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ABSTRACT

Engineering metabolic time-sharing in a clonal E. coli population

Fotini Papazotos

The “division of labour” strategy is common among microbial communities, as dividing
burdensome tasks between members of a community alleviates the strain placed on individual cells.
Exploiting this phenomenon in heterogeneous microbial co-cultures for industrial synthesis of
valuable compounds is limited by inefficiencies in nutrient exchange and conflicting growth
requirements. Here, we demonstrate a synthetic gene circuit which enables cells of an isogenic
Escherichia coli population to carry out “metabolic time-sharing” by shifting between alternate
metabolic states via temporal changes in gene expression. Further, we review techniques for
monitoring such dynamic processes at the single-cell level, and discuss their current applications
in bacterial studies. To validate that our circuit may be used to induce cooperative behaviours in
microbial populations, we adapted this circuit to engineer cells that oscillate between distinct amino
acid auxotrophy phenotypes, driven by the periodic silencing of key biosynthetic genes. Culturing
a clonal time-sharing population with unsynchronized oscillators permits reciprocal amino acid
cross-feeding, ultimately ensuring population viability. Through comparative growth experiments,
we found that the fitness of our time-sharing population was comparable to that of a heterogeneous
co-culture composed of E. coli auxotrophs similarly capable of cross-feeding amino acids.
Although future studies would be needed to confirm this, our preliminary results suggest that
metabolic time-sharing may be a viable alternative to synthetic heterogeneous co-cultures. As it
may enable an entire complex biosynthetic pathway to be engineered into a single host with
reduced metabolic burden, the metabolic time-sharing strategy demonstrated here could potentially

be implemented for microbial bioproduction, among other widespread applications.
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CHAPTER 1

INTRODUCTION

1.1 Interactions in microbial communities

Microbes, which cumulatively make up approximately 13% of the biomass on Earth!,
generally exist in diverse and heterogeneous communities. Interactions between microbes in a
mixed environment may be neutral, or they may impact the fitness of their participants in a positive
or negative manner?~. For example, microbial species within complex communities may behave
antagonistically and impede the survival of competitors either directly, via release of antibiotics or
other toxins into the environment®®, or indirectly by outcompeting others in acquiring limited
nutrients®!%!! (Fig 1.1). Conversely, communities may exhibit beneficial interactions which incur
positive fitness consequences for those involved. Commensalism represents one type of uni-
directional beneficial interaction, in which one member receives a fitness benefit from their partner,
whose own fitness remains unaffected!? (Fig 1.1). Consuming excreted metabolic by-products is
one example of commensalism, as the fitness of the producing species remains unaltered, while

proximal interactors reap the benefits of consuming these readily available nutrients'2.

Beneficial interactions can also be bi-directional, such that all participants in the interaction
behave cooperatively and receive a fitness benefit. This type of behaviour is exemplified in “cross-
feeding” interactions, wherein individuals with distinct but complementary metabolic capabilities
reciprocally share nutrients that their interacting partner lacks the capacity to produce*!'*-1¢ (Fig
1.1). Cross-feeding enables “division of labour” (DOL)'7?! between members of microbial
consortia, as metabolic specialization facilitates the efficient allocation of tasks to specialized
individuals. However, these interactions have the potential to be exploited by non-cooperating or
“cheating” individuals, which have access (and therefore opportunity) to consume these shared
nutrients without the burden of providing any in return'®2223 (Fig 1.1). Gaining a deep
understanding of these natural, complex community dynamics can enable the engineering of

synthetic systems exhibiting similar behaviours.
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Figure 1.1 Types of community interactions. Members of a microbial community
may exhibit antagonistic behaviour through competition for limited resources or
siphoning of nutrients produced by individuals engaged in beneficial reciprocal
relationships (“cheating”). Such interactions threaten to destabilize the community,
as they solely promote the survival of the individuals engaging in antagonistic
behaviour. Conversely, communities may engage in mutually beneficial interactions
that maintain community stability. These may be uni-directional, providing a fitness
advantage to one partner while having no effect on the fitness of the other, as is the
case for commensalism. In the case of bi-directional beneficial interactions such as
reciprocal cross-feeding, all members involved receive a fitness benefit from the
interaction, thereby reinforcing community stability.

1.2 Division of labour in microbial consortia

DOL refers to the delegation of tasks between cooperating individuals to reach a shared
goal?!, and has been widely utilized by a variety of biological systems. This strategy is exemplified
in the colony organization of social insects such as ants or honeybees, as division of worker and
queen castes determines an individual’s specialized role in the community?*?3. In multicellular

organisms, DOL is exerted through differentiation of specialized cell types which each carry out



distinct functional roles to ensure survival of the organism?®?’. DOL enables specialization by

splitting the burden of carrying out essential tasks between distinct, cooperating individuals.

In natural microbial communities, DOL has been employed as a strategy to carry out
complex metabolic pathways. The nitrification pathway represents one such example, as the
oxidation of ammonia into nitrite and subsequent oxidation of nitrite into nitrate are each carried
out by distinct groups of bacteria?®?°, Ultimate production of biologically available nitrate therefore
relies on both groups carrying out these complementary metabolic processes?®. Similarly, the
synergistic conversion of syringic acid to acetate has been observed in a co-culture of
Acetobacterium woodii and Pelobacter acidigallici, with neither species exhibiting the capacity to

carry out this conversion in isolation®’.

The utilitization of DOL in natural communities has prompted the engineering of synthetic
microbial consortia for coordinated and synergistic completion of tasks with widespread
applications'>?31, As interest in renewable energy sources has been growing in recent years, so
has the development of microbial co-cultures for processing complex precursors such as
lignocellulosic biomass into biofuels3>~33. The synthesis of ethanol and diesel from carbohydrates
has been demonstrated in engineered hosts such as Escherichia coli*®3’ and Saccharomyces
cerevisiae®®. However, attempts at consolidating all necessary steps into a single strain through co-
expression of multiple heterologous enzymes have thus far limited product titers*®. To address this
constraint, dividing the tasks of lignocellulose hydrolysis and biofuel synthesis into separate

species has enabled successful, albeit inefficient, biofuel production®®#!,

Alternatively, DOL has been implemented into synthetic microbial consortia as a means of
improving community fitness. This was demonstrated in co-cultures wherein each member is
auxotrophic for one amino acid, but simultaneously overproduces another to complement its
partner’s auxotrophy'>3!#2. Reciprocal cross-feeding of these desired amino acids relieves each
individual of the metabolic burden of producing one amino acid, which it is instead able to obtain
from interacting partners. Interestingly, one study investigating different amino acid cross-feeding
pairs found that the overall fitness of these co-cultures were elevated by up to 20% compared to a

prototrophic monoculture'>. DOL can thus be incorporated in the design of cooperative microbial



consortia as a means of increasing productivity and fitness, with applications in the biotechnology

industry for efficient biosynthesis of valuable products.

1.3 Employment of microbial hosts in the biotechnology industry

In recent years, microbial hosts have been increasingly employed for the production of
valuable products and biologics as an alternative to chemical synthesis****. As well-characterized
organisms for which numerous genetic engineering tools have been developed, E. coli, S.
cerevisiae, and Pichia pastoris have been widely used as microbial bioproduction hosts (Fig 1.2A).
However, despite its utility and versatility, several factors limit the efficiency and ultimate product

yield that may be obtained using microbial hosts for industrial fermentation.

The expression of complex heterologous pathways and redirection of metabolic flux toward
product synthesis can create strain on limited pools of cellular resources!®. This burden may result
in slower host growth rates'>* and bioproduction rates below the theoretical maximum yield*64".
Therefore, DOL strategies have been applied to microbial bioproduction as a means of distributing

this burden between multiple hosts.

1.3.1 Application of DOL strategies for enhanced microbial bioproduction

Efforts to maximize the efficiency of microbial fermentation processes have implemented

444751 To reduce metabolic burden, a

DOL strategies through the use of microbial co-cultures
biosynthetic pathway responsible for product synthesis is divided into distinct stages, or
“modules”, with each member of a multi-strain or multi-species consortia being tasked with the
expression of one module***4931-53 (Fig 1.2B). In a co-culture environment, an intermediate
molecule produced via the activity of one module may then be shared with other members of the
consortia to drive flux through subsequent pathway modules. This cross-feeding of pathway
intermediates could enable the coordinated synthesis of the desired compound by the microbial

consortia, while reducing the metabolic strain placed on each individual.



The co-culture strategy has been used for the successful production of a variety of
compounds, including biofuels®’, dyes’!, and precursor molecules for the synthesis of
pharmaceuticals® and polyurethanes*’*8, Current methods for chemically synthesizing these
compounds may be costly, resource-intensive, and unsustainable, indicating a need for microbial
fermentation methods lacking these drawbacks. For example, traditional methods of synthesizing
the polyurethane precursor, adipic acid, relies on nonrenewable petroleum feedstocks and releases
the greenhouse gas nitrous oxide during the process>*. Alternatively, adipic acid can be synthesized
by hydrogenating its precursor, muconic acid>*. Sustainable muconic acid biosynthesis has been
demonstrated by E. coli consortia fed on renewable carbon sources such as glycerol, with each
member of the two-strain co-culture engineered to efficiently express one pathway module®’.
Ultimate product synthesis was facilitated by cross-feeding of the intermediate molecule 3-
dehydroshikimic acid (DHS) between individuals expressing different modules. Adopting a DOL
strategy vastly improved production, as the cooperative E. coli co-culture was able to produce 1016
mg/L muconic acid, while a single host strain engineered to express the entire synthesis pathway
produced only 56 mg/L*’. This dramatic increase in product synthesis highlights the benefits of

implementing DOL into microbial bioproduction strategies.

Although the use of microbial co-cultures for compound synthesis appears promising, there
are disadvantages that may limit overall product yield. Primarily, culturing multiple hosts together
within the same bioreactor environment can yield unstable community dynamics?*4748,
Competition for shared nutrients, or differences in growth rates and nutrient requirements between
hosts may result in one strain dominating the community. An imbalance in host abundances can
hinder progression through the shared pathway, thus decreasing product yield. Additionally, the
loss of intermediate molecules through incomplete transfer between hosts prevents a co-culture
from reaching the theoretical maximum yield of the desired product®’. These limitations, which are

inherent to heterogeneous microbial consortia, illustrate the demand for a single-strain microbial

fermentation system capable of exhibiting DOL.



1.4 Dynamic cellular processes

A number of natural microbial populations have been shown to alter the dynamics of their
cellular processes to coordinate DOL. A notable example of this is the ability of natural Bacillus
subtilis populations to use an innovative “molecular time-sharing” strategy to address competition
between alternative sigma factors for limited RNA polymerase binding opportunities>®. Rather than
assuming the burden associated with increasing RNA polymerase expression, each cell alternates
between RNA polymerase binding to different sigma factors over time>*. The dynamic changes in
gene expression profiles that result from transcription of distinct gene sets by different alternative
sigma factors may function to ensure overall population survival in the face of different

environmental stressors.

Another example of temporal DOL also occurs within natural B. subtilis populations.
Acetate is produced as a by-product of cellular metabolism, and its resultant accumulation creates
toxic conditions for B. subtilis by lowering intracellular pH>®. To combat this, a fraction of the
isogenic population stochastically switches into a distinct metabolic state which instead produces
the pH-neutral molecule acetoin®. Uptake of excreted acetoin maintains population viability by
neutralizing the acidic pH created as a result of acetate accumulation. Although the production of
acetoin imposes an increased metabolic burden on this subpopulation, such division of metabolic
labour was hypothesized to improve overall population fitness. The stochastic switching between
distinct states may act as a means for isogenic populations to carry out necessary but opposing

metabolic tasks.

Similarly, cyanobacteria have been shown to coordinate dynamic changes in gene
expression in order to carry out essential, but incompatible metabolic functions. Cyanobacteria
carry out both photosynthesis and nitrogen fixation, despite the incompatibility of these processes
due to the irreversible inactivation of the nitrogenase enzyme by oxygen?'?2°7. Some non-
heterocystous groups including the Oscillatoria species have adopted a method for temporally
dividing these tasks. These species of cyanobacteria oscillate between distinct metabolic states in
which they perform photosynthesis during the day, and subsequently fix nitrogen at night,
according to the dynamics of their circadian rhythm®-%. Incorporating temporal, rather than

spatial, DOL ensures that all necessary metabolic processes may be executed within the same cell,



thus eliminating the requirement for nutrient transport between cells. While these represent natural
examples of dynamic switching between metabolic states, similar behaviour may be implemented

into engineered microbial consortia using synthetic gene circuits.

1.4.1 Metabolic time-sharing as a potential solution to decrease host burden

Stochastic fluctuations in gene expression between genetically identical cells can create
heterogeneity within a population, resulting in distinct subpopulations exhibiting different
phenotypes and behaviours®'-%4, We hypothesize that cells can exhibit “metabolic time-sharing” by
alternating between distinct cellular states over time via changes in gene expression®> (Fig 1.2C).
We further hypothesize that this phenomenon may be applied to microbial bioproduction through
the engineering of clonal strains that encode an entire biosynthetic pathway, but alter their gene
expression dynamics to only express one module at any given time. Shifting between pathway
modules serves the purpose of reducing metabolic burden compared to strains expressing all steps
simultaneously. Similar to the co-culture approach discussed in Section 1.2.1, metabolic time-
sharing enables a population as a whole to use DOL to progress through an entire pathway, but is
not subject to the disadvantages associated with heterogeneous co-cultures. Therefore, introducing
DOL into a genetically identical population is a promising avenue for enhancing microbial

bioproduction, requiring precise control over gene expression dynamics.



Module 1
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Figure 1.2 Strategies for microbial bioproduction. (A) Expressing an entire
biosynthetic pathway into an isogenic population, such that each individual has the
capacity to produce the desired product. (B) Engineering a microbial co-culture,
consisting of multiple strains or species that each express one pathway module.
Intermediate molecules are shared between members of a heterogeneous community,
and overall pathway completion and product synthesis relies on cooperation between
cells expressing different modules. (C) Implementing metabolic time-sharing in a
clonal population enables each member of the population to progress through alternate
pathway modules or metabolic states over time. Although the population may appear
heterogeneous when metabolic states are unsynchronized between individuals, each
cell in the population is genetically identical and capable of independent product
synthesis by alternating between distinct states in a specified order.

1.5 Synthetic gene circuits for manipulation of gene expression dynamics

Synthetic gene circuits are networks of genes and regulatory elements designed to dictate

host cell behaviour, and may be used to engineer cellular processes with specified dynamics.

Parameters including transcription, translation, and depletion rates of regulatory factors such as



repressor proteins, determine the circuit dynamics and may be tuned to achieve the desired
temporal behaviour with high precision®. The toggle switch represents one classic example of a
synthetic circuit that has been used to induce bistable state-switching in cells®. This circuit encodes
two repressor genes, which each repress the expression of the other to create a bistable system.
However, this circuit is limited to two distinct cellular states, and state-switching is not dictated by

the circuit itself, but instead must be triggered through inducer molecule addition.

To the contrary, this thesis focuses on the construction and validation of a circuit that
enables sustained switching between three distinct cellular states in single E. coli cells with
specified dynamics, in the absence of inducer molecules. This is achieved by integrating the
redesigned repressilator circuit®’, which has been demonstrated to generate precise oscillations in
gene expression, with CRISPR interference (CRISPRi)%, a tool for targeted, transient gene
silencing. This hybrid circuit extends the capabilities of the repressilator to enable oscillation of
any sets of plasmid- or chromosome-derived genes, and can therefore be used to switch between
distinct metabolic states over time through periodic silencing of key metabolic genes. Alternating
between complementary metabolic states can facilitate temporal DOL within an isogenic

population.

1.5.1 The repressilator

The repressilator is a landmark genetic circuit consisting of three repressor proteins - Lacl,
TetR and Acl - which each repress the expression of the subsequent repressor in the circuit®’-%,
This creates sustained out-of-phase relaxation oscillations due to delayed negative feedback (Fig
1.3A). Each oscillation begins with a build-up phase characterized by the rapid production of one
protein, whose cognate repressor is low in abundance, and ends when production is halted due to
the cognate repressor reaching levels sufficient for gene repression (i.e. the “repression threshold”).
Cessation of protein production marks the beginning of the decay phase, during which the protein

is depleted from the system, enabling de-repression of the subsequent gene in the circuit (Fig 1.3B).

While the original repressilator®® circuit exhibited noisy behaviour, recent modifications
drastically improved its precision®’. The repressilator circuit used in this thesis lacks degradation

tags on the repressor proteins, thereby maintaining high numbers of molecules in the system to



reduce noise caused by stochastic degradation. This ensures that repressor elimination from the
system is purely due to dilution, such that the exponential decay phase is intrinsically coupled with
cell division. In addition, the repressilator may be used to control the expression of external genes.
Placing reporter genes under control of each of the promoters encoded in the circuit (piac, ptet, and
pr) yields out-of-phase oscillations in reporter gene expression following the same dynamics as the
repressilator. However, this circuit is limited to controlling the expression dynamics of external
genes placed under the control of piac, pret, Or pr, and further development would be required to

extend its capabilities to regulate genes controlled by their native promoters.
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Figure 1.3 Schematic of the repressilator circuit. (A) The plasmid-derived
repressilator encodes three repressor proteins that each repress the following
repressor in the circuit, generating oscillations in repressor gene expression. The
“triple-reporter repressilator” variant depicted here additionally encodes three
fluorescence genes, each under control of a promoter acted on by the circuit. (B) Out-
of-phase oscillations generated by the repressilator can be observed by monitoring
expression of the three fluorescence genes over time. Schematic representation
inspired from Potvin-Trottier et al. (2016).

1.5.2 CRISPR interference

CRISPR interference is a versatile tool for specific and transient silencing of target gene
expression®. Gene silencing requires co-expression of the catalytically dead Casl2 (dCas12)
enzyme and a CRISPR array, which encodes alternating “direct repeat” (DR) sequences and

“spacers” that are each complementary to a target gene’’!. dCas12 facilitates the processing of
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CRISPR arrays into mature CRISPR RNA (crRNA) molecules via the trimming of 6-7 base pairs
from the 3’ end of each spacer, yielding multiple crRNAs encoding single repeat-spacer units’%72,
Mature crRNA molecules may form complexes with dCasl2 enzymes, and guide them to their
target genes, thus enabling temporary silencing’' (Fig 1.4A). CRISPR arrays may encode several

crRNAs, which enables flexible, combinatorial gene repression.

Distinct domains of Casl2 exhibit RNase activity for ctRNA processing, and DNase
activity for target gene cleavage in traditional CRISPR gene editing’'. However, for transient
CRISPRi-mediated gene silencing, a D917A mutation in the DNase domain effectively eliminates
DNA cleavage ability’®. Therefore, when the resultant dCas12 enzyme is guided to its target by a
crRNA molecule, it effectively silences transcription of that gene through steric hindrance of RNA
polymerase. Although several species have been found to naturally express Cas12, the Cas12 native
to Francisella novicida has been the most widely used in bacterial genetic engineering

applications’?, and the D917A mutant of this homolog is further used throughout this thesis.

While the Streptococcus pyogenes-derived dCas9 enzyme has been more widely used in
studies implementing CRISPRi74+-78, the more recently discovered dCas12 has proven to be a more
versatile alternative. Unlike dCas97%-%°, dCas12 expression has not been reported to cause toxicity
in E. coli hosts’?, which broadens its potential applications. Additionally, dCas9 does not exhibit
crRNA processing capabilities, but instead requires co-expression of an RNase III enzyme to cleave
base pairs from the 5° ends of spacers, as well as a trans-activating crRNA (tractRNA) molecule
to facilitate crRNA binding to dCas9®! (Fig 1.4B). The simplicity of dCas12, which inherently
performs the functions of both the RNase III and tracrRNA”!, is advantageous when assembling

complex synthetic circuits that additionally require the expression of many different components.
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Figure 1.4 Schematic of CRISPR interference. (A) In dCas12-mediated CRISPR interference, a CRISPR
array is cleaved and processed into discrete crRNAs by dCas12. Each crRNA forms a complex with
dCas12, and guides it to a target. Here, the crRNA spacer sequence binds to its complementary target on
the noncoding strand, and the associated dCas12 temporarily blocks gene expression by hindering the
activity of RNA polymerase. (B) As dCas9 does not exhibit crRNA processing ability, RNase III is
responsible for CRISPR array cleavage into crRNAs, and a tracrRNA molecule mediates binding of a
crRNA molecule to dCas9. The resultant dCas9-crRNA-tractRNA complex binds to its target on the
coding strand and similarly silences gene expression through steric hindrance of RNA polymerase.

1.6 Thesis objectives

In this thesis, we demonstrate a versatile platform for dynamic control over gene expression
that can be used to introduce DOL into isogenic bacterial populations. By extending the capabilities
of an existing genetic oscillator, we engineer clonal populations that exhibit metabolic time-sharing

by alternating between cellular states with predictable dynamics.

Chapter 2 discusses the benefits of monitoring dynamic behaviour at the single-cell level,
with emphasis on the “mother machine” microfluidic device, and highlights impactful studies
which have employed mother machine-like devices to study dynamic processes in bacteria. In
Chapter 3, we present a synthetic gene circuit that dictates oscillations in gene expression and adapt

it to construct obligate cross-feeding interactions within clonal E. coli populations. To the best of
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our knowledge, this is the first instance of exploiting the behaviour of an oscillatory gene circuit to
induce cooperative interactions within an isogenic population, and was carried out through two

specific aims:

1. Design and construction of a synthetic circuit for dynamic control over gene expression. Here,
we integrate the repressilator with CRISPRi to demonstrate a hybrid circuit that oscillates between
the expression of alternate CRISPR arrays. We employ a Golden Gate-based method for efficient,
modular cloning of CRISPR arrays which dictate cellular states through the targeted, combinatorial

repression of metabolic genes.

2. Application of the metabolic time-sharing circuit for the creation of obligate cross-feeding
interactions within a clonal E. coli population. In this thesis, we adapt the circuit described in
Aim 1 to create an E. coli population that alternates between distinct amino acid auxotrophies,
thereby enabling reciprocal cross-feeding between proximal cells occupying different states. This
proof-of-principle provides evidence that metabolic time-sharing may be used to induce dynamic
switching between metabolic states, with potential applications in the biotechnology industry for

synthesis of value-added products via successive expression of biosynthetic modules.
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CHAPTER 2

MONITORING DYNAMIC PROCESSES

2.1 Introduction

Natural microbial populations have been demonstrated to achieve DOL over time through
temporal segregation of complex metabolic processes>%38-60, The metabolic time-sharing circuit
presented here similarly coordinates dynamic switching between cooperative cellular states as a
means of increasing the overall fitness of a collaborative population. However, monitoring dynamic
cellular processes, whether natural or controlled by engineered synthetic circuits, poses challenges.
While kinetic measurements of bulk population behaviour, such as time-lapse growth curves,
capture valuable information that is obscured in static “snapshots”, these traditional methods that
rely on averages may conceal underlying cell-to-cell variability. Techniques capable of tracking
single-cells in parallel, including the mother machine microfluidic platform®?, circumvent this
limitation and enable the profiling of dynamic phenotypes in heterogeneous populations.
Combining population-level and single-cell techniques therefore provides a comprehensive view
of population dynamics. In this chapter, we review current single-cell microfluidic technologies

and survey their applications in investigating dynamic processes in prokaryotes.

2.2 Abstract

Cells are inherently dynamic, whether they are responding to environmental conditions or
simply at equilibrium, with biomolecules constantly being made and destroyed. Due to their small
volumes, the chemical reactions inside cells are stochastic, such that genetically identical cells
display heterogeneous behaviors and gene expression profiles. Studying these dynamic processes
is challenging, but the development of microfluidic methods enabling the tracking of individual
prokaryotic cells with microscopy over long time periods under controlled growth conditions has
led to many discoveries. This review focuses on the recent developments of one such microfluidic
device nicknamed the mother machine. We overview the original device design, experimental
setup, and challenges associated with this platform. We then describe recent methods for analyzing

experiments using automated image segmentation and tracking. We further discuss modifications
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to the experimental setup that allow for time-varying environmental control, replicating batch
culture conditions, cell screening based on their dynamic behaviors, and to accommodate a variety
of microbial species. Finally, this review highlights the discoveries enabled by this technology in

diverse fields, such as cell-size control, genetic mutations, cellular aging, and synthetic biology.

2.3 Background

Genetically identical cells can display strikingly different phenotypes within a fixed
environment. In multicellular organisms, this is evident through cell differentiation and
specialization. Unicellular organisms can also perform specialized behaviors within a group, such
as distinct metabolic states®® or discrete roles in biofilm formation®>84. In addition, some species
prepare for changing environmental conditions on a population level by keeping a small fraction
of the population ready for such changes, a phenomenon referred to as “bet-hedging”®3-%¢. Because
biochemical reactions depend on physical interactions between low-abundance molecules, these
reactions are inherently stochastic, which results in heterogeneous gene expression between
genetically identical cells exposed to the same environment®!~%3, For these reasons, techniques that
can measure single-cell properties rather than population averages have revealed important
information about many cellular processes, from cell-size control to differentiation. For example,
the ability to measure the mRNA profile of single-cells through techniques such as single-cell
RNA-seq (scRNAseq) has advanced many fields, as evidenced by the breadth and the number of
publications in recent years®’%°. While such techniques have proven to be very useful, they are
typically limited to static snapshots and cannot follow gene expression in individual cells over time.
Instead, this is typically achieved using single-cell time-lapse fluorescence microscopy, which for
microbes has traditionally involved tracking the growth of single bacteria into microcolonies on
agar pads. While technically simple and very useful, agar pads only support growth for a short
period of time before cells start competing for nutrients, limiting observation to a few cell
divisions®*!, Due to limitations in using wide-field fluorescence microscopy (i.e., the point spread
function has a long tail), cellular crowding can impact the fluorescence imaging measurements,
meaning that the presence of many cells can bias the measured fluorescence of a cell far away®?.
Finally, it can be difficult to change the environmental conditions in this setup, which is important

for studying processes such as stress responses. These limitations motivated the development of
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microfluidic platforms for single-cell analysis that enables single-cell tracking over many

generations under precisely controlled conditions.

The first iterations of microfluidic devices for imaging bacteria utilized closed linear
trenches® or mono-layer chambers® to trap cells. The mono-layer chamber devices®*% enable the
growth of microcolonies while flushing extra cells and continuously providing growth media, and
have been particularly useful for studying group behaviors, such as quorum sensing®®1%
Continuous culture devices were then developed to enable long-term imaging of bacterial cells
undergoing steady-state growth while facilitating the tracking of single cells without crowding
limitations, making them ideal for measuring single-cell gene expression®>°!. A configuration
nicknamed the “mother machine” (MM) traps bacteria at the end of single-cell-width dead-end
trenches®?. Newborn cells are flushed out of the device by the constant flow of growth media,
thereby allowing single-cell lineages to be followed for hundreds of generations (Fig 2.1). The
name “mother machine” refers to the fact that the cells trapped at the end of the trenches are tracked
growing and dividing throughout an experiment, and are thus referenced as “mother” cells. A
similar layout named the chemostat®! has trenches open on both sides, thus providing better feeding

through convective flow. This device enables long-term time-lapse microscopy while keeping cells

that renew both poles and has been used to quantify the maturation time of fluorescent proteins!°!.

In this review, we focus on the technical developments of the MM and its applications in
the study of bacteria. We start by describing the original design and the constraints that motivated
further technical developments. We then overview recent image analysis tools that enable
segmentation and tracking of cells in the device using phase contrast images, and modifications to
the device that enables the precise control of environmental conditions, screening and isolation of
cells, and cultivation of a variety of microbial species. Finally, we highlight how the MM enabled
discoveries in a wide range of fields in microbiology, such as cell-size control, genetic mutations,
cellular aging, stress responses, cell-fate determination, antibiotic tolerance/ persistence, and
synthetic biology. For more details, we refer the interested reader to previous reviews that have

comprehensively described device fabrication and setup!®-1%4 discussed challenges associated

92,105 102,106-110

with single-cell analysis , and reviewed different microfluidic devices
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2.4 Technical developments of the mother machine

2.4.1 Original design and challenges

Performing experiments with the MM requires the following: designing and fabricating a
mold for the device, building a microfluidic chip, performing the time-lapse microscopy, and
analyzing the images to create time traces. Here, we start with an overview of the original MM

design and the challenges that motivated recent technical developments.

2.4.2 Device design and fabrication

The original MM design was developed to study Escherichia coli cells®?. Narrow trenches
trap bacterial cells perpendicular to a larger feeding channel that allows media to deliver nutrients
to the cells and wash away progeny emerging from the trenches (Figs 2.1A,B). Several constraints
must be considered in the design: the width, height, and length of cell trenches, spacing between
cell trenches, and dimensions of the feeding channel. The width and height of the trenches are
approximately the dimensions of the particular strain of bacteria being cultivated (e.g., 1.2 pm
height, 1.3 pum width, and 20 pm length for E. coli MG1655). Proper trench dimensions ensure that
the cells are in focus, restrict growth to single file within each trench, and ensure sufficient diffusion
of nutrients to all cells in a trench. Too large of dimensions results in cells overlapping each other
in the z direction—making segmentation and tracking hard to impossible. Too small of dimensions
leads to difficulties loading the cells into the trenches and results in poor nutrient diffusion to cells
deep in the trenches, including the mother cells. The chosen length of a cell trench is a trade-off
between cell retention over time, as short trenches lose cells more rapidly (e.g., through stochastic
filamentation that pulls them out in the feeding channel), and feeding of the mother cell. It is thus
important to ensure that the growth rate of the mother cell is the same inside the device and in batch
culture for each strain and device combination!!'!. Spacing between cell trenches is a trade-off
between the throughput (i.e., number of lineages followed per image) and accuracy of fluorescence
measurements. Trenches too close to one another can result in biased fluorescence measurements,
particularly if neighboring trenches have very different signal intensities®>!'!2. Finally, the width
and height of the feeding channel are chosen to minimize hydraulic resistance to facilitate the flow

of growth medium, e.g., with syringe pumps. A single centimetre-sized chip can typically fit
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multiple channels, each with their own inlet and outlet, to enable simultaneous experiments with

multiple strains (Fig 2.1A).
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Figure 2.1 Schematic of the experimental setup for the mother machine microfluidic device and data
analysis. (A) Schematic representation of the platform which traps single bacterial cells in trenches that are
perpendicular to a larger feeding channel. Daughter cells are flushed out of the trenches with flowing media,
while mothers remain trapped at the end of the cell trench. (B) A micrograph of the mother machine, with
YFP fluorescence showing the cells superimposed on a brightfield image of the device. Media is pumped
through the inlet into the main feeding channel by a syringe pump, and then exits through the outlet into a
waste beaker. (C) The lineages of growing cells in the trenches can then be followed under precisely
controlled environmental conditions using time-lapse microscopy. (D) An example kymograph of a growing
cell imaged in fluorescence, illustrating the segmentation and tracking of the lineage.

After the design is finalized, a mask can be drawn using CAD software and ordered through
different companies (e.g., Toppan Photomasks, United States). The mold is then built on a silicon
wafer in a cleanroom environment using photolithography techniques, where the mask is used to
expose photo-sensitive resin to light to define the features'>!%. The mold is a negative of the
features of the chips (i.e., what is solid on the mold becomes air in the device). The ~1 um-sized
features are on the lower end of the resolution of these techniques, and smaller features (e.g.,
Section 2.4.7) require other fabrication techniques (e.g., electron beam lithography). As such,
fabrication protocols typically require fine-tuning to obtain the critical feature size (cell trench
width and height) within a ~0.1 um range, which can affect the experiments as described above.
However, once built these molds can be re-used indefinitely to build microfluidic chips.

Alternatively, the mold can be ordered custom-built from companies such as: ConScience
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(Sweden), Cornell NanoScale Science and Technology Facility (United States), Innopsys (France),
Kavli Nanolab Delft (Netherlands), Micro Resist Technology (Germany), Sigatec (Switzerland),
and TTP (UK). Molds can also be duplicated in epoxy, which can be an inexpensive option for

sharing molds between groups'!3.

2.4.3 Experiment setup

The MM microfluidic chip is made by pouring and curing polydimethylsiloxane (PDMS)
on top of the mold, imprinting the features of the mold onto the chip. Individual chips are then cut
out of the PDMS slab, and holes are punched (e.g., with biopsy punchers) at the inlets and outlets
to allow the connection of tubing which provides growth medium to the device. The chips are then
covalently bonded to a coverglass using plasma treatment. Cells can then be loaded into trenches
via centrifugation with a custom adapter, or by simple diffusion by loading a very dense culture.
Tubing is connected to the inlets and outlets (e.g., using syringe needles) for flow of fresh growth
media into the chip, as well as removal of used media which has passed through the chip (Fig 2.1B).
The media is typically pushed through the device using syringe pumps, initially at a high flow to
clear biofilm that may be growing in dead spaces (i.e., regions of low flow) in the inlets and outlets.
The formation of biofilms can be limited by pre-coating the chip with bovine serum albumin (BSA)
and/or supplementing the growth media with BSA or Pluronic®>!'!4, The chip is then mounted on
an inverted fluorescence microscope for automated time-lapse microscopy of the lineages growing
in the trenches. A cage incubator and hardware autofocus are typically required to ensure stability
of the focus over multiple days. Detailed protocols for setting up MM experiments have been
published'!*. After the experiment, the multi-dimensional images (position, fluorescence channels,
time) can be processed to track the properties of single lineages growing in the device (Fig 2.1C;

Section 2.4.5).

2.4.4 Challenges

The original design of the device enabled time-lapse microscopy of single E. coli cells
under controlled growth conditions, leading to many biological discoveries. There are however
some challenges associated with the experimental setup, which have led to new technical

developments discussed below. For example, automated image processing traditionally required
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constitutive expression of a fluorescent protein (FP) at intermediate levels specifically for that
purpose. This limited the number of simultaneous reporters that could be used in an experiment,
while also preventing the study of bacteria not expressing exogenous FPs. Section 2.2 describes
the recent tools developed for segmentation and tracking of cells using phase contrast images. In
addition, the original setup of the MM makes switching conditions within an experiment
challenging. With this design, growth media can be changed using a Y -junction close to the chip,
although this creates a short (and imprecise) delay in the switch as the medium between the Y-
junction and the chip is being replaced. Creating complex environmental conditions within the
chip, i.e., by flowing a growing culture, can be challenging due to the introduction of air bubbles
into the feeding channel. Such challenges have inspired the development of more sophisticated
fluidic and environmental control strategies, which are detailed in Section 2.4.6. Another limitation
of the original design is the inability to genotype or isolate cells within the device, which can be
useful when imaging libraries of cells. While phenotyping pooled genetic libraries is possible in
the device, isolating single cells of interest from the conventional MM platform has been
impractical due to the inevitable formation of biofilms in the inlets and outlets, which additionally
limit the total duration of an experiment. While cells could potentially be genotyped on-chip
through fluorescence in situ hybridization (FISH) techniques, diffusion of probes through the cell
trenches makes this process inefficient. These limitations have led to the development of techniques
for single-cell screening detailed in Section 2.4.7. Finally, the original device was limited to
culturing E. coli or other similarly sized microbes. Modifications to trench dimensions and the
addition of other features have now allowed the growth and imaging of a variety of other microbes.
The cultivation of some species requires additional modifications, which are further described in

Section 2.4.8.

2.4.5 Segmentation and tracking algorithms

While the experimental techniques for using the MM have become increasingly accessible,
the image analysis pipeline to convert time-lapse images into single-cell traces through
segmentation and tracking has lagged. For many years, laboratories using the MM have developed
their own customized data analysis pipelines. While tools have been developed for tracking the
growth of microbes on agar pads using phase contrast'!®, the large features of the MM PDMS chip

can confound such image analysis tools. Recently, multiple open-source software packages have
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been published specifically for MM experiments with the capability of performing the

segmentation and tracking on phase contrast images (listed in Table 2.1).

Most of these image analysis methods share a common overall workflow: pre-processing
of the images, segmentation of the cells, and tracking the lineages. In the pre-processing step, the
image time series are first registered to correct for drift and jitters of the stage, for example, using
cross-correlation between successive images. The images are rotated to align the microchannels
vertically, which simplifies further analyses. The microchannels are then identified and segmented.
Accurately segmenting individual cells is typically the most challenging task, as the cells are small
and in contact with each other, and strategies vary between implementations. Tracking is then
performed to create time traces of individual cells, where cells from each time point are connected
to the cells in the next one, and cell divisions are identified (Fig 2.1C). Properties such as cell size
and fluorescence intensity are extracted along these single-cell time traces. Finally, a manual
curation pipeline is typically available, as even rare segmentation and tracking errors can have large

effects on sensitive measurements such as the variance.
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Table 2.1 Overview of open-source software packages developed for mother machine segmentation and
lineage tracking. The applicability to specific imaging modalities indicates which ones have been
demonstrated. All programs are available on Github or Gitlab.

Software Language Deep Phase Brightfield  Fluorescence
learning contrast segmentation segmentation
based segmentation

Molyso (Sachs et al., Python v

2016)

MoMA (Kaiser et al., Java 4 4
2018)

MMHelper (Smith et al.,  Python v v

2019)

BACMANN (Ollion et Java v 4
al., 2019)

DeLTA (Lugagne et al., Python v v

2020; O’Connor et al.,

2022)

DistNET (Ollion and Python v v

Ollion, 2020)

In Molyso!'®, the cell segmentation is done in one dimension with cells identified by
bounding rectangles instead of cell contour. The tracking is done by solving an optimization
problem, where a cost is imputed for cell displacement between time points and cell division
events. MoMA generalized the optimization problem for both the segmentation and tracking,
overpredicting possible cell segmentation and performing the tracking simultaneously!'?. This 1D
segmentation works well when the cells are perfectly aligned with the channels. However, it can
result in errors when the cell width is smaller than the channel width, resulting in tilted cells, or if
the cells are not perfectly rodshaped (e.g., mutants or other bacteria with different morphologies).
BACMANN enables 2D segmentation (i.e., cell contour) through watershed-based image
processing techniques, while the tracking is based on the position with respect to the top of the
trench!!”. BACMANN also incorporates a spot-tracking algorithm in its pipeline. MMHelper was
developed using similar segmentation approaches to also segment using bright-field instead of
phase contrast!!'8, DeLTA!" utilizes 3 U-net convolution neural networks'?’ to perform channel

identification, cell segmentation, and tracking. DistNET incorporates a self-attention layer into the
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U-net architecture to provide information about the whole channel to the neural network, and
performs segmentation and tracking through one deep neural network'?!. Comparison of
BACMANN, DeLTA, and DistNET on the same dataset showed that they could achieve <1%
combined segmentation and tracking error rates'?!. While BACMANN’s tracking performed better
than DeLTA, DeLTA’s segmentation performed better. DistNET’s self-attention layer mainly
improved the tracking performance of DeLTA. Benchmarking the techniques against data from
different experimental conditions showed good performance but an increased error rate, suggesting

a need for more training data or for changing the analysis parameters'?!.

When choosing a program, we encourage users to consider the following criteria: accuracy
of segmentation and tracking, need for manual curation, speed of analysis, quality of
documentation, readability of code, ease of use, flexibility to specific experimental needs, and an
actively maintained codebase. Deep-learning methods can be fast and very accurate while requiring
training on a relatively small set of manually analyzed data. However, they often lose accuracy
when the experimental conditions are different from the training set (i.e., cell size, trench width,
etc.). Conventional methods typically require changing analysis parameters to accommodate these
kinds of changes, but that can be less tedious than manual segmentation of many images required
to re-train a deep-learning algorithm. Generating synthetic data to train the neural networks would

greatly alleviate their main shortcomings.

2.4.6 Fluidic control and environmental conditions

One key strength of the MM is the precise control over the growth conditions. However,
switching between conditions within an experiment and flowing mixed media are challenging
using the original design. A rapid and precise switch between growth media can be obtained by
modifying the device design to include two inlets for each feeding channel. To flow a mixture of
media, it is necessary to introduce a serpentine channel between the inlet and the feeding channel
to overcome the mixing limitation of the low Reynolds number environment. The dual input mother
machine (DIMM, Fig 2.2A) utilized this strategy to study the induction of the lac operon while

switching from glucose to lactose!!?

. The authors could track the lag in growth of single cells
exposed to this transition and found that the distribution of the growth lag was multi-modal. By

quantifying the number of LacY/Z (“sensor”) molecules in single cells in the device, this
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multimodality was subsequently attributed to a fraction of the population expressing zero LacY/Z
molecules, relying instead on stochastic leaky expression for induction of the operon'?2. However,
any number of expressed lacY/Z molecules was sufficient for fast induction of the operon, making

it a single-molecule trigger.
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Figure 2.2 Adaptations to the mother machine architecture for improved fluidic and environmental
control. (A) The dual input mother machine (DIMM) has two media inlets followed by a serpentine
channel that fluid passes through prior to reaching cell trenches to facilitate mixing and/or rapid
switching between different environmental conditions. Schematic representation inspired from
Kaiser et al. (2019). (B) The growth curve platform allows batch culture to be fed into the device
to recapitulate batch culture conditions. This allows for observation of cells entering and exiting
the stationary phase by switching between nutrient depleted culture and fresh media. Schematic
representation inspired from Bakshi et al. (2021).

An experimental setup was developed to mimic the conditions of batch culture (Fig 2.2B),
where a growing culture is flowed directly into the microfluidic device, enabling the study of cells
transitioning between different growth phases'?®. This was achieved using peristaltic pumps to flow
a culture growing in a separate shaker-incubator into the device, and bubble traps to prevent air
bubbles from entering the device. By alternating between flowing fresh media and batch culture
into the MM, the authors monitored cells after multiple rounds entering and exiting the stationary
phase and found that the cell-size regulation strategy changed throughout phases of the growth

curve (discussed in Section 2.5.1).

24



2.4.7 Screening and isolation based on time-lapse microscopy

Genetic screens have been instrumental in biology for assigning function to molecular
components and generally linking genotypes to phenotypes. Many powerful screening platforms
have been developed, but they have been mostly limited to distinguishing static phenotypes in the
population. Recent technical developments have transformed the MM into a powerful platform that
combines dynamic phenotype screening with genotyping or isolation capabilities. This enables
screening based on dynamic and/or spatially resolved phenotypes, such as oscillations in gene
expression, cell-size control mechanisms, response to changes in environmental conditions, and
intracellular localization of proteins. Notably, even static phenotypes could be isolated more
precisely because cells can be quantified over many generations, and thus genetic and nongenetic

heterogeneity could be distinguished.

Two techniques have been developed to date for screening cells in the MM. The first
technique, named “dynamic p-fluidic microscopy-based phenotyping of a library before in situ
genotyping” (DuMPLING)!?*, enables dynamic phenotyping of pooled libraries. After
characterization of the library in the MM, the cells of the barcoded library are fixed and identified
via fluorescence in situ hybridization (FISH), connecting genotypes to dynamic phenotypes (Fig
2.3A). A 300 nm gap at the dead-end of the trench is connected to a back-end channel, which
generates convective flow that facilitates efficient movement of probes and media over the cells.
This convective flow also facilitates feeding of the mother cell therefore reducing the diffusion
limitations related to the dimensions of the cell trenches discussed in Section 2.1.1. The
DuMPLING platform was used to identify the effects of a CRISPR interference-mediated gene
knockdown library on the coordination of replication and division by tracking chromosome

replication forks throughout cell division'?.

The second technique, named single-cell isolation following time-lapse microscopy
(SIFT)'?, uses a modified microfluidic chip containing an additional media channel used for cell
isolation (Fig 2.3B). The device has a system of pressurized valves that separates the cell trenches
from the collection channels, temporarily closes the inlets and outlets for sterilization, and closes

the media channel to stop the liquid flow. This enables an optical tweezer to move cells of interest
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from their growth trench to a collection trap where they are isolated, cultured, and sequenced. SIFT
was used to screen two libraries of synthetic genetic oscillators based on the periodicity and

precision of oscillations, showcasing its strength in isolating dynamic phenotypes.
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Figure 2.3 Modifications to the mother machine to enable cell screening. (A) Dynamic u-fluidic
microscopy-based phenotyping of a library before in situ genotyping (DuMPLING) has a 300 nm
gap at the end of the cell trench, allowing media to flow through the cell channels. Rounds of
barcoding through FISH enable genotyping of the pooled library. Schematic representation
inspired from Lawson et al. (2017). (B) Single-cell isolation following time-lapse microscopy
(SIFT) uses a modified microfluidic chip containing an additional lane for cell isolation below
the cell trenches, separated by a pressurized valve system (collection valve). A second set of
valves (inlet and outlet) allows for the lane to be sealed for inlet cleaning and restricting media
flow after cell loading. An optical tweezer moves cells of interest from their trench to a collection
trap, where they are isolated and removed from the device to be cultured and sequenced.
Schematic representation inspired from Luro ef al. (2020).
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Both of these screening techniques have advantages and disadvantages. While DuMPLING
enables the in situ genotyping of entire libraries and allows genotype-phenotype mapping across a
large number of cells, it requires a barcoded library and cell fixation prior to hybridization, thereby

eliminating any possible downstream growth and analysis'?*

. Conversely, SIFT does not require
barcode labeling, enabling the screening of unmodified libraries and natural populations, the
isolation of live cells, and downstream analysis of isolates'?°. However, only isolated cells can be
genotyped, limiting the scale of phenotype-to-genotype mapping throughput. Additionally, the
optical trapping mechanism in this technique requires an extensive platform. These extended

capabilities for screening and isolating cells within MM-like devices have the potential to enable

discoveries in diverse fields of microbiology.

2.4.8 Extension to other microbes

Adaptations to the MM have enabled single-cell studies of a variety of microbes. In
principle, adaptation of the MM design to other symmetrically dividing organisms should only be
a matter of adapting the trench size, although other minor modifications may be necessary to
maintain species-specific optimal growth conditions. Such devices have been fabricated for

116 and Bacillus subtilis''*'?7. As B. subtilis

cultivation of Corynebacterium glutamicum
stochastically forms long multicellular chains which would be pulled out of the trenches, an
adaptation of the classic MM device incorporated an increased trench length of 75 pm'?”. This two-
layer device included shallower feeding channels surrounding the cell trenches to ensure sufficient

feeding of cells at the end of these long trenches (Fig 2.4A).
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A B. subtilis device with long channels and B S. cerevisiae device to accomodate budding
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Figure 2.4 Adaptations to the mother machine architecture to optimize growth of other
organisms. (A) The mother machine design adapted for B. subtilis growth includes elongated
trenches 75 pum in length to accommodate its multicellular, chained state, as well as side
channels that enable uniform nutrient availability throughout the trenches. Schematic
representation inspired from Norman et a/. (2013). (B) Maintaining an opening at either end
of each cell trench in a modified mother machine device enables removal of S. cerevisiae
daughter cells produced from budding in either orientation into perpendicular media
channels. Schematic representation inspired from Li ef al. (2017).

The classic MM architecture has been used to study archaea and symmetrically-dividing
yeast organisms such as Halobacterium salinarum'*® and Schizosaccharomyces pombe'?,
respectively, by scaling up device dimensions. The ability of the budding yeast Saccharomyces
cerevisiae to switch budding orientation over the course of its lifespan necessitated the trapping
and retention of mother cells in trenches open on both ends to flowing media'3®. This
accommodates the removal of daughter cells produced by budding in either orientation (Fig 2.4B).
Alternatively, the “yeast jail” design forgoes trenches altogether and instead employs a
microfluidic device with an array of jail units!*!. Each jail is composed of three PDMS posts
(among other designs) that behave as “jail bars” to retain a single mother cell, while daughter cells
produced by budding are washed away with the flow of media. Similarly, A Long-term Culturing
And TRApping System (ALCATRAS)'*2, High-throughput Yeast Aging Analysis chip
(HYAA)'33, and slipstreaming MM '3* devices comprise an array of PDMS trapping units, many of
which may fit into a single field of view during imaging, to enable tracking of individual mother

cells over their lifespan. In the latter, S. cerevisiae cells are loaded through the outlet of the device

such that media flow reversal enables the trapping of mother cells in a low-pressure zone behind
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PDMS pillars. This method is ideal for studying cell replicative life span as it does not place cells
under mechanical pressure during trapping, and the effect of such stress on aging is not yet known.
An alternative method utilizes channels or PDMS structures of optimal heights for trapping mother

cells underneath them, while permitting smaller daughter cells to be flushed away'3>137,

2.5 Applications to study bacteria

Several features of the MM have facilitated important discoveries about a variety of cellular
processes. The tracking of single cells under controlled and tunable growth conditions with high
throughput has shed light on how cellular processes are affected by stochastic gene expression, and
how such heterogeneity can affect the cell’s phenotype. The ability to track the same cells for many
generations has facilitated studies in cellular aging, and an inherent lack of competition between
cells in the device has proven useful in studying genetic mutations. Here we will highlight
discoveries about cell-size control mechanisms, genetic mutations, cellular aging, stochastic
pulsing of gene expression, phenotypic states in B. subtilis, antibiotic resistance and persistence,
and synthetic biology that have been enabled by the MM platform. Instead of a detailed description

of each study, we highlight how the device has enabled such discoveries.

2.5.1 Cell-size control

Most prokaryotes divide via binary fission, yielding two daughter cells of nearly identical
size and volume!38. If left unchecked, small fluctuations in cell size at cell division can result in
significant size divergence between cells of a population over successive generations. Cell-size
homeostasis could in principle be achieved through different control mechanisms!*. Several
studies have shown that E. coli, B. subtilis and Caulobacter crescentus maintain cell-size
homeostasis by behaving primarily as “adders”, adding on average a constant length between birth
and division, rather than as “sizers” or “timers”, for which cell division is triggered upon cells
growing to a threshold size or for a fixed time, respectively 414, As time-lapse microscopy on
agar pads is limited to a few cell divisions where the growth conditions can change, microfluidic
approaches have been important in studying cell-size regulation. The ability to image hundreds of

single cells under constant growth conditions while precisely measuring their size throughout the
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cell cycle (e.g., size at birth and added during the cell cycle) has made the MM a particularly useful

platform in elucidating the specific mechanisms underlying cell-size regulation!44148,

Several models have been suggested to explain the mechanism underlying adder
behavior'4¢-13°, While a detailed description of the different models is outside the scope of this
review, a recent analysis by Le Treut et al. has found the authors’ model, the independent double

adder, to be the most consistent with current data'>!

. This model proposes that the processes of cell
division and initiation of DNA replication are controlled by distinct (independent) adders'#. It
further suggests that the mechanism underlying this type of cell-size control relies on accumulation
of specific initiator proteins for independent regulation of cell division and DNA replication to a
certain threshold and that they are produced at a rate proportional to cell growth without being
actively degraded. This hypothesis was supported by experiments that used the MM to measure the
cell size added between cell divisions, and the cell size added between DNA replication initiation
events (tracked with DnaN-YPet)!46, which were both found to be independent of initial cell size

(i.e., adders). Perturbing the production of each initiator protein (FtsZ and DnaA respectively) only

dysregulated cell-size control for its respective process.

Some studies carried out in the MM have shown deviations from the adder principle under
slow growth conditions!43:146:148 ' Sj et al. (2019) suggest that the adder principle can be broken if
the underlying mechanisms (threshold and constant production) are affected. They suggest that
active degradation of the division initiatior (FtsZ) could play that role, and elimination of
degradation through clpX repression restored the adder phenotype under that growth condition'4,
A recent study used a variation of the MM setup which flows batch culture into the device as a
means of replicating conditions within that culture on-chip to monitor E. coli and B. subtilis growth,
and revealed that cells alter their size regulation strategy as they progress through different growth
phases'?®. Cells switched to mixed “adder-timers” while they entered the stationary phase and
behaved as “sizers” while exiting the stationary phase, suggesting that different strategies might be
used to respond to changes in environmental conditions. These results also highlight the importance
of using the MM for studying this process, as other single cell imaging techniques such as agar
pads do not offer precise control over environmental conditions. Developments in the control of

growth conditions as well as screening capabilities will thus facilitate the development of more
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complete models that can capture cell-size control strategies under varying environmental

conditions.

2.5.2 Genetic mutations

Mutations and other DNA damage events such as double-stranded breaks (DSBs) have the
potential to drastically affect cell survival and fitness if left unrepaired'?. To counter such
mutations, E. coli employs effective DNA repair pathways to recognize and repair genetic
perturbations before they are propagated to future generations. The ability to track thousands of
lineages in parallel (without growth competition between individuals) makes the MM an ideal
platform to study rare events such as the emergence of DNA mutations. Its capacity to capture
heterogeneity in number and types of mutations emerging between isogenic cells of a population
further highlights the utility of such single-cell, time-lapse studies. To this end, the MM has been
used to visualize copy number variations'>?, DNA mismatch error!>*!5, DSBs'>¢, and alkylation

damag6157‘159

The timing of mutations as well as their impact on the fitness of the cells are important
variables in the process of evolution. The rate of chromosomal gene copy number mutations in F.
coli was estimated at ~3 x 107 per cell per generation in the MM!33. This was achieved by
expressing several copies of a chromosomally integrated fluorescent reporter and measuring
changes in fluorescence over time as an indicator for gene copy number (because gene expression
is roughly proportional to gene copy number). Robert et al. leveraged the lack of competition in
the MM to visualize the appearance of DNA replication errors and their fitness impact!3*153. To
measure the fitness effect of the mutations, they measured the decrease in growth rate (i.e., fitness)
of the individual lineages through the accumulation of mutations'>*. Instantaneous single-cell
growth rate can be calculated in the MM using the relative change in cell size between successive
time points (i.e., doubling rate). Although the entire distribution of fitness effects (DFE, which has
proven challenging to measure in the field of evolution modeling) was still not directly estimated,
the authors were successfully able to infer all the moments of DFE (i.e. average, variance,
skewness, etc.) - thanks to the ample statistics enabled by the MM. The analysis indicated the
underlying distribution to be long-tailed, with most mutations having little-to-no cost on cell

fitness: mean fitness cost was only ~0.3 %, which was apparently overestimated by the previous
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studies. In contrast, 1% of the mutations were found to be lethal, directly measured by observing
cell death in the MM. Mutations were detected by tracking the appearance of YFP-MutL foci, and
occurred at a constant rate over time during steady state exponential growth, as expected from a
memoryless Poisson process. However, another MM study showed that a subset of cells within a
population exhibited a period of elevated mutation rates in response to DNA alkylation damage,
due to delayed activation of the Ada DNA damage response regulon'>®!5°. These periods of high
mutation rate lasted several generations, since many cells had no sensor-activator Ada molecules
present, and had to wait for stochastic expression to induce the response!”’. Finally, the response
to DSB has also been characterized using an adapted MM with multiple inlet ports connected to
the feeding channel via a short junction, enabling rapid switching between different media'>®.
Switching between a growth medium and an induction medium enabled short induction of Cas9,
which created a targeted DSB in the chromosome. The chromosomes could be tracked using
fluorescently-tagged proteins (ParB and Mall) with DNA-binding sites localized close to the DSB,
with the foci disappearing during the DSB. Repairs were rapid (~15 min), homogeneous, robust
(~95% of cells repaired the damage), and had low impact on the fitness of the cells. This is
impressive given that the DSB needs to find/colocalize with its repair template on the sister
chromosome. The RecA-single stranded DNA complex was observed to extend in a long filament
spanning the length of the cell. This could facilitate the homology search for the repair template by
eliminating the need to search along the length of the cell in the z direction, thereby reducing it

from a 3D problem to a 2D one and making the search process 100 times faster.

2.5.3 Aging

The phenomenon of aging in unicellular organisms is broadly described in terms of
senescence, or the progressive loss of fitness over time!®°. This loss of fitness can be due to a
decrease in growth rate and/or an increase in death rate. Defining the ‘age’ of a unicellular organism
that lacks replicative asymmetry can be challenging, but generally takes into account the
asymmetric segregation of damage factors during cell division, which creates effectively ‘older’
and ‘younger’ progeny cells. For example, in budding yeast asymmetric division creates a finite
replicative lifespan by partitioning detrimental cellular factors such as misfolded protein aggregates
to older ‘mother’ cells, while preserving the daughter lineage'¢!. The mother exhibits senescence

over successive generations and eventual cell death. While E. coli divides symmetrically, there is
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still an intrinsic asymmetry in the process: one pole is created during division (the ‘new’ pole), and
one is left intact (the ‘old’ pole)'®2. Asymmetries in partitioning of cellular contents have also been
observed in E. coli. For example, the main efflux pump (AcrAB-TolC) was shown to be partitioned
with a bias for the old pole cell, leading to elevated efflux activity in ‘older’ cells!®*. Non-random
segregation of sister chromatids has also been observed, with the ancestral strand being partitioned
preferentially in the old pole cell'®. The MM is uniquely suited to study aging in symmetrically
dividing bacteria as it retains an old pole cell at the end of each trench over an entire experiment,
thus facilitating monitoring of the old pole lineage for many generations. Here, we present findings
from several studies monitoring the aging process in E. coli in the MM, where the age of a cell is

defined as the age of the old pole.

Both decreased growth rate and increased death rates have been associated with aging in E.

coll'82,165—167

. The first report of the MM studied the aging of the mother cell over consecutive
generations®?, They found that the growth rate of the mother cell was stable for more than a hundred
generations, but observed that the filamentation rate increased until 50 generations®. Note that in
50 generations of exponential growth, 1 cell would divide into ~1015 cells, making such studies
intractable without the use of devices like the MM. Subsequent studies tracked the growth rate of
both the mother cell and its immediate progeny, the ‘daughter’ cell. This showed that these cells
reached different equilibrium growth rates, with the mother cell stabilizing at a growth rate slightly
slower than the daughter cell'6>166, This suggests that damaged molecules divided asymmetrically,
with a preference to the old pole cell. The nature of this damage and the mechanisms underlying
asymmetrical partitioning of cellular components are under investigation. Misfolded proteins are a
prime suspect, as a chaperone fusion (IbpA-YFP) was shown to preferentially localize to the old
pole as a foci'®1%  while protein stress such as phototoxic stress affected the asymmetry!'®S.
However, FP fusions such as YFP have been shown to create artifactual foci due to their oligomeric

properties!®8

. Therefore, the use of FP fusions that do not cause aberrant foci (e.g., ClpB-msfGFP)
will be informative in tracking protein aggregates!®®. In contrast, another study has shown no
asymmetries in misfolded protein aggregates using brightfield imaging for inclusion bodies and
ThT dyes to visualize protein aggregates'®’. Asymmetric retention of protein aggregates at the old
pole has also been observed in the symmetrically dividing fission yeast S. pombe in a MM-like

device'?. These aggregates were not associated with increased division times and were eventually
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transferred to a new daughter, thereby rejuvenating the old lineage. While it is clear that even cells
dividing “almost symmetrically” like E. coli exhibit aging, the elucidation of the molecular
mechanisms and the agents causing this phenomenon will shed light on the universal properties of

cellular senescence, and the MM provides an ideal platform with which to study it.

2.5.4 Stochastic pulsing

Stochastic fluctuations in gene expression can drive phenotypic heterogeneity among clonal
bacterial populations, such that genetically identical cells display distinct behaviors. The use of FP
reporters for gene expression have been invaluable in quantifying this heterogeneity. In principle,
this heterogeneity can be generated on different timescales. For example, cells can stochastically
express genes at different levels for long periods of time (e.g., stable epigenetic state), or they can
fluctuate rapidly between these different expression levels (e.g., rapid pulses). Long-term timelapse
microscopy using microfluidic devices such as the MM enables tracking the expression dynamics
in thousands of individual cells under controlled growth conditions and can elucidate the timescales
of such fluctuations. Employing this strategy, it was shown that the promoters controlling flagellar
biosynthesis genes in E. coli activate in stochastic pulses even if expression of their master
regulator was constant!’’. Measuring expression of a gene (bol4) dependent on the E. coli general
stress response factor, RpoS, revealed heterogeneous expression in liquid culture, in the MM, and
in another microfluidic device'”!. The promoter activity (production rate of the reporter) can be
calculated using the derivative of the fluorescence intensity while accounting for dilution of the FP
present!’?. The promoter activity revealed stochastic pulses of expression which coincided with

periods of slower growth in the device!”!

. The ability to rapidly change environmental conditions
andmeasure single-cell properties prior to and after the change enabled them to test whether these
periods of slow growth led to increased resistance to stress. They observed that cells with higher
RpoS activity and slower growth immediately prior to the stress were more likely to survive a
hydrogen peroxide treatment. Another study measured the expression of multiple stress response
genes in the MM and found additional RpoS-dependent promoters exhibiting stochastic pulses that
negatively correlated with growth rate®. Genes from the SOS regulon also displayed pulsatile

activity, but these were not correlated with the growth rate. Cells undergoing pulses of genes from

both these groups prior to a short treatment of the antibiotic ciprofloxacin in the MM had increased
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likelihood of survival®*. Pulses in the SOS regulon have also been observed in another study using

the MM, and have been attributed to variability in the degradation of its regulator, LexA!73,

In B. subtilis, several sigma factors have been reported to exhibit stochastic, pulsatile bursts

of expression®>17%174

, which can be similarly tracked in the MM. Sigma factors in B. subtilis
promote the production of their own operons, which also encodes their anti-sigma factors, creating
positive and negative feedback that can cause pulses of gene expression. Molecular “time-sharing”
was proposed as a mechanism in which alternative sigma factors competing for RNA polymerase
binding opportunities are able to share such core resources over time>>. Stochastic bursts of sigma
factor activity also seem to play a role in stress response in B. subtilis: heterogeneous response to

lysozyme stress was observed between individual cells grown in the MM!7>, Pulsatile expression

of the sigV operon preceding exposure to lysozyme stress led to increased survival probability.

2.5.5 Phenotypic states in B. subtilis

Early work with B. subtilis in the MM revealed the existence of a cell fate switch controlling
whether B. subtilis exists in a free-living, motile state or as a sessile member of a multicellular

127 A modified device was used, with side-channels to

chain associated with biofilm formation
ensure even nutrient availability in the long channels that accommodate the chain phenotype. By
tracking the fates using fluorescent reporters over hundreds of cell generations, it was found that
the transition from the motile to the sessile state happened at a constant rate over time (i.e., is a
memoryless process), but the cells spent a precise amount of time in the sessile state. A simple
network of three proteins could recapitulate all the properties and the modularity of the switch and
the commitment to the chained state. Remarkably, the circuit was reconstituted in evolutionarily
distant E. coli, showing that this simple network is sufficient to drive cell-fate decision making!7®.
The stochastic entry into another cell fate—sporulation—was also studied using the MM, and was

shown to occur at a constant rate over time after adaptation to the sporulation-inducing

conditions!””.

In another study, a clonal B. subtilis population diverged into subpopulations of distinct
metabolic specialists, each characterized by differential expression of metabolic genes¢. Cells with

stochastically upregulated sucC expression in mid to late exponential phase were associated with
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the production of acetate, while a subpopulation expressing alsS in early stationary phase was
linked to production of acetoin. Cells could be observed stochastically switching in and out of such
states with fluorescent reporters in the MM. As acetoin can neutralize low pH conditions caused
by acetate accumulation, the slow-growing alsS-expressing subpopulation enabled growth and
expansion of an alsS- subpopulation which benefited from the neutralization of acetate in an agar
pad microenvironment. This showcases how stochastic gene expression can help populations of
genetically identical cells achieve cooperative behaviors. Therefore, bacteria have shown the
ability to harness molecular fluctuations through simple circuits of a handful of proteins to establish

heterogeneous phenotypic states that can be advantageous to the bulk isogenic population.

2.5.6 Antibiotic resistance and persistence

The rise of antibiotic resistance combined with the lack of new antibiotics is an alarming
threat to public health!’8, Persister cells can survive antibiotic treatment by remaining in a
temporary state of dormancy throughout antibiotic exposure, without being genetically resistant!”.
The switch to this state can happen spontaneously or be induced by stress such as starvation.
Microfluidic devices are particularly well-suited for the study of this non-genetic heterogeneity
since growth conditions can be precisely controlled and single lineages tracked over time. One of
the first applications of a MM-like device was to establish the persister state as a phenotypic
switch”. Persisters can be identified in such microfluidic devices as cells that are not growing prior
to antibiotic exposure, but resume growth at some later time point following removal of the
antibiotic. With an increase in throughput of the MM and microscopy (e.g., more trenches per chip
and faster microscope imaging with larger field of view), it was possible to observe hundreds of E.
coli persisters without mutations that increase their typically low frequency of approximately 1 in
1000 cells!'?®. The molecular mechanisms underlying this phenotypic switch are still under
investigation'3%18!_ Studies using the MM enabled the characterization of these persisters and have
shown that they have smaller size'??, lower ATP levels!®!, and are more likely to contain protein
aggregates'®?. Recent developments in microscopy throughput, simulating batch culture
conditions, and screening in the MM will likely help us to understand the molecular mechanisms

behind bacterial persisters.
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The MM has also been used to study more broadly the response of bacteria to antibiotics.
The device with back-channels (Fig 2.3A) was used to rapidly load cells into the device for fast
antibiotic susceptibility testing (~30 min) of clinical samples'®3, by directly visualizing growth or
death of the bacteria during antibiotic exposure through microscopy. A study looked at the
accumulation of the antibiotic ofloxacin inside E. coli in the MM and has shown that stationary

phase cells appeared to absorb the antibiotic more slowly than exponentially growing cells!®4.

2.5.7 Synthetic biology

It has become increasingly clear that cellular circuits must contend with stochastic gene
expression and that this noise can have an important impact. Therefore, it is valuable to have the
ability to quantify such variability for the engineering of cells for synthetic biology applications.
Indeed, microfluidic devices have been instrumental in the development of synthetic gene circuits
with dynamic properties®*6:9%.183.186 The use of the MM and insights from theory of stochastic
gene expression enabled the re-engineering of the repressilator - the iconic synthetic oscillator that
helped kick-start the field of synthetic biology—to achieve a precision that approaches natural
oscillators®”126, The MM was instrumental in enabling the precise characterization of the
oscillators, identifying factors that disrupted oscillations, characterizing redesigned iterations of
the circuit, and subsequent screening of pooled libraries. While a handful of studies have used the
MM to evaluate'®”-188 or control'®® synthetic gene circuits, the broader use of the MM throughout

the design process could lead to a new generation of precise and robust synthetic circuits.

2.6 Discussion

Single-cell microfluidic platforms have facilitated important discoveries in a variety of
fields in biology by enabling the quantification of dynamic and heterogenous processes. Recent
technical developments of the MM, including the ability to phenotype or screen pooled libraries
based on their dynamics, achieve better control over the growth conditions, and to culture
additional organisms should continue to expand the applications of these devices to new fields.
Further developments could facilitate the study of species-species interactions, as has been done in

a few studies®®!*°. The majority of studies using the MM have focused on E. coli and B. subtilis,
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and applications of the device to other organisms (e.g., microbes important in the clinic or in the
gut microbiota) would broaden its scope. Outside the microbial realm, two studies so far have used
the device with non-adherent mammalian cells'!!°2, More studies could shed light on dynamic
and heterogeneous processes, such as phenotypic resistance to cancer treatment and the
differentiation of hematopoietic stem cells'?3~1%°. Adaptation of the phenotyping and screening
platforms to mammalian cells could provide an alternative to the single-cell screening techniques

that have been developed!*®!"7,

Future studies using the MM will likely continue to advance studies of the heterogeneous
processes discussed above. By showcasing discoveries in diverse fields, we hope to inspire the
readers to implement such devices to explore questions in new fields and expand their possible
applications. For example, the timing of other epigenetic processes in bacteria, such as prions!'?%1%°,
could be elucidated. While many studies have quantified the heterogeneity in protein production,
few studies have examined how the degradation of proteins can create heterogeneity!732%0,
Although most bacteria in nature are in stationary phase?’!, the majority of studies have focused on
exponentially-growing bacteria. The technical developments of the MM enabling the observation
of cells in different growth phases could fill this gap in the literature and generate insights into the
stationary phase. Adopting the MM setup has become increasingly accessible, with molds available
through different companies, detailed protocols published, and open-source data analysis software
now available. Ultimately, because these microfluidic devices provide a new quantitative way to
look at cells, they have the potential to continue to contribute to discoveries in diverse areas in

biology.
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CHAPTER 3

METABOLIC TIME-SHARING IN CLONAL MICROBIAL
POPULATIONS

3.1 Introduction

Tracking single cells over time is a powerful method of characterizing dynamic cellular
phenotypes, including circuit-dictated changes in gene expression. However, exploring cooperative
population-level behaviour or survival strategies requires further investigation using bulk
population measurements. As discussed in Sections 1.3 and 2.5.5, one example of a collaborative
behaviour occurs in B. subtilis populations which split into distinct but cooperative subpopulations
to prevent the buildup of toxic metabolic by-products>®. In this case, single-cell studies alone were
insufficient for investigating DOL, and the observation of entire microbial populations was

necessary to capture these complex behaviours.

In this chapter, we show a circuit that similarly induces dynamic switching between
cooperative metabolic states in an isogenic E. coli strain. This circuit integrates the repressilator
with CRISPRi to carry out metabolic time-sharing by oscillating between distinct amino acid
production states. When circuit behaviour is not synchronized between cells, the population is
divided between different auxotrophy states and is able to cross-feed the required amino acids to
sustain population survival (Fig 3.1). Although oscillations in gene expression occur within each
individual cell, cooperative cross-feeding behaviours can only be observed at the population level.
In this chapter, we begin by demonstrating the construction and characterization of a modular
circuit that may be adapted for widespread DOL applications. We further combine single-cell and
bulk population measurements to provide preliminary results suggesting that this circuit can give
rise to obligate cross-feeding interactions within an E. coli population. Finally, we investigate the
fitness of isogenic time-sharing populations capable of cross-feeding essential amino acids and

draw comparisons to that of heterogeneous co-cultures.
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Figure 3.1 Coupling the repressilator with CRISPRi for metabolic time-sharing. (A) When co-expressed
with the repressilator circuit, CRISPR arrays placed under control of repressilator-encoded promoters will
oscillate according to the behaviour of the repressilator. The resultant crRNAs may then form a complex
with dCas12 and facilitate dynamic changes in gene expression. (B) Each cell alternates between three
distinct metabolic states with different amino acid production capabilities. (C) If the repressilator is
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unsynchronized between members of an isogenic population, approximately one third of the cells occupies
each state at any given time, enabling amino acid cross-feeding between cells with different auxotrophies.

3.2 Validating the function of CRISPRI circuit components

To assemble our synthetic circuit, we first validated that we could achieve strong, sustained
target gene repression using CRISPRi. Investigating static gene repression phenotypes enabled the
characterization of individual circuit components prior to the introduction of dynamics into the

system.

3.2.1 Tuning dCasl2 expression levels impacts gene silencing efficiency

Although dCasl2-related toxicity has not yet been reported in E. coli’?, we sought to
confirm this by investigating the consequences of varying dCas12 expression levels on both gene
repression efficiency, and on host cell fitness. Placing dCas12 under the control of the arabinose-
inducible promoter, Pusus4p, enabled the tuning of its expression level. This was done by
supplementing the culture medium with either increasing arabinose concentrations to
proportionally increase dCasl2 expression, or with 2% glucose to actively repress Paupap via
catabolite repression?’?. Gene repression efficiency was investigated by co-expressing the tunable
dCas|12 cassette with a previously validated crRNA2 for silencing the mVenus fluorescence gene,
such that repression efficiency was determined by measuring the loss of fluorescence in single
cells. However, leaky dCas12 expression was observed in both the presence and absence of glucose

(Fig 3.2A). Additionally, noisy and incomplete mVenus repression was observed upon the addition
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of increasing arabinose concentrations to the culture media, with no correlation between arabinose

concentration and mVenus expression level.

To achieve consistent and efficient mVenus repression, we instead placed dCas12 under
the control of a synthetic constitutive promoter??4. In contrast to the inducible dCas12, constitutive
expression yielded strong and homogenous mVenus repression (Fig 3.2B). This constitutive

dCas12 expression cassette was therefore used for all subsequent experiments.

As the motivation for implementing metabolic time-sharing is reducing the metabolic
burden placed on host cells, the circuit components were further evaluated for their effect on host
growth rate. The growth of strains expressing different circuit components were monitored in
minimal media over 48 hours. Comparison of calculated doubling times revealed no significant
differences between that of the wildtype host and strains expressing either the constitutive dCas12
cassette alone or alongside the repressilator (Fig 3.2C). These results suggest that expression of our
metabolic time-sharing circuit does not significantly impact host cell growth rate, and indicate its

potential viability as a means of controlling gene expression dynamics.
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Figure 3.2 dCas12 expression affects the efficiency of mVenus silencing. Ratio of mVenus expression
in single cells with varying dCasl2 induction levels compared to a fluorescence control that
constitutively expresses mVenus. All single-cell fluorescence values were normalized to eliminate
wildtype autofluorescence prior to comparison. (A) Tuning arabinose-inducible dCasl2 expression
levels by adding increasing concentrations of arabinose or glucose to the culture medium was imprecise,
and all induction conditions yielded incomplete gene silencing. (Fluo control: n=190; Wildtype: n=223;
2% glucose: n=262; LB: n=202; 0.02% arabinose: n=250; 0.2% arabinose: n=269; 2% arabinose:
n=325). All repression conditions exhibited significant differences from both the wildtype and
fluorescent controls (one-way ANOVA, LSD post hoc test p<0.05). (B) Robust silencing of mVenus
using a constitutive dCas12. (Fluo control: n=37; Wildtype: n=187; Constitutive dCas12: n=111). The
repression condition exhibited a significant difference from the fluorescent control (one-way ANOVA,
LSD post hoc test p<0.05), but not from the wildtype. (C) The doubling times of cultures constitutively
expressing dCas12, either alone or alongside the repressilator, compared to the wildtype host background
strain. No significant differences were detected between any sample doubling times (two-sample t-test,
p>0.05).

3.2.2 Gene silencing is robust to changes in crRNA sequence and regulatory
elements

Strong target gene repression can be achieved through design and selection of optimal
crRNA sequences. Here, crRNAs were selected using the methods described in Section 5.2 for
their proximity to the transcription start site, as well as their lack of sequence self-complementarity
and off-target matches within the genome. To demonstrate that these selection criteria can yield
several different crRNA sequences, each capable of repressing target gene expression with similar
efficiency, we targeted the mVenus fluorescent reporter as proof-of-principle. Two different

crRNAs were selected that bind to different regions within the first third of the mVenus coding
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sequence, and their ability to repress mVenus expression was compared to that of a previously
validated guide®®. Single-cell fluorescence measurements (described in Section 5.4) revealed that
robust mVenus repression was achieved with each of the three crRNA sequences tested, and that
no significant difference in crRNA efficacy was observed between the three evaluated sequences
(Fig 3.3A). These results are consistent with previous observations that targeting regions early in

the coding sequence yield strong gene repression.

To integrate CRISPRi with the repressilator, CRISPR arrays can be placed under control of
different repressilator-encoded promoters, such that CRISPR array expression (and subsequent
target gene repression) will oscillate according to the dynamics of the repressilator circuit. To
verify that the repressilator-encoded Pic and Prr promoters drive sufficient crRNA expression, we
expressed mVenus crRNAs under control of each repressible promoter. The drastic reduction in
single-cell fluorescence intensities to undetectable levels confirmed that these promoters yielded

sufficient crRNA expression to achieve tight repression of a target gene (Fig 3.3B).
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Figure 3.3 Robust mVenus silencing using different crRNA sequences and regulatory
elements. Ratio of mVenus expression in single cells compared to a fluorescence control
that constitutively expresses mVenus. All single-cell fluorescence values were normalized
to eliminate wildtype autofluorescence prior to comparison. (A) Strong repression of
mVenus using multiple crRNAs binding to different sequences within the mVenus coding
sequence. (Fluo control: n=38; Wildtype: n=221; mVenus crRNA 1: n=185; mVenus
crRNA 2: n=178; mVenus crRNA 3: n=106). (B) Expressing crRNAs under control of
repressilator-encoded promoters yields strong target gene repression. (Fluo control: n=42;
Wildtype: n=190; piac-ctRNA: n=87; pw-ctRNA: n=45). All samples exhibited significant
differences from the fluorescent control (one-way ANOVA, LSD post hoc test p<0.05), but
no significant differences were observed between the wildtype and repression conditions.

3.2.3 Workflow for modular assembly of CRISPR arrays

While expression of a single crRNA is sufficient for robust repression of a single target
gene, CRISPR arrays can encode several spacers for multiplexed gene repression’!. This is ideal
for the creation of complex phenotypes, as genes in different metabolic pathways can be
simultaneously perturbed. Here, we aim to engineer cells that cycle between distinct states, each
characterized by the simultaneous inability to produce one amino acid and while overexpressing
others. This is achieved through oscillating expression of different CRISPR arrays, which each
encode two spacers: one for silencing a key amino acid biosynthetic gene, and a second for

simultaneous targeting of a gene demonstrated to cause an amino acid overproduction phenotype .
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However, the abundance of repetitive sequences inherent in the CRISPR array structure
poses a challenge for array construction. To circumvent this, we adapted a previously described
Golden Gate-based method for the modular assembly of spacer-repeat subunits into CRISPR
arrays’’. This method places Golden Gate-compatible cut sites within the 6-7 base pairs that are
removed from the 3’ end of each spacer during crRNA processing, and are therefore not necessary
for targeting’’. Designing compatible overhang sequences in the 3> end of each spacer enables the

seamless assembly of multiple spacer-repeat subunits into a CRISPR array (Fig 3.4A).

To efficiently screen for successful insertion of two CRISPR arrays into a destination
vector, we employed a fluorescent dropout system. We designed gBlock sequences (IDT) for
assembly of a destination vector expressing two Green Fluorescence Proteins (GFPs), each under
control of a different repressilator-encoded promoter. In parallel, we designed and amplified
individual repeat-spacer subunits to comprise the CRISPR arrays, each flanked by complementary
Golden Gate-compatible restriction sites. During successful assembly, each fluorescence gene was
excised from the vector and replaced with assembled CRISPR arrays under the control of
repressilator-encoded promoters (Fig 3.4B). This enabled rapid identification of successfully
assembled plasmids by looking for a loss of fluorescence. Employing this method, we were able to

efficiently construct several plasmids expressing CRISPR arrays with distinct spacer combinations.
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Figure 3.4 Schematic of CRISPR array cloning strategy. (A) Repeat-spacer subunits with compatible
Type IIS restriction sites are assembled into CRISPR arrays using Golden Gate assembly. Compatible
restriction sites that flank fluorescence genes in the destination plasmid facilitate the insertion of
CRISPR arrays into the plasmid via Golden Gate assembly. (B) Successful assemblies will encode
two CRISPR arrays in the place of the fluorescence genes, and can therefore be identified by screening
for loss of fluorescence.
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3.3 Introducing amino acid auxotrophy phenotypes through silencing of
biosynthetic genes

Previous studies have demonstrated successful engineering of cross-feeding interactions

15,42 205

within synthetic microbial consortia in S. cerevisiae’' and E. coli'>**, among other prokaryotes
The stability of these interactions can be maintained when essential nutrients (such as amino acids)
are being traded, as the survival of each member of the consortia relies on its ability to receive the
desired nutrients from interacting partners. In particular, two-strain consortia consisting of histidine
and arginine auxotrophs have been shown to efficiently exchange these amino acids, in some cases

drastically improving the fitness of the co-culture compared to a wildtype monoculture!>.

Here, we emulate similar obligate cross-feeding interactions within a clonal E. coli
population by oscillating between distinct amino acid auxotrophy states over time at the single-cell
level. Cells occupying different states at any given time may therefore engage in reciprocal transfer
of amino acids. As proof-of-principle, we engineered cells that alternate between histidine and
arginine auxotrophies, motivated by a previous study demonstrating the robustness of histidine-
arginine cross-feeding pairs'>. These auxotrophic phenotypes were generated via CRISPRi-

mediated silencing of key biosynthetic genes for each amino acid.

To verify whether these crRNAs were capable of creating the desired auxotrophic
phenotypes, we first constructed strains expressing only the CRISPRIi circuit components to induce
sustained auxotrophy for a single amino acid. Two different crRNAs targeting the hisD or argH
genes were evaluated for their abilities to induce histidine or arginine auxotrophy, respectively,
when co-expressed with dCas12 in host cells. The growth of these strains, which lacked the
repressilator for dynamic state-switching, was monitored in minimal media over a 45-hour growth
period, recording population optical density (OD) at 5-minute intervals throughout (Fig 3.5A).
When the culture medium lacked amino acids, auxotrophs were expected to exhibit no growth for
the duration of the experiment. Conversely, providing the required amino acid by supplementing
the culture medium with 100 uM of arginine or histidine was expected to restore the growth of

these auxotrophs.
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As expected, three of the four auxotrophs supplemented with their respective required
amino acid displayed statistically similar doubling times to that of the control strain (Fig 3.5B),
with only a slightly lengthened lag phase before entry into exponential growth. Interestingly, one
auxotroph exhibited a significantly reduced doubling time compared to the prototrophic control
when supplemented with arginine (Fig 3.5B). This may be explained by exceptionally robust
silencing of the argH gene by this crRNA variant, causing a complete reduction in the burden

associated with arginine synthesis.

In contrast, each auxotroph not supplemented with their required amino acid exhibited
significantly longer lag times before entering exponential growth, ranging from 12.5 to 25 hours
for different strains (Fig 3.5A). This apparent prolonged inability to grow under minimal nutrient
conditions could suggest that these strains are in fact auxotrophic for their respective amino acids.
However, the eventual transition into exponential growth puts this into question, prompting further

investigation into this phenomenon.
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Figure 3.5 Induction of amino acid auxotrophies by silencing biosynthetic genes.
(A) Growth of cells targeting histidine or arginine biosynthetic genes with two
different crRNAs compared to the wildtype background strain in minimal media
in the presence (+AA) or absence (-AA) of the required amino acid. OD
measurements were taken 5 minutes apart throughout a 45-hour experiment.
Shaded areas represent the standard deviation of three replicates. (B) Doubling
times of the wildtype and auxotrophs supplemented with either arginine or
histidine (+AA) to relieve the auxotrophic phenotype. An asterisk indicates a
significant difference between samples (two-sample t-test, p<0.05). Error bars
denote the standard deviation between three replicates. (C) Sanger sequencing of
escape mutants identified at the end of the 45-hour growth experiment depicted in
(A).
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3.3.1 Growth of “auxotrophic” strains is likely due to the presence of escape
mutants

To investigate the unexpected observation that auxotrophic strains were able to grow in the
absence of amino acids after prolonged lag times, we harvested these auxotrophic cultures at the
end of a 45-hour growth experiment. Sequencing of extracted plasmids revealed extensive
mutations in two of the four tested crRNA sequences (Fig 3.5C). These mutations, which reduce
complementarity between the crRNA and its target, impede target gene repression, therefore
eliminating the auxotrophy phenotype. The uniformity in lag time between three biological
replicates of each strain suggests that these “escape mutants” were present in the parent population,
rather than having been individually acquired throughout the 45-hour growth experiment. As these
mutants were not identified during initial Sanger sequencing of the parent population, they were
likely present at very low frequencies but, as prototrophs, were selected for under the amino acid-

deficient experimental conditions.

The two remaining crRNA sequences were unaffected, and sequencing additionally
revealed no mutations in the dCas12 gene in any of the four tested strains. We hypothesize that
these remaining two strains were likely also mutants that have acquired undetected mutations in
either the target gene or another complementary region of the genome, eliminating the auxotrophic

phenotype to enable growth in the absence of amino acids.

In the context of cross-feeding experiments, wherein individuals exhibiting different amino
acid auxotrophies cross-feed these required amino acids among one another, rare escape mutants
incur the added burden of synthesizing an additional amino acid, and should no longer be selected
for. We hypothesized that the frequency of such mutants may be further reduced by co-expressing
two crRNAs targeting amino acid biosynthetic genes, as the probability of acquiring mutations in
both crRNA sequences is greatly reduced. To verify this, we constructed a strain expressing two
CRISPR arrays (each encoding a crRNA for either arginine or histidine auxotrophy, as well as a
crRNA for amino acid overproduction) in both the presence and absence of the repressilator. After
pre-culturing these strains in minimal media supplemented with 100 uM of arginine and histidine,

we diluted each culture to an OD of 0.005 in minimal media lacking amino acids. Upon overnight
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culturing, no visible growth was observed in our “double auxotrophic” strain expressing both
CRISPR arrays in the absence of the repressilator, validating that co-expression of two crRNAs
can induce a sustained auxotrophic phenotype (Table 3.1). Conversely, we observed growth in our
control, as well as our “time-sharing” strain expressing both CRISPR arrays and the repressilator
plasmid (Table 3.1). These preliminary data also suggest that the repressilator can induce dynamic
switching between alternate auxotrophic states at the single-cell level, thereby fostering reciprocal

cross-feeding between cells of a population.

Table 3.1 Growth of auxotrophs in the presence and absence of the repressilator

Strain Growth  OD after 16 h growth at 37°C
Control (expressing dCas12 only) + 1.904
Double auxotroph — 0.006
Time-sharing + 0.65

3.4 Visualizing dynamic state-switching

Efficient cross-feeding between members of a time-sharing population relies on single-cell
oscillations in gene expression. Oscillations may be verified in individual cells using the “triple-
reporter repressilator,” which encodes three different fluorescence reporters (each under the control
of a different repressilator-encoded promoter) alongside the classic circuit?®. Oscillations may
therefore be visualized as out-of-phase expression of these mVenus, CFP and mCherry reporter
genes. To confirm that our time-sharing strains exhibit single-cell oscillations, we co-expressed
our CRISPRI circuit that induces alternate amino acid production states with the triple-reporter
repressilator and analyzed single-cell fluorescence. Cells were observed on agarose pads, and static
mCherry, mVenus, and CFP intensity measurements were obtained for each cell and plotted on a
3D scatterplot (Fig 3.6). Here, we observed the trend that single-cell fluorescence fell along one of
the three axes, although variability in fluorescence intensity was observed. This suggests that one
fluorophore primarily dominates the system within each cell at any given time, which is consistent

with out-of-phase oscillations. As the dynamics of CRISPR array expression in our system are also
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dictated by the repressilator, cells expressing different fluorescent proteins are indicative of cells

occupying distinct metabolic states.
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Figure 3.6 Using the triple reporter repressilator to observe state switching. Single-
cell mCherry, mVenus, and CFP intensities in fluorescence units (f.u.). The buffer
preventing fluorescence intensity from reaching zero along any axis represents
baseline autofluorescence in that channel. Each dot represents a single cell (n=222).

3.5 Implications of metabolic time-sharing on population fitness

While single-cell measurements are ideal for monitoring dynamic processes in individual
cells over time, alternative methods are necessary to evaluate cooperative population-level
behaviours such as reciprocal cross-feeding. In an exponentially-growing isogenic population
expressing our time-sharing circuit, the repressilator is unsynchronized between individuals, thus
creating distinct subpopulations of cells exhibiting different amino acid auxotrophy and
overproduction phenotypes. Culturing in minimal media lacking amino acids therefore necessitates
amino acid cross-feeding between subpopulations. Similarly, cross-feeding can be achieved in
heterogeneous E. coli consortia composed of distinct strains of metabolic specialists. Here, we

created heterogeneous co-cultures by inoculating minimal media with two distinct auxotrophic
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strains (each expressing CRISPRi machinery for sustained silencing of either an arginine or
histidine biosynthetic gene) at identical initial densities. Segregating different amino acid
auxotrophies into separate strains has been demonstrated to foster reciprocal cross-feeding!>422%5,
but such heterogeneous consortia are susceptible to instability and competition between strains. To
evaluate the utility of metabolic time-sharing, we compared the fitness of a time-sharing strain with
that of a heterogeneous co-culture, each capable of cross-feeding essential amino acids in an
environment devoid of the required nutrients (Fig 3.7). The fitness of these cross-feeding cultures

were additionally compared with that of a “double auxotroph” unable to synthesize arginine or

histidine, as well as a prototrophic control strain expressing only dCas12.
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Figure 3.7 Fitness and growth of monocultures and co-cultures cross-feeding amino
acids. (A) Schematic of the Viable Plate Count method used here to determine the
fitnesses of cross-feeding co-cultures and time-sharing monocultures. (B) Fitness of
cultures relative to a control strain expressing only dCasl2 during 16 hours in
minimal media lacking amino acids (n=3 experimental replicates; horizontal lines
indicate the mean). The letter a indicates significant difference from a relative fitness
of 1 (one-sample t-test, p< 0.05). (C) Growth of a prototrophic control, arginine and
histidine double auxotroph, time-sharing strain, and cross-feeding co-culture in
minimal media lacking amino acids. OD measurements were taken 5 minutes apart
throughout a 24-hour experiment. Shaded areas represent the standard deviation of
three replicates. (D) Doubling times of cultures in minimal media devoid of amino
acids, derived from the growth rates observed in (B). Error bars denote the standard
deviation between three replicates. An asterisk indicates a significant difference
between two samples (two-sample t-test, p<0.05).
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Firstly, the growth of each auxotrophic or cross-feeding culture was investigated using the
Viable Plate Count (VPC) method, and the fitness of each was determined relative to the
prototrophic control. Aliquots of cultures diluted to an initial OD of 0.005 were spread onto agar
plates at the beginning and end of a 16-hour growth period, and the observed change in Colony
Forming Units (CFU) per mL was used to estimate population growth rates (Figure 3.7A). The
fitness of each culture relative to a prototrophic control strain was thus determined using the ratio
of growth rates. Growth experiments revealed that the fitness’s of both the double auxotroph and
the heterogeneous co-culture were significantly lower than that of the control strain. Although both
cross-feeding cultures reached a lower maximum OD than that of the control, no statistical
difference was found between the fitness’s of our time-sharing strain and the control. This
observation provides preliminary evidence that metabolic time-sharing may be used to generate
robust cross-feeding interactions capable of sustaining population growth (Fig 3.7B). Interestingly,
the fitness of our time-sharing strain was found to be significantly higher than that of the
heterogeneous co-culture, indicating that time-sharing may be a viable alternative to employing

co-cultures for DOL.

While VPCs are valuable for providing overall population growth rates, such end-point
measurements are unable to capture dynamic growth characteristics. For this reason, we
additionally monitored the growth of both cross-feeding cultures and controls in minimal media
devoid of amino acids, recording OD measurements at 5-minute intervals over a 24-hour
observation period. Such time-lapse data enabled the construction of growth curves for each
culture, displaying characteristics such as the lag time prior to exponential phase. Similar to
observations from VPC experiments, both cross-feeding cultures reached a lower maximum OD
than the control (Fig 3.7C). Further, the double auxotrophic strain exhibited no calculable growth
over the duration of the experiment while amino acid cross-feeding enabled the growth of both the
time-sharing strain and heterogeneous co-culture in an environment devoid of amino acids (Fig
3.7C). Doubling time estimations obtained using the observed slope of the log(OD) revealed that
our time-sharing strain exhibited a significantly higher doubling time (and therefore slower growth
rate) compared to a prototrophic control (Fig 3.7D). Though our time-sharing strain similarly
exhibited a lower fitness than the control in the VPC experiments, the significance of this difference

was not discerned by the VPC technique. However, no significant differences were observed
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between the doubling times of the time-sharing population and heterogeneous co-culture,
suggesting that our time-sharing method is comparable to traditional methods of engineering
obligate cross-feeding interactions. These preliminary results provide evidence that engineered
metabolic time-sharing has potential as a means of invoking cooperative population-level

Processes.
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CHAPTER 4

CONCLUSIONS AND FUTURE DIRECTIONS

In this thesis, we present a versatile platform for generating dynamic shifts between distinct
metabolic states in single E. coli cells using a hybrid circuit employing elements of CRISPR
interference and the repressilator. The resultant heterogeneity between individual cells harbouring
this “metabolic time-sharing” circuit enables cooperative population-level behaviours, such as
reciprocal nutrient cross-feeding. In Chapter 2, we discussed the advantages and applications of
single-cell monitoring and imaging techniques. Here, we highlighted the prominent “mother
machine” microfluidic platform and related devices, which facilitate the tracking of thousands of
individual cells in parallel under precisely controlled growth conditions. In Chapter 3, we employed
a combination of endpoint and time-lapse techniques to characterize the phenotypes of individual

cells, as well as whole populations, exhibiting metabolic time-sharing.

While the classic repressilator circuit has been demonstrated to generate robust oscillations
in reporter gene expression®’, its applicability is limited to altering the expression dynamics of
genes under control of the piac, pret, or pr promoters encoded within the circuit. The repressilator
alone is therefore ill-suited for orchestrating shifts between metabolic states, as extensive genetic
modification would be required to place native metabolic genes under control of repressilator-
encoded promoters. Previous work has demonstrated oscillator circuits that utilize CRISPRi

203207 Rather than encoding three

machinery to recapitulate the topology of the repressilator
repressor proteins, these circuit variations encode three crRNAs, which each repress the expression
of the subsequent crRNA in the circuit. Conversely, we express the original repressilator circuit in
parallel with CRISPRi machinery, such that the repressilator dictates the dynamics of CRISPRi-
induced gene repression. Expressing multiple CRISPR arrays under the control of different
repressilator-encoded promoters enables switching between distinct gene expression states. To our

knowledge, this is the first synthetic oscillator circuit that couples host cell metabolism with

CRISPRI to alternate between complementary metabolic states.
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As proof-of-principle that this platform may be used to engineer cooperative behaviours,
we adapted our metabolic time-sharing circuit to oscillate between distinct amino acid production
states. Amino acid auxotrophies induced in one metabolic state are complemented by others, such
that when a population of time-sharing cells is cultured, cells occupying different states at any
given time are able to reciprocally cross-feed the required amino acids. This distribution of isogenic
cells between three distinct states was visualized through the out-of-phase expression of three

fluorophores encoded in the triple reporter repressilator.

Time-trace data recording the OD of E. coli strains over a 45-hour experiment revealed the
unexpected growth of histidine or arginine “auxotrophic” strains following a prolonged delay. As
the cell growth medium was devoid of amino acids, this observation seemingly contradicted our
hypothesis that our auxotrophic strains would only exhibit growth upon supplementation of the
culture medium with the required amino acids. Upon further investigation, we identified mutations
in two of the four crRNA sequences used to induce auxotrophy at the conclusion of a growth
experiment. These mutations, which were sufficient to eliminate complementarity between crRNA
and target gene, were not detected in the parent culture. As the variation was small between
replicates monitored throughout the experiment, it is unlikely that these mutations were
independently acquired in each replicate throughout the experiment. Rather, this data suggests the
presence of low frequency “escape mutants” in the parent culture which, as the sole prototrophs in
the culture, were selected for and became enriched over time under conditions lacking extracellular
amino acids. The enrichment of these mutants in the population over time was captured using
kinetic OD measurements, which track dynamic growth characteristics. To the contrary, endpoint
OD measurements taken at the conclusion of the experiment would have solely reported growth of
the “auxotrophic” strains, without capturing the initial prolonged lag phase that prompted further

investigation.

As these escape mutants are selected against under time-sharing conditions, due to the
burden of synthesizing an additional amino acid compared to their cross-feeding counterparts, we
hypothesize that escape mutants do not impact the observed growth and fitness of time-sharing
populations. However, the prevalence of such mutants may be reduced in future work by employing

an additional crRNA targeting each amino acid biosynthetic gene for silencing, as the likelihood
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of cells within the parent population acquiring mutations in both crRNAs is greatly reduced. The
efficacy of using two crRNAs was observed in our “double auxotroph” strain, which
simultaneously expressed crRNAs targeting arginine and histidine biosynthetic genes, and
consistently displayed no calculable growth during experiments. As the “no growth” phenotype
relies on only one of these crRNAs to be functional, the likelihood of aberrant growth in this strain

is greatly diminished.

Employing alternative methods to measure population fitness yielded similar trends,
although differences in statistical significance were detected. The results of VPC experiments
suggest that our time-sharing strain alternating between amino acid auxotrophies exhibits higher
fitness in minimal media than a heterogeneous co-culture of auxotrophic strains. However,
measurements taken from time-lapse growth experiments indicate no significant fitness differences
between time-sharing strains and co-cultures that cross-feed amino acids. These observations
highlight the benefits of time-lapse tools for recording dynamic behaviours, such as population
growth. While VPCs have been considered the “gold standard” for measuring population fitness?%%,
this technique relies on endpoint measurements which mask defining growth characteristics, and
is laborious, as it relies on the manual counting of CFUs. Furthermore, these results are inconsistent
with one study that observed approximately a 20% increase in fitness of an arginine-histidine cross-
feeding co-culture compared to a wildtype control, although differences in the employed growth
conditions may explain this disparity!®>. As this study primarily used VPC methods to estimate
community fitness, the observed discrepancy may also be attributed to low countable numbers of
CFUs that reduce the power of the technique. Alternatively, the expression of CRISPRi machinery
in our system, which was not employed in the previous study may be responsible for this
inconsistency, although further exploration of the burden associated with CRISPRi would be
required to confirm this. Nevertheless, we can conclude that using our metabolic time-sharing
system to engineer cooperative behaviours in E. coli populations provides a comparable fitness

benefit as segregating the same cooperative interactions into heterogeneous co-cultures.
A drawback of using multi-strain consortia for cross-feeding and other cooperative

processes is the instability associated with co-culturing multiple strains within the same

environment?>34’48_ Conversely, the metabolic time-sharing method presented here is executed

58



within a single, isogenic population, thereby eliminating this disadvantage. To investigate the
robustness of time-sharing populations, we suggest that the following experiment be included in
future work. The metabolic time-sharing population should be adapted, such that each cell will
alternate between being resistant to two distinct environmental stressors, such as the bactericidal
antibiotics ampicillin and kanamycin. In parallel, a co-culture should be inoculated with two strains
at identical starting densities: one resistant to ampicillin and the other resistant to kanamycin.
Challenging both the co-culture and time-sharing population with one of the two stressors (i.e.
ampicillin) is expected to create an initial population bottleneck in both cultures, as all cells not
resistant to ampicillin at the time of exposure should be eliminated. However, the time-sharing
population is expected to regenerate its diversity over time, as each individual cell carries the
capacity to occupy both resistance states. Conversely, the co-culture should be unable to recover
the ampicillin resistance phenotype, and would therefore have lost half of its diversity. This
experiment would highlight the robustness of metabolic time-sharing in the face of environmental

changes.

The presented metabolic time-sharing platform has ideal applications in the biotechnology
industry for the synthesis of valuable compounds and chemicals with complex biosynthetic
pathways. We suggest that future work focus on the adaptation of our metabolic time-sharing
circuit to the alternating expression of sequential pathway modules for compound production.
Synthesis of the pigment violacein would be an ideal proof-of-concept to demonstrate the utility of
this method for progressing through biological pathways, as its synthesis pathway has been
extensively characterized, and the purple colour of the end product enables yield estimations
through colorimetric assays?%%?!°, Additionally, it has been reported that simultaneous expression
of the entire violacein biosynthetic pathway imposes a metabolic burden on the host*>. Adopting a
metabolic time-sharing approach is therefore anticipated to lower the burden placed on host cells,
as only one pathway module would be expressed at any given time, although this would require
future work to validate. Potential migration of this circuit into yeast could expand the range of
value-added compounds that may be synthesized using this method, but would require several
adaptations. These include altering the CRISPRi setup to use a dCas enzyme fused to a Kriippel-

211

associated box (KRAB) domain for tight target gene repression®'', reconstruction of the
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repressilator to include eukaryotic transcriptional repressors, and ensuring the ability of

transcription factors to enter the nucleus.

Future directions could additionally focus on exploring the versatility of this metabolic
time-sharing system. The MM microfluidic platform could be used to screen large repressilator
libraries, with the aim of uncovering circuit variants with differing dynamic properties (i.e. period,
amplitude). Bioproduction of specific compounds which require fixed ratios of time to be spent in
each state could benefit from selecting a circuit with the ideal dynamics. Characterizing a plethora

of circuits may therefore prove useful for tailoring this platform to a variety of applications.

DOL is a powerful phenomenon which has enabled natural microbial communities to
cooperatively perform complex metabolic tasks. Here, we present a platform to emulate this
behaviour within genetically identical E. coli populations and evaluate its ability to introduce
obligate cross-feeding interactions into a population. To the best of our knowledge, this is the first
time this fundamental property of higher organisms is engineered and harnessed but we foresee
widespread applications, such as DOL to synthesize valuable compounds with increased efficiency,

by providing a new paradigm for synthetic communities.
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CHAPTER 5

MATERIALS AND METHODS

5.1 Plasmid construction

The plasmids described in this thesis were constructed using Gibson assembly and/or
Golden Gate assembly, and are compiled in Table 5.1. Phusion high-fidelity DNA polymerase
(New England Biolabs) or AccuPrime pfx DNA polymerase (Invitrogen) were used according to
manufacturer specifications for PCR amplification of plasmid fragments or gBlocks (Integrated
DNA Technologies). All primers and oligos were purchased from ThermoFisher Scientific.
Plasmids were sequence-verified by Sanger sequencing (The Centre for Applied Genomics) or
Oxford Nanopore sequencing (Plasmidsaurus). Golden Gate assemblies were performed in T4
ligase buffer (New England Biolabs), using T4 DNA ligase (New England Biolabs) and BsmBI or
Bsal type IIS restriction enzymes (New England Biolabs). All plasmids were assembled in
SigmalO cells (Sigma Aldrich) treated to be either chemically competent (using Transformation
and Storage Solution (TSS)) or electrocompetent, and were subsequently transformed into the

desired background strain following successful assembly.

CRISPR arrays were cloned into a parent plasmid using the CRATES Golden Gate
assembly method”®. Each crRNA was designed with flanking appropriate BsmBI recognition sites
and overhangs for array assembly, and purchased as a set of complementary single-stranded oligos.
Oligos were annealed by mixing equimolar concentrations of each complementary single-stranded
oligo in annealing buffer (10 mM Tris (pH 7.5-8.0), 1 mM EDTA (pH 8.0), 50 mM NaCl), heating

to 95°C for 5 mins, and gradually cooling down to room temperature over 1-2 hours.

Plasmids pTP115 and pTP116 were constructed through restriction cloning. BamHI and
EcoRlI restriction sites were placed flanking the lac and tet promoter fragments, which were ordered
as sets of single-stranded complementary oligos and annealed as described above. The pTP84
vector backbone (gift of Chase Beisel’?) was PCR amplified using primers that incorporate BamHI

and EcoRI restriction sites into the amplified plasmid. The amplified plasmid and annealed
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promoter sequences were digested by BamHI (New England Biolabs) and EcoRI-HF (New
England Biolabs) according to manufacturer protocols. pTP115 and pTP116 were individually
assembled by annealing one of the promoters into the digested backbone using T4 DNA ligase and
its associated buffer (New England Biolabs).

The promoter controlling dCas12 expression was swapped with Gibson assembly, using
the NEBuilder HiFi DNA assembly mix (New England Biolabs). The araBAD promoter for
arabinose-inducible dCas12 expression in pTP92 was derived from pZA16mflon (gift from James
Collins?!?). The constitutive promoter sequence (pJ23100) used to drive dCasl12 expression in
pTP118 and pTP200 was taken from the EcoFlex MoClo kit for E. coli?**, and its corresponding
Ribosome Binding Site (RBS) was designed using the Salis Lab RBS calculator?!3. The pJ23100-
RBS sequence fragment was assembled using assembly PCR?!* and assembled into the pJK506
backbone. pTP200 was similarly constructed via Gibson assembly by swapping the SC101 origin
of replication for the p15A origin, derived from pJS169 (gift from Jeff Hasty).

pTP116 was generated by assembling a gBlock and kanamycin resistance cassette (derived

from pTP26) into the psgRNA backbone.

62



Table 5.1 Plasmid list

Plasmid Parent Origin of Antibiotic Genotype
Replication Resistance
pFNCpfl Gift of Chase ColEl Ampicillin pi2si19-dropout sfGFP
GG Beisel
pJS169 Gift of Jeff Hasty pl5SA Ampicillin Parafiac-lacl-ssrA
pJK506  Gift of Pamela SC101 Chloramphenicol  pretrieta-dCas 12, pretritetA-
Silver tetR, pas-mVenus
pLPT196 SC101 Ampicillin Repressilator, pret-c/ , piac-
tetR, pr-lacl
pLPT234 SC101 Ampicillin Triple reporter repressilator,
ptet-C], Plac- tetR, pR-ZaCI,
pret-mVenus, plac- mSCFP3,
pr-mKate?
psgRNA  Gift of David ColE1 Kanamycin p123119-gRNA scaffold
Bikard
pTP88 Gift of Chase ColE1 Ampicillin pi23ii9-mVenus crRNA 1
Beisel
pTP89 Gift of Chase ColE1 Ampicillin pi23i19- mVenus crRNA 2
Beisel
pTP90 Gift of Chase ColEl Ampicillin pi23119- mVenus crRNA 3
Beisel
pTP92 Gift of Pamela SC101 Chloramphenicol  paraBap-dCasl2, pas-mVenus
Silver
pTP107  Gift of Chase ColEl Ampicillin pi23t19-hisD crRNA 1
Beisel
pTP108  Gift of Chase ColEl Ampicillin p123119-hisD crRNA 2
Beisel
pTP109  Gift of Chase ColEl Ampicillin pi2si9-argH crRNA 1
Beisel
pTP110  Gift of Chase ColEl Ampicillin pi23119-argH crRNA 2
Beisel
pTP115  Gift of Chase ColE1 Ampicillin plac-dropout sfGFP
Beisel
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pTP116  Gift of Chase ColEl Ampicillin pret-dropout sfGFP
Beisel
pTP118  Gift of Pamela SC101 Chloramphenicol  pi2si00-dCas12, pas-mVenus
Silver
pTP119  pTP115 ColE1 Ampicillin plac-m Venus crRNA 1
pTP120  pTP116 ColEl Ampicillin ptet-mVenus crRNA 1
pTP125  Gift of Chase ColE1 Ampicillin pi23119-hisD operon crRNA 1
Beisel
pTP126  Gift of Chase ColEl Ampicillin pi23119-hisD operon crRNA 2
Beisel
pTP127  Gift of Chase ColEl Ampicillin piz3119-argH operon crRNA
Beisel 1
pTP128  Gift of Chase ColE1 Ampicillin pi23119-argH operon crRNA
Beisel 2
pTP141  pTPl116 ColE1 Kanamycin ptet-dropout sfGFP, plac-
dropout mNeon green
pTP162  pTP141 ColEl Kanamycin pret-argH crRNA [-mdh
crRNA 1, prac-hisD crRNA 1,
ppc crRNA 1
pTP200  pTP118 pl5SA Chloramphenicol  pi23i00-dCasi2
pTP213  pTPI115 ColE1 Ampicillin Plac-his operon crRNA 1-ppc
crRNA 1
pTP214  pTPl116 ColEl Ampicillin pret-arg operon crRNA -
mdh crRNA 1
pZAl6m Gift of James pl5SA Ampicillin ParaBAD-mf lon
flon Collins
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5.2 CRISPRi

All crRNAs used in this thesis are listed in Table 5.2, and were designed using the

CHOPCHOP tool?!3, with the exception of mVenus crRNA 1, which has been previously designed

and validated to silence genes under control of the A4 promoter

203

Targeted gene silencing was achieved through co-expression of one or more crRNAs with

dCas12. Arabinose-inducible dCas12 cassettes were either induced overnight through the addition

01 0.02%, 0.2% or 2% arabinose to the culture medium, or repressed by adding 2% glucose to the

culture medium.

Table 5.2 crRNA list
crRNA Target gene Sequence (5’ to 3°) Target Target
region strand*
mVenus ctRNA 1 mVenus CACCTCCACAACTAGCTGGT  Promoter - strand
mVenus ctrRNA 2 mVenus ACTGGAGTTGTCCCAATTCT ORF — strand
mVenus ctRNA 3 mVenus TGTCAGTGGAGAGGGTGAAG ORF — strand
hisD crRNA 1 hisD ACCTAAACCACTTTCACGTT Promoter + strand
hisD crRNA 2 hisD TTCAACTGATGTCTTTTAAC Promoter + strand
hisD crRNA 3 hisD ACACAATCATTGACTGGAAT ORF — strand
hisD crRNA 4 hisD CGCCTCTGAAAGCATTACCC ORF — strand
argH crRNA 1 argH TTCATAAATACTGCATGAAT  Promoter — strand
argH crRNA 2 argH ATTGTTGACACACCTCTGGT Promoter — strand
argH crRNA 3 argH CCCAGGCAGCAGATCAACGG ORF — strand
argH crRNA 4 argH ATTACCGTCTGGCGGAGCAG ORF — strand
mdh ctRNA 1 mdh ACAGTAGTGCAAGCGCCTGG ORF — strand
ppc ctRNA 2 ppc CCGAGCATACTGACATTACT ORF — strand

*“Target strand” indicates the strand that is complementary to the crRNA
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5.3 Strain preparation and culturing

The wildtype strain used was LPT370, a derivative of MG1655 (gifted by Mustafa
Khammash?'®), and all strains used in this thesis are listed in Table 5.3. Strains were cultivated at
37°C in LB media (Fisher Scientific) for propagation, or M9 minimal media (1x M9 salts (Thermo),
2 mM MgSOs4, 0.001 mg/mL thiamine HCI, 0.4% glucose, 0.02 mg/mL uracil, 0.1 mM CaCl>)

during growth experiments with the appropriate antibiotics.

Table 5.3 Strain list

Strain Parent Genotype Plasmids

LPT370 MGI1655 AaraCBAD AlaclZY A AaraE AaraFGH -
attB::lacYA177C ArhaSRT ArhaBADM

TP96 LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP85
attB::1acYA177C ArhaSRT ArhaBADM

TP97 LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP8S5, pTP88
attB::lacYA177C ArhaSRT ArhaBADM

TP98 LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP85, pTP89
attB::lacYA177C ArhaSRT ArhaBADM

TP99 LPT370 AaraCBAD AlacIZY A AaraE AaraFGH pTP85, pTP90
attB::lacYA177C ArhaSRT ArhaBADM

TP101  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP8S, pTP92
attB::lacYA177C ArhaSRT ArhaBADM

TP105  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP92
attB::1acYA177C ArhaSRT ArhaBADM

TP121  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP8S5, pTP119
attB::lacYA177C ArhaSRT ArhaBADM

TP122  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP85, pTP120
attB::lacYA177C ArhaSRT ArhaBADM

TP133  LPT370 AaraCBAD AlacIZY A AaraE AaraFGH pTP118, pTP125
attB::lacYA177C ArhaSRT ArhaBADM

TP134  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP118, pTP126
attB::lacYA177C ArhaSRT ArhaBADM
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TP135  LPT370 AaraCBAD AlaclIZY A AaraE AaraFGH pTP118, pTP127
attB::lacYA177C ArhaSRT ArhaBADM

TP136  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP118, pTP128
attB::1acYA177C ArhaSRT ArhaBADM

TP137  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP88, pTP118
attB::lacYA177C ArhaSRT ArhaBADM

TP138  LPT370 AaraCBAD AlacIZY A AaraE AaraFGH pTP118
attB::lacYA177C ArhaSRT ArhaBADM

TP201  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP200
attB::lacYA177C ArhaSRT ArhaBADM

TP202  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP200,
attB::lacYA177C ArhaSRT ArhaBADM pLPT196

TP205  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP162,
attB::1acYA177C ArhaSRT ArhaBADM pTP200,

pLPT196

TP206  LPT370 AaraCBAD AlacIZY A AaraE AaraFGH pTP162, pTP200
attB::lacYA177C ArhaSRT ArhaBADM

TP217  LPT370 AaraCBAD AlacIZY A AaraE AaraFGH pTP200, pTP213
attB::lacYA177C ArhaSRT ArhaBADM

TP218  LPT370 AaraCBAD AlaclIZY A AaraE AaraFGH pTP200, pTP214
attB::lacYA177C ArhaSRT ArhaBADM

TP221  LPT370 AaraCBAD AlaclZY A AaraE AaraFGH pTP162,
attB::1acYA177C ArhaSRT ArhaBADM pTP200,

pLPT234

5.4 Single-cell fluorescence measurements

E. coli strains were grown overnight in LB medium prior to fluorescence measurements.

The following morning, cultures were diluted 1:100 and grown another 2 hours at 37°C. 1 uL of

diluted culture was pipetted onto an agar pad, and cells were observed using a Zeiss Axio Observer

inverted microscope. An attached LED epifluorescence illuminator (Collibri 7) was used for

fluorescence excitation, and emitted fluorescence was captured with an Orca Flash 4.0 LT camera

(Hamamatsu).
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5.5 Growth curves

E. coli strains were pre-cultured overnight in LB media prior to growth experiments. The
following morning, cultures were diluted 1:00 and grown another 2 hours at 37°C. Diluted cultures
were washed 3 times and resuspended in M9 minimal media lacking amino acids. Resuspended
cultures were diluted to an OD 0.005 in M9 minimal media with or without 100 uM of arginine or
histidine. Co-cultures were created by inoculating M9 minimal media with two strains at a 1:1
ratio, each at an initial OD of 0.025. 150 uL of each culture was pipetted in triplicate into a 96-well
plate (Greiner Bio-One) alongside a 150 puL “blank™ of M9 minimal media. OD was measured at
S-minute intervals with continuous shaking at 282 cycles per minute using a Synergy H1 microplate

reader (BioTek) set to 37°C.

5.6 VPC experiments

Prior to the VPC experiment, E. coli strains were streaked onto LB plates supplemented
with the appropriate antibiotics, and one isolated colony of each strain was cultured overnight at
37°C. The following morning, overnight cultures were diluted 1:50 and incubated for another 3
hours at 37°C prior to being washed 3 times and resuspended in M9 minimal media. Resuspended
cultures were diluted to an OD of 0.005 at the start of the experiment, and were grown at 37°C for
16 hours. At the beginning (0-hour) and end (16-hour) of the experiment, 100 uL. was removed
from each culture for 10-fold serial dilutions. 100 uL of the 104, 10-3, and 107 dilutions were plated
onto LB plates with the appropriate antibiotics at each timepoint. The number of CFUs on each

plate after overnight growth at 37°C were counted manually.

5.7 Data analysis

5.7.1 Single-cell fluorescence measurements

Cells were manually segmented and fluorescence intensity values were determined using
FIJI (Fiji Is Just ImageJ). All images were concatenated before adjusting image brightness and

contrast. Each cell was manually selected and the maximum pixel intensity of each cell was
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recorded. To remove autofluorescence, the mean intensity of a non-fluorescent control strain was
subtracted from the intensities of each individual cell. The adjusted intensity of each cell was then
divided by the mean intensity of a control strain constitutively expressing mVenus (relative
expression value of “1”’) to determine mVenus expression ratios. Violin plots were created using

MATLAB (code provided by Bastian Bechtold).

5.7.2 Growth experiments

Changes in population OD over time were plotted using MATLAB (code provided by
Giselle McCallum). Shaded error bars represent the standard deviation of three replicates, while
the bolded lines represent the mean. Growth rate was determined by finding the slope of the linear
region in a plot of log(OD) over time. Doubling time was calculated by dividing In(2) by the

determined growth rate.

5.7.3 VPC experiments

The observed change in CFU/mL was used to calculate the Malthusian parameter (M) as
an estimation of population fitness (Equation 1). Relative fitness of a culture compared to a control

was determined by the ratio of Malthusian parameters (Equation 2).

CFU/mL at time t
(GFy i at time 0

M = timet (Eqn 1)
. __ M(strain)
Rel. fitness = M(controD (Eqn 2)
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