsiveness in
starved phenotypes can increase in Spirochaeta aurantia [171], in Rhizobium meliloti
[181] and even in Vibrio sp. 14 with some nutrients [105], as long as the duration of
nutrient limitation does not exceed 24 hours. These studies imply that the control of
chemotaxis is a complex regulated system that depends on cell history with nutrient
limitation. There is a need for a systematic survey for longer starvation durations,
coupled with proteomics and genomics, to attain an understanding of the regulation

of chemotaxis under nutrient-limited conditions.

Another layer of intricacy in the quantification of chemotaxis stems from the
diversity of chemoattractant molecules and the different levels of specificity exhibited
by the chemoreceptors. The chemosensitivity for exponential and starved phenotypes
will depend on the available signals, even for chemically close molecules [122]. In some
cases, chemoattractants can serve a dual function as a metabolite and a signal, leading
to a trade-off between uptake and chemotaxis [123]. When bacteria are stressed by the
absence of nutrients in their environment, the incentives for both these functions get
skewed, which could cause differences in the bacterial phenotype. Additionally, the
plurality of chemoattractants can also cause the establishment of opposing gradients.
These competing forces could both increase or decrease bacteria’s ability to detect
each signal [77]. As some bacteria are co-limited for multiple nutrients at the same
time [13], they can coordinate their response to environments with multiple stressors
[66], which could forge new preferences in their chemotactic choices. It is unclear how
specific and dynamic nutrient limitation on bacteria will impact their ability to follow

gradients.

On top of that, the primary criteria to be a chemoattractant is solubility, a prop-
erty that chitin doesn’t have. All chemotaxis around chitin particles must then come

from the secretion by other cells of secondary signals, for example small metabolites
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such as GlcNAc or quorum sensing molecules [79]. In the experimental system pre-
sented in this thesis, this process is collectively mediated by cells already attached
to particles, which adds yet another intermediary to a complex system. Chemotaxis
creates an interdependence between the life in the bulk and the life on particles. In-
vestigating the fascinating questions around chemotaxis within the context of particle
foraging requires integrating knowledge of the free-living and attached bacterial states

while developing high throughput spatial assays.

5.3 Competitivity of starved phenotypes with other

bacteria

So far, this thesis has focused on a single strain of Vibrio coralliilyticus navigating
nutrient limitation and particle foraging at the same time. In the free-living state, the
interactions with other strains can be assumed to be negligible, as cells are relatively
far apart from each other, relatively metabolically inactive [72] and continuously
moving in a non-synchronized manner, except for chemotaxis. Once a bacterium is in
the vicinity of a particle, which have also been referred to as hotspots [161], the density
of bacteria goes up and bacteria now have to compete for the available resources
against other bacterial strains. This leads to interactions between microbes that are
already on the particle and the ones that are attempting to invade that resource-rich
space. These microscale ecological forces shape microbial assembly around particles
[104, 45].

In section 3.4, I presented results on the rescue of the growth properties after
different starvation durations for the strain of interest. Except for the lag time,
Vibrio corallitlyticus exhibits similar growth rate and yield no matter the time spent
in the nutrient-limited environment. While these results convey that these bacteria
can successfully colonize particles de novo, they do not describe the ability of bacteria
to invade a pre-colonized space by other bacterial strains. Nutrient limitation doesn’t

only influence metabolic and foraging abilities but also other bacterial functions,
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impacting for example the propensity for host infection [53] or potentially antibiotic
production. That last function is indeed boosted when Vibrio coralliilyticus is grown
in a co-culture [24].

In the context of chitin particles, interactions between strains have so far been
quantified with respect to the dynamics of particle degradation [45]. The drawbacks
of this method such as the lack of control for flow and landscape map, the com-
plexity of pre-colonization, and the focus on ecological function make the search for a
more reproducible set-up necessary, especially when asking questions about free-living
bacteria. Quantifying interactions on chitin requires the development of a visual non-
destructive competition assay with labeled bacterial strains. This would require the
usage of flat chitin surfaces (as explored in section 2.2.4), which could be coupled
with microfluidics for the sake of reproducibility. Such a device renders the spatial
organization of a community available, enabling precise and localized measurements
of microbial interactions. For example, it could cast light on the interaction mediated
by chemotactic properties between strains. Competing cells in different phenotypic

states would offer a more complete picture of interactions on chitin particles.

5.4 Impact of nutrient limitation on the carbon cycle

In this thesis, the fourth chapter presents foraging on a patchy landscape from the
lens of the persistence of a microbial population. As seen in figures 4-10 and 4-11, the
selected output is the minimal amount of patches needed for a population to survive
within such an environment. This provides information on bacterial persistence but
does not tackle the influence of the phenotypic changes due to nutrient limitation
on the dynamics of carbon sequestration. Microbes indeed contribute to the carbon
cycle by dissolving particles that would otherwise sink to the bottom of oceans [48]. In
this context, the timescales of bacterial foraging in a patchy landscape can influence
the fluxes of particles. This would notably impact environments with sparse particle
concentration, where the mean distance between particles is large. The question then

emerges: how is the time scale of particle degradation influenced by the timescales of
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bacterial foraging in a nutrient-poor environment?

This could be estimated by expanding the last individual-based model presented
in the section 4.4 of chapter 4. It requires complexifying it by adding an explicit
pool of particles, whose size and concentration can be drawn from a realistic particle
size distribution [158, 95, 134|. During a simulation, when a bacterium encounters
a particle, this microbe could then be assigned to a particle at random. This pick
for a particle would only depend on particle size. Once enough microbes attach to
the same particle, this patch can be considered colonized and thus dissolving. Such a
model would also enable a better quantification of the effect of chemotaxis on particle
colonization. This model could then output a timescale for particle colonization
depending on the phenotypic changes experienced by bacteria while they are foraging.
So far, the state-of-the-art for integrating microbial dynamics with particle fluxes [120]
models the bacterial encounter rate with the assumption that bacteria stay motile.
Modifications of this global scale model would enable the characterization of the

influence of these phenomena on global particle turn-over.
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Chapter 6

Conclusion

6.1 Summary

This thesis quantified the phenotypic adaptation of foraging bacteria to nutrient lim-
itation and its implication on a population’s ability to persist in a patchy landscape.
In the first chapter, I reviewed the literature about the patchy landscape marine
bacteria live in, where a nutrient-depleted environment surrounds nutrient-rich par-
ticulate organic matter. This nutrient heterogeneity requires microbes to forage for
resources under nutrient limitation, which impacts bacterial physiology. In turn, dy-
namic changes to physiological properties such as motility, viability, and stickiness
can affect the scavenging abilities of a bacterial population, thus creating a feed-
back loop that can change the timescales of foraging. Such variation can impact the
timeframe of particle colonization and degradation by bacteria, which influences the
carbon cycle in the oceans.

To quantify the changes in bacterial foraging traits under nutrient limitation, I
designed an experimental system in chapter 2. Here, I chose to focus on the multi-
day deprivation of GlcNAc, the monomer of the common marine biopolymer chitin,
as a source of both carbon and nitrogen for a strain of Vibrio corallislyticus, YB2.
This required a careful examination of potential contamination sources, as well as
the development of an evaporation-controlled system. From this incubation, I then

optimized state-of-the-art methods for measurements of cell viability, size, motility,
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stickiness, and regrowth at the population and individual scales. Highlights from
these methods include the use of a Suspended Microchannel Resonator, developed by
the Manalis lab, to quantify individual cell buoyant mass, as well as the optimization

of attachment and regrowth assays involving the insoluble polymer chitin.

The findings from these experiments are described in chapter 3, in which I iden-
tified behavioral changes linked to nutrient limitation. First, I show that Vibrio
corallislyticus can trump death for up to seven days and sustain up to three divisions
in a nutrient-free environment. This last phenomenon is akin to reductive division,
as it corresponds to a decrease in individual cell size. These marine bacteria also
experience discrete motility loss events over the course of starvation, resulting in a
decrease of the motile fraction from 80% after one day of starvation to 8% after
five days. Attachment experiments suggest that bacterial stickiness decreases as a
function of starvation duration, contrary to the expectation built by literature [92].
When the time comes to be rescued in a nutrient-rich environment, Vibrio coralli-
ilyticus experiences delays to regrow after starvation, with lag times on the order
of magnitude of hours. However, these bacteria still maintain a similar final yield
no matter the time they spent in a nutrient-depleted environment. The side-by-side
comparison of population-wide measurements with the quantification of individual
traits led to the conclusion that in this experimental system, nutrient limitation was
a driver of population homogeneity, not heterogeneity. The results are at odds with
prior expectations that nutrient limitation would lead to heterogeneity as a part of
a potential bet-hedging hypothesis. All these experimental results highlight the dy-
namic phenotypic adaptations of Vibrio coralliilyticus to nutrient limitation and the

effect of starvation on numerous key foraging traits.

Chapter 4 investigates the influence of the different phenotypic changes on the
time scales of bacterial foraging and persistence using modeling tools. While reductive
division and death delay provide more opportunities for microbes to find a particle,
loss of motility and stickiness decrease the bacterial encounter rate with particles.
After defining a classic model describing the stochastic process of encounter between

particles and bacteria, I explored the increase in foraging time by adding a discrete
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motility loss to that model. On top of that, to include the changes in bacterial
viability such as death delay and reductive division, I contrasted a population-based
model with an individual-based model that simulates bacterial trajectories. This last
individual-based model cast light on the minimal amount of particles required for a
bacterial population to persist given these dynamic phenotypic changes.

Chapter 5 expanded the scope of the experimental and modeling chapters by
adding layers of complexity in order to make it more relevant to the natural envi-
ronments. An additional source of heterogeneity in a foraging bacterial population is
the amount of time individual cells have spent in the nutrient-limited environment.
Here, I present preliminary data on this phenomenon by examining the facilitation
dynamics in the attachment to particles between exponentially-growing and starved
cells. As these interactions between two different physiological states could be medi-
ated by chemotaxis, I then explored how chemotactic abilities in bacteria are affected
by nutrient limitation, and found that motility loss can be reversible at day 5 by the
addition of a chemo-attractant. This underscores the importance of chemotaxis on
the time scales of bacterial foraging, adding another layer of complexity to explore in
future work on this topic. I additionally consider how interactions with other strains
in a complex, natural community may affect the phenotypes described here. Lastly,
I discuss how the results presented in this thesis can be included in the modeling of

carbon cycling in oceans to have better estimates.

6.2 Discussion

To estimate bacterial foraging, it is important to consider the impact of nutrient
scarcity on bacterial phenotypes. Here, I show that motility loss, delay to death
on-set and reductive division affect bacterial foraging efficiency. This thesis provides
a unique point of view on foraging time scales by quantifying multiple parameters
governing successful encounter rates. Experimental results were assayed over time,
which enables a dynamic trait description of the bacterial population. The contrast

between population and individual level measurements also provided unique insight
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into the potential emergence of population heterogeneities. Within this experimental
system, nutrient limitation leads to an homogenization of the bacterial population.
The results regarding cell attachment to chitin beads call into question the accepted
trend that cell stickiness increases with the time spent in a nutrient-limited environ-
ment. Here, heterotrophic bacteria balance the disadvantage from motility loss and
stickiness deficit with a higher viability. This work also presents new stochastic mod-
eling frameworks that contribute to a better understanding of bacterial persistence
within a patchy landscape. This provides a well-defined baseline for the minimal
particulate requirement for a bacterial population to survive, while also constraining

the space of bacterial traits needed to survive in a given environment.

One exciting avenue to explore is an extension of the experimental results onto
other bacterial strains foraging in the oceans. Such phenotypic assays could general-
ize the experimental results observed in chapter 3. If they are combined with genetic
tools, it could identify key players in those phenotypic changes and thus gain predic-
tive power on the dynamical changes experienced by foraging bacteria in the global

oceans.

Another open question remains about the influence of different types of nutrient
limitations on bacterial phenotypes. As mentioned in the introduction, the growth of
microbes in the oceans is indeed limited by different chemicals such as iron, vitamins,
and also phosphorus. The resolution of the patches bacteria navigate could happen
at the mesoscale, where particles concentrate some of those nutrients. Exploring the
commonalities and discrepancies between the phenotypic responses to the deprivation
of a variety of chemicals could help identify new bacterial niches and further our

understanding of the marine microbial ecosystem.

This work contributes to linking the ecological roles of a bacterial strain with its
physiology, as it reacts to its surrounding environment. By taking into account the
stressor of nutrient limitation during particle foraging, this work aims at contextualiz-
ing microbial ecological dynamics within their resource landscape. It also contributes
to addressing open questions about the role of bacterial dormancy in marine systems

[101] and the complex study of bacterial populations with a low metabolic activity
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[56]. In a boarder context, precise physiological measurements on the microscale have
outsize effects on our understanding of the microbial ecosystem and the global carbon

cycle.
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Appendix A

Abbreviations

Long Name Abbreviation
Colony Forming Unit CFU
Deoxyribonucleic acid DNA
N-acetyl-D-glucosamine GlcNAc
High-Performance Liquid Chromatography HPLC
Optical Density OD
poly-B-hydroxybutyrate PHB
Particle Size Distribution PSD
Polyvinylpyrrolidone PVP40
International System of Units SI
Suspended Microchannel Resonator SMR
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Appendix B

Media Recipes

B.1 Tibbles-Rawlings Media

The recipe for this media based on a paper by Tibbles and Rawlings [172] is de-
scribed extensively in the appendix B of Manoshi Datta’s PhD thesis [35] as a minimal

medium without carbon source.
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B.2 Minimal Artificial Seawater Media

The recipe for this media was optimized collectively, notably by Julia Schwartzman,

Tolga Calgar and Kapil Amarmath.

B.2.1 Stock solutions
4X Salt Water

This is the base for all defined media

Table B.1: 4X Salt Water recipe - 1L to filter sterilize through 0.2um

Component Amount (per L) | Formula Weight (g/mol) | Concentration (mM)
NaCl 80 g 58.44 1369

MgCly +6H,0 | 12 ¢ 203.20 59

CaCly x 2H>0O | 0.60g 147.02 4

KCl 20 g 74.56 26

HEPES Buffer

For 1L of 1M HEPES buffer (20X), dissolve 260.29¢ HEPES sodium salt in 750 mL
distilled water before adjusting the pH to 8.2 with concentrated HCl and constant
stirring. After storing at 4°C, bring to a final volume 1L with distilled water and
filter sterilize through 0.2um.

PVP40

The stock solution of polyvinylpyrrolidone (with an average molecular weight of
40000) is a 1% w/v solution, which means dissolving 2.5g of PVP40 in 250mL of
distilled water. This needs to be filter-sterilized through 0.2um.
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1000x Trace Minerals

This solution contributes to mimicking the ionic composition of seawater. It is possible
to make some substitutions in the same oxidation state but with a different counterion
for some metals. All dissolutions must happen in 20mM HCI to avoid precipitate and
contamination. It is necessary to use single-plastic use material and to thoroughly

wash any other instruments with 20mM HCIL.

Table B.2: 1000X Trace Minerals

Substance Final Concentration (mg/L) | Comments

FeSO, x THyO 2100

H3BO; 30

MnCly x 4H50 100

CoCly, x 6H50 190

NiCly % 6H,0 24

CuCly *x 2H50 2

ZnSOy x THyO 144

NasMoOy x 2H50 36

NaV O3 25 Toxic, handle in hood
NaW Oy x 2H50 25 Toxic, handle in hood
NaySeOs 4 Toxic, handle in hood

After filter-sterilizing it through 0.2um, this solution is stable for a couple months

when stored at 4°C. For longer term storage, it is possible to keep aliquots at -20°C.
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1000X Vitamins

This solution needs to be dissolved in 10mM MOPS at pH 7.2.

Table B.3: 1000X Vitamins

Substance Final Concentration (mg/L) | Comments
Riboflavin 100

D-Biotin 30 Stored at 4°C
Thiamine hydrochloride 100

L-ascorbic acid 100

Ca-d-pantothenate 100

Folate 100

Nicotinate 100 Stored at 4°C
4-aminobenzoic acid 100 Stored at 4°C
Pyridoxine HCI 100

Lipoic acid 100

NAD 100 Stored at 4°C
Thiamin pyrophosphate 100 Stored at -20°C
Cyanocobalamin 10 Stored at 4°C

This solution needs to be titrated with a couple of drops of 5M NaOH to avoid
precipitate and filter-sterilized through 0.2um. It is stable for a couple months when
stored at 4°C. For longer term storage, it is possible to keep aliquots at -20°C.
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10X CNP-Seawater

This solution is an intermediate mix of the final minimal media that can be frozen at

-20°C (for faster preparation).

Table B.4: 10X CNP-Seawater

Substance Volume (mL)
1000X Trace Minerals 10

1000X Sodium Sulfate 10

20X HEPES Buffer, pH 8.2 | 500

Distilled water 480

Sources of C, N, S and P

This table presents the different options to add on carbon, nitrogen, sulfur and phos-

phorus to the media. Each line is a different solution, which needs to be filter-sterilized

through a 0.2um filter.

Table B.5: Possible sources of carbon, nitrogen, phosphorus and sulfur

Solution Name Providing Substance Amount (g) to be dissolved
in 40mL of distilled water

1M sodium sulfate (1000X) S NaySOy 5.68

0.5M phosphate dibasic (500X) P NayH PO, anhydrous 2.84

0.5M phosphate dibasic (500X) P NayHPO, *x TH,O 10.72

0.4M GleNAc (20X) C,N CsH15NOg 3.54

1M GleNAC (50X) C,N CsH15NOg 2.21

IM Ammonium Chloride (100X) N NH,CI 2.14

0.4M Glucose (20X) C CeH1205 2.88
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B.2.2 Original Media

Here is the recipe for the media with the original concentrations of carbon, nitrogen,

and phosphorus.

Table B.6: Original Seawater media recipe (final volume: 40mL)

Volume (mL) | Stock Solution

0.04 1000X Vitamins

0.08 500X 0.5M Phosphate Dibasic
0.4 100X 1M Ammonium Chloride
2 20X 0.4M GlecNAc

10 4X Seawater

4 10X CNP-Seawater

23.5 autoclaved distilled water

B.2.3 Base Media

Table B.7: Base Media Recipe (final volume: 100mL)

Volume (mL) | Stock Solution

5 1% PVP40

0.02 500X 0.5M Phosphate Dibasic
0.2 500X 1M GlecNAc

25 4X Seawater

10 10X CNP-Seawater

59.8 autoclaved distilled water
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B.2.4 Starvation Media

Table B.8: Starvation Media Recipe (final volume: 100mL)

Volume (mL) | Stock Solution

5 1% PVP40

0.02 500X 0.5M Phosphate Dibasic
25 4X Seawater

10 10X CNP-Seawater

60 autoclaved distilled water

B.2.5 Rich Media

Table B.9: Rich Media Recipe (final volume: 10mL)

Volume (mL) | Stock Solution
9 Base Media
1 Marine Broth 2216
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Appendix C

Physics-based prediction of

biopolymer degradation

Context

The degradation of chitin particles by bacteria is a physical phenomenon mediated
by biological entities secreting chemical agents. On the one hand, bacteria produce
enzymes that mediate the degradation of the chitin polymer. On the other hand, a
chitin particle is a matrix of cross-linked polymers that get cleaved by enzymes. In
other words, chitin is a biogel that chemical agents can degrade. On-going research
about biogels focuses on their degradation, swelling, and also accretion. All in all,
the dynamics of particle degradation are at the intersection of biology, chemistry, and

physics.

This appendix presents the work done in collaboration with Rami Abi-Akl for the
paper [1]. This project explores how the physical modeling of biogel degradation can
explain a surprising experimental observation for bacterial particle degradation. This

write-up focuses on my contribution.
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Detailed Contribution

The idea of the collaboration between Rami Abi-Akl and me emerged after a pre-
sentation of Rami Abi-Akl ’s research at a departmental seminar. As Rami Abi-Akl
had the expertise in biogel physics, my role was to introduce him to the experimental
design and results and also to the current biological model of particle degradation.
We worked together to design a model bridging the current understanding of biogels
and bacterial degradation. Rami Abi-Akl did all the subsequent model analyses. Tim
Enke collected the data used for the published paper. It is to note that I also gathered
similar data during my thesis, as shown in this appendix. We also wrote a proposal
to the MIT Civil and Environmental Engineering cross disciplinary seed fund award
with the help of our principal investigators Professor Otto Cordero and Professor Tal

Cohen.

Abstract

In the natural environment, insoluble biomatter provides a preeminent source of car-
bon for bacteria. Its degradation by microbial communities thus plays a major role in
the global carbon-cycle. The prediction of degradation processes and their sensitiv-
ity to changes in environmental conditions can therefore provide critical insights into
globally occurring environmental adaptations. To elucidate and quantify this macro-
scale phenomenon, we conduct micro-scale experiments that examine the degradation
of isolated biopolymer particles and observe highly nonlinear degradation kinetics.
Since conventional scaling arguments fail to explain these observations, it is inferred
that the coupled influence of both the physical and biochemical processes must be
considered. Hence, we develop a theoretical model that accounts for the bio-chemo-
mechanically coupled kinetics of polymer degradation, by considering the production
of bio-degraders and their ability to both dissociate the material from its external
boundaries and to penetrate it to degrade its internal mechanical properties. This

change in mechanical properties combined with the intake of solvent or moisture from
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the environment leads to chemo-mechanically coupled swelling of the material and,
in-turn, influences the degradation kinetics. We show that the model quantitatively
captures our experimental results and reveals distinct signatures of different bacteria
that are independent of the specific experimental conditions (i.e. particle volume and
initial concentrations). Finally, after validating our model against the experimental
data we extend our predictions for degradation processes across various length and

time scales that are inaccessible in a laboratory setting.

Citation

Abi-Akl, Rami, Elise Ledieu, Tim N. Enke, Otto X. Cordero, and Tal Cohen.
"Physics-based prediction of biopolymer degradation." Soft Matter 15, no. 20 (2019):
4098-4108.
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Appendix D

Bacterial Growth on a Patchy

Landscape

Context

This appendix reproduces the paper for the second part of my general exam defended

in 2017. It explores the event of sudden particle decolonization.

D.1 Abstract

Bacteria grow on nutrients that are spatially distributed in their natural environ-
ments. Nature is characterized by its resource scarcity and its uneven resource distri-
bution that impact different aspects of population growth. In the ocean, heterotrophic
bacteria can attach to complex biopolymer particles that act as hotspots of bacterial
activity due to their high carbon content. These hotspots, also considered as patches,
are distributed in seawater and form a patchy landscape of nutrients. This paper
aims to address the dynamics of a bacterial population on a patchy landscape by us-
ing the experimental model system consisting of bacterial growing on heterogeneous
landscapes made of biopolymer particles in an otherwise carbon-depleted medium.
This work describes how the growth of a clonal bacterial population on one particle

depends on the initial bacterial concentration and on the density of patches on the
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landscape. This growth is a non-linear phenomenon, which suggests the existence
of bacterial strategies that trade-off growth on a patch with foraging behaviors on a

landscape.

In the ocean, heterotrophic bacteria live in a spatially structured landscape of
nutrients. Organic matter in this environment can either be aggregated in particles,
in what is known as marine snow, or can be dissolved in seawater. |11, 7] Particulate
organic matter constitutes a form of highly concentrated carbon resources and acts
as a hotspot for bacterial activity. [150, 9] Since these particles are rich in complex
biopolymers like chitin and alginate, they sink into deeper oceanic layers leading
to the sequestration of carbon in sediments. [28] If bacteria capable of dissolving
complex biopolymers colonize these particles, they can transform particulate organic
matter into dissolved organic matter and biomass, thus recycling essential nutrients
back into the marine food web. It is therefore crucial to rationalize the dynamics of

such a process in order to understand carbon cycling in the ocean.

Degradation of particulate matter in the ocean is intimately linked to the dynamics
of bacterial growth, as degradation is dependent on bacteria producing enzymes that
dissolve particulate organic matter. [154] However, the intrinsic spatial structure
of the particle environment influences bacterial behavior, as microbes must adapt
to conditions of alternating nutrient richness and nutrient depletion. Conditions of
nutrient richness are found on and around particles, whereas conditions of nutrient
depletion are characteristic of the bulk seawater. Given this difference in the abiotic
environment, it follows that bacteria that are categorized as free-living (i.e. found in
bulk seawater) are in a very different physiological state than those found attached
to particles. [38] Bacteria adapt to attach to particles in order to grow but they also
adapt to disperse in search of new particles and to sense chemical gradients. [53]
Therefore, organisms must decide whether to remain attached to a particle surface or
to swim in pursuit of new resources. This microbial cycle of famine and feast [157]
influences the persistence and growth dynamics of a bacterial population and thus
its efficiency to occupy and degrade a landscape of several particles. Below, I will

expand on each of these two phases of the life-cycle of bacteria on particle landscapes.
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(Fig. D-1)
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Figure D-1: Life cycle of bacteria on a patchy landscape. This cycle can locally
happen at a particular particle or it can involve different particles, as bacteria can
disperse from one particle to another.

Firstly, as free-living organisms in the seawater, bacteria are in an environment
significantly depleted in nutrients compared to particles. This means that bacteria can
undergo starvation while foraging for new resources. [186] Starvation influences the
physiological state of individual bacteria through size reduction, membrane changes
[73, 92] and motility. [118, 165] All these factors have an impact on microbial foraging
strategy, because foraging for new resources depends on intrinsic bacterial properties
such as microbial diffusivity and attachment propensity. [36] Kiorboe estimated the
median search duration to be less than a day in oceans without considering possible
physiological changes of bacteria due to starvation. [87] However, effects of starva-
tion can appear within a couple hours, which is a relevant time scale to influence
foraging behaviors. [181] The longer cells search for nutrients, the more affected they
are by starvation. Since the interplay between starvation and foraging appears at
the microbial scale, it can therefore influence the dynamics of the degradation of a
landscape.

Secondly, once a bacterium encounters a particle, it attaches to it and bacterial
growth begins. Growth on particles requires the production extracellular enzymes
that are able to break down the long polysaccharide chains found in biopolymers into
smaller by-products. {196, 182] These smaller molecules can be imported into the cell
and used as a carbon and energy source for growth. The enzymes secreted by bacteria
and the monomers can be described as public goods, as they are a shared resource

from which both the cell that produces the enzymes and its neighbors benefit. [40].
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The role of such an interaction on the process of particle colonization remains an
important open problem in the field, as it is unclear how it promotes competitive or

cooperative behaviors between cells around a particle. |70]

Transitions between the previously described particle-adhered and free-living states
are referred to as attachment and detachment. To characterize this phenomenon, it
can be hypothesized that as soon as a cell encounters a particle there is attachment.
[87] If attachment is defined by the initial contact of a bacteria with a particle, then
the detachment rate completely controls the stability of the attached state. This
rate is parameterized by intrinsic cellular properties, such as membrane integrity or
presence of binding molecules on the cell surface. These properties interplay with
the nature of the substrate and its chemical properties such as electronegativity. [69]
Detachment also depends on biotic factors, for example the presence of an extracel-
lular matrix, the distribution of cells on the surface of the particle, quorum sensing
molecules, and the physiological state. The variety of processes involved in triggering
detachment makes it a complex problem that remains poorly understood. The free-
living and attached states, as well as the transition between them, have implications
for the aggregate behavior of bacterial at the landscape level, where biopolymer par-
ticles define discrete patches of nutrients in an otherwise nutrient depleted aquatic

environment.

In a homogeneous well-mixed environment, bacterial biomass is expected to fol-
low Monod’s equation. However, the growth dynamics at the landscape level, which
generally can be characterized by biomass increase on the patches within the land-
scape, are unknown, as growth dynamics on a patch are connected to the growth
dynamics on other patches via bacterial dispersal. [59] A colonized patch is an open
system that exchanges fluxes of bacteria but also chemical cues due to bacterial ac-
tivity with its surroundings. [163] Even before linking patches together, it is unclear
how free-living bacteria invade a patch de novo because of feedback loops between
the attached and free-living states. Information between growing cells and free-living
cells can indeed be transferred through the secretion of chemical cues by attached cells

such as byproducts from biopolymer particle degradation. These chemical signals can
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in turn change the behavior of free-living cells, as they adapt their motility patterns
in response to those chemical gradients. This behavior, known as chemotaxis, has
been observed around particles in seawater. [47, 162] Because of the interdependence
between cellular states and the dynamical chemical landscape, it remains challeng-
ing to predict the growth dynamics of a bacterial population with an initially given
spatially heterogeneous pool of resources.

In order to study the emergence of population dynamics on a patchy landscape
from a top-down perspective, we investigate how a clonal bacterial population colo-
nizes patches and grows on them. Global properties of the landscape such as particle
density are expected to influence fluxes of bacteria between patches and thus to cause
non-linearity in bacterial growth. The closer particles are to each other, the more
likely it is for bacteria that have detached from a patch to reach another particle.
Bacteria experience shorter phases of starvation, which may influence their recovery
time to grow. [12] Moreover, biotic properties of the landscape such as the initial
concentration of free-living cells are likely to have an influence on growth patterns as
well. The more concentrated the bacteria are, the less likely it is that the population
collapses because at least some individual bacteria will be able to encounter a particle
and grow on it. [87] By changing those different biotic and abiotic conditions in a
controlled manner, we aim to identify modifications in growth dynamics that could

clarify trade-offs between foraging and growth on a patchy landscape. [189]

D.2 Experimental Design

D.2.1 Rationale

To study growth processes specific to a patchy landscape, we employ paramagnetic
chitin particles as a simplified version of patches in the ocean. While particulate
organic matter consists of multiple biopolymers [?|, the particles used in this experi-
ment are composed of only one substrate — chitin - which is the second most abundant

biopolymer on Earth, namely chitin. [81] Chitin is insoluble and can be degraded to
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smaller monomers of GlcNAc by chitinases. Micrometer-scaled chitin beads are in-
cubated in artificial seawater, in which every nutrient (i.e. P, N, S, vitamins, trace
minerals) is in excess and no other carbon sources are provided. In this way, the
chitin beads serve as a discrete spatial distribution of nutrient patches. [34, 30| In
this experimental system, not only is the resource landscape reduced in complexity to
a single carbon source, but the microbial community is also approximated by a single
clonal bacterial population. While the behavior of one particular strain does not rep-
resent the diversity of bacterial behaviors in nature, it identifies single-species growth
mechanisms which could happen at a higher scale within a population. This reduc-
tionist approach is a starting point for the identification of ecological processes that

balance growth and foraging in a bacterial population living on a patchy landscape.

D.2.2 Bacterial cultures

DsRed-labelled Vibrio corallitlyticus was streaked from a glycerol stock onto a Marine
Broth (Difco 2216) plate with a 1.5% agar concentration supplemented with 50pg/ul
kanamycin. After 72 hours of growth, a single colony was used to inoculate Marine
Broth liquid medium supplemented with 40pg/pl kanamycin; incubations at room
temperature lasted for 12 hours shaking at 200 rpm. Subsequently, the exponential
phase culture was washed two times by gentle spinning and suspended in Tibbes-
Rawling medium (recipe in [34]) supplemented with 20pg/pl kanamycin. Based on
optical density (correlated with cell counts by flow cytometry), the cell concentration
was diluted down to 104 CFU/ul. This culture, as well as a series of six, serial,
four-fold dillutions of it, were then incubated with washed paramagnetic chitin beads
- New England Biolabs (E8036L) - (pre-washed in Tibbes-Rawling medium) in a
96-well plate. Each cell concentration was incubated with each of three different
concentrations of chitin particles (100, 50 or 10 beads per well) in a final well volume

of 200 pl.
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D.2.3 Imaging

Throughout 72-hour incubation of V. coralliilyticus cultures with chitin beads, the
samples were imaged at 20X magnification was performed using the Evos FL Au-
toimaging System. Both phase-contrast and red fluorescence images were recorded
every two hours. For each experimental condition, six to nine replicate particles were
imaged. Each well of the plate was also scanned at 10X magnification in the Evos
FL Autoimaging System at the end of incubation. The images were processed using
Matlab. To detect the beads, the OTSU algorithm was used on the phase-contrast
pictures. Only the largest bead in each well was considered for further investigation.
We quantify both the amount of fluorescence on the bead and in the surrounding

media.

D.3 Results

High-throughput time lapse imaging and image analysis was performed in order to
track the dynamics of bacterial colonization on artificial chitin particles. On most of
the tracked particles, the number of bacteria varies with time, whereas particle size
remains constant (mean coefficient of variation < 0.01). Most of the outliers detected
after image processing can mainly be explained by two phenomena. The collision
of two particles, or of a particle with a crystal explains a detected steep increase in
particle size while the movement of a particle outside the image frame corresponds to
a detected decrease in size. These outliers are removed for subsequent analysis (Fig.
D-2) by setting a threshold of variation to 0.1.

The footprint of bacterial colonization on particles, measured using a constitu-
tively expressed fluorescent reporter, follows a distinctive pattern, surprisingly not
monotonous (Fig. D-3). At an unsaturated initial concentration of bacteria (i.e. any
concentration lower than the highest one - 104 CFU /pul), the density of bacteria on
a particle first sharply increases until it reaches a peak (phase later referred to as
first colonization wave). In some of the conditions reported later, we notice that this

increase in fluorescence on the particle happens after a delay. The bacterial density
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Figure D-2: Boxplot of the variation over time of the particle area (standard deviation
normalized to the mean value over the time course of the experiment)

on a particle then drops down at a similar rate and, after some lag time, the bacterial
density slowly increases again until it reaches a plateau. These dynamics are con-
sistently found across particles being colonized at unsaturated initial concentration.
When the inoculation concentration of bacteria is high (104 CFU/ul), the surface
of the particle is already fully colonized when the time-lapse begins and therefore

leading to an immediate drop in the bacterial density on the particle.
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Figure D-3: Dynamics of attached and free-living bacterial density over 72 hours with
the third highest bacterial inoculum and the highest particle density. It is aggregated
data from 9 replicates, where the central line is the mean over those replicates and
the gray area is the standard deviation.
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Some properties of these colonization trajectories remain unchanged when initial
conditions in bacterial and particle density vary. For example, the maximum density
reached during the first colonization wave is not correlated with any of those condi-
tions. However, this maximal colonization peak is inversely correlated with the size
of the particle, as shown in Figure D-4. (p < 10-10) If this maximum density were
linked to the attachment rate, one could have expected the exact opposite. This is
because bacteria are more likely to collide with, and attach to, larger particles. More-
over, the intensity of this first colonization process is not correlated with the initial
inoculum of bacteria (data not shown). This dramatic shift in growth could then be
triggered by intrinsic changes in the population behavior or in the environment due
to the metabolic activity of the cells.
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P-value < 10 10
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Figure D-4: Maximal bacterial peak density of the first colonization wave in function
of the particle size. The size of the particle here is proportional to the square radius.

The initial amount of bacteria significantly influences the dynamics of coloniza-
tion at early stages. The time needed for bacteria to reach their maximum density
of bacteria on the particle during the first colonization is significantly correlated with
the microbial inoculum (p < 10-10). Figure D-5 displays the observed trend, which
confirms a result previously observed with other strains isolated from a natural com-
munity on chitin particles (unpublished data by Tim Enke).

The initial density of particles does not affect the dynamics of the first colonization

wave, when the particle is colonized. However, it gains importance during the second
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Figure D-5: Delay to reach the maximum bacterial density on particles given the
initial bacterial concentration. Point colors represent the number of occurrences of
a particular point in the data. The highest initial bacterial concentration has been
excluded from this analysis, as the first colonization wave is not observable in the
given time scale.

colonization wave. Figure D-6 depicts the dynamics of bacterial density on a particle
when inoculated at the highest initial bacterial concentration. It seems relevant to
consider this particular subset of initial inoculum, as it is the only occurrence where
a stationary phase was reached at the end of the second colonization wave. This is
explained by the faster dynamics when inoculated at a higher concentration. Under
these conditions, there is a longer delay in recolonization of the particle when the
density of beads is lower. It could be explained by a higher nutrient availability in
the case of the highest particle density, which is corroborated by the fact that there

are more free-living cells when particles are at higher densities. (data not shown)

Free-living cells also follow a non-intuitive pattern, as they do not exhibit a linear
increase in bacterial density. Figure D-2 displays a typical trajectory of the free-living
cells density. The density stays constant before increasing and reaching a maximum
density, which remains stable before decreasing again. This behavior correlates with
the behavior of attached cell density (p=0.06), as the increase in free-living bacteria
happens at the same time point of the decrease in attached cell density. This trend
between attached and free-living states suggests a massive detachment event. The

difference in intensity between attached and free-living cell densities may be explained
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Figure D-6: Attached bacterial density over time in different particle concentrations
for a saturated initial bacterial inoculum. The second particle colonization wave
begins later when the particle concentration is smaller.

by the three-dimensional nature of the liquid media, in which cells can spread out of
the focal plane.

It is worth noticing that some particles remain uncolonized. This failure mode to
colonize happens more frequently at the lowest particle concentration (of the order
of magnitude of 10 particles per well). In these experiments, at the lowest particle
concentration, 15% of the 20 observed particles were not colonized, whereas at the
intermediate particle concentration only 4% of the 46 particles failed to show growth.
Finally, there is no occurrence of colonization failure at the highest particle concen-
tration. Particle concentration may play a crucial role in the growth dynamics of a

microbial community.

D.4 Discussion

Bacterial growth on a patchy landscape can be non-monotonous at a patch level,

i.e. that colonization of a patch follows two phases. Two waves of colonization can
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be identified on each colonized particle: the first wave of colonization on a particle
depends on the initial bacterial concentration, while the second phase of colonization
is linked to the density of particles. The data set collected during these experiments
casts light on unexpected growth patterns potentially due to the coexistence of two
environments and fluxes of bacteria between these two environmental conditions.

However, these experiments present some shortcomings.

The total duration of the study was too short to fully observe the second wave
of particle colonization under all the different experimental conditions. Furthermore,
replicates show evidence of more variation towards the end of the incubation than
at its beginning (Fig. D-3 and D-6). On average, the standard deviation of the
bacterial density on a patch is more than 20-fold higher at the end of the observation
than at the inoculation under the same conditions. Since growth variation is more
important at the end of the observation, it suggests that replicates take different paths
hinting towards some variability in the experimental set-up. This difference within
the a priori same initial conditions could be explained by the lack of control over the
spatial layout of particles within each well. While the concentration of particles is
known at the scale of a well, the local density of particles could be widely different, as
paramagnetic particles tend to aggregate. Using the scan of each well, each replicate
could be associated with the distance to its nearest neighboring particle. Adding this

level of information could explain the variation between replicates.

From an experimental design standpoint, it then becomes important to precisely
pre-determine the spatial layout of patches. Such spatial constraints can be imposed
by using microfluidic devices with traps. In this case, a trap (a hole of the size
of a particle) immobilizes a chitin particle at a fixed spot. [82] Designing multiple
microfluidic chips with predetermined local and global densities of particles would be
an asset to evaluate the effect of the spatial layout of particles onto growth processes at
a landscape scale. The precision of such an approach can help refine how properties of
a patchy landscape, such as the distance to the nearest patch or the number of patches
within a certain distance, influence growth dynamics. These two landscape properties

illustrate the trade-off between growth, which can be linked to the density of nutrients,
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hence the number of reachable patches, and dispersal that can be correlated with the
need to reach at least one patch to persist, thus the distance to the nearest neighbor.
Since this study presents some evidence of the influence of the layout of the particle
landscape on bacterial growth dynamics, developing a more controlled device for
spatial structure is one direction to be explored more deeply.

During the first wave of particle colonization, the density of particles and thus the
spatial layout of those particles don’t influence the growth dynamics. Nevertheless,
this first phase of colonization still connects what happens on the particle with the
surrounding liquid environment, as a massive an abrupt detachment event occurs.
This phenomenon is surprising because it implies that growth on a particle is not
purely exponential, as expected when resources are in abundance. Since the maximal
bacterial density of this first colonization phase does not depend on the initial bacterial
concentration but on the particle size, this decrease in bacterial density could be
triggered by bacterial metabolism associated to growth on chitin. It is known that
some by-products of chitin degradation, such as GlcNAc, provoke detachment. [191]
Therefore, the increase of GlcNAc concentration around the particle could lead to
a massive detachment event. To test this hypothesis, during at early stages of the
incubation, GlcNAc could be added at different time points of the experiment in
various concentrations. After the GlcNAc boost, observations could unravel if a
threshold of GlcNAc needs to be reached in order to provoke detachment. Another
hypothesis is that, as cells are more packed on the surface of the particle, they could
run out of other nutrients abundant in seawater, such as oxygen, but unable to diffuse
through the bacterial population. [58]

In conclusion, the colonization dynamics of a particle in a patchy landscape are
complex, even when colonized by a single clonal bacterial population. It is a non-
linear process which involves both growth and dispersal. This study is a first step
towards a better understanding of possible trade-offs emerging between the attached

and free-living bacterial states.
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