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1
INTRODUCTION

A single silicon atom cannot perform any computation. However, when many silicon atoms are
assembled in the right way, they can form a computer. Similarly, one neuron alone is not conscious,
but many neurons together can form a brain, nature’s most complex computer. If higher-order
assemblies are merely the sum of their parts, an intriguing question arises: since a cell is just a
collection of molecules moving chaotically and occasionally colliding, what gives it life? Owing
to Friedrich Wöhler’s urea synthesis experiments, we know that no “vital force” exists [1]. The
answer to the basis of life instead, lies in structure. A few molecules can assemble to form the
essential components of a cell: DNA, RNA, and proteins. The interactions among these structures
impart life to the cell. This realization opens up numerous new questions: How do these complex
structures function? How did they evolve? Is there an underlying design principle? Are they
optimally designed?

This thesis aims to understand how function arises from simple components, with two specific
objectives. First, we explore how a sensory network comprising just a few protein species exploits
near-critical dynamics — the behavior of a system poised in a narrow regime between order and
chaos. Second, we aim to understand how the same simple network gives rise to diverse behaviors
among individuals, how this diversity changes during an organism’s lifetime, and how individuals
exploit this diversity to adapt to different environments. To answer these questions, we utilize
arguably the best characterized sensory system throughout biology: the chemotaxis network of the
enteric bacterium Escherichia coli. The chemotaxis network, the "brain" of the bacterium, allows it
to navigate its environment, moving toward favorable conditions and avoiding stressful ones.

Both criticality and diversity are observed widely across biology, but their mechanistic origins
and functional consequences remain challenging to study in a rigorous experimental setting. We
chose to study them in the E. coli chemotaxis network because the system itself is very simple.
It comprises only about a dozen protein species and is largely decoupled from gene expression
and metabolism. Most importantly, however, we have a very good mechanistic understanding
of this system, precise genetic control, and a vast array of experimental tools to study it. These
characteristics make E. coli chemotaxis an ideal vehicle for studying fundamental questions about
criticality and diversity.

Our approach includes a wide range of experiments across various scales. We use Förster
Resonance Energy Transfer (FRET) microscopy to measure signaling dynamics in living cells, genetic
engineering and fluorescence microscopy to assess protein expression, and physiology experiments
to study bacterial growth. We also assess their chemotactic performance at the behavior level, by
tracking how individual bacteria swim, and following how millions of bacteria collectively migrate
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as population waves. We combine these experiments with theoretical analysis to understand how
only a dozen or so protein species implement a control network that gives rise to such complex
behaviors of bacterial cells.

1.1 Escherichia coli AND ITS MOTILITY
It would be an omission not to properly introduce the model organism used to derive all the
experimental conclusions of this thesis. Escherichia coli is one of the most thoroughly studied
model organisms, extensively characterized genetically, biochemically, and behaviorally. In fact,
it was one of the first organisms to have its entire genome sequenced [2]. Due to its rapid growth
rate—E. coli can divide every 20 minutes under ideal conditions—and ease of culture in the lab, E.
coli has played a crucial role in the development of molecular biology and biotechnology, as well as
experimental studies of evolution.

E. coli’s natural environment is the small intestine of mammals, but it is also frequently found
in the large intestine, soil, and water. Since it reproduces asexually, all E. coli cells have a single
parent cell. Notably, most common laboratory E. coli strains descend from a cell obtained from an
anonymous patient in Palo Alto, California, in the 1920s [3].

As E. coli reproduces asexually, the DNA molecules of all descendants of a single parent cell
are identical apart from the occasional random mutation. E. coli has a single circular chromosome
that consists of a double-stranded chain of DNA. When cut and untangled, this chromosome has a
length that is about a thousand times longer than its cell body [4].

E. coli is only about 1 femtoliter in volume, with 70% of its total weight being water, similar to
humans. The remaining 30% is composed of proteins (15%), RNA (6%; mostly ribosomal RNA),
and only 1% of the cell weight is DNA [5]. Unlike humans, however, E. coli does not experience
significant inertia; instead, viscous forces dominate its movement [6]. This is because the Reynolds
number of an E. coli cell swimming in water is only about 5x10-5, whereas an average human
swimming in the same environment would have a Reynolds number of about 2x106 [5] [6]. For E.
coli flagella to generate thrust, they need to utilize viscous drag. Even under these conditions, E.
coli can swim about 20 body lengths per second [4]. Another important consequence of life at low
Reynolds numbers is the significance of diffusion. The movement of metabolites toward an E. coli
cell and the removal of metabolic byproducts away from the cell are entirely controlled by diffusion,
with local stirring caused by cell movement being irrelevant [6].

1.2 CHEMOTAXIS OF E. coli
A major advance in our understanding of E. coli physiology came in the 1960s, when Julius Adler
identified E. coli mutants that couldn’t metabolize certain sugars and amino acids but still swam
towards their sources [7] [8]. This observation proved that metabolism and sensing can be decou-
pled in E. coli. The ability of E. coli to move toward beneficial or away from harmful stimuli in
its environment, a process termed chemotaxis, was, however, mechanistically understood only a
decade later by Howard Berg. Berg built a microscope using analog electronics that could track
single E. coli cells [9]. Using this tracking microscope, Berg and collaborators studied the trajectories
of individual bacteria and found that they resemble a random walk consisting of straight segments
(“runs”) interrupted by short intervals of random motion in place, which causes the cell to re-orient
itself (“tumbles”) [10]. When an E. coli cell ascends an attractant gradient, the duration of the runs
becomes longer, biasing their random walk (figure 1.1a).

This run-and-tumble motion in E. coli is powered by multiple rotating flagella. Each flagellum
is driven by a single motor, and runs and tumbles correspond to counterclockwise (CCW) and clock-
wise (CW) motor rotation, respectively. The rotation of the motor is determined by the chemotaxis
pathway of E. coli, a signaling network based entirely on protein-protein interactions (Figure 1.1b).
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This network allows the cell to detect chemical and physical signals through membrane-embedded
protein arrays composed of five different types of chemoreceptors. The two primary receptors,
Tar (which mainly senses the amino acid aspartate) and Tsr (which mainly senses the amino acid
serine), make up 90% of the total chemoreceptor population when E. coli cells are grown in rich
media. The other three chemoreceptors—Tap (sensing dipeptides), Trg (sensing sugars), and Aer
(sensing oxygen)—are present at substantially lower copy numbers [11].

CheA
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Figure 1.1: Chemotaxis in Escherichia coli. (a) E. coli movement alternates between run and tumble motions.
When ascending an attractant gradient, the chemotaxis network suppresses tumbling, thereby increasing the
duration of the run phase. (b) The chemotaxis network of E. coli. The kinase CheA phosphorylates the response
regulator CheY, producing CheY-P in the absence of ligand binding to the receptors. CheY-P binds to the
flagellar motor, reducing its tumbling bias. CheZ dephosphorylates CheY. The adaptation enzymes CheR and
CheB methylate and demethylate the receptors, respectively; methylation decreases receptor sensitivity, while
demethylation increases it.

When active, a kinase called CheA phosphorylates the response regulator CheY, producing
CheY-P. Binding of attractant molecules to chemoreceptors reduces the activity of CheA, leading to
a decrease in the intracellular level of CheY-P. CheY-P interacts with the flagellar motor, reducing
the fraction of time it rotates CW (i.e., the motor’s CW bias), and hence also the fraction of time
the cell spends tumbling (i.e., the cell’s tumble bias). Consequently, attractant binding increases
the duration of the bacterium’s runs [12]. Another enzyme, CheZ, catalyzes the removal of the
phosphate groups from CheY-P, effectively undoing the action of CheA. The chemotaxis network
also contains the scaffolding protein CheW, which structurally links the transmembrane receptors
with cytosolic CheA to form the membrane-lining signaling arrays. Finally, there are two adaptation
enzymes, CheR and CheB, which change the methylation level of the receptors. Specifically, CheR
methylates inactive chemoreceptors, while CheB demethylates active chemoreceptors. Methylation
decreases the receptor sensitivity, while demethylation enhances it, allowing the cell to adapt to
constant background levels of chemoeffectors [11].
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1.3 CRITICALITY
Let us now switch gears and talk about physics. Critical phenomena in physics refer to the behavior
of systems at or near a critical point, on the boundary between different phases of matter. A classic
example of a critical point is the liquid-vapor critical point, where a liquid and its vapor can coexist.
At this critical point, small changes in conditions—such as temperature or pressure, in the case of
the liquid-vapor critical point—can lead to drastic changes in the system’s behavior as it transitions
from one phase to another (e.g., from liquid to vapor) [13].

At critical points, systems exhibit characteristic properties that are remarkably independent
of system-specific details (and hence often referred to as "universal" properties). One example
is critical slowing down, where the system’s response to perturbations becomes extremely slow.
Criticality is also characterized by extreme sensitivity to perturbations as well as enormous sponta-
neous fluctuations, both indicating a high degree of cooperativity among the system’s components.
How such fluctuations can produce nontrivial effects was demonstrated over 150 years ago, when
Thomas Andrews noticed the "critical opalescence" of fluids [14], which arises from the large
density fluctuations near the liquid-vapor critical point. He reported that water turns opaque or
"milky" near its critical temperature and pressure, and changing the temperature of water by just a
few degrees restores its normal, transparent appearance.

Phase transitions are often categorized into first- and second-order transitions, with the main
difference being continuity [13]. First-order transitions, such as the boiling of water to steam
discussed above, are discontinuous. During this phase transition, there is a sudden change in
system properties, such as its density. The order parameter in first-order transitions, a measure
of the degree of order in the system, typically changes discontinuously at the transition point. In
the case of the liquid-gas transition, the order parameter is the difference in densities between
the gas and liquid phases. In contrast, second-order transitions are characterized by continuous
changes in the order parameter, though thermodynamic responses near the critical point often
exhibit power-law divergences. An example of a second-order transition is the transition from a
paramagnetic to a ferromagnetic state in a magnet. Its magnetization gradually increases from zero
as the temperature decreases below the critical temperature. The order parameter in second-order
transitions changes smoothly, and while its derivative may not always diverge, susceptibilities
and related thermodynamic quantities often do. For the ferromagnetic critical point, the order
parameter is the magnetic moment.

But how is all this relevant to biology? The concept of criticality provides a unified physical
framework to understand how assemblies of simple components give rise to complex behavior. In
physical systems, these simple components are water molecules, in the case of the liquid-gas critical
point and magnetic spins in the case of the ferromagnetic critical point. In biological systems, these
components can range from proteins to cellular membranes, and from whole cells, such as bacteria
and neurons, to even whole animals [15]. In fact, critical phenomena have been postulated in
antibodies [16], plasma membrane vesicles [17], bacterial communities [18], and even the human
brain [19] and flocks of birds [20]. In Chapter 2 of this thesis, using a combination of single-cell
FRET experiments and computer simulations of a two-dimensional conformational spread (Ising)
model, we show how the chemoreceptor array of E. coli, an assembly of thousands of molecules, is
poised at criticality.
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Figure 1.2: Intrinsic and extrinsic noise in stochastic gene expression. (a) Expected cell-to-cell variability when
gene expression noise is exclusively intrinsic. Intrinsic fluctuations arise from the inherent stochasticity of
transcription and translation. As these sources of variability are random, they affect the copies of the YFP and
CFP genes independently, resulting in uncorrelated YFP and CFP levels. (b) Extrinsic fluctuations are due to
factors that influence both YFP and CFP genes, such as variations in the copy numbers of RNA polymerases and
ribosomes or cell cycle-related effects. These fluctuations produce correlated levels of YFP and CFP expression.
(c) Expected cell-to-cell variability when gene expression noise is both intrinsic and extrinsic. This distribution
closely resembles the experimental data obtained in [21]. The presence of correlated noise with a significant
off-diagonal component indicates that gene expression in bacteria is influenced by both intrinsic and extrinsic
fluctuations. Image based on [22], based on data from [21].

1.4 PHENOTYPIC DIVERSITY
Bacteria, due to their clonal reproduction, form isogenic populations of cells. However, even when
grown in the same environment, genetically identical bacteria can exhibit strikingly different phe-
notypes. This individuality originates from stochastic gene expression. The enzymes responsible
for transcribing DNA into mRNA (RNA polymerases) and translating mRNA into proteins (ribo-
somes) are present in finite copy numbers. Additionally, the biochemical reactions they catalyze
are inherently stochastic. Since DNA is usually present in single or very few copies in bacteria,
this stochasticity does not average out [22]. Consequently, the number of proteins can fluctuate
significantly between bacteria with the same DNA.

The observation that gene expression fluctuates markedly between isogenic cells dates back
to the 1950s when a pioneering study by Novick and Weiner showed that the production of the
enzyme beta-galactosidase in individual E. coli cells was highly variable [23]. However, it took
almost 50 years until Elowitz and colleagues explored the causes of stochastic gene expression in
detail [21] (Figure 1.2). They introduced two copies of the same lac promoter—the activity of which
Novick and Weiner were studying indirectly—into two loci nearly equidistant from the origin of
replication of the E. coli chromosome, each driving the expression of a different fluorophore gene.
The two fluorophores, YFP and CFP, have almost identical DNA sequences but significantly different
spectral characteristics. Using this system, they measured the expression of each fluorophore
using fluorescence microscopy and distinguished between extrinsic fluctuations (those affecting
the expression of both gene copies equally, such as polymerase and ribosome copy numbers and
cell cycle phase) and intrinsic fluctuations (those affecting each gene copy separately due to the
randomness inherent to transcription and translation). They found that cells exhibited significant
amounts of both extrinsic and intrinsic gene expression noise.

Phenotypic diversity due to gene expression noise is not necessarily a nuisance, however. In
fact, it has become clear that, in some cases, bacteria can benefit from phenotypic diversity. This
diversity allows bacteria to establish a subpopulation of cells that are not adapted to the present
environment but are prepared for potential future environments. This diversification, often termed
"bet-hedging," enables bacterial cells to rapidly adapt to various environments. An alternative
survival strategy would involve cells sensing their environment and responding accordingly by reg-
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Figure 1.3: Contrasting survival strategies. (a) Clonal bacterial populations can exhibit diverse phenotypes,
with each color representing a different phenotype. (b) The external environment of a bacterial population can
change rapidly. Here, each color represents a different environment. The optimal phenotype for surviving in
each environment has a color matching the environment color. (c) Two contrasting survival strategies. (Left)
Cells employ a "sensing and responding" mechanism, where they detect their current environment through
dedicated sensory pathways and express the necessary proteins to survive. (Right) Cells employ a "bet-hedging"
strategy, where they assume diverse phenotypes due to gene expression noise, some of which are by chance
already optimized for future environments. These cells can then repopulate the new environment. Bet-hedging
does not require dedicated sensory pathways. Image based on [25].

ulating gene expression [24] [25] (Figure 1.3). However, such a “sensing and responding” approach
would be slower than bet-hedging since it requires changes in gene expression and the evolution of
unique signal transduction pathways for each potential environment. These factors render sensing
and responding impractical for fast-changing or rare and unpredictable environments.

Bacteria have been shown to employ bet-hedging strategies in various contexts. A medically
relevant example is bet-hedging used by bacteria to evade antibiotics. Heterogeneity in the growth
rate of E. coli creates subpopulations of cells that grow much slower than average [26]. These
“persisters,” linked to fluctuations in the expression of a single gene, are more resilient to antibiotic
stress than normally growing cells. When the antibiotic treatment ends, these persisters can resume
growth and repopulate the environment. However, the relevance of phenotypic diversity extends
beyond survival under stress. It also, for example, plays a crucial role in ecological interactions.
In microbial communities, diverse phenotypes can lead to niche differentiation, where different
phenotypes exploit distinct ecological niches, reducing direct competition and promoting coex-
istence [27] [28]. More recently, it was shown that bacteria also perform sensory bet-hedging, to
increase their chance of detecting new sources of ligand and therefore increase their overall chance
of survival [29] [30] [31].

Chapters 3 to 5 of this thesis focus on different aspects of phenotypic diversity. In Chapter 3,
we characterize the diversity of sensory phenotypes of E. coli cells grown in different environments
and identify the molecular origins of this diversity. Furthermore, we show that diversity in the
sensing phenotypes of bacteria can be beneficial for navigating environments where populations
benefit from readiness to multiple possible sensory cues. In Chapter 4, we examine the effects of
the cell-cycle phase on sensory diversity and study how phenotypes are inherited from mother to
daughter cells, and how sensory diversity relaxes when the environment shifts. Finally, in Chapter
5, we demonstrate that bacteria migrating collectively can leverage the inherent diversity in tumble
bias and chemoreceptor expression to rapidly and flexibly adapt their phenotypic composition to
different environmental conditions.
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2
SPONTANEOUS SWITCHING IN A

PROTEIN SIGNALING ARRAY REVEALS

NEAR-CRITICAL COOPERATIVITY

Dynamic properties of allosteric complexes are crucial for cellular information processing. However,
direct observations of allosteric switches have been limited to compact molecular assemblies. In
this Chapter, we report in vivo FRET measurements of spontaneous discrete-level fluctuations in
the activity of an entire Escherichia coli chemosensory array — an extensive membrane-associated
assembly comprising thousands of molecules. Finite-size scaling analysis of the temporal statistics
by a two-dimensional conformational spread model revealed nearest-neighbor coupling strengths
within 3% of the Ising second-order phase transition, indicating that chemosensory arrays are poised
at criticality. Our analysis yields estimates for the intrinsic timescale of conformational changes (∼ 10
ms) of allosteric units, illuminates the role of cooperativity in generating biologically relevant signal
noise, and identifies near-critical tuning as a design principle for balancing the inherent tradeoff
between response amplitude and response speed in higher-order signaling assemblies.
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2.1 INTRODUCTION
Large protein assemblies at the heart of many cell signaling processes exhibit varying degrees of
structural and dynamical order, from liquid-like granules [32, 33] to solid-like arrays [34–36]. Recent
experiments are revealing how phase transitions leading to the formation of liquid-like assemblies
— first-order transitions analogous to the condensation of gas into liquid — are used by cells to
implement various information-processing tasks, such as signal initiation and confinement [37],
kinetic proofreading [38], and noise control [39]. Theory also predicts that a different phase transi-
tion can occur within solid-like assemblies — a second-order transition analogous to the ordering
of magnetic spins in a ferromagnet at low temperatures, arising from conformational interactions
between protein subunits [40]. However, requirements for second-order phase transitions are more
stringent than those for first-order transitions — they occur only at a special point in phase space, a
critical point. It remains unclear if such second-order transitions occur in signaling assemblies and
if so, how they constrain or contribute to the functional design of protein assemblies.

Recent structural studies are revealing an increasing number of solid-like signaling assemblies
with a high degree of spatial order, where subunit proteins are arrayed in a regular pattern. The
repertoire of such crystal-like assemblies reported to date is diverse in both form and function, and
includes one-dimensional filament-like assemblies found in cellular homeostasis and inflammation
signaling [41, 42], protein rings that mediate control of cell motility and apoptosis [43, 44], as well
as two-dimensional arrays involved in chemosensing, neuromuscular control, and innate immune
responses [45–48]. Yet, despite exciting advances in resolving the ultrastructure of these large
assemblies, mechanistic design principles of their signaling function remain challenging to address
experimentally. By contrast to compact oligomeric signaling complexes of fixed size, these extensive
structures tend to assemble through open-ended polymerization and/or multivalent interactions,
making them inherently variable in both size and composition [35]. The resulting polydispersity
and stoichiometric diversity tend to mask their true signaling dynamics, as well as their size- and
composition-dependence, both in vivo and in vitro. An ideal functional assay would therefore
interrogate assembly-level dynamics in singulo — at the level of an individual assembly — but
experimental realization has remained elusive.

2.2 RESULTS

2.2.1 SINGLE-CELL FRET REVEALS TWO-STATE SWITCHING FLUCTUATIONS

IN THE ABSENCE OF SENSORY STIMULATION
Here we report in vivo FRET experiments that resolve this challenge for the chemosensory array
of Escherichia coli, a canonical two-dimensional signaling assembly lining the cytoplasmic mem-
brane, which allows motile bacteria to navigate chemical environments with exquisite sensitivity
[28, 49, 50]. This higher-order assembly comprises thousands of receptor, kinase, and scaffolding
molecules arranged in a well-defined lattice structure [51–53] and thus serves as a paradigm for
signaling in two-dimensional protein assemblies. The in vivo signaling activity of chemosensory
arrays are determined by the combined effects of sensory inputs to chemoreceptors and adaptation
feedback via reversible covalent modifications (methylation/demethylation) of specific chemore-
ceptor residues. The array’s activity output can be read out by an intermolecular FRET system
[49] that reports on CheA kinase activity, the signaling output of arrays, by labeling two down-
stream proteins: the response regulator CheY, which receives phosphoryl groups from CheA, and
its phosphatase CheZ, resulting in a signal that is proportional to kinase activity [49] (Fig. 2.1a).
Our strategy leverages recent advances in extending this in vivo FRET technique to the single-cell
level [54, 55], to achieve functional measurements of individual arrays within live cells. Imaging
studies have revealed that the partitioning of chemoreceptors and associated proteins into arrays
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is highly variable across cells, even within isogenic populations, with some cells possessing many
small arrays while others have only one or a few large arrays [56, 57]. Thus, by searching for cells in
which signaling is dominated by a single large array, we aimed to achieve in singulo measurements
of functional array output.

To identify cells whose chemoreceptor population is concentrated into a single large array,
we focused on fluctuations in kinase output that are observable by FRET at the single-cell level.
Motile behavior of individual E. coli cells are known to be highly variable over time [58–60], and
numerous studies have implicated a role for the adaptation enzymes CheR and CheB in generating
this variability through stochasticity in their enzymatic activity [58, 61–63]. Recent single-cell FRET
measurements confirmed strong temporal fluctuations of intracellular signaling activity [54, 55],
but surprisingly, the largest temporal fluctuations were found in cells deleted for both CheR and
CheB, and expressing only a single chemoreceptor species (out of five in wildtype E. coli). Strikingly,
a subset of these cells demonstrated switch-like fluctuations between fully active and inactive states
while the input ligand stimulus was held constant [54]. Two-level switching in whole-cell kinase
activity is surprising because it implies synchronous switching of very large molecular populations —
E. coli chemoreceptors and their associated kinases are expressed at a level of ∼ 103−104 copies per
cell [64]. A possible explanation is that these giant fluctuations are the result of intrinsic fluctuations
within the chemosensory array. However, it is also possible that other factors, such as spurious
fluctuations in the applied ligand signal, are driving synchronous switching of a larger number of
otherwise independent signaling arrays.

We therefore began by testing whether two-level fluctuations occur in the absence of any
external ligand stimulus. The aspartate receptor Tar in the absence of CheR and CheB has a steady-
state activity bias 〈a〉 (defined as the activity relative to its maximum level) close to unity, and does
not switch unless this bias is shifted down by chemoeffector ligands [54]. However, there are known
genetic modifications of chemoreceptors that mimic the effects of methylation/demethylation by
CheR/CheB, and can modify the chemoreceptor activity bias while maintaining otherwise normal
signaling function [65]. To rule out possible ligand fluctuations as the driver of switching, we
therefore tuned down the activity bias by expressing Tar in the QEEE covalent modification state
by a single-residue replacement at one of four adaptation-modification residues (from QEQE in
wildtype Tar), which yields an intermediate activity bias without the addition of chemoeffectors
(see Supplementary Text, Fig. 2.2f) [65]. This allowed us to measure temporal fluctuations by
single-cell FRET recordings in thousands of individual cells (Figs. 2.1b and 2.2a). In 204 of 1414
cells obtained from 19 FRET experiments, we observed switching between a high and low activity
state (> 65% of transitions showing activity level changes of > 0.7). Spontaneous switching in the
absence of exogenous ligands was not specific to Tar receptors, as we observed similar switching
behavior (two-state switching in 548/4446 cells, across 44 experiments) in analogous experiments
with Tsr-I214K, a single-residue replacement mutant of the serine receptor Tsr within its ‘control
cable’ region [66] with a down-shifted activity bias similar to that of Tar [QEEE] (Figs. 2.1b, 2.2b, and
2.2f).

Spontaneous two-state switching is a hallmark of allosteric signaling complexes such as ion
channels [67], but their observation requires measurements at the level of individual complexes;
ensemble-averaged experiments can not resolve the switching dynamics because the timing of
switching events is uncorrelated and thus switching dynamics are averaged out. To confirm whether
the observed two-level switches indeed represent the behavior of single chemosensory arrays,
we performed single-cell FRET experiments using an adapted protocol with reduced FRET-pair
expression. The reduced cytoplasmic level of fluorescence in these experiments allowed detection
of chemosensory arrays as intensity peaks of CheZ-YFP fluorescence, due to the well-established
phenomenon [68, 69] of CheZ clustering at chemosensory arrays (Figs. 2.1c and 2.3), and the
number of stable switching states could be determined through FRET experiments on the same



2

10 2 SPONTANEOUS SWITCHING IN A PROTEIN SIGNALING ARRAY REVEALS NEAR-CRITICAL COOPERATIVITY

0

1

0

1

0

1

0

1

0 300 600 900 1200 1500
0

1

0 300 600 900 1200 1500
0

1

P

CheA

CheY

CheZ

ac
tiv

ity 
a (

t)

ac
tiv

ity
 a

(t
)

+Leu
(1mM)

Tar [QEEE] Tsr-I214K +Ser
(1mM)

+NiCl2
(0.3 mM)

+MeAsp
(1mM)

b

d

time (s) time (s)

a
1 cluster

2 clusters

Tar or Tsr c

0 500 1000
0

1

ac
tiv

ity
 a

(t
)

time (s)

0 500 1000
0

1

ac
tiv

ity
 a

(t
)

time (s)

Nstates

1 2 ≥3

N
ce

lls 40

0
20

60

Nstates

1 2 ≥3

N
ce

lls 40

0
20

60

Figure 2.1: In singulo measurements of chemosensory array dynamics reveal two-state switching fluctuations in
the absence of sensory stimulation. (a) Illustration of single-cell FRET assay to measure kinase activity [54] with
schematic side-view of a membrane-associated chemosensory array (dashed box) of chemoreceptors (either Tar
or Tsr). The kinase within the chemosensory array phosphorylates CheY (CheY-P), while CheZ dephosphorylates
CheY. The FRET signal (black arrows) between fluorescently labeled CheZ and CheY, measured from the emitted
fluorescent intensities (red and yellow arrows) is proportional to the activity of the chemosensory array. (b)
Activity time series from single-cell FRET experiments that reveal two-state switching, of representative cells
without adaptation enzymes expressing only the chemoreceptor Tar [QEEE] (left, blue) or the chemoreceptor
Tsr-I214K (right, red). Cells are exposed to measurement buffer (MotM) for most of the experiment. To obtain the
minimum and maximum FRET levels, cells are exposed to an attractant stimulus (Tar: 1 mMα−methylaspartate
(MeAsp); Tsr: 1 mM L-serine (Ser)) and a repellent stimulus (Tar: 0.3 mM NiCl2; Tsr: 1 mM L-leucine (Leu)).
These levels were then used to normalize the activity time series of each cell between zero and unity. Example
time series other than two state are shown in Fig. 2.2. (c) Chemosensory cluster organisation from CheZ
localization (left) and corresponding activity time series (right, raw in gray, 6 s averaged– in color) and histograms
(on right margin) of activity determined by FRET, for a representative cell expressing only chemoreceptor Tsr-
I214K, with a single visible cluster exhibiting two-state switching (gold) and a representative cell with two visible
clusters exhibiting multi-state switching (green). Additional time series and cluster organisation are shown in
Fig. 2.3. (d) Histograms of the number of states in switching cells, for cells with one visible cluster (top, gold)
and for cells with two visible clusters (green, bottom).
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Figure 2.2: Classification of fluctuation phenotypes and temperature dependence in cells expressing chemore-
ceptors Tar or Tsr. (a) Activity time series of eight representative individual cells expressing only the chemore-
ceptor Tar [QEEE] without adaptation enzymes (pVS120/TSS1964). Temporal fluctuations during flow of mea-
surement buffer are recorded prior to stimulation by saturating pulses of attractant (1 mM α−methylaspartate;
MeAsp) (gray) and repellent (0.3 mM NiCl2) (pink). Cells with one, two, and three or more stable states are
shown. On each raw time series (gray), a 3 s moving average filter was applied and the resulted time series are
superimposed (blue), shown together with associated activity histograms of the filtered time series. (b) As in (a),
but with cells expressing only Tsr-I214K in the same background (pPA114/TSS1964), and stimulated with an
attractant stimulus of 1 mM L-Serine (Ser) and a repellent stimulus of 1 mM Leucine (Leu). (c) Histogram of
number of states of total 1414 Tar [QEEE] cells (left, blue) and 4446 Tsr-I214K cells (right, red). (d) Temperature
dependence of the steady-state FRET signal (population averaged) for cells expressing only Tar [QEEE] (left, blue)
or Tsr-I214K (right, red). (e) Histrograms of maximum FRET amplitude of 1414 cells expressing Tar [QEEE] (left,
blue) and 4446 cells expressing Tsr-I214K (right, red). Cells exhibiting two-state switching behavior (solid lines)
have approximately equal or higher maximum FRET signals (and hence kinase activity) compared to the rest of
the cells (dashed lines), ruling out that switching cells have an anomalously low expression of chemoreceptor
array components. (f ) Histogram of activity bias 〈a〉 of cells exhibiting two-state switching behavior, for Tar
[QEEE] (left, blue) and Tsr-I214K (right, red). Activity bias 〈a〉 is defined as the sum of all residence time intervals
for active (up) state (a ≈ 1) divided by the sum of all residence time intervals.
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Figure 2.3: Further examples of fluctuation phenotypes of cells exhibiting one or two large CheZ-YFP clusters
in experiments of Fig. 2.1c with reduced FRET-pair expression. (a) FRET time series of cells exhibiting one
large Tsr-I214K receptor cluster and no adaptation enzymes (pPA114/TSS1964), shown alongside YFP-channel
fluorescence images and intensity profile along the long axis of the cell. Cells demonstrating one, two, and
three or more stable states are shown. In these experiments FRET pair expression was induced at lower levels
than standard conditions (which are optimized for FRET photon budget), in order to decrease cytoplasmic
levels of CheZ-YFP fluorescence and therefore allow detection of large chemosensory arrays through detection
of CheZ-YFP clusters. Cells are exposed to measurement buffer and then to an attractant stimulus of 1 mM
L-Serine (gray). On each raw time series (gray), a 6 s moving average filter was applied and the resulted time
series are superimposed (orange), shown together with marginal histograms of the filtered activity time series.
(b) As in (a), but for cells exhibiting two large Tsr-I214K receptor clusters. For histograms of classified fluctuation
phenotypes, for both one-cluster and two-cluster cells, see Fig. 2.1.
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individual cell (Fig. 2.1c). We found that cells that exhibited only a single detectable cluster
predominantly demonstrated only one or two stable activity states, whereas cells with two clusters
typically demonstrated three or more states (Figs. 2.1d and 2.3). These results support the idea that
two-level FRET switching fluctuations reflect stochastic switching in the signaling state of a single
dominant array.

We performed further tests to discriminate whether two-state switching is driven by intrinsic or
extrinsic fluctuations. First, we ruled out that switching fluctuations are driven by ligands secreted
by the cells themselves by tests on single-residue replacement mutants of the ligand binding pocket
(residue 69) of both Tar [QEEE] and Tsr-I214K known to abolish ligand binding in both receptor
types [70, 71]. Cells expressing these mutated receptors showed no response to their cognate
ligands, as expected, but still exhibited switching behavior (Fig. 2.4). Array switching dynamics
were unaffected by exogenously added pyruvate, a metabolic intermediate known to exhibit large
temporal fluctuations in E. coli [72] (Fig. 2.5a), indicating that metabolic fluctuations are not the
cause of the chemosensory array switching. Finally, cells expressing Tsr-F396Y, a single-residue
replacement mutant defective in response cooperativity, demonstrated no switching behavior
(Fig. 2.5b-d), indicating that the switching phenotype is linked to cooperativity within the array.
Taken together, these observations suggest that two-state switching reflects a generic property of
chemosensory arrays that is not specific to a single chemoreceptor species, and that it arises not
from extrinsic fluctuations of ligand inputs or metabolism, but rather from intrinsic fluctuations
that drive cooperative switching of thousands of molecules within a single large chemosensory
array.

To consider the physical mechanism underlying this long-range cooperativity, we further
dissected the temporal statistics of switching fluctuations (Fig. 2.6a) by extracting the time interval
between switching events, hereafter called the residence time ∆tup and ∆tdown for time spent in
the up (a ≈ 1) and down (a ≈ 0) state, respectively, as well as the duration of the activity transient
upon switching, hereafter called the transition time τ+ and τ– for upward and downward switches,
respectively (Fig 2a, S4). We first interpreted these data as a barrier-crossing stochastic process
in which the up and down states correspond to wells within an energy landscape (Fig. 2.6b), the
shape of which could be approximated from the observed activity time series histograms with the
free energy difference ∆G (in units of the thermal energy kB T ) between the up and down states
determined by the activity bias 〈a〉 as ∆G = ln[(1−〈a〉)/〈a〉]. Consistent with this picture, we found
that for both Tar [QEEE] and Tsr-I214K arrays, the residence time intervals between switching events
(which occurred at a stable average frequency throughout the course of experiments; Fig. 2.7) were
exponentially distributed across the full range of 〈a〉 (Fig. 2.6c), and the average residence time of
each cell 〈∆tup/down〉 as a function of ∆G was found to obey an Arrhenius-type exponential scaling

〈∆tup/down〉(∆G) = τr e−γup/down∆G (Fig. 2.6d), where τr is a characteristic residence timescale
independent of the cell’s activity bias and γup/down are fitting constants. Thus, at the level of
residence-time statistics, both Tar and Tsr arrays behave like a Brownian particle diffusing in a
double-well potential along a “reaction coordinate" corresponding to the array’s activity a [73].
From the crossings of the Arrhenius fit lines in Fig. 2.6d, we determined τr for both receptor species:
τTar

r = 47.0±1 s and τTsr
r = 65.5±1 s.

2.2.2 TEMPORAL STATISTICS OF SWITCHING EVENTS ARE WELL DESCRIBED

BY AN ISING MODEL
To investigate whether and how the observed temporal statistics could be explained by allosteric
subunit interactions, we turned to theory. We used an Ising-type conformational spread model of
allostery [74–76], which assumes that subunit conformations are coupled through nearest-neighbor
interactions. The strength of these interactions is parameterized by a coupling energy J (promoting
order) whose magnitude relative to kB T (promoting disorder) determines a finite spatial range (i.e.
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Figure 2.4: Switching behavior does not stem from ligand sensing. (a) FRET response from cells expressing
only the receptor Tar [QEEE]/R69H, a double mutant receptor with impaired ligand binding sites, exposed to
buffer or different chemoeffectors (shaded regions). The following saturating doses of chemoattractants were
tested: MeAsp: 1 mM α−methylaspartate; Mal: 1 mM Maltose; Leu: 1 mM Leucine. Measurement at 25◦C. Due
to the absence of ligand binding, the minimum and maximum FRET levels (determined by adding attractant
and repellent, respectively) cannot be extracted and thus FRET time series are shown in (non-normalized) raw
RFP/YFP intensity units. Shown are the population-averaged response (top) and 4 example single-cell time
series (red). On each raw single time series (gray), a 7 s moving average filter was applied and the resulting
time series are superimposed (red). (b) FRET response from cells expressing only the receptor Tsr-I214K/R69E,
a double mutant receptor with impaired ligand binding sites, exposed to buffer or different chemoeffectors
(shaded regions). The following saturating doses of chemoattractants were tested: Ser: 1 mM L-Serine; Cys: 10
mM Cysteine; AIB: 10 mM α-aminoisobutyric acid. Measurement at 35◦C. Shown are the population-averaged
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receptor Tsr-I214K by adding 100 M pyruvate (pink shaded region) did not interrupt switching; thus establishing
that switching does not stem from such metabolic fluctuations. Pyruvate is not a chemoeffector, as evident by
the absence of response to an 1 mM pyruvate stimulus (dark pink shaded region). (b) Hill curves illustrating the
difference in cooperativity of the dose–response curves between wildtype Tsr (black) and Tsr-F396Y (purple) .
The dose–response parameters are the average single-cell fit values obtained from single-cell FRET experiments
on both genotypes in cells lacking other chemoreceptors and the adaptation enzymes (pPA114/TSS1964). (c)
Power spectral density (PSD) estimates for temporal signal fluctuations from cells expressing wildtype Tsr
and Tsr-F396Y . Shown are the average of the single-cell PSD estimates from a single experiment, error bars
represent standard error of the mean (s.e.m.). (d) Example single-cell time series for a FRET experiment with
cells expressing only Tsr-F396Y. At the start of the experiment, a saturating concentration ([L] = 1mM, dark
grey) is applied for a short time. After flushing buffer ([L] = 0, white), an intermediate concentration ([L] = 150–
175 µM, light grey) is sustained for ∼ 10 minutes. 5 representative single-cell time series, each normalized to its
activity level before adding the first stimulus are shown. The top two curves are taken from an experiment (34
cells) responding to 150 µM, bottom three curves from a second experiment (49 cells) responding to 175 µM. To
the unfiltered data (gray) a 10 s moving average filter is applied and superimposed (purple).



2

16 2 SPONTANEOUS SWITCHING IN A PROTEIN SIGNALING ARRAY REVEALS NEAR-CRITICAL COOPERATIVITY

10-3

10-2

pd
f

10-3

10-2

pd
f

10-3

10-2

pd
f

10-3

10-2

pd
f

10-3

10-2

pd
f

0 100
residence time  Δt (s)

50

<a> > 0.65 

0.45< <a> ≤ 0.55

0.35< <a> ≤ 0.45

0.55< <a> ≤ 0.65

<a> ≤ 0.35 

Tsr

0 10050

Tar Ising

<a> > 0.65 

0.45< <a> ≤ 0.55

0.35< <a> ≤ 0.45

0.55< <a> ≤ 0.65

<a> ≤ 0.35 

0 2000
residence time 

<a>  ≈ 0.85 

<a>  ≈ 0.65 

<a>  ≈ 0.5

<a>  ≈ 0.40 

<a>  ≈ 0.22 

pd
f

10-5

10-4

10-3

10-2

pd
f

10-5

10-4

10-3

10-2

pd
f

10-5

10-4

10-3

10-2

pd
f

10-5

10-4

10-3

10-2

pd
f

10-5

10-4

10-3

10-2

Δtup
ΔtdownΔtdown

Δtup
Δtdown

Δtup

0

1000-2 2 40101

102

103

102

103

<Δt>down,Tar <Δ�>up,Tar

-4

av
g.

 re
si

de
nc

e 
tim

e 
(s

) 

<Δt>down,Tsr <Δ�>up,Tsr

-ΔG(kT)

 G

Δa=1

kT

0

1

100  5 15
simulation time 

0.5

ac
ti

vi
ty

  a

ai=0
ai=1

2J

L=4

-4J+0J+3J

0

a(
t)

0 50 100 150

0

0.5

1

Δtup,k-1

Δtdown,k

Δtup,k+1

τ+,k+1τ-,k τ-,k+2

time (s)

pd
f 0.1

0
0 5 10 15

0.2

transition time  (s)

 

τ
+/−

103

τ
+,Tsr(N=2935)

τ
−,Tsr (N=2568)
τ
+,Tar (N=1550)
τ
−,Tar(N=1302)

10 15 200

0.04

0.08

0.12

pd
f

transition time  (s)τ
+/−

5

τ
+,Ising (N=2103)
τ
−,Ising (N=2106)

τ
+,Tsr
τ
−,Tsr
τ
+,Tar
τ
−,Tar

0

c

d

g

b

e

f

a

h i

Figure 2.6: Temporal statistics of switching events are well described by an Ising-type conformational spread
model. (a) Definitions of residence times ∆tup/down and transition times τ+/–, determined routinely for each
switching event (see Materials and Methods). (b) Coarse-grained energy landscape along the array-activity
coordinate a (estimated as the negative logarithm of the activity histogram) based on selected time series with
〈a〉 ≈ 0.5 (15 cells, left) and 〈a〉 ≈ 0.9 (12 cells, right) from cells expressing Tsr-I214K. (c) Histogram of residence
times from experiments. Residence times for Tsr-I214K (left) and Tar [QEEE] (right), with each event sorted by
activity bias of the corresponding cell (colors as in panel (d)). In each panel, data (points) are shown together
with fits to single exponential functions (solid lines). Fit parameters and number of data points are shown in
Tables 2.2 and 2.4. pdf: probability density function. (d) Mean residence times per cell as a function of the
energy bias ∆G between the high and low activity state for all cells expressing Tsr-I214K (top) and Tar [QEEE]
(bottom). Fit parameters and number of data points are shown in Table 2.6. (e) Conformational spread model
of chemosensory array activity with size L×L, in which each individual unit can switch between activity states
of 1 (white) or 0 (dark). A difference in neighboring spins is associated with an energy cost of J , shown for three
different transitions on a lattice with size L = 4 in the absence of external field (H = 0). (f ) Example activity time
series obtained by simulating dynamics on a strongly coupled (L = 26, J = 0.4625 kBT , dark gray) and weakly
coupled lattice (L = 20, J = 0.2375 kBT , light gray). The strongly coupled lattice exhibits stochastic switches
between two activity levels (dashed lines), with representative simulated array states for each activity level
(right). The simulated time series was downsampled to approximate the experimental acquisition frequency
(solid black line). (g) As in panel (c), but histograms of residence times from simulated time series with L = 12
and J = 0.5 kBT , sorted by the activity bias generated by an applied external field H . Fit parameters and number
of data points are shown in Table 2.9. (h) Histograms of switching events for Tsr-I214K (solid lines) and Tar
[QEEE] (dashed lines). (i) Transition times from simulated two-state time series (N = 12, J = 0.5 kBT , varying
H). To approximate the experimental signal-to-noise ratio, gaussian white noise was added to the simulated
time series (see Fig. 2.10). Experimental (points) and simulated (solid lines) histograms are scaled horizontally
to have mean transition time of cells expressing Tsr, for comparison.
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Figure 2.7: Effect of signal-to-noise ratio on switching statistics. (a) Signal-to-noise ratio (SNR) for two-state
switching cells calculated as the maximum FRET response divided by the standard deviation of fluctuations in
the FRET signal during attractant response. (b) Relative uncertainties for transition times τ and residence times
∆t , based on analyzing mock two state time series with added Gaussian white noise. The simulated time series
are based on the average transition and residence times measured for Tsr-I214K. (c) Dependence of extracted
residence times on threshold choice. Solid lines: single exponential fit to residence times for Tsr-I214K for cells
with a ≈ 0.5. The selection parameter for two-state switching cells throughout this Chapter is that more than
65% of the cell’s transitions exhibit activity level changes exceeding 70% of the full-scale amplitude. Increasing
both thresholds to 80% only has a marginal effect on the fitted distribution (dashed lines). Increased thresholds
yield the following average residence times: ∆tup = 62.40 ± 3.73 s (mean ± s.e.m.) and ∆tdown = 63.26 ± 3.36 s.
For comparison, regular thresholds yield: ∆tup = 60.37 ± 1.84 s and ∆tdown = 59.61 ± 1.68 s. (d) Dependence
of extracted transition times on threshold choice. Increased thresholds yield the following average transition
times: τ+ = 4.10 ± 0.12 s and τ– = 6.07 ± 0.15 s. For comparison, regular thresholds yield: τ+ = 4.29 ± 0.06 s and
τ– = 6.07 ± 0.07 s.
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Figure 2.8: Effect of experimental parameters on switching statistics. (a) Mean upwards (orange) and downwards
(brown) transition times for switching events plotted as a function of their incidence time, for cells expressing
Tsr-I214K. Error bars represent standard deviation. Mean transition times are stable throughout the duration of
each experiment. (b) Mean upwards (turqoise) and downwards (purple) transition times for switching events
plotted as a function of their incidence time, for cells expressing Tar[QEEE]. (c) Number of upwards (orange)
and downwards (brown) switching events with respect to their incidence time, for cells expressing Tsr-I214K.
Shaded areas represent 95% confidence intervals obtained through bootstrap resampling. The frequency of
transitions is constant throughout the duration of each experiment. (d) Number of upwards (turquoise) and
downwards (purple) switching events with respect to their incidence time, for cells expressing Tar[QEEE].
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series and histograms from simulations of the conformational spread model with L = 20, coupling energy J
= 0.475 kBT , and external field as indicated. (b) Energy landscape based on 8 simulation runs as shown in
panel (a) with H = 0, calculated as − log of the histogram (cyan line). For comparison, the energy landscape
based on the experimental FRET time series on Tsr-I214K is superimposed, both for the raw time series (red
dashed line) as well as data processed with a 7 s moving average filter (red solid line; see Fig. 2.6b). (c) Array
activity 〈a〉 as a function of a biasing field H , for two different Ising lattices (blue: L = 20, J = 0.4875 and brown:
L = 12, J = 0.50). The response was determined by measuring the mean activity after applying a field H to 192
independent runs of randomly initialized lattices with a(t = 0) ≈ 0.5. Also shown is the field dependence of a
Monod-Wyman-Changeux (MWC) lattice of L = 20, the strongly coupled limit of the conformational spread
model. Inset: 〈a〉 on a logarithmic activity axis. The dashed lines (brown: L = 12, cyan: L = 20) indicate the
activity scaling based on the slope d log〈a〉/d H around 〈a〉 = 0.5 and the expected scaling for a single lattice
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regarding the scaling parameters.
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Figure 2.10: Transition time distributions obtained from numerical simulations using a conformational spread
model. (a) Residence time events from Ising simulations with a lattice size L of 20 by 20 spins with a coupling
energy of J = 0.475 kBT , together with exponential fits to the data (dashed lines). Each event is sorted by the bias
H of the external field. See Fig. 2.6g for residence time distributions with a lattice size L of 12 by 12 spins and
coupling energy of J = 0.5 kBT . (b) Histograms of transition time events from Ising simulations with a lattice
size L of 20 by 20 spins and coupling energy of J = 0.475 kB T . Each event is sorted by the bias H of the external
field. Shaded areas represent 95% confidence intervals obtained through bootstrap resampling. N represents
the number of transition events. (c) As in (b), but from Ising simulations with a lattice size L of 12 by 12 spins
and a coupling energy of J = 0.5 kB T . Similar to the experiments, the average transition times do not depend on
the activity bias (here caused by an external field). The Ising lattice sizes and coupling energies were chosen in
both cases to recapitulate the ratio of the residence over transition times determined experimentally for Tsr.
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Figure 2.11: Experimental transition times do not depend on cellular activity bias, and are robust against
possible undersampling bias. (a) Histograms of transition time events across 549 cells expressing Tsr-I214K with
each event sorted by the activity bias of the corresponding cell. Shaded areas represent 95% confidence intervals
obtained through bootstrap resampling. Dashed lines: gamma distribution fits with the following parameters:
upwards transition: α= 1.72 and β= 2.5; downwards transition: α= 2.45 and β= 2.48. (b) As in (a), but with
204 cells expressing Tar [QEEE]. Gamma distribution fit parameters: upwards transition: α= 1.87 and β= 2.57;
downwards transition: α= 2.74 and β= 2.2. (c) Histograms of mean transition time per activity bias for cells
expressing Tsr-I214K; (top) mean upwards transition time, (bottom) mean downwards transition time. Error
bars represent standard error of the mean. Mean upwards and downwards transition times are independent
of the activity bias. (d) As in (c), but for cells expressing Tar [QEEE]. (e) Analysis of possible undersampling
bias due to finite acquisition rate (1 s−1). Extrapolation of the transition time distributions for cells expressing
Tsr-I214K for the extreme case where the true shape of the distribution follows an exponential distribution
instead of a gamma distribution. Exponential fits yield the following extrapolated transition times: τ+ = 3.72s
and τ– = 5.67 s, which fall within 15 percent of the measured values of τ+ = 4.29 s and τ– = 6.07 s.
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a correlation length) over which action at one site can affect distant sites. By varying J , therefore,
the model can represent allosteric systems along a continuous scale of conformational disorder,
including that of the more widely used Monod-Wyman-Changeux (MWC) model (which is recovered
upon taking the fully ordered limit J →∞). Importantly for signaling function, two-dimensional
Ising models are known to exhibit a second-order phase transition as a function of J , with a
spontaneous ordering of subunit conformations above a critical coupling energy J∗. Although,
to date, strong experimental support for conformational spread models has been obtained in
one-dimensional protein rings [77, 78], Ising models exhibit a critical point only in two or higher
dimensions, and the implications of the Ising second-order transition in two-dimensional protein
assemblies remain untested experimentally.

We performed kinetic Monte Carlo simulations on an L×L lattice of allosteric units with free
boundary conditions, each of which can flip between two conformational states, active (a = 1)
or inactive (a = 0) (Fig. 2.6e and Materials and Methods). The flipping rate of the unit at site i
was modified from a fundamental flipping frequency ω0 by the influence of its nearest neighbors
( j ∈ 1, . . . , N j , where N j is the number of nearest neighbors) through the coupling energy J (in

units of kB T ) as ω=ω0e−J (2ai−1)
∑

j (2a j −1), corresponding to an Ising model in which each active-
inactive bond on the lattice contributes an energy penalty of J (see Materials and Methods). At
low coupling strength (J ≪ J∗), each unit switches independently and the total activity of the array
demonstrates only small fluctuations about its mean value at 〈a〉 = 1/2 (Fig. 2.6e). However, as the
coupling energy is increased toward its critical value J∗, the correlation length approaches the finite
size of the array, generating a double well potential and the arrays exhibit switching events between
fully active and fully inactive states (Figs. 2.3f and 2.9a,b). We analyzed the temporal activity
statistics of a simulated array with parameters within this two-state switching regime (J = 0.5 kB T ,
L = 12), with various values of a weak biasing field Hb that modifies the flipping rate by a factor
eHb (a−1/2) (see Materials and Methods; for the field dependence of the switching phenotype, see
Fig. 2.9c and Supplementary Text), to approximate the diverse FRET activity biases observed across
individual cells in the population (Fig. 2.2f). Simulated residence time distributions (Figs. 2.6g and
2.9c) were in excellent agreement with their experimental counterparts (Fig. 2.6c), recapitulating at
each activity bias their characteristic exponential shape.

By contrast, the measured transition time distributions had peaked profiles for both Tar and Tsr
arrays (Fig. 2.6h). The average downward transition time 〈τ–〉 and the average upward transition
time 〈τ+〉 were similar between Tar and Tsr arrays, with 〈τ–〉 slightly greater than 〈τ+〉 in both
cases ( 〈τTsr

+ 〉 = 4.29±0.06 s, 〈τTsr
– 〉 = 6.07±0.07 s, 〈τTar

+ 〉 = 4.79±0.08 s and 〈τTar
– 〉 = 6.06±0.09 s;

mean ± s.e.m.). Remarkably, however, when normalized by these mean values, all measured time
distributions collapsed onto a common profile that, in turn, was in excellent agreement with its
simulated counterparts (Fig. 2.6i). Furthermore, both measured and simulated transition-time
statistics demonstrated no dependency on the activity bias (Fig. 2.10b,c and 2.11). Collectively, the
high degree of quantitative agreement between these measured and simulated temporal statistics
suggest that an Ising-type conformational spread model with a near-critical coupling strength
(J ≈ J∗) provides an excellent approximation to chemoreceptor array dynamics.

2.2.3 SWITCHING STATISTICS REVEAL NEAR-CRITICAL ALLOSTERIC COOP-
ERATIVITY OF CHEMOSENSORY ARRAYS

We sought to quantify the degree to which both Tar and Tsr arrays are close to criticality. The
behavior of Ising-type models near criticality depends strongly on the system size L, a phenomenon
known as finite-size scaling [79]. We identified as a key experimental observable the ratio 〈∆t〉/〈τ〉
between the residence and transition timescales (see Supplementary Text). Simulations at various
values of J indeed revealed a strong dependence of 〈∆t〉/〈τ〉 on L (Fig. 2.12a), with all results
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collapsing onto a single curve defined by the finite-size scaling relation ∆t
τ ∼ L(z−b) exp(c0ϵL),

where z,b,c0 are scaling constants and ϵ = ∣∣J − J∗
∣∣/J∗ is a “reduced temperature" providing a

dimensionless measure of the (energetic) distance to criticality [80, 81] (see Supplementary Text and
Fig. 2.13 for determination of the scaling constants). Because different combinations of J and L can
yield the same value of ϵL, this scaling does not allow unique determination of J from the measured
〈∆t〉/〈τ〉 (Figs. 2.12a and 2.14). However, finite-size scaling theory predicts that the critical coupling
energy J∗, separating the highly ordered (polarized) and disordered (non-polarized) regimes, also
depends on the system size L [82, 83]. Consistent with this prediction, a phase diagram on the J-L
plane constructed from simulations showed that the boundary between polarized (Fig. 2.12b, gray
region) and non-polarized (Fig. 2.12b, blue region) dynamics coincided well with the theoretically
predicted scaling (Fig. 2.12b, gold curve) J∗L ≈ J∗∞(1−bL−1)−1, where J∗∞ ≈ 0.44 kB T is the critical
coupling energy in the thermodynamic limit (L →∞) and b is a boundary condition-dependent
constant (b = 1.25 for free boundary conditions; see Supplementary Text). Interestingly, we found
that iso-lines corresponding to L-J combinations of constant 〈∆t〉/〈τ〉 (Fig. 32.12b, beaded curves)
were nearly parallel with the profile of J∗L . Dividing out J∗L from the iso-lines corresponding to the
measured 〈∆t〉/〈τ〉 values of Tar (〈∆t〉/〈τ〉 ≈ 8; blue in Fig. 2.12b) and Tsr (〈∆t〉/〈τ〉 ≈ 12; red in
Fig. 2.12b) revealed remarkable confinement of the coupling energy for both Tar and Tsr to within
±3% of J∗L across a broad range in L (Fig. 2.12b, Inset). Thus, despite uncertainty in the array size L,
finite-size scaling analysis of the observed temporal statistics strongly suggests that both Tar and
Tsr arrays are poised very close to the Ising critical point.
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Figure 2.12: Finite-size scaling analysis of switching statistics reveals near-critical allosteric cooperativity of
chemosensory arrays. (a) (left) Switching timescale ratio 〈∆t〉/〈τ〉 for various values of the coupling energy
J (blue to black) as a function of lattice size L (circles), with exponential fits (dashed lines). Inset shows
data collapse for the near-critical region (J < 0.6 kBT ), upon rescaling by factors ϵ= ∣∣J − J∗
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according to finite-size scaling theory (see Fig. 2.18 for determination of scaling parameters). (right margin)
Estimated distribution (see Fig. 2.19) of the switching timescale ratio 〈∆t〉/〈τ〉 across cells, for Tsr-I214K (red) or
Tar [QEEE] (blue). (b) Phase-diagram of switching behavior as in the L–J plane. Parameter value pairs generated
polarized (gray region) and non-polarized (dark blue region) fluctuations as estimated from the peak-valley
ratio of the time series histograms. Iso-lines of similar switching timescale ratios, as indicated, were constructed
from the simulations (beaded colored and black curves). Theoretical finite-size scaling predictions for the
critical coupling energy J∗L [83] (gold curve) and the switching time ratios (dashed lines, see Table 2.11 for fit
parameters) are superimposed. Inset: Switching timescale ratio iso-lines for Tar (blue) and Tsr (red), normalized
by the finite size scaling of the critical coupling energy J∗ reveals values within 3% of the critical energy.
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Figure 2.14: Apparent correlations among switching timescale parameters and convolution-based estimation
of true variation in residence/transition time ratio. (a) Correlations between upwards and downwards transition
times for cells expressing Tsr-I214K (red points). Error margins in Pearson correlation coefficients are 95%
confidence intervals obtained through bootstrap resampling. (b) as in (a) but for cells expressing Tar [QEEE]
(blue points). (c) Correlations between transition and residence times for cells that have an intermediate activity
bias and express Tsr-I214K (red points). Error margins in Pearson correlation coefficients are 95% confidence
intervals obtained through bootstrap resampling. Only small strength of association is observed between these
switching parameters. (d) as in (c) but for cells expressing Tar [QEEE] (blue points). (e) Measured transition time
vs residence time for (Left) 108 cells expressing Tsr-I214K from FRET experiments, with activity 0.45 ≤ 〈a〉 ≤ 0.55,
and (Right) for 300 simulated cells. For each simulated cell, residence times and transition times were drawn
respectively from an exponential and gamma distribution with parameters extracted from the experiments (Figs.
2.6 and 2.11), where the sum of residence times was limited to the experimental duration (1000 s). The variation
in the simulation represents the sampling error that is observed without variation in parameters between cells.
(f ) As in (e) but for cells expressing Tar [QEEE]. (g) The cumulative density function (cdf) for the distribution
of transition/residence time ratio per cell in experiments (solid red line) and in the simulated data (dashed
line). The simulated cdf (sampling noise) was convolved with a Gaussian pdf (cell–cell variation in ratio) with
variance σ2, representing true cell–cell variation in timescale ratio, and superimposed on the curve (black line,
σ= 1.3.) (h) As in (b) but then for cells expressing Tar [QEEE] (σ= 0.5). (i) Mean squared error (mse) between
the convolved cdf (resampling cdf ∗ gaussian pdf) and the experimental cdf, as a function of the standard
deviation σ. The value of σ that minimizes the mse represents the cell–cell variation in timescale ratio that best
describes the experimentally observed variation. (j) As in (i) but for cells expressing Tar [QEEE].
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2.2.4 SWITCHING STATISTICS REVEAL FUNDAMENTAL FLIPPING TIMESCALE

OF CHEMOSENSORY ARRAYS
Finite-size scaling analysis also allowed us to estimate from the observed residence and transition
times the fundamental flipping timescale 1/ω0 of allosteric units as a function of L (see Supple-
mentary Text), and this dependence was very similar for both Tar and Tsr (Fig. 2.15). Although our
FRET measurements do not provide a direct estimate of L, we can motivate approximate upper
and lower bounds based on structural and biochemical findings in the literature. Cryo-EM studies
have revealed the detailed ultrastructure of bacterial chemosensory arrays [52, 53, 84], revealing an
extended regular arrangement (Fig. 2.15) of ‘core units’, the smallest complex of array components
that has shown kinase activity in vitro [85] and in vivo [86], consisting of one CheA kinase dimer, two
CheW scaffolding protein monomers and two trimers of chemoreceptor dimers. Expression data
under defined growth conditions [64] suggest an approximate number of 1000 core units per cell,
close in number to a lattice of size L×L =30×30, which we take as an approximate upper bound.
However, it is also possible that the fundamental unit of cooperativity is an even larger complex
than the core units. For example, taking instead the repeating unit cell of the array structure’s p6
symmetry group (Fig. 2.15) as the allosteric unit leads to ≈ 300 repeating units per cell, or approxi-
mately L×L =17×17, which we take as an approximate lower bound. With these approximate limits,
our scaling analysis yields a flipping timescale of individual allosteric units in the range 1/ω0 ≈
15-35 ms (Fig. 2.15). The importance of protein structural dynamics for function is increasingly
recognized [87], but estimates of the transition timescales are usually obtained via in vitro measure-
ments [88–90] or molecular dynamics simulations [91], and span an enormously wide range (from
picoseconds to milliseconds). Our in vivo estimate for the chemoreceptor array allosteric unit lies
near the upper extreme of that range, perhaps reflecting the large size of allosteric units (even the
core unit, the smaller of the two limits considered here, contains 16 protein monomers).

2.2.5 NEAR-CRITICAL COOPERATIVITY ALLOWS FOR LARGE RESPONSE AM-
PLITUDES WITHOUT COMPROMISING RESPONSE SPEED

Why are chemosensory arrays poised so close to criticality? Previous theoretical studies have shown
that signal amplification due to coupling within Ising-type conformational spread models comes
at the cost of prolonged response times [92, 93]. Avoiding excessive response slow down is crucial
because control of chemotactic behavior depends on making temporal comparisons during run-
and-tumble navigation [94–96]. To address the influence of receptor coupling on response times
to external stimuli, we simulated the dynamic response of arrays with L = 20 after an applied step
stimulus (implemented within the model by an external ligand field HL that modifies the flipping
rate by a factor eHL (1−2a); see Materials and Methods) favoring the inactive conformation to mimic
the effect of attractant chemoeffector stimulation, and repeatedly (N =4–10) measured the response
time as well as the response amplitude for various combinations of J and HL (Fig. 2.16a). For every
stimulus size HL , increasing the coupling strength J led to a decrease in the response speed (defined
as the inverse of response time) but an increase in response amplitude, indicating a tradeoff (Figs.
2.16a and 2.16c). The profile of these HL-isolines are interesting when viewed as a Pareto front [97]
for navigating the tradeoff, having a convex shape with a knee above which response speed drops
off sharply. Remarkably, the critical coupling energy (J = J∗; Fig. 2.16b, gold curve) traverses this
knee at every stimulus size, indicating that near-critical cooperativity allows balancing of these
two response objectives, allowing for large response amplitudes without drastically compromising
response speed.

However despite this balancing, these simulation results suggest that for weaker stimuli (H <
0.2 in Fig. 2.16b), response speeds of near-critical arrays can still drop well below the typical
E. coli tumble frequency of ∼1 s−1 (Fig. 2.16b, dashed line) — too slow to effectively bias the
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timescale 1/ω0 of allosteric units, plotted as a function of the assumed array size, L, for Tar (blue) or Tsr (red)
arrays, based on simulations calibrated by experimentally observed residence- and transition-times (solid
lines), shown together with the expected dependence based on finite-sized scaling theory (dashed blue and red
lines; see Supplementary Text). Two possible fundamental units of cooperativity in the bacterial chemosensory
array are highlighted within a schematic top view of chemosensory arrays: ‘core unit’ consisting of a CheA
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1/ω0 ≈15–35 ms (shaded area).
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cells’ random walk. We tested this prediction experimentally by ligand stimulation of Tsr arrays
with a sub-saturating dose of the chemoeffector serine. Adaptation-deficient cells expressing
Tsr as the sole chemoreceptor exhibited response time courses remarkably similar to those of
near-critical array simulations (Fig. 2.16a, Inset) — a long yet variable delay (∼30 s on average)
followed by an abrupt, switch-like decay to zero (Fig. 2.17) — thereby confirming critical slowing
of response. This is surprising because wildtype cells are known to respond much faster, on
a timescale of order ∼100 ms [98, 99], and suggests they possess some additional mechanism
to prevent otherwise deleterious slowing of response. The salient genotypic difference is that
wildtype possess both an intact adaptation system and a more diverse chemoreceptor population
(potentially mixing all five chemoreceptor species within arrays). Of these two differences, mixing of
chemoreceptor species within chemosensory arrays is known to attenuate cooperativity [100] and
hence might alleviate wildtype chemoreceptor arrays of deleterious slowing. However, while FRET
experiments on adaptation-deficient cells expressing the wildtype chemoreceptor complement
indicated that receptor mixing does partly remedy slowdown, response times for subsaturating
stimuli still substantially exceeded the run/tumble timescale (by up to ∼13 fold, depending on
conditions) (Fig. 2.17, Supplementary Text), suggesting a key role for adaptation feedback in further
mitigating critical slowing.

How is it possible that the adaptation system, which provides negative feedback through
covalent modification of chemoreceptors on a ∼ 10 s timescale, can accelerate the ligand-induced
array response prior to adaptation? The covalent modifications throughout the array amount to
a source of spatial disorder [101], which can limit the extent (correlation length) of cooperative
interactions within the array [75, 102]. To test the impact of such feedback-induced disorder on
array response dynamics, we modified our simulations to include adaptation feedback (Fig. 2.16c),
implemented as a stochastic modulation of a local field on each allosteric unit that counteracts the
activity of that unit (Methods). These simulations with feedback-induced disorder also demonstrate
a speed-amplitude trade-off (Fig. 2.16d), but the response slowdown at high values of J leads
to a decrease in response amplitude due to the loss of timescale separation between the initial
response and subsequent adaptation. Importantly, the disorder-induced reduction in the extent of
cooperativity (Fig. 2.18a) strongly attenuates response slowdown and near-critical (J ≈ J∗) coupling
(Fig. 2.16d, gold curve) achieves response speeds faster than the typical tumble frequency (Fig.
2.16d, dashed line) for all stimulus magnitudes while maintaining substantial signal amplification.

We therefore conclude that in wildtype cells, the combined effects of receptor-species mixing
and sensory adaptation mitigate critical slowing down that could otherwise be deleterious, and
also transform the binary switching behavior of near-critical arrays into continuous fluctuations
(Fig. 2.18b-e). It has been shown that E. coli can exploit such signal fluctuations to enhance its
exploratory propensity in the absence of environmental signals by driving a Lévy- rather than a
Brownian-type random walk [58–60, 103]. Chemosensory array activity in wildtype cells exhibited
large noise amplitudes of up to η= 0.95 (Fig. 2.18f). These fluctuation amplitudes exceed by more
than two fold previous theoretical predictions of models that did not account for near-critical
cooperativity of arrays [58, 61–63, 65]. Thus, in addition to balancing the speed-amplitude tradeoff,
near-critical cooperativity affects environmental exploration of wildtype E. coli cells by augmenting
steady-state signal noise that promotes exploratory behavior.
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Figure 2.16: Consequences of near-critical cooperativity in chemosensory arrays with and without adaptation
feedback. (a) (top) Without adaptation feedback, near-critical cooperativity extends the range of cooperativity
across the entire array, leading to all-or-none response. Shown are example states (binary squares) of an
array initialized in the all-active (〈a〉 ≈ 1) state at time t = 0 when a positive external field (∆H > 0, mimicking
chemoattractant addition) was applied, and at a later time t > tR exceeding the response time tR of the array.
(bottom) Simulated response time series (dashed curves) of activity bias 〈a〉(t), computed by averaging 48
stochastic trajectories of a 20x20 array without adaptation feedback and J = 0.52, for various values of added
external field ∆H (see panel (b) for color code), initialized at 〈a〉 ≈ 1 and assuming 1/ω0 = 30 ms (from Fig.
2.15). Inset: Example single-array stochastic trajectories (solid curves), which invariably demonstrate all-or-
none switch-like response. Colored rectangles illustrate the definition of the response time tR as the average
time of crossing half-maximal activity, a = 0.5 (colored rectangle). The response amplitude is defined as
1−〈a〉(J ,∆H)/0.5. (b) Speed-amplitude trade-off in array responses without adaptation feedback. For each
stimulus size ∆H (see legend for color code), a thin curve indicates the dependence of response amplitude and
speed on the coupling energy J . Thick gold curve is the critical iso-line tracing out points on each thin curve
corresponding to J = J∗. Horizontal dashed line represents the speed required to respond within a typical run
time (1 s) of E. coli [104], corresponding to an approximate lower bound for effective run-tumble chemotaxis.
(c) (top) Adaptation feedback injects spatial disorder within the array that limits the extent of cooperativity
and stabilizes intermediate activity states. Shown are example array states (binary squares) in the presence
of adaptation feedback (indicated by gray arrows), before stimulus (t < 0), just after response (tR < t < tA)
and following sensory adaptation (t > tA), each with corresponding activity bias 〈a〉. (bottom) Simulated
response time series (dashed curves) of activity bias 〈a〉(t ), computed by averaging 96 stochastic trajectories of
a 20x20 array with adaptation feedback and J = 0.52, for various values of added external field ∆H (see panel
(d) for color code), initialized at 〈a〉 ≈ 0.5 and assuming 1/ω0 = 30 ms (from Fig. 2.15). The response time and
amplitude are determined from an exponential fit to the averaged activity time series (colored rectangles). Inset:
Example single-array stochastic trajectories (solid curves), smoothed with a 7 s moving average filter to aid visual
inspection. (d) As in panel (b), but for speed-amplitude trade-off in array responses with adaptation feedback.
Note that response slowdown is mitigated compared to non-adapting arrays, and speed of near-critical arrays
(thick gold curve) remains above the lower-bound response speed set by the run-and-tumble behavior timescale
(horizontal dashed line) across all stimulus sizes.
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Figure 2.17: Experimental observation of critical slowing down of sub-saturatligand response, and its attenua-
tion by mixing of receptor species. (a) (Top) Stimulation protocol. Cells are exposed to measurement buffer
(white) and at t = 0, a sub-saturating L-Serine stimulus corresponding to their K1/2 is applied. (Top panel)
Population-averaged time series of 41 adaptation-deficient cells expressing WT Tsr as their sole chemoreceptor
(pPA114/TSS1964), responding to an L-Serine stimulus of 20 M (dashed line, time series is low-pass filtered with
a time window of 20 s). (Bottom panels) Single-cell time series of 8 representative cells (light red) superimposed
with a low-pass filtered time series with a time window of 20 s (dark red). (b) Same as in (a), but for adaptation-
deficient cells expressing all 5 chemoreceptor species (TSS58) and harvested at low optical density (OD = 0.20),
where their receptor clusters are primarily comprised of Tsr. Cells are stimulated with a sub-saturating L-Serine
stimulus of 35 M. Population-averaged time series (dashed line, time series is low-pass filtered with a time
window of 5 s) is comprised of 78 cells and single-cell time series are superimposed with a low-pass filtered time
series with a time window of 5 s. (c) Same as in (a), but for cells harvested at an intermediate optical density (OD
= 0.45) where their receptor clusters are primarily comprised of Tar. Cells are stimulated with a sub-saturating
L-Serine stimulus of 50 M. Population-averaged time series (dashed line, time series is low-pass filtered with a
time window of 5 s) is comprised of 81 cells and single-cell time series are superimposed with a low-pass filtered
time series with a time window of 5 s. (d) (Top) Exponential fits to the population-averaged responses to their
respective K1/2 concentrations of L-Serine. Fits yield response times of: 30.29 s (Tsr), 13.14 s (WT, OD = 0.20),
and 3.4 s (WT, OD = 0.45). (Bottom) Sigmoidal fits to the population averaged responses to saturating stimuli.
Stimuli are 10 mM L-Serine for cells expressing WT Tsr and 1 mM L-Serine for cells expressing all chemoreceptor
species. Fits yield response times of: 6.82 s (Tsr), 0.61 s (WT, OD = 0.20), and 0.21 s (WT, OD = 0.45). The ligand
exchange profile of the flowcell was measured using a fluorescent dye, and a sigmodial fit to the data yielded an
exchange time of 4.27 s.
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Figure 2.18: Steady-state noise is enhanced by near-critical cooperativity and attenuated by both adaptation
feedback and receptor species mixing. (a) Noise strength η in the Ising model as a function of the coupling
energy J . The average value of η is depicted, obtained by measuring the standard deviation in array activity
from simulation runs with L = 20, for both with (192 runs) and without (48 runs) adaptation. For each value of J ,
adaptation feedback decreases the noise strength. Inset: correlation length ξ as a function of coupling energy
J , computed as the average value of ξ across 48 independent array states for each value of J . The correlation
length ξ increases with J , thereby increasing the noise strength. However, as the correlation length ξ of the
lattice size increases, the fluctuations become fully binary resulting in the saturation of the noise strength
η at a noise plateau. (b) (Top) Stimulus protocol for L-serine concentration. At the start of the experiment,
cells are exposed to buffer (white) and at t = 100 s a sub-saturating stimulus corresponding to their K1/2 is
sustained (35 M L-Serine; gray). Towards the end of the experiment, cells are exposed to saturating stimulus for
normalization (1 mM L-Serine; dark gray). (Bottom) Representative activity time series of adaptation-deficient
cells expressing all 5 chemoreceptor species (TSS58), harvested at low optical density (OD = 0.20) where their
receptor clusters are primarily comprised of Tsr (light brown) superimposed with a low-pass filtered time series
with a time window of 5 s (dark brown). (c) Same as in (a), but for cells harvested at an intermediate optical
density (OD = 0.45) where their receptor clusters are primarily comprised of Tar. Cells are stimulated with
a sub-saturating L-Serine stimulus of 50 M and a saturating stimulus of 1 mM. (d) (Top) Stimulus protocol
for ligand concentration. Cells are exposed to buffer (white) and towards the end of the experiment, a pulse
of saturating stimulus is delivered (1 mM L-Serine and 1 mM MeAsp; dark gray). (Bottom) Representative
activity time series of adapting cells expressing all 5 chemoreceptor species (VS115), harvested at low optical
density (OD = 0.20) where their receptor clusters are primarily comprised of Tsr. (e) Same as in (c), but for cells
harvested at an intermediate optical density (OD = 0.45) where their receptor clusters are primarily comprised
of Tar. (f ) Histograms of noise strength of adapting cells expressing all 5 chemoreceptor species harvested at OD
= 0.20 (76 cells; black) and OD = 0.45 (87 cells; gray). Fluctuation amplitudes are extracted by calculating the
standard deviation of a low-pass filtered time series over a 10 s window divided by the mean FRET level of a
single cell. Shaded areas represent 95% confidence intervals obtained through bootstrap resampling.
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Figure 2.19: Comparison of cell-to-cell variability in measured cluster size and array size inferred from
switching statistics. (a) Distribution of chemosensory cluster size, determined by CheZ-YFP fluorescence
intensity, in 33 cells exhibiting a single Tsr-I214K cluster and demonstrating two-state switching (“2-states",
solid yellow curve) and 55 cells exhibiting a single Tsr-I214K cluster but demonstrating no switching (“1-state",
solid purple curve). Consistent with the experiments presented in Fig. 2.1c,d and Fig. 2.3, clusters were
rendered detectable by lowering FRET plasmid induction below that in our standard FRET protocol to decrease
cytoplasmic fluorescence and thereby allow visualization of CheZ-YFP localization. Consistent with expectations
from the finite-size Ising model (in which switching events become increasingly rare for larger array sizes L at a
given coupling energy J ), the average cluster size of cells exhibiting no switching (mean ± s.e.m. = 388 ± 23) is
significantly larger than the average cluster size of cells exhibiting two-state switching (mean ± s.e.m. = 250 ±
17). A two-sample Kolmogorov-Smirnov test indicates that these two distributions are statistically significantly
distinct, with p = 0.0041. Inset illustrates the method used for determining the cluster size. Cluster size is
defined as the difference ∆I between the maximum CheZ-YFP intensity Imax along the long axis of each cell of
length λ and its average intensity 〈I 〉; see Section 2.4.4 for details. (b) Distribution of the array size inferred from
cell-to-cell variation in two-state switching temporal statistics, compared against the measured cluster-size
distribution of two-state switching cells of panel a (dashed yellow curve). Inferred array sizes were calculated in
two ways (see Supplementary Text Section 2.5.8). First, by using the finite-size scaling relation (Eqn. S15) to
transform the distribution of the average two-state switching residence times 〈∆t〉 per cell (inset), assuming J
co-varies with L such that the timescale ratio remains constant, as in Fig. 2.12b (solid curve: mean ± s.d. = 608
± 251). Second, as in the first method but assuming J remains constant at J = 0.426 kBT , close to J∗∞. (dashed
dark curve: mean ± s.d. = 593 ± 130). The inset shows the average two-state switching residence times 〈∆t〉 of
116 cells expressing Tsr-I214K and with a near-zero activity bias (corresponding to data points falling within the
range −0.25kBT ≤−∆G ≤ 0.25kBT in Fig. 2.6d, upper panel). To enable proportional comparison, the cluster
intensity is linearly scaled to match the average of the means of the two distributions of N = L2. Shaded areas in
all plots represent 97.5% confidence intervals obtained through bootstrap resampling.
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2.3 DISCUSSION
A compelling open question is how E. coli chemoreceptor arrays achieve the observed near-critical
cooperativity. The strength of conformational interactions in canonical allosteric oligomers such
as hemoglobin are usually assumed to be determined by their tertiary structure, which is in turn
encoded by their amino acid sequence. On the one hand, it is possible that the conformational
coupling strength J is similarly “hard-coded" at the level of protein structures within bacterial
chemoreceptor arrays, which would imply tuning through natural selection over evolutionary
timescales. On the other hand, J (and/or L) might be physiologically regulated. In principle,
these two possibilities could be distinguishable by the temporal statistics of switching, but current
limits on achievable in vivo single-cell FRET experiment duration preclude resolution through this
approach (Fig. 2.19 and Supplementary Text). A more promising approach for future single-cell
FRET studies would involve directly testing potential regulatory mechanisms, such as modulation of
the expression level of scaffolding protein CheW, which has recently been shown to affect both the
array composition and apparent response cooperativity at the population level [105]. An increasing
number of biological systems involving many components, from protein sequences [106] to cellular
membranes [107], as well as communication between cells [18, 108] and even whole organisms
[109, 110], have been reported to self-organize into narrow zones of phase space close to a critical
point, on the boundary between order and disorder [111]. Our finding that bacterial chemoreceptor
arrays are poised close to the Ising critical point reveals near-critical cooperativity as a design
principle for balancing competing response objectives in large allosteric signaling assemblies.
While we have here shown that nearly all features of switching temporal statistics can be explained
within the framework of the canonical equilibrium Ising model, it has not escaped our attention
that the single feature not captured by our equilibrium Ising modeling, namely asymmetry in the
transition times for the up- and down-directions of activity switching (Fig. 2.6h), suggests a breaking
of time-reversal symmetry — a hallmark of nonequilibrium dynamics. Interestingly, our finite-size
scaling estimate (Fig. 2.15) of the fundamental allosteric transition timescale ω−1

0 (≈ 15-35 ms) is
close to the timescale of CheA autophosphorylation [112], which operates out of equilibrium by
hydrolyzing ATP. It is therefore plausible that in chemosensory arrays, the dynamics of allosteric
cooperativity are driven by an underlying nonequilibrium process involving CheA. Indeed, recent
theoretical studies [113, 114] indicate that the switching statistics observed in our experiments point
to near-critical allosteric cooperativity also when the Ising framework is generalized to include CheA-
driven nonequilibrium effects. Given the many spatially extended arrays being discovered across
cell biology [35, 36, 47, 48] as well as their anticipated role in synthetic biology [115], we envisage
that our approach of exploiting in vivo fluctuation signatures of such assemblies to understand
their function could find use across a wide range of systems.

2.4 METHODS

2.4.1 CELL CULTURE AND GROWTH MEDIA
All spontaneous switching experiments were performed with TSS1964 [54], a receptorless non-
adapting derivative of E. coli K-12 RP437 (HCB33) expressing adhesive FliC flagellar elements that
immobilizes them on glass surfaces. Chemoreceptor mutants were expressed and induced as listed
in Table 2.1. CheZ-YFP and CheY-mRFP were expressed in tandem from pSJAB106 [54] using 50 µM
IPTG for Tar [QEEE] and Tsr-F396Y, and 100 µM IPTG for Tsr-I214K. For experiments were CheZ
localization was used to visualise chemoreceptor clusters, IPTG induction was lowered to 15 µM for
Tsr-I214K. For experiments, cells were grown in Tryptone Broth (‘TB’:10 g/L bacto-tryptone, 5g/L
NaCl) at 33.5 ◦C with shaking, from a saturated overnight culture in TB, with 100 µg/mL ampicillin
and 34 µg/ml chloramphenicol in both cultures and appropriate inducers in the day culture. Unless
otherwise specified, cells were harvested at optical density 0.46 - 0.47, then washed once with and
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thereafter placed in motility media (‘MotM’: 10 mM KPO4, 0.1 mM EDTA, 1 µM L-methionine, 10
mM lactic acid, pH 7.0). Because of auxotrophic limitation of E. coli RP437, growth and protein
expression are arrested in MotM [116]. Cells were incubated at room temperature for 1.5 hours,
before imaging, to allow for fluorescent protein maturation.

Table 2.1: Plasmids used in this study to express various chemoreceptor alleles.

Product Vector Induction Resistance Source
Tar [QEEE] pLC113 2.0 μM NaSal Cam [100]

Tar [QEEE]/R69H pLC113 2.0 μM NaSal Cam This Study
Tsr-WT pPA114 0.6 μM NaSal Cam [117]

Tsr-I214K pPA114 0.6 μM NaSal Cam [66]
Tsr-I214K/R69E pPA114 0.6 μM NaSal Cam This Study

Tsr-F396Y pPA114 0.6 μM NaSal Cam [118]

2.4.2 FRET MICROSCOPY
Single-cell FRET microscopy was performed as reported previously [54]. For each experiment, cells
were immobilized on a glass coverslip were placed in a flow cell under continuous flow (400 µL/min)
established by a syringe pump (Harvard Apparatus PHD 2000, USA). The sample was illuminated
every second with an LED system (CoolLED pE-2, UK) through a 40x 1.30 NA oil objective (Nikon,
JP) for 17 ms using an upright microscope (Nikon FN1, JP). Epifluorescent light was sent through an
optical splitting device (Cairn Research OptoSplit II, UK) in combination with a 580 nm dichroic
mirror (Semrock, USA) and two emission band-pass filters (527/42 nm and 641/75 nm; Semrock,
USA) to project the emitted donor and acceptor channels in parallel on the sensor of an EM-CCD
camera (Princeton Instruments proEM 512, USA), set with a multiplication gain of 100.

The flow cell temperature was controlled through a custom-built stage heater, based on a water-
cooled thermoelectric Peltier element controlled through a PID controller (T = 18 ◦C for Tsr-I214K,
T = 25 ◦C for Tar [QEEE]). The activity bias depended on temperature [119], therefore we controlled
the temperature to keep the average activity bias close to 1/2, at which we found the number of
switchers to be maximum (Fig. 2.2d). The buffer solution temperature was controlled through a
heat bath with heating and cooling capacity (Grant Instruments LT ecocool 100, UK). Experiments
involving WT Tsr, Tsr-F396Y, or mixed receptor clusters were performed at room temperature.

In experiments where the receptor clusters were imaged in conjunction with FRET microscopy,
an inverted microscope (Nikon Eclipse Ti-E, JP), equipped with a 100x 1.45 NA oil objective (Nikon,
JP), was utilized. For FRET microscopy, the sample was illuminated every 2 seconds with an LED
system (CoolLED pE-4000, UK) for 20 ms. Epifluorescent light was directed into a 2-camera image
splitter (Cairn Research TwinCam, UK) equipped with a 580 nm dichroic mirror (Semrock, USA)
and two emission filters (520 nm and 593 nm; Semrock, USA), leading to two identical sCMOS
cameras (Hamamatsu ORCA-Flash4.0 V2, JP), where the emitted donor and acceptor channels
were projected separately. To enhance their signal-to-noise ratio, FRET images were binned by a
factor of 4x4 pixels. In order to visualize large chemoreceptor clusters resulting from CheZ-YFP
localization near the chemoreceptors, the sample was imaged once at the beginning and end of
each experiment for 200 ms using the same optical path as in FRET microscopy. CheZ-YFP images
were not binned to preserve all spatial information. Receptor cluster imaging experiments were
performed at room temperature.



2

34 2 SPONTANEOUS SWITCHING IN A PROTEIN SIGNALING ARRAY REVEALS NEAR-CRITICAL COOPERATIVITY

2.4.3 FRET ANALYSIS
Analysis of the fluorescent timeseries were performed essentially as reported previously [54]. After
drift correction using rigid stack registration [120] in ImageJ, Images were segmented using the
Mahotas python library [54, 121] to obtain single-cell donor (D(t )) and acceptor (A(t )) fluorescence
intensity time series. Afterwards, intensity time series were corrected for bleaching by dividing out
an exponential decay. The FRET time series were calculated from the ratio of acceptor and donor
emissions R(t ) = A(t )/D(t ) as [49, 54]:

FRET(t ) = R(t )−R0

R(t )+α (2.1)

where the R0 is the ratio during a large and saturating attractant stimulus (e.g. the ratio in the
absence of any FRET [49]) and α= 0.3 is a constant depending on FRET measurement setup and
the specific FRET donor-acceptor pair used [54].

This intermolecular FRET signal [49] measures the concentration of the CheY-CheZ complex
[Yp-Z] formed during dephosphorylation, which is limited by the rate of kinase autophosphoryla-
tion [49]. Hence, the FRET signal is proportional to kinase activity [119]:

FRET ∝ [Yp-Z] = a
kA

kZ
[CheA] ≈ a

kA

kZ
[CheA]T (2.2)

where [CheA] is the concentration of kinases and a the activity per kinase.
To compute kinase activity, each ratiometric FRET time series was normalized to the maximum

FRET level measured by a saturating repellent stimulus: a(t ) = FRET(t)/FRETmax
We ruled out that two-state switching cells have an anomalously low expression of chemore-

ceptor array components, by confirming that the maximum amplitude of the CheY-CheZ FRET
signal, proportional to the amount of receptor-kinase complex (Eqn. 2.2), was comparable between
switching and non-switching cells (Fig. 2.2e).

2.4.4 CLUSTER INTENSITY ANALYSIS
The CheY phosphatase, CheZ, is recruited to chemoreceptor arrays by binding to the short form of
CheA, CheAs. Because this binding affinity is high, resulting in a long exchange time (≡ 10 mins),
comparable to that of CheA within arrays [122], and insensitive to array activity [123], the CheZ-YFP
fluorescence intensity can be used as a proxy for receptor cluster size. In a typical FRET experiment,
the CheY-RFP/CheZ-YFP FRET pair is overexpressed to increase the FRET signal-to-noise ratio,
causing background fluorescence to obscure the fluorescent foci corresponding to receptor clusters.
However, once the induction of the FRET plasmid is lowered sufficiently, fluorescent foci become
visible via traditional widefield microscopy (Fig. 2.3) in the expanse of FRET signal-to-noise ratio.
To extract the cluster size, the sample was screened for cells with one large fluorescent focus. Since
receptor clusters are typically localized at the poles of the cells, the YFP fluorescent intensity I along
the long axis of each cell (Fig. 2.19a, inset) was extracted. To account for non-localized, cytoplasmic
CheZ-YFP, the average background intensity was calculated as follows:

< I >=
∫ ∞

−∞

∫ +l/2

−l/2
I (x, y)d x d y (2.3)

And then, the cluster size is defined as:

∆I = Imax−< I > (2.4)

Where I max is the maximum of the fluorescent intensity along the long axis of the cell I .
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2.4.5 SWITCHING ANALYSIS
Switching events were analyzed automatically using a custom-made Matlab script (Mathworks,
USA). For each cell, attractant and repellent responses were detected automatically based on the
timing and duration of the stimulus delivery. Next, the ratiometric FRET time series of each cell,
after correcting for photobleaching, was normalized between one and zero based on the repellent
and attractant response amplitude, respectively. The FRET signal was then low-pass filtered using
a 3-s moving average filter, and switching events were detected as peaks in the derivative of the
filtered signal. With each switching event, an amplitude (change in kinase activity), residence time
(time until next event), and transition time (duration of the switch based on a fit of the form 1−e−1)
are associated. The switching behavior of each cell was classified according to the amplitude
and number of the switching events per cell. A two-state switching cell is defined as a cell with
at least 65% of its transitions showing activity level changes of at least 0.7 or 70% of total kinase
activity – increasing these thresholds to respectively 65% and 0.8 has only marginal effect on the
switching statistics (Fig. 2.7c,d). For each two-state switching cell, the bleaching correction is
refined by another correction step using only the activity in either the a = 0 state, for cells with
bias < 0.5, or a = 1 state, for cells with bias > 0.5. The time series is then re-normalized using
the maximum activity level of the histograms during the two-state switching, and the amplitude,
transition time, and residence time associated with each switching event are extracted again. To
verify that the automated switching analysis extracts events reliably, we generated mock time
series that recapitulated the switching phenotype of Tsr-I214K and added Gaussian white noise to
approximate the experimental signal-to-noise ratio. By comparing the transition and residence
times of the mock time series to the times extracted by our automated analysis, we find that the
relative uncertainty is minimal, even for low signal-to-noise ratios (fig. 2.7b).

2.4.6 NUMERICAL SIMULATIONS OF THE CONFORMATIONAL SPREAD MODEL
Conformational spread was modeled by a two-dimensional Ising model on an L×L lattice with free
boundary conditions. Each lattice site represents an allosteric unit, whose conformational state
was represented in the main text by an activity variable ai ∈ {0,1}. For the discussion here, we make
the mapping σ= 1−2a and discuss the model in terms of the ’spin variable’ σ which takes one of
two values, σ= 1 for active, and σ=−1 for inactive. The activity of the unit at site i is influenced by
its N j nearest neighbours through the coupling energy J a biasing field Hb and a ligand field HL ,
giving a Hamiltonian (total energy) H for this lattice (in units of kB T ):

H =−J
∑
〈i j〉

σiσ j + (Hb /2+HL/2)
∑
i
σi (2.5)

where 〈i j 〉 indicates that the summation is over all nearest neighbour pairs in the lattice. The
biasing and ligand fields Hb and HL were set to zero for most of our simulations, except where
specified otherwise in the text. The probability of finding the lattice in a given configuration is then
proportional to e−H and the ratio of probabilities pi (σi ) and pi (−σi ) for the i -th site to be in state
σi as opposed to −σi is

pi (σi )

pi (−σi )
= e−∆H (2.6)

where ∆H ≡H (σi )−H (−σi ) is the change in the Hamiltonian upon flipping σi . We set the rate
ω(σi →−σi ) for the unit at site i to flip from a state σi to the opposite state −σi as

ω(σi →−σi ) =ω0 exp

[
−Jσi

N j∑
j
σ j + (Hb /2+HL/2)σi

]
(2.7)
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where ω0 is the fundamental flipping frequency of a single lattice unit and N j is the number of
nearest neighbors, so as to satisfy (together with Eqs. 2.5 and 2.6) the detailed balancing condition,

pi (σi )

pi (−σi )
= ω(−σi →σi )

ω(σi →−σi )
. (2.8)

We note that the fundamental frequency ω0 corresponds to the rate of conformational transi-
tions in an individual allosteric unit. Because this rate is unknown for the bacterial chemosensory
array, in our simulations we set this parameter to unity, implying that the simulated temporal
statistics are expressed in units of the fundamental timescale 1/ω0.

The rates as defined in Eq. 2.7 were used in a kinetic Monte Carlo scheme (essentially as in
[124], but modified to have free boundary conditions; see below) which uses in every iteration one
random number to draw the time until the next flip, and another to determine which site flips.
The lattice was an L ×L lattice with free boundary conditions, such that the number of nearest
neighbors N j at each lattice site was

N j =


2 at corners,

3 at edges,

4 otherwise.

(2.9)

To calculate the activity a of the lattice at each time point, we map the spin variableσi ∈ {−1,+1}
at each site to an activity variable ai ∈ {0,1} as ai = (σi +1)/2 and take its mean across the lattice,

a = 1

L2

∑
i

ai . (2.10)

To simulate adaptation feedback, a bias field is defined where each lattice unit has a specific
bias field Hb,i that represents the effect of receptor methylation according to [65]:

Hb,i =α(mi −mo ) (2.11)

where 0 < mi < M is the methylation level of site i with maximum value M , and α= 1kB T is the
energy per methylation site [65]. We chose M = 64, corresponding to approximately 8 receptor
dimers per Ising lattice unit and 8 methylation sites per dimer [125]. The methylation offset m0
is set to M/8 [65]. All units with ai = 1 (and mi < M) experience demethylation at rate kB and all
units with ai =0 (and mi > 0) are methylated with rate kR . This activity-dependent (de)methylation
activity results in robust perfect adaptation to a steady-state activity level of a0 = kR /(kB +kR ).
We defined these rates in terms of the fundamental frequency ω0 according to kB = kR = nR /L2 ∗
VR /ω0 = 0.0015ω0, where nR = 200 is the approximate number of adaptation proteins per cell
[64], and VR = 1/10s is the maximum rate of the methylation reaction [126], reflecting that the
adaptation enzymes work at saturation [127]. Arrays were simulated for sufficient time to reach
steady state (a0 ≈ 0.5) before the application of an external field HL (representing chemoattractant
ligand stimulation) was used to probe the array responses.

Simulations were implemented with Python (code will be made available online) and sin-
gle simulation runs for extended times were performed on regular desktop computers. Parallel
computations were performed on the LISA cluster of the SURFsara national computing facility
(Amsterdam). For the parallel runs, each parameter set was given a unique seed for random number
generation. The resulting time series were sampled at regular intervals, and subsequently down-
sampled to approximate the acquisition frequency of experiments (1Hz) relative to the array-level
switching frequency (∼ 10−2 Hz). Simulated activity time series were then further processed in the
same way as experimental data to extract the temporal statistics of switching.
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2.4.7 DETERMINATION OF THE CORRELATION LENGTH
The correlation length ξ(J ) was determined from exponential fits to the correlation function of Ising
arrays [128]:

c(r ) =σiσ j = e
−r
ξ(J ) (2.12)

where σiσ j is the spin product averaged over all pairs with equal distance r = |i − j |. For each
unit i , j , pairs are sampled horizontally and vertically (e.g. keeping either i or j constant, ignoring
diagonal values). For each J , the correlation length ξ(J) is computed as the average correlation
length of 48 independent array states.

2.5 SUPPLEMENTARY TEXT

2.5.1 CHANGING ACTIVITY BIAS BY GENETIC MODIFICATION
The activity of the chemoreceptors in bacteria is determined by fast ligand binding and slow changes
in the activity bias level through modifications of the chemoreceptors by a pair of adaptation en-
zymes [125]. Upon attractant binding, the activity decreases, but activity-dependent modification of
the chemoreceptors provides effective negative feedback that restores the activity to its prestimulus
level. This way, the wild-type chemosensory array faithfully returns to a steady-state activity bias of,
on average, 0.3, but with variation between cells presumably due to expression level variation of the
adaptation enzymes [54]. In the absence of the adaptation enzymes, both chemoreceptors Tar and
Tsr when natively expressed, have an activity bias close to 1 [49]. Switching between the active and
inactive array state is only observed if the activity bias has intermediate values and maximizes at
0.5. In our previous study on fluctuations in chemosensory activity [54], we used small amounts
of chemoattractant to bring the activity bias to intermediate values to observe switching behavior.
Here, we wanted to observe fluctuations in the absence of chemoeffectors and adaptation enzymes
and therefore change the activity bias in a ligand-independent way.

The adaptation enzymes (CheR and CheB in E. coli) change the energy bias of the chemore-
ceptors by sequentially methylating and demethylating of 4 conserved glutamate residues on
chemoreceptor Tar and 5 in Tsr [65, 100, 129]), where (CheR-mediated) methylation increases the
activity bias and demethylation (by CheB) decreases it. Previous studies identified genetic modifica-
tions of those sites that mimic methylation, and can modify the chemoreceptor activity bias without
changing other chemoreceptor properties such as signal amplification. For both chemoreceptors
the effect of methylation can be mimicked by exchanging a glutamate (E) for glutamine (Q). The
fully unmethylated state (EEEE(E)) has an activity bias close to 0. For Tar, its QEEE modification
state has an intermediate activity bias and shows fluctuations in the absence of chemoeffectors
[55], and is used throughout this work.

In the case of Tsr, the QEEEE modification state has a bias close to 1 [129] and therefore we
pursued alternative modifications that could produce an intermediate activity bias. Of the many
available mutations in Tsr receptors, the I214K mutation in the ‘control cable’ region of Tsr was a
promising candidate [66]. In population-averaged FRET experiments, it showed an intermediate
activity bias and similar dose–response curve parameters to L-Serine as Tar [QEEE] to MeAsp.
Therefore, we investigated the behavior of cells expressing only Tsr-I214K with single-cell FRET and
observed similar switching behavior as in the case of Tar [QEEE].

2.5.2 THE ISING MODEL IN THE THERMODYNAMIC LIMIT CAN NOT EXPLAIN

SPONTANEOUS SWITCHING
The two-dimensional Ising model [130, 131] is known to demonstrate a second-order phase transi-
tion as a function of the ratio J/kB T where J is the coupling energy, T is the temperature, and kB is
Boltzmann’s constant. Increasing J across a critical value J∗ at fixed T (or equivalently, decreasing
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T below a critical value T∗ at fixed J) leads to an abrupt ordering of the lattice for J above (or T
below) this critical point, with the lattice becoming polarized with all spins in either the up or down
states. For a two-dimensional lattice in the thermodynamic limit (where the lattice size L →∞),
an exact solution of the model was obtained by Onsager [132], giving the precise critical value
J∗/kB T = ln(1+ p

(2))/2 = 0.440686. . . (and equivalently kB T∗/J = 2.26918. . . ). Near this critical
point, various thermodynamic observables (such as the correlation length ξ and the correlation
time τc ) are known to diverge as power laws characterized by critical exponents as a function of the
“reduced temperature",

ϵ≡ ∣∣T −T∗∣∣/T∗ = ∣∣J∗− J
∣∣/J , (2.13)

which provides a dimensionless measure of the distance from the critical point [133]. For example,
the critical exponent ν (= 1 for 2-D lattices) defines how the correlation length diverges, ξ∼ ϵ−ν,
and another exponent z (≈ 2.2 for 2-D lattices [81]) in turn defines the scaling of the correlation
time τc ∼ ξz = ϵ−νz , as the critical point is approached (ϵ→ 0). The divergence of the correlation
time at the critical point implies that above J∗ (or equivalently below T∗), the system becomes
frozen in one of the two polarized states. Thus, the Ising model in the thermodynamic limit is
unable to explain the switching fluctuations we have observed in chemoreceptor arrays.

2.5.3 FINITE-SIZE ISING MODELS EXHIBIT TWO-STATE SWITCHING NEAR

CRITICALITY
By contrast to the behavior in the thermodynamic limit discussed above, in Ising lattices of finite
size, the correlation length ξ can not grow beyond the lattice size L, and the scaling of various
observables near criticality becomes a function of the system size L, a phenomenon known as finite-
size scaling [79, 134]. For example, the singularity in the correlation time scaling τc ∼ ξz = ϵ−νz

at the critical point (ϵ = 0) is lost due to the cutoff of ξ at L and instead becomes τc ∼ Lz . Thus,
fluctuations in near-critical 2-D Ising lattices of finite size demonstrate all-or-none switching
between polarized states (intuitively, because ξ∼ L) that become increasingly slow as the lattice
size grows (intuitively, because τc ∼ Lz ) — an example of the phenomenon of “critical slowing
down" observed across a broad range of dynamical systems near criticality. The excellent agreement
between the temporal statistics of our experimental data with those of simulated Ising lattices (Fig.
2.6) suggested that both Tar and Tsr chemoreceptor arrays are well described as finite-size Ising
systems close to criticality.

To quantitatively estimate the degree to which chemosensory arrays are close to criticality, we
applied finite-size scaling to further analyze our experimental and simulated temporal statistics, as
described below. The basic idea is to use the observed degree of near-critical slowing to estimate
the distance to criticality, and (with appropriate calibrations) also obtain an estimate for the
fundamental conformational timescale 1/ω0 of allosteric units.

2.5.4 SCALING OF THE CRITICAL ENERGY
An important result of finite-size scaling theory is that the position of the critical point (i.e. the
value of J∗, or equivalently, T∗) itself becomes a function of the system size L [134]. As noted above,
the well-known Onsager exact solution for the infinite two-dimensional Ising lattice [132] gives the
critical coupling energy J∗ (in units of kB T ) explicitly as

J∗∞ = 1

2
ln

(
1+ p

2
)
≈ 0.44. (2.14)

For finite lattices there is no exact analytical solution, but both analytical [82] and numerical [83]
approaches to finite-size scaling theory have established that the critical coupling energy J∗ (or
equivalently the critical temperature T∗) dependence on the system size L. The dependence J∗L of
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the critical coupling energy with system size is well approximated as [82, 83],

J∗L ≈ J∗∞
1− cL−1

, (2.15)

where c is constant whose value and sign depend on the boundary conditions. For periodic
boundary conditions, c is negative (cp.b.c. =−0.36) and hence J∗L approaches J∗∞ from below as
L →∞. By contrast, c is positive for free boundary conditions (c f .b.c. =+1.25) and in this case J∗L
approaches J∗∞ from above as L →∞. Given that chemoreceptor arrays cover only a finite area of
the plasma membrane, they have open ends. In our simulations, therefore, only free boundary
conditions are considered, meaning that J∗L > J∗∞ for all values of L.

2.5.5 SCALING OF THE RESIDENCE AND TRANSITION TIMES
As noted above, for coupling energies close to the critical energy (J ≈ J∗), the spatial correlation
length of activity states approaches the lattice size L, leading to polarized all-or-none fluctuations.
Thus, within this regime, the activity time series is well approximated as a random telegraph process
[135], and hence the residence timescale ∆t (i.e. time between switching events) is expected to
be proportional to the correlation time τc (because τc = (〈∆tup〉−1 +〈∆tdown〉−1)−1 for a random
telegraph process). Numerical studies have found that a good approximation for the scaling of τc in
finite lattices in the near-critical region, τc ∼ Lz exp[c0ϵL], with ϵ= ∣∣(J∗∞− J )/J

∣∣ and the “dynamical
critical exponent" z = 2.2±0.1 [80, 81]. We confirmed that the residence times extracted from our
simulations at various combinations of ϵ and L were well-fit by a scaling of the same form,

∆t = ct Lz exp[c0ϵL] (2.16)

with z = 2.2 (Fig. 2.13a), and these fits yielded for the remaining scaling constants c0 = 1.6±0.5 and
ct = 1.4±0.5.

For the transition time τ (the duration of the activity transient upon switching), we found that
our data were well-described (Fig. 2.13b) by a power-law,

τ= cτLb (2.17)

with cτ = 1 and b = 1.725.

2.5.6 SCALING ANALYSIS OF THE EXPERIMENTAL DATA
While the finite-size scaling relations obtained above provide an excellent approximation to the
simulated data, they can not be directly applied to the experimentally observed timescales because
the simulations yield timescales in units of the fundamental flipping timescale 1/ω0, which remains
unknown for the chemosensory array. That is, ∆tsim and τsim from simulations are related to ∆texp
and τexp from experiments as, respectively,

∆tsim =∆texpω0,

and

τsim = τexpω0.

(2.18)

We therefore identify as a key experimental observable the dimensionless timescale ratio ∆t/τ,
which removes the dependence on the unknown constant ω0. Using Eqs. 2.16 and 2.17, we obtain a
scaling for the timescale ratio ∆t/τ,

∆t

τ
= ct

cτ
L(z−b) exp(c0ϵL). (2.19)
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This scaling provides a one-to-one relationship between the timescale ratio ∆t/τ and the product
ϵL, as evidenced by the collapse of simulated data at various combinations of ϵ and L onto a single
curve (Fig. 2.12a Inset). However, because the size L is not precisely known for the chemoreceptor
array, we can not uniquely determine ϵ.

We therefore chose to assess the distance from criticality by comparing iso-lines in the J-L
plane, corresponding to parameter combinations that yield a given value of the timescale ratio
riso ≡∆t/τ, with J∗L , with the finite-size scaling of the critical coupling energy given by Eq. 2.15.
The iso-lines determined from simulations (Fig. 2.12b) were fit well by an expression obtained by
solving Eq. 2.19 for ϵ,

ϵ= log[riso/cR ]+ (b − z) logL

c0L
. (2.20)

where we have defined cR ≡ ct /cτ. For the scaling shown in Fig. 2.12e (dashed curves), we fitted
Eq. 2.20 to the data corresponding to the iso-line for Tar (riso=8.5) and Tsr (riso=11.5), where each
of the parameters (Table S11) was constrained to the obtained scaling value +/- one standard
deviation.

2.5.7 SCALING OF THE FUNDAMENTAL FREQUENCY ω0
As noted above, the ‘timescales’ determined from the simulations are a dimensionless quantity
∆tsim, expressed relative to the fundamental flipping timescale 1/ω0 of individual lattice units.
Thus, ∆tsimis related to experimentally observed timescale ∆texp as ∆tsim =∆texpω0. Given the
finite-size scaling relations obtained above, one could therefore estimate ω0 as a function of L by
comparing the timescales extracted from experiments and numerical simulations. To obtain such a
scaling relation for ω0, we use the fact that along the iso-lines for ∆t/τ, ∆t scales in the same way as
τ. Thus plugging the iso-line scaling of ϵ (Eq. 2.20) into the residence time scaling (Eq. 2.16) yields
for the simulated residence time,

∆tsim = ct Lz exp
[
log(cτriso/ct )+ (b − z) logL

]= cτrisoLb , (2.21)

which indeed scales as the transition time (∼ Lb ), and using this we obtain the scaling relation for
ω0 (as defined in Eq. 2.7) as a function of the lattice size L and experimental residence timescale
∆texp:

ω0 =∆tsim/∆texp = cτriso
Lb

∆texp
. (2.22)

2.5.8 FIELD DEPENDENCE OF TWO-STATE SWITCHING IN FINITE LATTICES
While we have shown that temporal statistics compatible with the experimentally observed two-
state switching behavior can be generated by a near-critical Ising model with J close to J∗, proximity
to the Ising critical point depends also on the biasing field H , which must vanish (H → 0) at the
critical point. It is therefore of interest to ask what ranges of H are compatible with two-state
switching. Switching fluctuations are large collective excitations involving nearly all N = L2 lattice
units, and due to the fluctuation-dissipation relation [136],

〈σ2〉−〈σ〉2 = kB Tχ/L2 (2.23)

where χ≡ ∂|〈σ〉|/∂H is the field-dependent susceptibility, their likelihood can be assessed by the
field-dependence of the activity bias 〈a〉 = (〈σ〉+1)/2 of Ising lattices. Intuitively, switching is most
likely where the activity variance 〈a2〉− 〈a〉2 (= (〈σ2〉− 〈σ〉2)/4) is greatest, which through Eqn.
2.23 is also where the susceptibility χ (and equivalently the absolute logarithmic activity derivative
|∂ log〈a〉/∂H |) is largest.
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A biasing field H (in units of kB T ) modifies the flipping rate of a single spin ω(σi →−σi ) by a
multiplicative factor exp(Hσi /2) (Eqn. 2.7). Thus, a positive field (H > 0) pushes the bias towards
the limiting value 〈σ〉 →−1 (equivalently 〈a〉 → 0), but there will always be a finite amplitude of
fluctuations such that 〈σ〉 >−1 (equivalently 〈a〉 > 0).

For strong fields (H ≫ J), fluctuations in activity will be dominated by single spin flips, and
hence the activity bias will approach that expected for an arbitrary spin σi in the lattice,

〈a〉→
〈

p(σi )

p(σi )+p(−σi )

〉
=

〈
1

1+e∆H

〉
(2.24)

where the averages are taken over all spins {σi } and ∆H ≡H (σi )−H (−σi ) is the change in the
Hamiltonian (Eqn. 2.5) upon flipping σi . Given that the ∆H ≈ H for strong fields, the activity bias
reduces to

〈a〉 ≈ 1

1+eH
, for H ≫ J (2.25)

which decays with derivative ∂ log〈a〉/∂H = χ/2〈a〉 ≈ −1 characteristic of this single spin-flip
dominated regime.

In the limit of weak coupling (J → 0), Eqn. 2.25 becomes an exact identity valid for all values of
H , and the derivative ∂ log〈a〉/∂H →−1/2 as H → 0.

Conversely, in the limit of strong coupling (J →∞), the system approaches the MWC limit
[137–139], for which the activity bias becomes instead

〈a〉 = 1

1+eN H
(2.26)

with N = L2 is the system size, and valid at all finite values of H . The corresponding derivatives
∂ log〈a〉/∂H ≈−N for strong fields (eN H ≫ 1) and ∂ log〈a〉/∂H →−N /2 for weak fields (H → 0),
respectively.

Near criticality where J ≈ J∗, and 0 < H/J ≪ 1 the activity bias in the thermodynamic limit
(L →∞) is known to scale as a power law [140],

〈a〉 = 1

2
(1−H1/δ) (2.27)

with δ = 15 for two-dimensional lattices, which gives a steep field dependence ∂ log〈a〉/∂H ≈
−δ−1H (1/δ−1) that diverges as H → 0.

In finite-size Ising lattices, this singularity is rounded to give a finite size-dependent maximal
steepness at H = 0 that scales as a power law in L,

|∂ log〈a〉/∂H |H=0 = |∂ log〈a〉/∂H |max =χmax ∼ Lx (2.28)

with an exponent x in the range 1.75 ≤ x ≤ 2.0 depending on J/J∗ [136]. Thus, the steepness at zero
field grows as ∼ Lx with system size, and the range ∆H of the field exhibiting this steep dependence
narrows as ∼ L−x .

Despite the steep dependence at small |H | (<∆H ), it has been shown that in finite Ising lattices
(with periodic boundary conditions) near criticality this steepness decays sharply as H increases
beyond ∆H . As a result, the response curve of 〈a〉 vs H in develops a substantial tail that contrasts
starkly to that in the strongly coupled MWC limit [76]. Our simulations (on finite lattices with
free boundary conditions, L = 20, J = 0.475kB T ≈ J∗(L), Fig. 2.9c) also show a similar trend: a
steep dependence of 〈a〉 on H for H < 0.03 that then deviates strongly to develop a substantial
tail before crossing over eventually to the expected scaling for the single-spin dominated regime
∂ log〈a〉/∂H →−1 at H ≈ 0.3 (Fig. 2.9c, Inset). Thus, there exists a substantial range in H beyond
the steep region ∆H (≈ 0.03 for L = 20 and J ≈ J∗(L)) exhibiting collective excitations. While we
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expect switching to be most prominently observed within the steep region |H | <∆H , they can also
occur within this intermediate regime (0.03 < H < 0.3) of mildly attenuated collective excitations,
albeit with reduced frequency.

Nevertheless, taking as a conservative estimate the width ∆H of the steep region as the range
of switching behavior for the L = 20 lattice, an exponent of x = 2 for the finite-size scaling of
the switching range, i.e. ∆H ∼ L−2, our estimated size range L = 17-30 for chemosensory arrays
our experiments (see Main Text) implies that the biasing field is no greater than |H | < ∆H ≈
0.01-0.04kB T in cells demonstrating two-state switching. Combined with the fact that two-state
switching requires a value of J near its critical value (J ≈ J∗ ≈ 0.44kB T ), this suggests that the
strength of any biasing field in these cells is at most 3-10% of the coupling energy.

Note that for E. coli chemoreptor arrays the activity bias in the absence of ligand is known to
depend on temperature [119], and in our experiments we have deliberately set the temperature T to
a value that gives the largest fraction of two-state switcher cells. Thus, the population-average value
µH of the biasing field H is set through this procedure to be very close to zero. We also observed
(Fig. 2.1c) that approximately two thirds of cells with a single large cluster demonstrated two-state
switching, whereas most of the remaining third or so showed no switching. If we interpret the
non-switcher cells as having an effective biasing field outside of the two-state switching regime
discussed above (i.e. |H | >∆H) and further assume for simplicity a normal distribution N (µH ,σ2

H )
of H across the population, the above considerations suggest an average µH ≈ 0 and standard
deviation σH ≈ 0.01-0.04kB T (given that for a normal distribution approximately two thirds of the
population lies within µH ±σH ).

Finally, we note that this rather narrow range of variation in H across cells does not preclude
larger variations at the molecular scale within each cell. Given that H in our Ising Hamiltonian (Eqn.
2.5) is applied identically across all alosteric units, it can be considered a mean-field approximation
for values of H that could in reality vary with some amplitude across the N = L2 ∼ 103 allosteric units.
From this perspective, the above estimate for the cell-to-cell variation in H could be compatible
with variation at the level of allosteric units as large as σH × p

N ∼ 0.5kB T .

2.5.9 ARRAY SIZE ESTIMATION FROM RESIDENCE TIME DISTRIBUTIONS
It has been shown that chemosensory array sizes vary strongly between cells [57, 141]. Because
CheZ is known to localize to the arrays (Fig. 2.1b), in our FRET experiments with reduced FRET pair
expression, the arrays are visible as fluorescece intensity peaks above the cytoplasmic CheZ-YFP
background (clusters). We can integrate fluoresce intensity over the cluster area to obain a ’cluster
size’ measure that serves as a proxy for the true array size (Fig. 2.19a and Section 2.4.4). These
experiments revealed that the average cluster size in cells exhibiting only a single detectable cluster
was smaller for cells exhibiting two-state switching than for cells exhibiting no switching (one-state)
(p = 0.004, two-sample KS test), consistent with the expectation that switching events become
increasingly rare with increasing array size L (at a given J ).

It is also possible to estimate the array size L using the temporal statistics we measured by
FRET and the Ising finite-size scaling theory. This can be done in two ways, depending on different
assumptions that can be made about J under cell-to-cell variations in L. One possibility is that J
remains constant under variations in L. In this case, L can calculated by plugging in the measured
residence timescale 〈∆t〉 of each cell scaled by ω0 into Eq. (2.16) and solving for L. Another possibil-
ity is that J varies together with L in such a way that the timescale ratio ri so (= 11.5 for Tsr) remains
constant. In this case, a relationship between L and ∆t can be found by solving Eq. (2.21) for:

L =
(
ω0∆t

cτriso

)1/b
(2.29)

In Fig. 2.19b, these two estimation methods (constant J and varying J) were used to convert
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transform the 〈∆t〉-distribution from FRET experiments into the distribution of array size. Parame-
ters were the same as those used in Fig. 2.12 (and listed in Table 2.15) (z = 2.1, b = 1.75, c0 = 1.18) and
those obtained in Sections 2.5.3 and 2.5.4 (c = 1.25, ct = 1.4, cτ = 1). For ω0, we chose a value in the
center of the range given in Fig. 2.15 (1/ω0 = 21 ms). Data for the 〈∆t〉-distribution were the same as
those shown in Fig. 2.6d for Tsr-I214K, restricted to the activity-bias range −0.25 ≤∆G/kBT ≤ 0.25.

Fig. 2.19b compares the distribution of cluster intensities for those cells exhiting only one
cluster but exhibiting two state switching, to the distribution of arary size estimated from two-
state swtiching statistics. The shapes of the distributions for each finite-size scaling estimation
method (constant J and varying J ) and from CheZ-YFP cluster intensity are indistiguishable within
experimental error (Fig. 2.19b).

2.5.10 THE EFFECT OF CHEMORECEPTOR MIXING WITHIN CHEMOSENSORY

ARRAYS
The receptor population within chemosensory arrays typically comprise multiple chemoreceptor
species, allowing cells to integrate distinct signals, but at the cost of reduced cooperativity[100]. E.
coli possesses five chemoreceptor genes (tar, tsr, tap, trg, aer), but they are not all expressed in equal
amounts. The two ’major’ chemoreceptors (tsr and tar) are expressed at higher levels compared
to the other three ‘minor’ chemoreceptors [125]. The expressed chemoreceptor population of
wildtype E. coli cells is known to vary across growth phases of cultured cells, with Tsr dominating
the population early on (at low opitcal density, OD), and an increased Tar/Tsr ratio at later phases
(at high OD) of batch-culture growth [142, 143]. This change in the expressed chemoreceptor
population makes the chemosensory response cooperativity dependent on the growth phase at
which cells are harvested [54]. Therefore, harvesting cells at different ODs allows tests of wildtype
array properties at different degrees of chemoreceptor mixing.

We first measured the effect of receptor mixing on response timescales. Adaptation-deficient
cells with a wildtype complement of chemoreceptors harvested at OD=0.20 demonstrated substan-
tial response delays (≈ 13 s) to sub-saturating stimuli (Fig. 2.17b,d). By contrast, when cells of the
same genotype were harvested at OD=0.45, the response delay was reduced to ≈ 3 s (Fig. 2.17c,d),
that is, an order of magnitude increase in response speed relative to the pure Tsr arrays (Fig. 2.17a).
The response to saturating stimuli in adaptation deficient cells was faster than the response to
subsaturating stimuli for each genotype (Fig. 2.17d), but were still much slower than the typical
run/tumble timescale (∼ 1 s) in the case of Tsr-only arrays (≈ 7 s). Evidently, homogeneous arrays
exhibit the strongest response slowdown, but even when all chemoreceptor genes are present, the
array’s response can be very slow, depending on chemoreceptor ratios. without some mechanism
to mitigate this response slowdown, chemotactic performance would be severely impaired.

Effects of varying array composition were also evident in the fluctuation phenotype of cells.
Adaptation deficient cells with the wildtype complement of chemoereceptor ges harvesetd at
OD=0.2 exhibited discrete-level switching fluctuations in the absence of stimulation (Fig. 2.18b),
indicating that the degree of receptor mixing within arrays is low at this early phase of growth. By
contrast, cells of the same genotype harvested at OD=0.45 demonstrated fluctuations of reduced
amplitude (Fig. 2.18c), consistent with reduced cooperativity due to a greater degree of chemore-
ceptor mixing. Thus, although chemoreceptor diversity in the array can contribute to mitigating
critical slowdown, that diversity is physiologically modulated and is evidently insufficient to fully
mitigate slowdown across the full range of physiological conditions. These observations suggest
that E. coli cells must rely on a different mechanism to ensure that response seeds remain fast
enough for effective chemotaxis under varying physiological conditions.
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Table 2.2: Mean residence times and number of events extracted from cells expressing Tsr-I214K.

Bias 〈∆tup〉 (s) ± std 〈∆tdown〉 (s) ± std Nup Ndown

0.65 <α ≤ 1 116.2 ± 3.27 ± 101.8 38.6 ± 0.79 ± 26.2 967 1091
0.55 <α ≤ 0.65 72.4 ± 2.31 ± 61.2 48.0 ± 1.20 ± 32.6 703 733
0.45 <α ≤ 0.55 60.4 ± 1.84 ± 50.9 59.6 ± 1.68 ± 46.6 766 767
0.35 <α ≤ 0.45 56.7 ± 2.36 ± 47.2 80.7 ± 3.48 ± 68.2 398 384

0 ≤ α ≤ 0.35 41.3 ± 1.65 ± 27.9 118.9 ± 6.56 ± 104.8 285 255
0 ≤ α ≤ 1 78.2 ± 1.36 ± 75.9 57.0 ± 0.95 ± 53.9 3119 3230

Table 2.3: Mean transition times and number of events extracted from cells expressing Tsr-I214K.

Bias 〈τup〉 (s) ± std 〈τdown〉 (s) ± std Nup Ndown

0.65 <α ≤ 1 4.28 ± 0.10 ± 3.16 6.09 ± 0.12 ± 3.49 970 837
0.55 <α ≤ 0.65 4.31 ± 0.12 ± 3.21 6.07 ± 0.15 ± 3.57 660 572
0.45 <α ≤ 0.55 4.18 ± 0.12 ± 3.02 5.89 ± 0.14 ± 3.54 681 604
0.35 <α ≤ 0.45 4.36 ± 0.17 ± 3.16 6.18 ± 0.20 ± 3.60 362 320

0 ≤ α ≤ 0.35 4.49 ± 0.20 ± 3.24 6.35 ± 0.22 ± 3.32 262 235
0 ≤ α ≤ 1 4.29 ± 0.06 ± 3.15 6.07 ± 0.07 ± 3.52 2935 2568

Table 2.4: Mean residence times and number of events extracted from cells expressing Tar [QEEE].

Bias 〈∆tup〉 (s) ± std 〈∆tdown〉 (s) ± std Nup Ndown

0.65 <α≤ 1 79.4 ± 2.87 ± 70.6 28.2 ± 0.58 ± 14.8 607 647
0.55 <α≤ 0.65 56.5 ± 2.15 ± 41.5 37.4 ± 1.22 ± 23.7 373 379
0.45 <α≤ 0.55 44.7 ± 1.66 ± 30.7 45.3 ± 1.68 ± 31.1 343 341
0.35 <α≤ 0.45 39.0 ± 2.06 ± 29.6 58.0 ± 3.56 ± 50.1 207 198

0 ≤α≤ 0.35 32.0 ± 1.33 ± 18.0 86.0 ± 5.94 ± 77.0 183 168
0 ≤α≤ 1 57.5 ± 3.03 ± 52.7 42.6 ± 1.95 ± 39.3 1713 1733

Table 2.5: Mean transition times and number of events extracted from cells expressing Tar [QEEE].

Bias 〈τup〉 (s) ± std 〈τdown〉 (s) ± std Nup Ndown

0.65 <α≤ 1 4.70 ± 0.14 ± 3.22 5.73 ± 0.15 ± 3.33 556 501
0.55 <α≤ 0.65 5.13 ± 0.18 ± 3.39 6.00 ± 0.21 ± 3.42 346 271
0.45 <α≤ 0.55 4.71 ± 0.20 ± 3.50 6.39 ± 0.20 ± 3.18 301 260
0.35 <α≤ 0.45 4.81 ± 0.27 ± 3.53 6.26 ± 0.28 ± 3.35 176 140

0 ≤α≤ 0.35 4.56 ± 0.24 ± 3.09 6.61 ± 0.31 ± 3.49 171 130
0 ≤α≤ 1 4.79 ± 0.08 ± 3.34 6.06 ± 0.09 ± 3.35 1550 1302

Table 2.6: Fit parameters of mean residence times per cell as a function of energy bias ∆G .

slope γdown slope γup crossover point τup = τdown N
Tar [QEEE] −0.44 0.45 47.0±1 s 204
Tsr-I214K −0.39 0.45 65.5±1 s 549
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Table 2.7: Mean residence times and number of events extracted from numerical simulations using a conforma-
tional spread model with a lattice size of 20 × 20 spins and coupling energy J = 0.475kB T .

External Field Bias 〈∆tup ×
ω〉

± std 〈∆tdown×
ω〉

± std Nup Ndown

H =−0.006 α≈ 0.79 4790 ±
381.43

± 4110 1250 ±
76.81

± 840 116 121

H =−0.002 α≈ 0.63 2820 ±
172.44

± 2220 1680 ±
95.29

± 1240 166 168

H = 0 α≈ 0.51 2190 ±
128.34

± 1600 2130 ±
149.60

± 1870 155 156

H = 0.002 α≈ 0.44 1930 ±
97.63

± 1280 2440 ±
155.67

± 2040 172 171

H = 0.006 α≈ 0.23 1370 ±
82.68

± 920 4480 ±
359.98

± 3890 123 117

2185 ±
90.52

± 1597 2132 ±
87.50

± 1868 732 733

Table 2.8: Mean transition times and number of events extracted from numerical simulations using a conforma-
tional spread model with a lattice size of 20 × 20 spins and coupling energy J = 0.475kB T .

External Field Bias 〈τup ×
ω〉

± std 〈τdown×
ω〉

± std Nup Ndown

H =−0.006 α≈ 0.79 179.76
±
10.35

± 111.51 169.54
±
11.05

± 118.01 116 114

H =−0.002 α≈ 0.63 169.18
± 8.83

± 113.11 166.95
± 9.16

± 115.50 164 159

H = 0 α≈ 0.51 166.57
± 8.95

± 106.98 156.20
± 9.24

± 113.49 143 151

H = 0.002 α≈ 0.44 184.13
± 9.74

± 124.39 155.91
± 7.38

± 95.05 163 166

H = 0.006 α≈ 0.23 154.32
± 8.79

± 91.73 159.81
±
10.54

± 113.00 109 115

171.59
± 8.79

± 111.49 161.30
±
10.54

± 110.41 695 705
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Table 2.9: Mean residence times and number of events extracted from numerical simulations using a conforma-
tional spread model with a lattice size of 12 × 12 spins and coupling energy J = 0.5kB T .

External Field Bias 〈∆tup ×
ω〉

± std 〈∆tdown×
ω〉

± std Nup Ndown

H =−0.02 α≈ 0.85 2230 ±
96.18

± 2120 390 ±
11.34

± 250 486 491

H =−0.006 α≈ 0.66 1040 ±
45.69

± 930 520 ±
21.05

± 430 412 410

H = 0 α≈ 0.53 800 ±
31.53

± 650 700 ±
31.20

± 640 419 420

H = 0.006 α≈ 0.40 610 ±
24.81

± 510 920 ±
38.20

± 780 416 415

H = 0.02 α≈ 0.22 520 ±
27.07

± 640 1810 ±
69.06

± 1610 551 546

904 ±
27.60

± 1318 1045 ±
22.34

± 1067 2284 2282

Table 2.10: Mean transition times and number of events extracted from numerical simulations using a confor-
mational spread model with a lattice size of 12 × 12 spins and coupling energy J = 0.5kB T .

External Field Bias 〈τup ×
ω〉

± std 〈τdown×
ω〉

± std Nup Ndown

H =−0.02 α≈ 0.85 56.05 ±
1.89

± 40.04 57.59 ±
1.97

± 41.06 450 434

H =−0.006 α≈ 0.66 58.07 ±
1.94

± 38.02 60.16 ±
2.11

± 41.10 385 380

H = 0 α≈ 0.53 59.27 ±
2.17

± 43.31 54.42 ±
1.87

± 37.14 398 394

H = 0.006 α≈ 0.40 58.84 ±
1.98

± 38.48 57.51 ±
2.14

± 41.90 378 382

H = 0.02 α≈ 0.22 60.04 ±
1.99

± 44.15 54.77 ±
1.60

± 36.41 492 516

58.46 ±
0.89

± 41.03 56.76 ±
0.86

± 39.43 2103 2106
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Table 2.11: Fit parameters of exponential fits to residence times extracted from cells expressing Tsr-I214K.
Exponential fit of the form αeβx.

Bias ∆tup ∆tdown

0.65 < α ≤ 1
α = 0.0083
β = -0.0088

α = 0.0460
β = -0.0329

0.55 < α ≤ 0.65
α = 0.0177
β = -0.0166

α = 0.0289
β = -0.0227

0.45 < α ≤ 0.55
α = 0.0249
β = -0.0221

α = 0.0216
β = -0.0185

0.35 < α ≤ 0.45
α = 0.0310
β = -0.0273

α = 0.0139
β = -0.0122

0 ≤ α ≤ 0.35
α = 0.0423
β = -0.0318

α = 0.0073
β = -0.0065

Table 2.12: Fit parameters of exponential fits to residence times extracted from cells expressing Tar [QEEE].
Exponential fit of the form αeβx.

Bias ∆tup ∆tdown

0.65 < α ≤ 1
α = 0.0154
β = -0.0150

α = 0.0862
β = -0.0504

0.55 < α ≤ 0.65
α = 0.0231
β = -0.0199

α = 0.0480
β = -0.0342

0.45 < α ≤ 0.55
α = 0.0360
β = -0.0284

α = 0.0317
β = -0.0243

0.35 < α ≤ 0.45
α = 0.0556
β = -0.0403

α = 0.0227
β = -0.0194

0 ≤ α ≤ 0.35
α = 0.0746
β = -0.0473

α = 0.0143
β = -0.0142

Table 2.13: Fit parameters of exponential fits to residence times extracted from numerical simulations using
a conformational spread model with a lattice size of 20 × 20 spins and coupling energy of J = 0.475 kB T .
Exponential fit of the form αeβx.

Bias ∆tup ∆tdown

H = -0.006
α = 0.2280
β = -0.2339

α = 3.3210
β = -1.5900

H = -0.002
α = 0.5589
β = -0.4987

α = 1.4930
β = -1.0050

H = 0
α = 0.7966
β = -0.6830

α = 1.3090
β = -0.9488

H = 0.002
α = 0.8822
β = -0.6558

α = 0.6276
β = -0.5173

H = 0.006
α = 1.0670
β = -0.9160

α = 0.1771
β = -0.0278
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Table 2.14: Fit parameters of exponential fits to residence times extracted from numerical simulations using a
conformational spread model with a lattice size of 12 × 12 spins and coupling energy of J = 0.5 kB T . Exponential
fit of the form αeβx.

Bias ∆tup ∆tdown

H = -0.02
α = 0.5876
β = -0.5844

α = 3.3820
β = -3.4340

H = -0.006
α = 1.4200
β = -1.2040

α = 2.4260
β = -2.3460

H = 0
α = 2.1750
β = -1.6820

α = 2.0490
β = -1.7660

H = 0.006
α = 3.3800
β = -2.3630

α = 1.0920
β = -1.0250

H = 0.02
α = 4.1970
β = -3.2720

α = 0.8545
β = -0.8116

Table 2.15: Parameters that describe the scaling of the timescale ratio with lattice size and critical energy
(Eq. 2.20). Each parameter is determined individually from the scaling behavior of residence and transition
times (Fig. 2.13). For the scaling relation of the phase diagram (Fig. 2.12), the finite scaling relation was fitted to
the iso lines corresponding to Tar, where each fit parameter was allowed to vary according to the fit uncertainty
of the individual fits.

Parameter From fitting (Fig. 2.13) Used in iso-line fit (Fig. 2.12) Literature
z 2.2 2.1 2.2 ± 0.1 [81]
b 1.725 ± 0.032 1.75
c1 0.294 ± 0.366

c2 = c0 1.608 ± 0.466 1.18
ct = ec1 1.4 ± 0.5

cτ 1 (assumed, not fit)
cR = ct /cτ 1.03± 0.23 0.8
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3
GROWTH-DEPENDENT SENSORY

BET-HEDGING ENHANCES

NAVIGATION

Isogenic populations of bacterial cells exhibit substantial cell-to-cell variation in sensory perception
and motile behavior. However, the origins of this diversity and its governing mechanisms remain
unclear. Here, we quantify the distribution of sensory and behavioral phenotypes, as well as the
abundance of key proteins in the Escherichia coli chemotaxis network during growth in various
environments. Combining mathematical modeling with single-cell experiments, we pinpoint the
origin of sensory diversity to just one cellular random variable: the expression-level ratio of the two
major chemoreceptors Tar and Tsr. Calibrated by expression noise measurements of these two proteins,
an MWC-type allosteric model accurately predicts chemosensory diversity in every tested environment.
At the behavior level, we demonstrate experimentally how diversity in sensing phenotypes benefits
navigation in uncertain environments by enhancing readiness to multiple sensory cues. We identify
growth rate as a key environment-dependent physiological variable associated with gene expression
changes governing not only the mean but also the variance of sensory phenotypes. By contrast,
diversity in tumble bias, a key behavior-level phenotype, remained constant across environments.
These results reveal a bet-hedging strategy specific to the sensory module of bacterial chemotaxis:
attenuated diversity in sensing nutrients currently being consumed enables focused exploitation,
while increased sensory diversity towards those not presently utilized enhances exploration for new
growth opportunities.
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3.1 INTRODUCTION
The survival of an organism depends upon its capacity to adeptly perceive and respond to envi-
ronmental cues, particularly those associated with vital resources such as nutrients. Sensing and
responding rapidly to environmental cues is particularly important in organisms like bacteria,
which inhabit diverse ecosystems characterized by rapid and unpredictable changes, such as the
mammalian gut [28]. When bacteria are confronted with the exhaustion of a particular nutrient
source, they must promptly detect and exploit alternative sources of nutrients to ensure their
survival. A strategy to cope with such unpredictability is to establish a population of bacteria with
diverse sensing phenotypes. This diversification, often termed "bet-hedging," allows bacterial
populations to respond to a range of sensory cues by maintaining subpopulations not adapted to
the present environment but prepared for potential future environments [25] [144] [145] [146] [147]
[148].

Previous work established that the enteric bacterium Escherichia coli can rapidly modify how it
hedges its sensory bets without changes in gene expression, through a diversity-tuning mechanism
based on covalent modification of allosterically interacting chemoreceptors [29, 30]. However,
that posttranslational mechanism works by effectively filtering the underlying diversity in pro-
tein counts, which can itself vary on a slower timescale due to stochastic gene expression. Here,
we demonstrate that E. coli populations do indeed modulate stochasticc gene expression in an
environment-dependent manner to implement a bet hedging strategy that modulates diversity in
their sensing phenotypes while keeping diversity in their motility phenotypes unchanged.

Escherichia coli achieves motility through a run-and-tumble random walk [11]. To bias this
random walk towards attractant and away from repellent, E. coli makes use of its chemotaxis
pathway, one of the best characterized models of biological signaling. E. coli cells detect chemical
and physical signals through arrays of transmembrane receptors composed of five different types
of chemoreceptors. The two primary receptors, Tar (which mainly senses the amino acid aspartate)
and Tsr (which mainly senses the amino acid serine), make up 90% of the total chemoreceptor
population when E. coli cells are grown in rich media. The other three chemoreceptors—Tap, Trg,
and Aer—are present at substantially lower copy numbers [149]. The receptors modulate the activity
of the kinase CheA, which phosphorylates the response regulator CheY, producing CheY-P. Binding
of attractant molecules to chemoreceptors reduces the activity of CheA, leading to a decrease in the
intracellular level of CheY-P due to the activity of the phosphatase CheZ. CheY-P interacts with the
flagellar motor, reducing the bacterium’s tendency to tumble. Consequently, attractant binding
increases the duration of the bacterium’s runs, biasing the random walk in the desired direction.

We characterized the diversity of E. coli’s sensory and motility phenotypes, as well as the expres-
sion of its two major chemoreceptors, Tar and Tsr, under various growth conditions. Specifically, by
combining the single-cell FRET microscopy method recently developed in our lab [150] with a mi-
crofluidic device that allows tracking hundreds of swimming trajectories simultaneously (Chapter
5) and fluorescent fusions of Tar and Tsr, we quantified sensory and behavioral diversity alongside
gene expression noise in isogenic bacteria under nutrient-rich and nutrient-poor environments.
Our findings reveal that changes in nutrient composition and cell density alter not only the average
sensory phenotype but also the degree of cell-to-cell variability in sensory responses. In contrast,
motility phenotypes —–specifically the tumble bias and run speed, which together define the
run-and-tumble random walk in the absence of a chemical gradient —– remain constant across all
tested environments.

By combining experiments and mathematical analysis of a multi-species allosteric (MWC)
model [151, 152], we demonstrate that the standing level of sensory diversity can be explained
by changes in just one cellular random variable goverend by stochastic gene expression: the
Tar/Tsr receptor protein ratio. By generating populations of cells with increased diversity in sensory
phenotypes, we show that a high level of standing diversity confers a discernible advantage for
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chemotactic navigation under behavioral contexts where populations are challenged with different
chemoattractants as environmental sensory cues. This advantage arises from the rapid filtering
for the best-performing phenotypes by the collectively migrating chemotactic population wave,
and occurs independently of gene expression changes —– a novel population-level adaptation
mechanism we recently predicted and verified experimentally (Chapter 5) [153].

Finally, by utilizing custom microfluidic chemostats amenable to single-cell fluorescence
microscopy (variants of the "mother machine" [154]), we found that the chemical composition
of the growth environment, rather than growth duration, dictates the distribution of the Tar/Tsr
ratio through a growth rate-dependent gene expression mechanism. This gene-expression-based
diversity adaptation mechanism operates on a timescale of hours, acting in parallel with the faster,
non-genetic collective migration adaptation mechanism that occurs within minutes, and the
posttranslational diversity tuning mechanism which operates on the sensory adaptation timescale
of ∼ 10 seconds.

3.2 RESULTS

3.2.1 SINGLE-CELL FRET REVEALS SUBSTANTIAL DIVERSITY IN LIGAND

SENSITIVITY ACROSS AN ISOGENIC POPULATION OF CELLS
To probe the degree of cell-to-cell variation in ligand sensing within a genetically identical popula-
tion, we performed dose-response measurements by stimulating adaptation-deficient (CheRB-)
E. coli cells with pulses of the attract amino acid L-serine that binds the major chemoreceptor Tsr,
while monitoring the output of the signaling pathway in single cells using an in vivo CheYZ FRET
sensor [150] for the activity of the kinase CheA (Figure 3.1a). E. coli has a sensory adaptation system
consisting of the enzymes CheR and CheB that modulate the sensitivity of the chemoreceptors via
covalent modifications that maintain the kinase output of the pathway to a constant steady-state
level. To decouple diversity in ligand sensitivity from diversity in receptor modification induced
by the two adaptation enzymes, we deleted the genes encoding CheR and CheB. We performed
dose-response measurements (see methods) with cells grown as batch culture in nutrient-rich (TB)
medium containing all 20 amino acids until mid-exponential phase, corresponding to an optical
density (OD) of 0.45. The resulting dose-response data were fitted with a sigmoidal Hill function
of the form 1

1+
(

[L]
K1/2

)H , where 1
K1/2

, represents ligand sensitivity and H the cooperativity between

receptors. This analysis revealed that single-cell dose-response curves can differ substantially from
the population-average curve (Figure 3.1b). Extracting the K1/2 parameter from these single-cell
curves, which corresponds to the ligand concentration necessary to reduce the kinase activity by
50%, revealed a substantial degree of diversity, with the K1/2 values of individual cells spanning ap-
proximately an order of magnitude (Figure 3.1b), consistent with our previous findings [29, 30, 150]
.

3.2.2 SENSITIVITY DISTRIBUTIONS SHIFT AS A FUNCTION OF CELL DENSITY

IN RICH MEDIA, BUT NOT IN MINIMAL MEDIA
Considering that E. coli can be found in a variety of nutrient-diverse ecological niches, we wondered
how chemosensory diversity is influenced by the growth environment. We cultured isogenic
populations of cells in the same nutrient-rich batch culture and suspended growth by harvesting at
four different cell densities, ranging from OD = 0.30 to OD = 0.80, where cells experience different
nutrient concentrations [155]. Dose-response experiments using serine pulses revealed that the
distribution of the inverse ligand sensitivity, K1/2, shifts towards higher values with increasing
cell density (Figure 3.1c). Notably, the diversity in K1/2, measured as the coefficient of variation
(CV, defined as standard deviation divided by the mean), increases considerably with cell density,
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ranging from CV = 0.20 at OD = 0.30 to CV = 0.45 at OD = 0.80.
We then examined how diversity varies as a function of cell density in an environment devoid

of chemotactic cues. Cells were grown in minimal media without amino acids, using glycerol as a
carbon source, which does not elicit a chemotactic response [7]. Compared to cells grown in rich
media, these cells exhibited reduced sensitivity (higher K1/2) in their responses to serine (Figure
3.1d). Notably, in minimal media, the distribution of K1/2 remained independent of cell density, in
contrast to the density-dependent shifts observed in rich media. Furthermore, the coefficient of
variation of K1/2 remained very high (CV ∼ 0.50) across all cell densities in minimal media.

Finally, we wondered how the sensitivity towards the other major E. coli chemoattractant,
L-aspartate, which binds the chemoreceptor Tar, is modulated by the growth environment. We
performed experiments identical to those described above, substituting aspartate for serine. Inter-
estingly, in rich media, we observed the opposite trend compared to serine: cells exhibited higher
sensitivity towards aspartate (lower K1/2) at higher cell densities (Figure 3.1e). However, as with
serine, the distribution of aspartate K1/2 was independent of cell density in minimal media (Figure
3.1f). We found that the coefficient of variation of aspartate K1/2 was also notably high, ranging
from CV = 0.91 at OD = 0.30 to CV = 0.34 at OD = 0.80. In minimal media, the CV of aspartate K1/2
remained very high (CV ∼ 0.80) across all cell densities.

In summary, these results reveal an inverse scaling of serine and aspartate sensitivity with
cell density in rich media: as cell density increases, sensitivity to aspartate increases (lower K1/2),
whereas sensitivity to serine decreases (higher K1/2) (Figure 3.1g). In contrast, in minimal media,
the sensitivities to both attractants are typically lower than in rich media and remain invariant with
respect to cell density (Figure 3.1h).

3.2.3 TAR/TSR RATIO DISTRIBUTION SHIFT AS A FUNCTION OF CELL DEN-
SITY IN RICH MEDIA, BUT NOT IN MINIMAL MEDIA

Next, we sought to identify the source of this modulation of chemotactic diversity. Previous studies
have shown that stochastic gene expression can lead to significant variability in protein levels
among isogenic cells, with one study suggesting that proteins in E. coli have a baseline variation of
30% in their expression level [156]. Of the dozen or so protein species in the chemotaxis network
of E. coli, we focused our attention on two, the aspartate receptor Tar and the serine receptor
Tsr, since prior studies have demonstrated that the relative ratio of these receptors significantly
impact chemotactic behavior, influencing factors such as preference for methyl-aspartate or serine
[143] [157], the switch between cryophilic and thermophilic preference [158] [142], and the switch
between base-seeking and acid-seeking behavior [159].

To quantify cell-to-cell variability in the Tar/Tsr ratio, we engineered functional fluorescent
fusions of the tar and tsr genes at their native chromosomal loci, fusing tar to mCherry and tsr
to a monomeric form of YFP (Figure 3.2a) and quantified their single-cell expression levels by
fluorescence microscopy (see methods). Using the same parent strain of E. coli, MG1655, and
identical growth conditions as in our FRET experiments, we measured Tar/Tsr ratio diversity under
the same conditions in which we assessed chemotactic diversity. When grown in nutrient-rich
media to mid-exponential phase (OD = 0.45), cells exhibited substantial cell-to-cell variation in the
Tar/Tsr ratio (Figure 3.2b), with a CV of 0.35. This value is comparable to, though slightly lower than,
the Tar/Tsr ratio CV reported by a study that used flow cytometry measurements in a different E.
coli strain, RP437, which exhibited a CV of 0.45 at OD = 0.51 [158]. The Tar/Tsr ratio CV predicted
for the same RP437 strain using single-cell FRET data was 0.5 at OD = 0.45 [150]. These differences
are likely attributable to expression differences across E. coli strains, which are known to be often
substantial even among close relatatives [149].

Next, we assessed how the Tar/Tsr ratio evolves as a function of cell density. Using a plate
reader, we continuously monitored Tar and Tsr expression and the OD of the cell culture. Cells
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Figure 3.1: Single-cell FRET reveals extensive environment-dependent diversity in ligand sensitivity across an
isogenic bacterial population. (a) Schematic of the in vivo FRET assay. The kinase CheA phosphorylates the
response regulator CheY producing CheY-P in the absence of ligand binding to receptors. CheZ dephosphory-
lates CheY. The FRET signal between fluorescently labeled CheZ and CheY is proportional to the CheA activity.
(b) (Bottom) single-cell (gray) and population-averaged (blue) Hill function fits to L-serine dose-response data
obtained from a single experiment using adaptation-deficient cells grown to OD = 0.45 in rich media. (Top)
Histogram of the inverse of ligand sensitivity values, K1/2, extracted from the single-cell dose response curves
shown above. (c) Histograms of L-serine K1/2 values obtained from single-cell dose-response curves for cells
grown to different ODs in rich media. Each distribution represents data from a single experiment. Shaded areas
indicate 95% confidence intervals obtained via bootstrap resampling of the data. (d)Same as (c), but for cells
grown in minimal media (e) Histograms of L-aspartate K1/2 values obtained from single-cell dose-response
curves for cells grown to different ODs in rich media. Each distribution represents data from a single experiment.
Shaded areas indicate 95% confidence intervals obtained via bootstrap resampling. Figure legend and color
scheme are consistent with panel (c). (f ) As in (e), but for cells grown in minimal media. Figure legend and color
scheme are consistent with panel (d). (g) Scaling of mean L-serine and L-aspartate K1/2 as a function of OD for
cells grown in rich media. Shaded areas indicate 95% confidence intervals obtained via bootstrap resampling.
(h) Same as (g), but for cells grown in minimal media.
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initially exhibited a low Tar/Tsr ratio, which increased as cell density rose, consistent with previous
findings (Figure 3.2c) [143] [158] [160]. Notably, single-cell fluorescence microscopy revealed that
the CV of the Tar/Tsr ratio decreased with increasing cell density, ranging from a CV of 0.43 at
OD = 0.30 to a CV of 0.23 at OD = 0.80 (Figure 3.2d), consistent with modeling predictions of
a previous study [150]. This trend mirrors that of the aspartate K1/2, whose CV decreases with
increasing cell density, and contrasts with the trends observed for serine K1/2, whose CV increases
with cell density. The increase in the Tar/Tsr ratio at higher optical densities was primarily driven by
increased Tar expression, while Tsr levels only increased marginally (Figure 3.3). We also observed
a strong correlation between Tar and Tsr expression at all optical densities (Figure 3.2b, inset and
Figure 3.4), which is expected since the genes encoding these receptors—though located in separate
operons—are regulated by a common transcriptional regulator, FliA, along with all other chemotaxis
genes [158] [161]. Their expression is also likely influenced by global cellular factors that affect the
expression of the whole proteome, such as ribosome and polymerase availability [21] [162].

To further investigate how the receptor ratio evolves in different environments, we repeated
our plate reader assay in minimal media. In minimal media, the Tar/Tsr ratio remained mostly
constant as the cell density increased (Figure 3.2e) and the distribution of Tar/Tsr ratios was identical
across all sampled optical densities (Figure 3.2f). This observation aligns with the invariant K1/2
distributions observed as a function of OD in minimal media (Figures 3.1d and 3.1f). The average
Tar/Tsr ratio in minimal media was skewed towards higher Tar levels (Tar/Tsr ∼ 3.3; figure 3.2e),
similar to the Tar/Tsr ratio measured at high optical densities in rich media (Tar/Tsr = 3.25 at OD ∼
1.6; figure 3.2c). Additionally, the CV of the Tar/Tsr ratio was lower in minimal media compared to
rich media, with a CV of approximately 0.31, across all optical densities. For both rich and minimal
media, the standard deviation in Tar and Tsr protein copy numbers increased with increasing
mean copy numbers, a result consistent with a previous study that looked at the expression of 1018
proteins in E. coli using YFP fusions [156].

Our findings suggest that the shift toward a higher Tar fraction at elevated optical densities in
rich media (Figure 3.2c) is the primary driver of increased aspartate sensitivity under these condi-
tions (Figure 3.1g). Although the total Tsr expression increased only marginally, the sharp decrease
in serine sensitivity at higher cell densities (Figure 3.1g) is likely a consequence of chemoreceptor
cluster organization. Tar and Tsr are known to form mixed clusters within the cell membrane [163];
thus, as Tar expression rises with cell density, newly synthesized Tar receptors dilute pre-existing
clusters composed primarily of Tsr molecules. This dilution effect reduces overall serine sensitivity
despite the marginal increase in Tsr expression levels.

3.2.4 DIVERSITY IN THE TAR/TSR RATIO IS SUFFICIENT TO QUANTITATIVELY

PREDICT CHEMOSENSORY DIVERSITY
To quantitatively compare the measured diversity of K1/2 to the measured diversity in the Tar/Tsr
ratio, we turned to theoretical modeling. We employed a mixed-species Monod-Wyman-Changeux
(MWC) model [151], which has been successful in fitting a number of in vivo E. coli chemotaxis
single-cell FRET data [29] [30] [150] [152]. Using this model, we generated a serine dose-response
curve for each cell, using as input their measured Tar/Tsr ratio. Then, we extracted the single-cell
K1/2 from each dose-response curve using the same hill function we used to fit experimental data.
When comparing the CV of K1/2 obtained from our FRET data to the CV of K1/2 predicted through
the MWC model from our receptor ratio data, we found excellent quantitative agreement across all
experimental conditions (Figure 3.5a). This result alone indicates that a significant portion, if not
all, of the observed sensory diversity in the chemotaxis system of E. coli can be attributed to the
stochastic gene expression of its major chemoreceptors, Tar and Tsr.

To further establish direct causality between receptor expression diversity and K1/2 diversity,
we generated a population of cells with artificially high levels of receptor ratio variability. To achieve



3.2 RESULTS

3

55

ba

rich media

minimal media

0 2 4 6
Tar-mCherry/Tsr-mYFP

0

0.2

0.4

0.6

pd
f

c d

0 0.5 1 1.5 2
Tar-mCherry/Tsr-mYFP

0

1

2

3

pd
f

TsrTar

mCherry mYFP

aspartate serine

periplasm
cytoplasm

OD = 0.30
OD = 0.45
OD = 0.60
OD = 0.80

e f

0 0.5 1 1.5 2
Tar-mCherry/Tsr-mYFP

0

1

2

3

pd
f

0 2 4 6
Tar-mCherry/Tsr-mYFP

0

1

2

3

pd
f

0 2 4 6
Tar-mCherry/Tsr-mYFP

0

1

2

3

pd
f

OD = 0.20
OD = 0.30
OD = 0.45

0 50 100 150
0

50

100

150

Tsr-mYFP/cell area (μm-2)Ta
r-m

C
he

rry
/c

el
l a

re
a

 (μ
m

-2
)

0

2

4

6

0 0.2 0.4 0.6 0.8 1
OD

Ta
r-m

C
he

rry
/T

sr
-m

YF
P

0 0.5 1 1.5 2
OD

0

2

4

6

Ta
r-m

C
he

rry
/T

sr
-m

YF
P

Figure 3.2: Fluorescent fusions of major chemoreceptors reveal extensive environment-dependent diversity
in chemoreceptor composition across an isogenic bacterial population. (a) Schematic of the receptor protein
quantification assay. The chemoreceptor Tar, which binds the amino acid L-aspartate, is fused at its native
chromosomal locus to the fluorophore mCherry. The chemoreceptor Tsr, which binds the amino acid L-serine, is
fused at its native chromosomal locus to the fluorophore mYFP. (b) Histogram of the Tar/Tsr chemoreceptor ratio
measured with fluorescence microscopy for cells grown to OD = 0.45 in rich media, growth conditions identical
to those used in figure 3.1b. The solid line represents the mean of four independent biological replicates, while
shaded areas indicate the standard error of the mean across replicates. Inset: Correlation between Tar-mCherry
and Tsr-mYFP expression levels. Each point represents a single cell, derived from four independent biological
replicates. Tar and Tsr expression levels are strongly correlated (R2 = 0.70). (c) Relationship between the
Tar/Tsr chemoreceptor ratio and OD for cells grown in rich media. Gray hollow points represent the mean of 40
technical replicates measured using a plate reader. Colored points represent the mean Tar/Tsr ratio measured
via fluorescence microscopy from four independent biological replicates for each OD. (d) Histograms of the
Tar/Tsr chemoreceptor ratio measured via fluorescence microscopy for cells grown to different ODs in rich
media. Solid lines represent the mean of four independent biological replicates, while shaded areas indicate
the standard error of the mean across replicates. The color scheme is consistent with panel c. Inset: magnified
version of the same plot. (e) Same as panel c, but for cells grown in minimal media. Colored points represent
the mean Tar/Tsr ratio from three independent biological replicates for each OD. (f ) Same as panel d, but for
cells grown in minimal media. Solid lines represent the mean of three independent biological replicates, while
shaded areas indicate the standard error of the mean across replicates. Inset: magnified version of the same
plot.
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Figure 3.3: Tar and Tsr chemoreceptor expression under different growth conditions. (a) Histograms of Tar-
mCherry expression measured with fluorescence microscopy for cells grown to different optical densities (ODs)
in rich media. Solid lines represent the mean of four independent biological replicates, with shaded areas
indicating the standard error of the mean. The Figure legend and color scheme match panel b. (b) Same as
panel a, but for Tsr-mYFP. (c) Histograms of Tar-mCherry expression for cells grown to different ODs in minimal
media. Solid lines represent the mean of three independent biological replicates, with shaded areas indicating
the standard error of the mean. The Figure legend and color scheme match panel d. Inset: magnified version of
the plot. (d) Same as panel c, but for Tsr-mYFP.
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Figure 3.4: Tar and Tsr chemoreceptor expression is corelated under all growth conditions. (a) Correlation
between Tar-mCherry and Tsr-mYFP expression for cells grown to different optical densities (ODs) in rich media,
measured using fluorescence microscopy. Each point represents a single cell, derived from four independent
biological replicates. (b) Similar to panel a, but for cells grown in minimal media, with points obtained from
three independent biological replicates. (c) Scaling of the mean and standard deviation of protein copy numbers
(in arbitrary units) for Tar and Tsr across all conditions.
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that, we cloned the same Tar-mCherry fusion we engineered on the chromosome of E. coli into an
inducible vector under the control of a leaky Lac promoter. By transforming the receptor-labeled
strain with this vector and tuning its induction level in conjunction with tuning the harvesting OD
of the strain (which affects receptor ratio variability in rich media; Figure 3.2d), we were able to
generate a population of cells with approximately the same mean Tar/Tsr ratio as wild-type cells
harvested at OD = 0.80 in rich media, but with an approximately two-fold greater Tar/Tsr ratio CV
(Figure 3.5b). We then transformed a strain amenable to FRET experiments with a vector carrying
the wild-type Tar receptor under the control of the same leaky Lac promoter. This generated a
population of cells with approximately the same mean K1/2 as wild-type cells harvested at OD =
0.80 in rich media, but with an approximately three-fold higher K1/2 CV (Figure 3.5c). Importantly,
MWC modeling again revealed excellent quantitative agreement between measured K1/2 CV and
K1/2 CV predicted by the model calibrated by receptor-ratio measurements (Figure 3.5c, inset),
thus demonstrating direct causality between receptor expression diversity and diversity in ligand
sensitivity.
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Figure 3.5: Prediction of chemosensory diversity from Tar/Tsr ratio diversity, and establishing causality. (a)
(Top) Black points represent the measured coefficient of variation (CV) of the inverse of ligand sensitivity, K1/2,
as a function of OD in rich media, obtained from the single-cell dose-response experiments in Figure 3.1c. Blue
points represent the predicted CV of K1/2 as a function of OD in rich media, derived through the mixed-species
MWC model using single-cell receptor ratio data from Figure 3.2d as an input. Shaded areas indicate 95%
confidence intervals obtained through bootstrap resampling. (Bottom) Same as the top panel, but for cells
grown in minimal media. The CV was either measured from the single-cell dose-response experiments in
Figure 3.1d (black points) or predicted from the mixed-species MWC model using single-cell receptor ratio
data from Figure 3.2f as input (blue points). (b) Histograms of the Tar/Tsr chemoreceptor ratio measured via
fluorescence microscopy for wild-type cells (WT population; replotted OD = 0.80 data from Figure 3.2d) and
for a population with artificially increased Tar/Tsr ratio variability (high variability population). Solid lines
represent the histograms of all Tar/Tsr ratios from four independent biological replicates (WT population) or
a single experiment (high variability population). Shaded areas indicate 95% confidence intervals obtained
through bootstrap resampling. (c) Histograms of L-serine K1/2 values obtained from single-cell dose-response
curves for wild-type cells (WT population; replotted OD = 0.80 data from figure 3.1c) or cells with artificially
increased Tar/Tsr ratio variability (high variability population). Solid lines represent the histograms from a single
experiment, with shaded areas indicating 95% confidence intervals obtained through bootstrap resampling.
Inset: Measured CV of K1/2 for WT and high variability populations (solid-colored bars), along with predicted
CV of K1/2 obtained from the mixed-species MWC model using the receptor ratio distributions in Figure 3.5c
as input (dashed-colored bars). Error bars indicate 95% confidence intervals obtained through bootstrap
resampling. The means are statistically significant different, as determined by a two-sample t-test (p = 2.9x10-
12).



3.2 RESULTS

3

59

0
4
8

12

high variability population
a b

0.35

0.45

0.55

0.65

w
av

e 
ve

lo
ci

ty
 V

 (m
m

/m
in

)

high 
variability 

WT

serine

0.35

0.45

0.55

0.65

high 
variability 

WT

*

aspartatec

86420
position (mm)

*

WT population

d e  

Tar-mCherry/Tsr-mYFP

0

0.5

1

1.5

0 2 4 6

 

0 cm
4 cm

distance from
      center

Tar-mCherry/Tsr-mYFP
0 2 4 6

0

0.5

1

1.5

pd
f

[aspartate]

cell density

wave tracking

receptor 
quanti�cation

[serine]

cell density

motile cells with 
labelled receptors

motile cells with 
unlabelled receptors

non-motile cells with 
labelled receptors

0 cm
4 cm

distance from
      center

V

V

4 cm

1.2 m
m

0
4
8
12

tim
e 

(m
in

ut
es

)

8 mm

V

f

Figure 3.6: Sensory diversity enhances the chemotactic migration of isogenic populations across environments
through phenotypic filtering (a) Schematic of the bacterial speed competition assay. Cells introduced at the
entrance of a microfluidic channel form a band that migrates through a self-generated gradient of L-aspartate,
established by bacterial consumption. (b) Segmented images of bacterial bands formed by a high variability
population (top) and a wild-type (WT) population (bottom). Images are from two separate experiments, aligned
at time t = 0 for comparison. Refer to Figures 3.5b and 3.5c for the Tar/Tsr ratio and K1/2 distributions of these
two populations, respectively. (c) Wave velocities of cells migrating up a 100µM L-aspartate gradient (left)
or a 100µM L-serine gradient (right). Hollow points represent independent biological replicates, while solid
points indicate the mean values across all replicates. Error bars represent standard error of the mean. Means
are statistically significant different, as determined by a two-sample t-test with p = 0.0159 for aspartate waves
and p = 0.0385 for the serine waves. (d) Schematic of the swim plate assay. Cells on rich media swim plates
form a high-density band that migrates up a self-generated L-serine gradient. (e) ) Histograms of the Tar/Tsr
chemoreceptor ratio, measured via fluorescence microscopy for motile cells collected from the edge (blue) or
center (green) of the expanding colony. (f ) Same as panel e, but for non-motile cells acting as a biosensor for
gene expression collected at the edge (blue) or center (green) of the colony. A motile but unlabeled strain was
used to establish the chemical gradient experienced by the biosensor cells. Solid lines represent the histograms
of all Tar/Tsr ratios from a single experiment. Shaded areas indicate 95% confidence intervals obtained through
bootstrap resampling.
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3.2.5 CHEMOSENSORY DIVERSITY BOOSTS COLLECTIVE NAVIGATION IN CO-
NTRASTING ENVIRONMENTS VIA PHENOTYPIC FILTERING

Does increased chemotactic diversity confer a behavioral advantage? To address this question, we
devised a bacterial wave speed competition experiment. To this end, we utilized motile versions of
the wild-type and high-variability populations described in Figure 3.5, each expressing cytosolic YFP
to facilitate wave tracking. To decouple sensing from growth, we suspended the cells in a medium
that arrests growth, effectively keeping their receptor ratio constant throughout the experiment
(see methods). We introduced the two populations in separate microfluidic swim channels [164]
filled with either 100 µm L-aspartate or 100 µm L-serine (Figure 3.6a). The cells rapidly formed
chemotactic waves by creating a gradient of ligand through consumption and directed movement
(Figure 3.6b) [164] [165] [166]. Comparison of the wave velocities of wild-type and high-variability
populations revealed a substantial advantage of the high-variability population in both aspartate
and serine gradients (Figures 3.6c and 3.15). This advantage was not due to differences in individual
motility traits, as both populations exhibited identical tumble bias and run speed distributions
(Figure 3.16). These findings demonstrate a clear evolutionary advantage of increased sensory
diversity, potentially enabling more diverse populations to colonize new territories faster, thus
improving their overall chance of survival in different environments.

To explore the exact mechanism by which high-variability populations climb a ligand gradient
faster, we employed the classical chemotaxis assay on soft agar swim plates [167] using motile cells
with labeled Tar and Tsr receptors (Figure 3.6d). On a soft agar swim plate containing nutrient-rich
media, E. coli cells form a colony with multiple bands of high cell density, the first of which consumes
serine [167]. We collected cells from the serine-consuming band and measured their receptor ratios
using fluorescence microscopy. At the same time, we measured the receptor ratios of cells in the
center of the colony, near the inoculation point. We observed a striking difference between these
two populations: cells from the serine-consuming band had a receptor ratio biased towards higher
Tsr and lower Tar, compared to those from the center of the colony (Figure 3.6e), demonstrating the
existence of a receptor ratio sorting mechanism. This finding aligns with our previous theoretical
prediction of such sorting mechanism [153] and its experimental demonstration on Tsr selection
on swim plates containing a single amino acid (Chapter 5).

This sorting mechanism is non-genetic, as demonstrated in an experiment using a non-motile
strain with labeled Tar and Tsr receptors acting as a biosensor for gene expression. We spread the
biosensor strain uniformly across the agar matrix and used its unlabeled wild-type parent strain to
establish chemoattractant gradients on the plate. By measuring the receptor ratio of the non-motile
strain, we confirmed that there are no changes in the expression of the Tar and Tsr receptors at the
center and edge of the colony (Figure 3.6e), consistent with our previous findings for Tsr expression
(Chapter 5).

During collective migration, this non-genetic sorting mechanism likely enriches the migrating
band with cells best suited for climbing attractant gradients: cells with a low Tar/Tsr ratio are
selected for in serine gradients, while cells with a high Tar/Tsr ratio are selected for in aspartate.
gradients. The high-variability population contains cells with both higher and lower Tar/Tsr ratios
than the wild-type population. As a result, the sorting mechanism can adapt the phenotypic
composition of the migrating band further in the case of the high-variability population, resulting
in better chemotactic performance. Since the sorting mechanism is non-genetic, it enables rapid
phenotypic filtering even is the absence of growth, as it is the case in our bacterial wave speed
competition experiment.
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3.2.6 GROWTH ENVIRONMENT, AND NOT GROWTH TIME, DICTATES THE

TAR/TSR RATIO DISTRIBUTION
We then sought to understand the cause of the observed shift in the Tar/Tsr ratio as a function of
cell density in rich media. To test whether the total growth time determines the receptor ratio, we
diluted a saturated bacterial culture into fresh rich media at three different final concentrations
(Figure 3.7a). We then harvested all cultures at the same optical density (OD = 0.45). As expected,
increasing the dilution factor by two-fold extended the total growth time by one division cycle
(Figure 3.7b, inset). However, the resulting receptor ratio distributions were identical across all
conditions (Figure 3.7b), demonstrating that growth time has no effect on receptor expression.
This result is consistent with a previous study that determined the mean receptor ratio at different
growth times using quantitative immunoblotting [143].

To explore whether the chemical environment determines the Tar/Tsr ratio instead, we em-
ployed a custom microfluidic chemostat amenable to single-cell microscopy (a “mother machine”
[154], see methods). Within the microfluidic chemostat, the growth medium is constantly replen-
ished, and excess cells are washed away, maintaining a constant environment and steady-state
growth conditions. We grew cells in rich media to the two extremes of the cell densities examined
earlier (OD = 0.30 and OD = 0.80) and measured their receptor ratios. In parallel, we collected the
supernatant from both cultures. We then exposed cells growing inside the microfluidic chemostat
to the collected supernatant and, after a few hours of growth in each supernatant, we determined
their receptor ratios (Figure 3.7c). Strikingly, we found excellent quantitative agreement between
the receptor ratio distributions of the harvested cells and those of cells growing at steady state in
the corresponding supernatant (Figure 3.7d). We also found that growth rate decreases at higher
ODs (Figure 3.7d, inset)

Taken together, these results demonstrate that the receptor ratio of E. coli does not follow a pre-
determined developmental trajectory, nor does it employ a timer-based mechanism that resets upon
entry into a new environment. Instead, cells sense changes in their environment and dynamically
adjust their receptor ratio—and, by extension, their chemotactic behavior—accordingly.

3.2.7 REGULATION OF CHEMORECEPTOR EXPRESSION AS A FUNCTION OF

GROWTH RATE
Next, we investigated the molecular mechanism underlying the environment-dependent regulation
of the Tar/Tsr ratio. As we showed earlier, the growth rate of cells at early ODs is substantially
faster than cells at high ODs (Figure 3.7d, inset). Therefore, we wondered whether the Tar/Tsr
ratio regulation is mediated by growth rate. Indeed, in rich media, growth rate decreases as a
function of cell density, slowing as the culture approaches saturation (Figure 3.8a, inset). In minimal
media, however, growth rate remains approximately constant during exponential phase but can be
modulated by supplementing the medium with different carbon sources. To examine how growth
rate influences receptor expression, we measured protein expression from the tar promoter at
different growth rates in rich and minimal media using plate reader assays (see methods). We found
a steep decrease in tar expression as the growth rate increased across all environments (Figure 3.8a),
consistent with previous studies [168]. Interestingly, expression from the tsr promoter remained
constant regardless of growth rate (Figure 3.8a).

Subsequently, we estimated the mean intracellular concentrations of Tar and Tsr by normalizing
bulk expression levels (Figure 3.8a) to cell volume at different growth rates (Figure 3.8b, inset). The
biomass density of E. coli is constant with respect to its growth rate [169], therefore the ratio of bulk
protein expression level to cell volume is an accurate proxy of intracellular protein concentration.
The inferred chemoreceptor concentrations closely matched those obtained via single-cell fluo-
rescence microscopy (Figures 3.3 and 3.8b). We observed a sharp decline in Tar concentration as
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growth rate increased across all environments, while Tsr concentration only decreased marginally.
Taken together, these results suggest that growth rate is the primary — if not sole — determinant

of the chemoreceptor ratio. Differences in nutrient availability across growth conditions (e.g.,
varying cell densities in rich media or different carbon sources in minimal media) modulate growth
rate, which in turn regulates chemoreceptor concentrations. This regulation ultimately translates
non-linearly into ligand sensitivities (Figure 3.8c and 3.10). The non-linear mapping between
receptor ratio and K1/2 when switching from rich to minimal media (Figure 3.9) likely arises from
differences in receptor cluster organization rather than cluster protein stoichiometry. Cryo-electron
tomography data have shown that cells grown in minimal media form tighter receptor clusters
compared to cells grown in rich media, despite the similar overall cluster sizes [170]. However, the
receptor-to-CheA and receptor-to-CheW stoichiometry is conserved across these two conditions
[149] [170], likely because the mocha operon (which includes cheW and cheA) and meche operon
(which includes tar) are both regulated by FliA [171].

3.2.8 LEVERAGING GENE-EXPRESSION NOISE AS A SENSORY BET-HEDGING

MECHANISM
We found that the degree of sensory diversity, characterized by the CV of K1/2, varies as a function
of growth rate (Figure 3.8d). Interestingly, the trends for aspartate and serine are opposite in cells
grown in rich media: at fast growth rates, cells exhibit lower chemotactic diversity toward serine
and higher diversity toward aspartate. This pattern reverses at slow growth rates, where diversity
is higher for serine and lower for aspartate. In contrast, in minimal media, diversity remains
consistently high for both serine and aspartate, regardless of growth rate. Previous studies have
shown that E. coli consumes serine at low cell densities (fast growth) and switches to aspartate at
higher cell densities (slow growth) when grown in rich media [172] [173] [174]. Our findings align
well with a bet-hedging strategy in which bacterial populations maximize their chances of detecting
the nutrient that is not currently being utilized, by enhancing sensory diversity, and focus their
attention, by reducing sensory diversity, towards the nutrient that is currently being consumed. In
line with this strategy, K1/2 reaches its lowest value (corresponding to the highest sensitivity) when
cells are actively consuming the corresponding ligand (Figure 3.1g). This anticipatory mechanism
primes cells to detect alternative nutrient sources once the current one is depleted. Consistent
with this idea, the inversion in sensory diversity occurs around OD = 0.50, which is the cell density
at which E. coli will start swimming away from serine and towards methyl-aspartate (the non-
metabolizable analogue of aspartate) [143]. Finally, in environments of greater uncertainty—such
as minimal media, where neither serine nor aspartate is present—cells maintain uniformly high
chemotactic diversity, ensuring readiness to detect both amino acids when they become available.

Next, we wondered whether there is a similar bet-hedging mechanism at the level of motile be-
havior. We quantified the two key parameters that define the random walk of bacteria in absence of
chemical gradients: tumble bias and run speed. These parameters have been shown to vary greatly
within isogenic populations of E. coli cells [175]. We tracked the swimming behavior of motile,
wild-type cells—the parent strain used for our FRET-based sensory diversity measurements— using
a microfluidic device that allows tracking hundreds of cells simultaneously via phase-contrast
microscopy (see Chapter 5). As expected, we found a high degree of diversity in run speed (CV ∼
0.25) and even greater diversity in tumble bias (CV ∼ 1). Surprisingly, however, neither the diversity
in run speed nor in tumble bias changed as a function of growth rate (Figure 3.8e). Similarly, only a
weak dependence was observed between their mean values and growth rate (Figure 3.10). The latter
observation is consistent with our recent findings in a different E. coli strain, RP437, where we mea-
sured mean tumble bias as a function of optical density (Chapter 5). However, it contradicts earlier
reports that described a non-monotonic relationship between mean run speed and optical density
[176], or a steady increase in mean run speed with optical density [177]. These discrepancies are
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likely due to the deferent strains used in those studies, specifically RP437 and HE206, respectively.
A possible explanation for the constancy of both the mean and the coefficient of variation in run

speeds across different growth rates lies in the primary determinants of run speed, flagellar number
and flagellar length [174]. These parameters appear to remain constant over the growth rate range
examined here [178], likely due to the stable expression of FliA (σ28), the sigma factor that regulates
the expression of flagellar filament and motor genes, irrespective of growth rate [178]. Tumble bias,
on the other hand, is controlled by the expression ratio of the chemotaxis proteins CheY, CheZ,
CheR, and CheB [179] [180] [171]. The genes encoding these four proteins are located on the same
operon as tar (the meche operon), producing a polycistronic mRNA molecule. This effectively
provides strong translational coupling between these four proteins and ensures that while the
absolute copy numbers of these proteins may vary with growth rate —– similar to how Tar copy
numbers change (Figure 3.8b)—– their relative ratios remain conserved [180] [171]. Furthermore,
since the sigma factor FliA also controls the expression of both the meche and tsr operons, this
explains the co-variation we observed between Tar and Tsr (Figure 3.2b, inset and Figure 3.3).
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Figure 3.8: Bacteria regulate their sensory diversity based on growth rate. (a) (Top) Expression level of tar
promoter reporter in cells growing in rich and minimal media. Circles represent expression level as a function
of growth rate in rich media at different optical densities. Squares represent expression levels in minimal media
with different carbon sources. Expression level is defined as the mean fluorescence between two time points
during growth (t1 and t2), normalized by the mean biomass at the same time points. Carbon sources used to
supplement minimal media are indicated: Gro: 0.5% v/v glycerol, Pyr: 20 mM pyruvate, Fru: 20 mM fructose,
Suc: 15 mM succinate, Lac: 20 mM lactose, Ara: 20 mM arabinose, Mal: 20 mM Maltose, and Glc: 0.4% v/v
glycose. For all minimal media experiments, expression levels were extracted between OD 0.2 and 0.8, during
which growth rate remained approximately constant. Inset: growth rate as a function of OD. Points represent
growth rates extracted at the same culture phases as expression levels. (Bottom) Same as top panel, but for the
tsr promoter reporter. Points represent the means of 8 technical replicates for each carbon source in minimal
media or 40 technical replicates for each OD in rich media. Solid lines are fits to the data. Growth rate, OD, and
batch fluorescence levels were assessed in the same batch cultures using a plate reader. (b) (Top) Concentration
of Tar proteins as a function of growth rate. Protein concentration in batch cultures (hollow points) is defined as
the mean fluorescence divided by the mean biomass and normalized by cell volume. Protein concentration is
also measured at the single-cell level via fluorescence microscopy (filled points). Filled points represent the
means of the Tar concentration distributions shown in Figure 3.3, and filled squares indicate Tar concentrations
in minimal media supplemented with 0.5% v/v glycerol as a carbon source for three different ODs. (Inset) Cell
volume as a function of growth rate in rich media. The cell volume scaling deviating from an exponential fit
below a growth rate of ∼ 0.7 h−1 is consistent with previous observations in E. coli MG1655 [181]. (Bottom)
Same as the top panel, but for Tsr concentration. Filled points represent the means of the Tsr concentration
distributions shown in Figure 3.3. Hollow points are the means of 8 technical replicates for each carbon source in
minimal media or 40 technical replicates for each OD in rich media. Solid lines are fits to the data. Growth rate,
OD, and batch fluorescence levels were assessed in the same batch cultures using a plate reader. Cell volume was
derived from cell area measurements using phase-contrast microscopy for cells harvested at different ODs. (c)
Scaling of mean L-serine (black) and L-aspartate (blue) K1/2 as a function of growth rate for cells grown in rich
and minimal media. Shaded areas indicate 95% confidence intervals of the mean K1/2 obtained via bootstrap
resampling. (d) Coefficient of variation (CV) of L-serine (black) and L-aspartate (blue) K1/2 as a function of
growth rate. Error bars indicate 95% confidence intervals of the CV obtained via bootstrap resampling. (e) CV of
tumble bias (green) and run speed (brown) as a function of growth rate. Error bars indicate 95% confidence
intervals of the CV obtained via bootstrap resampling and are typically on the order of the data point size.
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Figure 3.10: Mean tumble bias and run speed as a function of growth rate and OD. (a) Mean tumble bias and run
speed of WT MG1655 as a function of growth rate for cells grown in rich media. Data from a single experiment.
Lines are linear fits to the data. (b) Same data as panel (a) but plotted against the optical density of the culture.
(c) Mean tumble bias and run speed of WT MG1655 as a function of growth rate for cells grown in minimal
media. Data from a single experiment. (d) Same data as panel (c) but plotted against the optical density of the
culture. Lines are linear fits to the data.
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3.3 DISCUSSION
Half a century ago, Spudich and Koshland first demonstrated that isogenic E. coli populations
exhibit substantial behavioral diversity [182]. Here, we systematically characterize this diversity in
both sensory perception, measured as variation in sensitivity to serine and aspartate, and motility,
quantified by differences in the run-and-tumble random walk. We establish a direct quantitative link
between sensory diversity and its origin: stochastic fluctuations in the ratio of the chemoreceptors
Tar and Tsr due to gene expression noise. Furthermore, we demonstrate that diversity in ligand
sensitivity and its primary determinant, Tar/Tsr expression ratio diversity, depend on the growth
environment, whereas diversity in motile behavior remains constant across environments. The
environment-dependent modulation of sensory diversity appears to stem from the dependence of
tar and tsr promoter activities on growth rate. Consequently, cells modulate both their mean ligand
sensitivity and sensory diversity as an inherent outcome of their growth rate, without requiring
dedicated regulatory pathways that couple sensing to gene expression. This regulation is only
possible because tar and tsr are located on separate operons — if tsr were co-transcribed with tar,
as are the cheRBYZ chemotaxis genes, such growth rate-dependent tuning would not be feasible.

Can E. coli exploit this intrinsic diversity? Many biological networks actively suppress variability,
including the chemotaxis adaptation module [150]. However, we demonstrate that E. coli lever-
ages—rather than suppresses—diversity in chemoreceptor expression, and by extension, diversity
in its sensitivity to attractants, to enhance navigation. The hypothesis that E. coli exploits sensory
diversity to enhance chemotactic navigation was previously tested in agent-based simulations
[30], but experimental verification was lacking until now. Furthermore, previous experiments in a
microfluidic maze containing attractant demonstrated that E. coli exhibits a high degree of sensory
performance diversity, but lacked a mechanistic explanation of the origins of this diversity [31].

Here, we showed experimentally that in a chemoattractant gradient, the bacterial wave rapidly
selects for the best-performing phenotypes — cells with the optimal Tar/Tsr ratio for the chemoat-
tractant being pursued — leading to faster migration. Moreover, we demonstrated that this
non-genetic diversity adaptation operates alongside a slower, growth rate-mediated tuning of
the chemoreceptor ratio, enabling cells to increase sensory diversity (but not diversity in their ran-
dom walk in the absence of a chemical gradient) toward the nutrient they are likely to consume next.
This bet-hedging strategy ensures that in rapidly fluctuating environments, such as the mammalian
gut, a subset of the population is always pre-adapted, priming it to detect and exploit emerging
nutrient sources as they become available.

3.4 METHODS

3.4.1 STRAINS AND PLASMIDS
E. coli strain MG1655 ∆FliC::FLP, a generous gift from Victor Sourjik, was used as a background
for all FRET and receptor quantification experiments. For FRET experiments, we conducted an
in-frame deletion of the CheRBYZ genes. Subsequently, the gene expressing a glass-adhesive
mutant of FliC [150] was cloned at the native FliC locus using homologous recombination, resulting
in strain TSS2191. The FRET acceptor-donor pair, consisting of CheY-mRFP1 and CheZ-mYFP
(A206K variant), was expressed in tandem from a pTrc99A plasmid under IPTG induction (pSJAB106,
[150]). To determine the optimal levels of IPTG induction, we compared the motility of strain
TSS2114/pSJAB106 to that of that of WT strain TSS2096 carrying an empty FRET plasmid (pTrc99A)
on soft agar swim plates (Figure 3.11).

For receptor quantification experiments, tsr was translationally fused with mYFP (A206K vari-
ant), and tar was translationally fused with mCherry, at their respective native chromosomal loci
using the same MG1655 ∆FliC::FLP parent strain as in FRET experiments. The cheRB genes were
deleted in-frame (yielding strain TSS2155), ensuring comparable Tar receptor expression to that of
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the strain used for FRET (TSS2191). Since the cheR and cheB genes are located in the same operon
as the tar gene, factors such as the primary transcript mRNA length can affect the protein copy
numbers of Tar.

For FRET experiments involving receptor overexpression, we constructed a high variability
strain by transforming TSS2191 with a pTrc99A plasmid expressing wild-type Tar under IPTG induc-
tion (pSJAB21). The same FRET acceptor-donor pair used in all other FRET experiments was cloned
into a pRZ30 plasmid under NaSal induction (pSJAB196). To quantify receptor overexpression,
strain TSS2155 was transformed with a pTrc99A plasmid expressing a Tar-mCherry fusion under
IPTG induction (pMV13). Since pSJAB21 and pMV13 are based on the same plasmid backbone,
pTrc99A, and are induced at the same level, wild-type Tar and Tar-mCherry are expected to exhibit
uniform expression levels.

For swimming competition experiments, wild-type MG1655, a generous gift from Victor Sourjik,
was transformed with the same IPTG-inducible pTrc99A plasmid expressing wild-type Tar as in
FRET experiments (pSJAB21) to generate a high-variability strain. To maintain uniform growth
conditions, the strain used as a wild type for swimming was transformed with an empty pTrc99A
plasmid. Both high-variability and WT strains were transformed with a NaSal-inducible pRR31
plasmid expressing cytosolic EYFP to assist with wave tracking (pVS118, gift from Victor Sourjik).

For receptor ratio quantification on swim plates, an adaptation-proficient (CheRB+) version of
TSS2155, TSS2144, was utilized, as adaptation is necessary for ascending gradients of attractants.
We modulated the motility of TSS2144 by transforming the strain with an arabinose-inducible
pBAD33 plasmid expressing WT FliC (pC100B-12, gift from Howard Berg). To determine the optimal
levels of arabinose induction, we compared the motility of strain TSS2144/pC100B-12 to that of
that of WT strain TSS2096 carrying an empty pBAD33 plasmid and ∆FliC strain TSS2097 carrying
pC100B-12 on rich media soft agar swim plates (Figure 3.12). The same strain, TSS2155, without the
plasmid expressing WT FliC, was used as a non-motile sensor for gene expression.

Finally, wild-type MG1655 was also used to determine tumble bias and run speed at different
growth rates in rich and minimal media.

For an overview of all the strains used in this Chapter, refer to Table 3.1.
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Figure 3.11: Expansion rate of FRET strain colony as a function of FRET pair induction level. (a) Cells expressing
CheY and CheZ protein fusions (TSS2114/pSJAB106), used for FRET experiments, yield chemotactic phenotypes
with expansion rates nearly identical to WT cells (TSS2096/pTrc99A) when inoculated on rich media soft agar
swim plates and induced with 40 or 50 µM IPTG. Hollow symbols represent technical replicates (three for
each inducer concentration), while filled symbols represent the mean values of the three replicates. Error bars
indicate the standard error of the mean and are typically the size of the graph points. (b) Similar to panel a, but
for minimal media soft agar swim plates. When induced with 15 µM IPTG, the FRET strain yields an expansion
rate nearly identical to that of WT cells.
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Figure 3.12: Colony expansion of receptor-labeled strain as a function of time. Tar and Tsr protein fusions, used
in receptor quantification experiments, produce chemotactic phenotypes when inoculated on rich media soft
agar swim plates. Lines represent linear fits to the data points to determine the expansion rates. The expansion
rates for the different strains are as follows: 3.23 ± 0.22 mm/hour (WT), 3.10 ± 0.20 mm/hour (WT∆FliC + pFliC),
and 1.28 ± 0.06 mm/hour (Tar-mCherry/Tsr-YFP ∆FliC + pFliC). The abbreviation pFliC denotes pBAD33-based
plasmid pC100B-12 expressing WT FliC. WT carries empty pBAD33 (TSS2096/pBAD33), WT ∆FliC + pFliC is
strain TSS2097/pC100B-12, and Tar-mCherry/Tsr-YFP ∆FliC + pFliC is strain TSS2144/ pC100B-12. Averages
and standard errors of the mean are derived from two technical replicates.

3.4.2 GROWTH CONDITIONS
For experiments conducted in rich media, cells were retrieved from a -80°C glycerol-based stock
and inoculated in 2 ml tryptone broth (TB; 1% bactotryptone, 0.5% NaCl, adjusted to pH 7.0)
supplemented with 100 µg/mL ampicillin and 34 µg/mL chloramphenicol to maintain plasmids
when necessary. The cultures were then incubated overnight at 30°C and 400 RPM until saturation.
Subsequently, cells from the saturated overnight culture were diluted 1:50 (except for figure 3.7b,
where the initial dilution was varied) in 10 ml of TB and supplemented with 100 µg/mL ampicillin
and 34 µg/mL chloramphenicol, along with appropriate inducer concentrations to induce plasmids
(refer to Table 3.2). For swimming competition experiments in serine gradients cells were grown 1:50
in 20 ml TB, to achieve higher cell counts within the bacterial wave. For supernatant experiments,
cells were grown 1:50 in 50 ml TB, to collect a large volume of supernatant. All cultures were
grown at 33.5°C with shaking at 250 RPM. Optical density (OD) was measured at 600 nm using a
spectrophotometer (Genesys 10vis, Thermo Fisher Scientific), with a permitted error of ±0.01 for all
reported OD values.

For experiments conducted in minimal media, cells were retrieved from the same -80°C glycerol-
based stock and inoculated in 2 ml H1 minimal salts medium (MMH1; 50 mM KPO4, 0.5 mM
MgSO4, 7.6 mM (NH4)2SO4, 1.25 µM Fe2(SO4)3, adjusted to pH 7.0) supplemented with 0.5%
v/v glycerol, 0.01% w/v thiamine hydrochloride, and 100 µg/mL ampicillin when necessary to
maintain plasmids. Cultures were then incubated for approximately 2 days at 30°C and 400 RPM
until saturation. Subsequently, cells from the saturated culture were diluted at least 1:200 in 10 ml
of MMH1 supplemented with the same supplements indicated before and appropriate inducer
concentrations to induce plasmids (refer to Table 3.2). Cultures were grown overnight at 33.5 °C
with shaking at 250 RPM. As in the experiments conducted in rich media, OD was measured at 600
nm, with a permitted error of ±0.01 for all reported OD values.

For receptor promoter experiments in minimal media, cells were incubated overnight in TB,
as described above, and then they were washed with 2 ml MMH1 without glycerol or thiamine
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Table 3.1: Strains used in this Chapter.

Background
Strain

Background
Strain Source

Background
Strain Genotype

Plasmid 1 Plasmid 2

TSS1735 [183]
MG1655

6TetO
6LacO
∆Lac

pOB2 -

TSS2096 V. Sourjik WT MG1655 - -
TSS2096 V. Sourjik WT MG1655 pTrc99A -
TSS2096 V. Sourjik WT MG1655 pBAD33 -
TSS2096 V. Sourjik WT MG1655 pSJAB21 pVS118
TSS2096 V. Sourjik WT MG1655 pTrc99A pVS118
TSS2097 V. Sourjik MG1655 ∆FliC - -
TSS2097 V. Sourjik MG1655 ∆FliC pC100B-12 -
TSS2114 This study MG1655 ∆CheYZ pSJAB106 -

TSS2191 This study
MG1655

FliC*
∆CheRBYZ

pSJAB106 -

TSS2191 This study
MG1655

FliC*
∆CheRBYZ

pSJAB21 pSJAB196

TSS2144 This study
MG1655
∆FliC::FLP

Tar-mCherry
Tsr-YFP

- -

TSS2144 This study
MG1655
∆FliC::FLP

Tar-mCherry
Tsr-YFP

pC100B-12 -

TSS2155 This study
MG1655
∆FliC::FLP

Tar-mCherry
Tsr-YFP
∆cheRB

- -

TSS2155 This study
MG1655
∆FliC::FLP

Tar-mCherry
Tsr-YFP
∆CheRB

pMV13 -

hydrochloride three times. Cells were then inoculated in fresh MMH1 supplemented with the
indicated carbon source.
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Table 3.2: Plasmids used in this study.

Plasmid Source Product System Induction Resistance

pSJAB21 This study WT Tar pTrc99A 30 µM IPTG amp
pMV13 This study Tar-mCherry pTrc99A 30 µM IPTG amp

pSJAB106 [150] CheY-mRFP1
CheZ-mYFP

pTrc99A
50 µM IPTG
(rich media)
15 µM IPTG

(minimal media)

amp

pSJAB196 This study CheY-mRFP1
CheZ-mYFP

pRZ30 8.5 µM NaSal cam

pVS118 V. Sourjik EYFP pRR31

10 µM NaSal
(aspartate waves)

20 µM NaSal
(serine waves)

cam

pC100B-
12

H. Berg WT FliC pBAD33 0.01% Arabinose cam

pOB2 [183] LacI-mCherry
TetR-EYFP

pBAD24
no induction

(relied on
promoter
leakiness)

amp

Table 3.3: Parameters used to fit the mixed-species MWC model

Parameter Value Reference
C 0.314 [152]
ϵ0 0.826 [152]
ϵA 1.23 [152]
ϵs 1.54 [152]
K̃ 30 µM -

Ntotal = NA +Ns
32 (rich media)

100 (minimal media)
-

3.4.3 SINGLE-CELL FRET MICROSCOPY
Single-cell FRET microscopy was performed essentially as described in Chapter 2. Briefly, cells
(strain TSS2191/pSJAB106 for WT experiments or TSS2191/pSJAB21/pSJAB196 for high variability
experiments) were collected by centrifugation (5 min at 5,000 RPM) and washed twice in 10mL
motility media (MotM; 10 mM KPO4, 0.1 mM EDTA, 1 µM L-methionine, and 10 mM lactic acid,
adjusted to pH 7.0). Following this, cells were resuspended in MotM and incubated at room
temperature (approximately 22°C) for 90 minutes prior to imaging, to allow for further fluorophore
maturation. In each experiment, cells immobilized on a glass coverslip were placed in a flow cell
under continuous flow of MotM (400 µL/min) regulated by a syringe pump (PHD 2000, Harvard
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Apparatus). MotM solutions were utilized to incrementally add and remove varying concentrations
of the attractants L-serine or L-aspartate (Sigma-Aldrich), with each concentration sustained for
approximately 80 seconds.

Imaging was conducted using an inverted microscope (Eclipse Ti-E, Nikon) equipped with an
oil-immersion 100x 1.45 NA phase-contrast objective lens (Nikon). Illumination occurred every
2 seconds using a 500 nm LED (pE-4000, CoolLED) with a pulse duration of 20 milliseconds for
experiments with serine stimuli or a broad-spectrum LED (SOLA SE, Lumencor) with a pulse dura-
tion of 50 milliseconds for experiments with aspartate stimuli. For experiments with serine stimuli,
epifluorescent light was split into two channels via a 2-camera image splitter (TwinCam, Cairn
Research) equipped with a 580 nm dichroic mirror (Semrock) and two emission filters (520 nm and
593 nm, Semrock), each feeding into identical sCMOS cameras (ORCA-Flash 4.0 V2, Hamamatsu),
capturing donor (YFP) and acceptor (RFP) channels separately. For experiments with aspartate
stimuli, epifluorescent light was split into two channels via a single camera image splitter (OptoSplit
II, Cairn Research) equipped with a 580 nm dichroic mirror (Semrock) and two emission filters (542
nm and 641 nm, Semrock), each projecting side-by-side into a single sCMOS camera (ORCA-Flash
4.0 V2, Hamamatsu), capturing donor (YFP) and acceptor (RFP) channels simultaneously.

FRET images were binned by a factor of 4x4 pixels to maximize their signal-to-noise ratio. All
experiments were conducted at room temperature (approximately 22°C). FRET dose-response
experiments were highly reproducible (Figure 3.13). Control experiments verified negligible growth
throughout the entire duration of the experiment (Figure 3.17).
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Figure 3.13: Reproducibility of FRET dose-response experiment. (a) Hill function fits to the population-averaged
L-serine dose-response data for cells grown to OD = 0.45 in rich media. The blue dose-response curve is replotted
from Figure 3.1b. The gray dose-response curve represents a biological replicate performed on a different day
with different ligand dillutionsdilutions and is identical to the original dose-response curve. (b) Histograms of
k1/2 values obtained from single-cell dose-response curves for cells grown to OD = 0.45 in rich media. The blue
distribution is replotted from Figure 3.1b, and the gray distribution is extracted from single-cell dose-response
curves from the same biological replicate as in panel a, showing identical of k1/2 distributions. Shaded areas
represent 95% confidence intervals obtained through bootstrap resampling of the data.

3.4.4 FRET IMAGE ANALYSIS
Image analysis was conducted using custom MATLAB scripts. Initially, to compensate for any
movement of the flow cell, all images were registered based on the first image of the experiment by
employing a rigid transformation. Subsequently, alignment of donor and acceptor channels was
achieved through an affine transformation. Following alignment, cell segmentation was performed
on the donor (YFP) channel (given its typically higher brightness compared to the acceptor channel),
utilizing a modified Otsu algorithm. After segmentation, a rectangular region of interest (ROI) of
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constant area was defined for each cell. The average YFP and RFP intensities over the ROI were then
extracted as a function of time. To mitigate the drift in fluorescence intensities primarily attributed
to fluorophore bleaching, the FRET ratio of each cell (defined as RFP/YFP) was fitted with a double
exponential function. Subsequently, the FRET ratio was divided by the double exponential and
normalized between one (unstimulated steady-state activity) and zero (activity upon addition of a
saturating dose of the attractant serine or aspartate), which corresponds to the kinases CheA in the
cell being fully active and fully inactive, respectively. Therefore, the kinase activity of each cell is
given by:

α(t ) =
F RET (t )−F RETsaturating

F RETsteady-state −F RETsaturating
(3.1)

3.4.5 MWC MODEL
To obtain a distribution of K1/2 parameters from the receptor expression data, we employed the
mixed-species MWC model as described in [152]. The expression for the normalized response to
L-serine is:

a =
ϵ0ϵ

Ns
s ϵ

NA
A

(
1+C [L]

K̃

)Ns

(
1+ [L]

K̃

)Ns +ϵ0ϵ
Ns
s ϵ

NA
A

(
1+C [L]

K̃

)Ns
(3.2)

where ϵA , ϵs , and ϵ0 are the L-serine binding energies to Tar, Tsr, and to the three minor
receptors, respectively. The number of Tsr receptors is denoted by Ns , while the number of Tar
receptors is denoted by NA . The vector [L] represents the concentrations of L-serine and C and K̃
describe the ligand dissociation constant for the active state of the receptor, as:

K A = K̃

C
(3.3)

All variables apart from parameters Ns and NA were kept constant for all cells and are given
in Table 3.3. The L-serine concentration vector [L] was defined as a logarithmically spaced vector
between 0.1 and 10,000. To transform the measured Tar/Tsr ratio to the MWC receptor count Ns
and NA , we used:

Ns = Ntotal
Tar
Tsr +1

(3.4)

NA = Ntotal −Ns (3.5)

The normalized expression for the response to L-serine yielded a sigmoidal function between 0
and 1 for all measured receptor ratios in rich media. For minimal media experiments, a fraction
of cells with extreme receptor ratios did not produce a response between 0 and 1. These data
points were excluded from K1/2 extraction. It is likely that these cells correspond to the fraction of
non-motile cells, which is known to be larger for cells grown in minimal media compared to cells
grown in rich media [177]. Finally, to extract K1/2 from the MWC normalized response to L-serine
we used a Hill function of the form:

a = 1

1+
(

[L]
K1/2

)H
(3.6)

where K1/2 and H are the fit parameters. The same Hill function was used to fit experimental
dose-response data.
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3.4.6 COLONY EXPANSION RATE QUANTIFICATION
To calibrate the FRET pair (pSJAB106) and WT FLiC plasmid expression (pC100B-12), we assessed
the expansion rate of bacterial colonies carrying the plasmid of interest (strain TSS2114/pSJAB106
or TSS2097/pC100B-12) alongside WT colonies (strain TSS2096) carrying an empty version of the
same plasmid (Figures 3.11 and 3.12). Cells grown in rich media were collected at OD = 0.45 and
cells grown in minimal media were collected at OD = 0.30 and diluted to OD = 0.01 using fresh
media. Then, 10 µL of cell culture was inoculated in the center of semi-solid agar plates. Liquid
media and agar plates were supplemented with appropriate antibiotics and inducers, refer to Table
3.2. All colony expansion rate experiments were conducted at 33.5°C and 100% humidity. For each
experiment, six swim plates were imaged simultaneously using a custom-built motorized turret.
Images of each plate were taken every 10 minutes using a Canon DSLR camera. To extract the
expansion rate, the diameter of the expanding colony was determined as a function of time by
fitting an ellipse with an eccentricity <0.2 using the MATLAB regionprops function on every image,
after subtracting the first image of each plate (taken before the colony had formed).

3.4.7 CHEMORECEPTOR COPY NUMBER QUANTIFICATION
The quantification of Tar and Tsr chemoreceptor copy numbers was conducted using both a plate
reader assay and single-cell fluorescence microscopy. For growth and chemoreceptor copy number
measurements in the plate reader (Victor X3 2030 Multilabel reader, PerkinElmer), cells (strain
TSS2155) were diluted from an overnight saturated culture into fresh media (dilution ratios 1:50
for TB and 1:200 for MMH1) and 200µL of cell culture was aliquoted into each well of a 96-well
plate (96-well Clear Flat Bottom TC-treated Microplate, Corning). Cultures were grown at 33.5
°C with double orbital shaking with a shaking amplitude of 2 mm until they reached saturation.
Fluorescence (YFP and mCherry) and optical density (OD600) were measured every 15 minutes.
The autofluorescence of the non-fluorescent parent strain of TSS2155, TSS2097, grown in the same
well plate, was subtracted from all fluorescent measurements. The OD units of the plate reader
were calibrated against the OD units of the spectrophotometer used to measure the OD of the
batch cultures for single-cell fluorescence microscopy experiments (Genesys 10vis, Thermo Fisher
Scientific) by constructing a calibration curve through serial dilution of a saturated culture. The
receptor ratio units measured with the plate reader were calibrated against mean receptor ratios
obtained from fluorescence microscopy for the same optical densities.

For single-cell quantification of chemoreceptor copy numbers, cells (strain TSS2155 for WT
experiments or TSS2155/pMV13 for high variability experiments) were harvested from batch TB
or MMH1 culture at the appropriate OD by centrifugation (5 min at 5,000 RPM). The cells were
then washed twice in 10mL minimal motility media (minimal MotM; 10 mM KPO4 and 0.1mM
EDTA, adjusted to pH 7.0). After washing, cells were diluted in minimal motility media, allowed to
mature, and plated on agarose pads (1.5% agarose in minimal MotM). The pads were left to dry for
10 minutes before immediate imaging.

Imaging was performed using an inverted microscope (Eclipse Ti-E, Nikon) equipped with an
oil-immersion 100x 1.45 NA phase-contrast objective lens (Nikon). YFP and mCherry fluorescence
was excited using an LED system (pE-4000, CoolLED), and emissions were captured sequentially
using a multi-band filter (Semrock) and directed into two identical sCMOS cameras (ORCA-Flash 4.0
V2, Hamamatsu) via a 2-camera image splitter (TwinCam, Cairn) equipped with a 580 nm dichroic
mirror (Semrock). Approximately 20 fields of view, totaling around 1000 cells, were typically imaged
per experiment. Measurements took place at room temperature (approximately 22°C). A control
experiment revealed that nearly zero growth took place during the total duration of the experiment
(Figure 3.17b).

To ensure accurate determination of the Tar/Tsr ratio, excitation pulse durations and intensities
for YFP and mCherry were calibrated using a two-color fluorescent repressor-operator system
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(FROS) standard [183]. This FROS strain (strain TSS1735/pOB2) contained six mCherry- and
YFP-repressor fusions on its chromosome. By using a 100 ms 500 nm LED excitation pulse for
mYFP and a 200 ms 580 nm LED excitation pulse for mCherry (both at maximum intensity), nearly
identical emission intensities for mCherry and YFP were achieved, effectively equating the measured
mCherry/YFP fluorescent intensity ratio to the true Tar/Tsr receptor abundance ratio (Figure 3.14).
To avoid movement of the chromosome due to diffusion during the measurement, cells were
chemically fixed by incubating them for 10 min at room temperature in a 4% paraformaldehyde
solution (Sigma-Aldrich).
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Figure 3.14: Equating the Tar-mCherry/Tsr-mYFP fluorescence intensity ratio to Tar/Tsr receptor abundance
ratio. A chemically fixed FROS strain containing six mCherry- and mYFP-repressor fusions on its chromosome
was imaged using the same settings and optical path as used in receptor-labeled experiments. The mean
measured mCherry/YFP fluorescence intensity ratio (µ denotes mean value ± standard deviation) was close
to unity, indicating that the Tar-mCherry/Tsr-mYFP fluorescence intensity ratio effectively reflects the Tar/Tsr
receptor abundance ratio.

3.4.8 CHEMORECEPTOR IMAGE ANALYSIS
In each field of view, a set of images comprising one phase-contrast, one YFP, and one mCherry
channel image was obtained. Alignment of images from the two cameras was performed using a
custom MATLAB script through an affine transformation. Subsequently, cell segmentation was
conducted on the phase-contrast channel utilizing a modified Otsu algorithm. We used the phase-
contrast channel to segment the cells instead of one of the two fluorescent channels to ensure
that cells with low fluorescence (and hence low receptor expression) are included in the analysis.
Following segmentation, background subtraction was applied to each image, and a rectangular ROI
of the same area is defined for each cell. The average mCherry and YFP fluorescent intensities over
the ROI are extracted for every cell. When indicated, average fluorescent intensities are normalized
by cell area, determined by fitting an ellipse on the detected cells in the phase-contrast channel

3.4.9 FABRICATION OF MICROFLUIDIC CHEMOSTATS
Microfluidic chemostats, commonly referred to as "mother machines," were fabricated using the
silicone polymer polydimethylsiloxane (PDMS). The master mold for the PDMS device is a silicon
wafer on which features are imprinted on a layer of SU-8, an epoxy-based negative photoresist
[184]. Features are imprinted using UV light exposure through two separate photomasks. The
first layer of the device comprises an array of shallow and narrow growth channels measuring 25
µm in length and 0.96 µm in height. To allow the tight confinement of cells of different widths
and hence accommodate growth at different growth rates, the width of the growth channels varies
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within the range of 0.7 µm to 1.2 µm, with a step size of 0.1 µm. The edges of the channels were
smoothed to reduce optical aberrations during phase-contrast imaging [185]. The second layer of
the device features a deeper and wider feeding channel with low fluidic resistance, enabling rapid
liquid exchange. The feeding channel measures 12 mm in length, 100 µm in width, and 32.5 µm
in height. The designs for the two different layers were created using CAD software (klayout) and
transferred onto two separate quartz photomasks (Photronics). Fabrication of the silicon master
mold was conducted at AMOLF’s cleanroom facilities. Following fabrication, a hydrophobic coat of
chlorotrimethylsilane (Sigma-Aldrich) was applied via vapor deposition.

To cast PDMS devices, the master mold was coated with a layer of degassed 10:1 PDMS:curing
agent mixture (Sylgard 184, Dow Corning) and cured at 80°C for 1 hour. After cooling the wafer
to room temperature, individual devices were cut and separated from the wafer, and inlets and
outlets for each feeding channel were created using a 0.75-mm biopsy punch (World Precision
Instruments). To remove any residual uncured PDMS, devices were immersed in a pentane bath for
2 hours and then in an acetone bath twice for 2 hours each. The PDMS devices were then allowed
to dry at room temperature overnight. To facilitate bonding, the PDMS devices were cleaned
with transparent adhesive tape (Magic Tape, Scotch) and treated, along with glass-bottom dishes
(GWST-5040, WillCo Wells), in a plasma cleaner (PDC-002, Harrick Plasma). Following a 60-second
exposure to ambient air plasma under a 300 mTorr vacuum, the devices were laminated onto the
glass-bottom dishes and baked on an 80°C hot plate for 5 minutes to establish a covalent bond. In
order to passivate the PDMS surface and prevent cell attachment, the devices were incubated with a
10 mg/ml BSA solution for 45 minutes at 37°C to allow the BSA solution to be drawn into the growth
channels via evaporation through the gas-permeable PDMS. The devices were then immediately
used for experiments.

3.4.10 SUPERNATANT EXPERIMENTS
For supernatant experiments, cells (TSS2155) grown in rich media were collected at OD = 0.30 and
OD = 0.80 by centrifugation (5 min at 5,000 RPM) and washed twice in 10mL minimal MotM. The
supernatant of those cultures was filtered using a 0.22 µm syringe filter and stored at 3°C until the
experiment. The washed cells were imaged following the same protocol as for all receptor-labeled
cells, with the exception that imaging took place at 33.5°C, so the measured receptor ratios are
directly comparable to those of growing cells in the microfluidic chemostat.

Simultaneously, 10µL of the original OD = 0.30 culture was injected into a microfluidic chemo-
stat through its inlet. The inlet and outlet of the chemostat were then sealed with adhesive tape
(Magic Tape, Scotch) to prevent flow and the entire device was centrifuged for 20 minutes at 800
RPM, orienting the growth channels parallel to the centrifugal force axis to force cells into the
growth channels. Following centrifugation, the device was incubated for 2 hours at 33.5°C, to
allow for additional cells to enter the growth channels via diffusion. Subsequently, the collected
supernatants were placed inside sterile glass reservoirs pressurized to 130 kPa using nitrogen. These
reservoirs were then connected through separate tubes to a distribution valve (M Switch, Fluigent),
which in turn was connected to the microfluidic device through a tube plugged into its inlet. The
distribution valve input, and hence the growth environment of the cells, was controlled through a
custom MATLAB script.

To extract the receptor ratio of the growing cells, the microfluidic device was imaged using the
same microscopy setup and imaging settings we employed for all receptor-labeled cell experiments.
However, imaging occurred at 33.5°C, instead of room temperature, to facilitate cell growth. To
extract the morphology of the cells and to determine a segmentation mask, phase-contrast images
were acquired from a single field of view every minute. Furthermore, at 20-minute intervals,
corresponding to the maximum division rate observed in our experiment, one mCherry and one
YFP image were acquired to quantify receptor expression.
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3.4.11 IMAGE ANALYSIS OF MICROFLUIDIC CHEMOSTAT EXPERIMENTS
To accurately segment bacteria cells growing in the microfluidic chemostat, we trained a machine
learning model to predict the outline of each cell. We used a convolutional neural network (CNN)
based on the U-Net architecture [186] [187] to transform the original microscopy images into maps
of cell outlines using custom Python scripts. To train the network, we simultaneously acquired
fluorescent images, using the bright CheY-mRFP1 fusion, and phase-contrast images of growing
cells. Subsequently, we manually created binary masks of all cell outlines in 500 CheY-mRFP1
512x512 pixel images and augmented this dataset using geometric transformations such as scaling,
translation, and rotation. This augmented dataset was then utilized to train the CNN.

Following the training phase, we applied the CNN to transform 2000 CheY-mRFP1 frames,
distinct from the original training dataset, without any post-processing of the images. The CNN
generated unique 512x512 pixel output matrices for each image, with high scores corresponding to
cell outlines while cell bodies and the background contained nearly zero scores. We then re-trained
the CNN using the phase-contrast images and the binary masks created by the CNN based on
CheY-mRFP1 images as inputs. Additionally, we augmented these datasets further using geometric
transformations. Through this training method, we increased our training dataset by a factor of 4,
while manually segmenting only CheY-mRFP1 images, which are substantially easier to segment
compared to phase-contrast images due to the brightness of the fluorescent fusion protein and the
near-zero background fluorescence.

The primary advantage of using phase-contrast images for cell segmentation is the elimination
of the need for an additional fluorescent protein and imaging channel, as well as the avoidance of
phototoxicity associated with fluorescent imaging. Visual inspection of the transformed images
revealed consistent cell masks produced by the CNN, irrespective of whether the original image
was obtained through fluorescence or phase-contrast microscopy.

Subsequently, the CNN output binary matrices underwent further processing by thresholding
using a modified Otsu algorithm and removing small clusters of unconnected pixels, effectively
setting only the pixels corresponding to cell outlines to unity and every other pixel to zero. Then,
alignment of images from the two cameras was performed using a custom MATLAB script employing
an affine transformation. All images were then registered based on the first image of the experiment
using a rigid transformation to correct for movement of the microfluidic device. Fiducial markers
in the form of growth channel numbering were incorporated into the device to assist with image
registration. Finally, individual growth channels were cropped out by summing the fluorescence of
both channels and detecting peaks in the fluorescence intensity profile.

For cell segmentation, we employed the MATLAB regionprops function, which detects cells
in the CNN-transformed images as elliptical objects. For each cell, we determined its minor and
major axes, along with the x- and y-coordinates of its centroid. The centroid was then tracked
across all frames, under the assumption that interframe movement could not exceed a threshold
defined as one quarter of the shortest cell length in any given image. Movement was considered
only along the long axis of the growth channel, as the cells were constrained along their width,
thereby minimizing tracking to a one-dimensional problem. Divisions were identified by abrupt
changes in cell length (the major axis of the fitted ellipse), coupled with an increase in cell count.
Conversely, a reduction in cell count, alongside the disappearance of centroids near the origin of the
growth channel, indicated cells exiting towards the feeding channel. Subsequently, the minor and
major axes of the fitted ellipses were utilized to define rectangular segmentation masks, facilitating
the extraction of fluorescent intensity for each cell across all frames. Areas devoid of cells were used
to extract the background intensity of each frame.
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3.4.12 FABRICATION OF MICROFLUIDIC DEVICES FOR SWIMMING COMPETI-
TION EXPERIMENTS

For swimming competition experiments, we utilized a microfluidic device comprising a long
linear channel with dimensions of 1.2 mm x 2 cm x 100 µm (width, length, height). These devices
were fabricated following the procedure outlined in [164]. To establish a cost-effective method of
producing devices without the necessity for silicon wafer masters, we manufactured epoxy molds
utilizing the silicon wafer-molded PDMS devices as masters [188]. The devices were submerged
in a degassed mixture of epoxy and hardener (epoxacast 690, Smooth-On) in a 10:3 ratio, and
the mixture was allowed to solidify at room temperature for 2 days. Similar to silicon wafers, a
hydrophobic coat of chlorotrimethylsilane was applied via vapor deposition.

To cast PDMS devices, the master mold was coated with a layer of degassed 10:1 PDMS:curing
agent mixture (Sylgard 184, Dow Corning) and cured at room temperature for 2 days due to the low
glass transition temperature of the epoxy mold. Individual devices were then cut and separated
from the wafer, and a 0.75-mm outlet and a 2-mm cell reservoir were created on either side of the
linear channel using biopsy punches (World Precision Instruments). Subsequently, the devices
underwent cleaning with transparent adhesive tape (Magic Tape, Scotch), followed by rinsing
sequentially with isopropanol, methanol, and Millipore-filtered water. After drying the devices
using nitrogen, they were treated, alongside glass-bottom dishes (GWST-5040, WillCo Wells), in a
plasma cleaner (PDC-002, Harrick Plasma). Following a 60-second exposure to ambient air plasma
under a 300 mTorr vacuum, the devices were laminated onto the glass-bottom dishes and baked
on an 80°C hot plate for 5 minutes to establish a covalent bond. Then, after cooling the devices to
room temperature, they were immediately utilized for experiments.

3.4.13 SWIMMING COMPETITION EXPERIMENTS
For swimming competition experiments, cells (TSS2096/pTrc99A/pVS118 for WT experiments or
TSS2096/ pSJAB21/pVS118 for high-variability experiments) grown in rich media were collected
at the appropriate OD by centrifugation (5 min at 5,000 RPM) and washed twice in 10mL MotM.
Cells were then concentrated to OD = 1.0 for aspartate wave experiments or OD = 2.0 for serine
wave experiments. In parallel, the microfluidic linear channel devices were filled with either
100µM L-aspartate or 100µM L-serine (Sigma-Aldrich) in MotM supplemented with 0.05% w/v
polyvinylpyrrolidone-40 (Sigma-Aldrich) from the 0.75-mm outlet. Subsequently, excess liquid was
removed from the 2-mm cell reservoir and 5µL cell suspension was loaded gently into the reservoir.
The outlet was sealed with adhesive tape (Magic Tape, Scotch) to prevent flow due to differences in
hydrostatic pressure across the device.

Migrating waves in swimming competition experiments were imaged immediately after cell
loading using an inverted microscope (Eclipse Ti-E, Nikon) equipped with an environmental
chamber (Okolab) set to a temperature of 33.5°C and 80% humidity. YFP images of the bacterial
wave were captured through a 10x 0.30 NA objective lens (Nikon). The field of view was illuminated
with a 500 nm LED (pE-4000, CoolLED) set to maximum intensity, with an exposure time of 100 ms.
Images were recorded by a sCMOS camera (ORCA-Flash 4.0 V2, Hamamatsu). To track the bacterial
wave, the microscope stage (MicroStage, Mad City Labs) was programmed using a custom MATLAB
script to translocate every 10 seconds by one frame width (1.33 mm). Six consecutive images were
taken for each sweep, and full sweeps occurred every 60 seconds until the wave had traversed all six
consecutive fields of view. A control experiment revealed that nearly zero growth took place during
the total duration of the experiment (Figure 3.17c and 3.17d).

For wave speed analysis, raw YFP images were stitched into single images for each sweep
using custom MATLAB scripts. The initial stitched image, which lacked cells, was subtracted from
subsequent images to eliminate imaging artifacts. Images were then segmented using a modified
Otsu algorithm, filtering out objects smaller than 100 pixels. Subsequently, image intensities were
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normalized between one and zero, and a Gaussian function was fitted to the intensity profile along
the long axis of the channel (Figure 3.15). The wave position was determined by identifying the
peak of each Gaussian, and velocity was calculated by extracting the distance between successive
peaks and dividing it by the time between sweeps (60 seconds).

3.4.14 CHEMORECEPTOR COPY NUMBER QUANTIFICATION ON SWIM PLATES
Experiments with swim plates were performed similarly to what we reported on Chapter 5.

Briefly, to quantify the chemoreceptor copy number of cells forming colonies on swim plates,
cells (strain TSS2144/pC100B-12) grown in rich media were collected at OD = 0.45 and diluted to OD
= 0.01 using fresh media. Then, 10 µL of cell culture was inoculated in the center of semi-solid agar
plates. The agar plates were made using rich media, as described above, supplemented with 0.26%
bacteriological agar (Avantor). Liquid media and agar plates were supplemented with appropriate
antibiotics and inducers, refer to Table 3.2. The plates were incubated at a temperature of 33.5°C
and 100% humidity until the colonies reached the edge of the plate. Cells from the center and the
edge of the migrating colony were collected using pipette tips and diluted into minimal MotM
for subsequent fluorescent imaging. To quantify chemoreceptor numbers, we followed the same
fluorescent imaging protocol as for receptor-labeled cells grown in liquid cultures.

For experiments involving non-motile cells used as biosensors for gene expression, cells (strain
TSS2144) grown in rich media were collected at OD = 0.45 and mixed with fresh rich media supple-
mented with 0.26% bacteriological agar to achieve a final OD = 0.01. Swim plates were allowed to
solidify at room temperature for 2-3 hours, following which 10 µL of OD = 0.01 motile cell culture
(strain TSS2096) was inoculated in the center of the semi-solid agar plates. The motile population
of cells shapes the gradient of the plate, ensuring that the non-motile biosensor strain encounters
the same local environment as motile cells. Once the migrating cell colony reached the edge of the
plate, cells from the center and the edge of the colony were collected using pipette tips and diluted
into minimal MotM for subsequent fluorescent imaging.

3.4.15 FABRICATION OF MICROFLUIDIC DEVICES FOR SINGLE CELL SWIM

TRACKING
To track the run-and-tumble motion of single cells, we utilized a microfluidic device comprising
a long linear channel with dimensions of 0.5 mm x 3 cm x 60 µm (width, length, height). These
devices were fabricated following the procedure outlined in Chapter 5. Briefly, the master mold
was coated with a layer of degassed 10:1 PDMS:curing agent mixture (Sylgard 184, Dow Corning)
and cured at 80°C for 12 hours. After cooling the wafer to room temperature, individual devices
were cut and separated from the wafer, and a 0.75-mm outlet and a 0.75-mm inlet were created on
either side of the linear channel using biopsy punches (World Precision Instruments). Subsequently,
the devices underwent cleaning with transparent adhesive tape (Magic Tape, Scotch), followed by
rinsing sequentially with isopropanol, methanol, and Millipore-filtered water. A 22 mm x 50 mm
glass coverslip was rinsed sequentially with acetone, isopropanol, methanol, and Millipore-filtered
water. After drying the devices and the coverslips using nitrogen, they were treated in a plasma
cleaner (PDC-32G, Harrick Plasma). Following a 60-second exposure to ambient air plasma under
a 300 mTorr vacuum, the devices were laminated onto the glass coverslips and baked on an 80°C
hot plate for 5 minutes to establish a covalent bond. Then, after cooling the devices to room
temperature, they were immediately utilized for experiments.

3.4.16 SWIM TRACKING EXPERIMENTS
For swim tracking experiments, WT cells (strain TSS2096) grown in rich or minimal media were
collected at the appropriate OD by centrifugation (5 min at 5,000 RPM) and washed twice in 10mL
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Figure 3.15: Wave position extraction. (a) Wave position of the high variability (left) and wild-type (WT)
population (right) in a gradient of 100 µM L-aspartate. Cell density is extracted from the segmented wave images
shown on figure 3.6b. Curves represent Gaussian function fits to the images. (b) Similar to panel a, but for cells
in a gradient of 100 µM L-serine.
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Figure 3.16: Tumble bias and run speed distributions are identical for the WT and high variability populations.
(a) Tumble bias distribution of the high variability and wild-type populations in the absence of a chemical
gradient are identical. Solid lines represent the mean of four independent biological replicates, with shaded
areas indicating the standard error of the mean. (b) Same as panel a, but for the mean run speed of the high
variability and wild-type populations.

MotM supplemented with 0.05% w/v polyvinylpyrrolidone-40 (Sigma-Aldrich). Cells were then
diluted to an OD of 0.001. Subsequently, 10 µL of the mixture was introduced into the device from
the inlet and excess liquid was removed from the outlet. Both the outlet and the inlet were then
sealed with adhesive tape (Magic Tape, Scotch) to prevent flow due to differences in hydrostatic
pressure across the device.

Swimming cells were imaged immediately after cell loading using an inverted microscope
(Eclipse Ti-E, Nikon) equipped with a custom environmental chamber set to a temperature of
30°C and 50% humidity for experiments in Figure 3.8e and 3.10 or 33.5°C and 80% humidity for
experiments in Figure 3.16, to match the environmental conditions of swimming competition
experiments. Phase-contrast images of swimming bacteria were captured through a 4x 0.13 NA
phase objective lens (Nikon). Images were recorded by a sCMOS camera (ORCA-Flash 4.0 V2,
Hamamatsu) at 20 frames per second.

To detect and track cells and extract their tumble bias and run speed, a custom MATLAB script
was used as described in [189]. Trajectories shorter than 10 seconds were excluded for further
analysis. In a typical experiment, 4 fields of view where imaged for 200 seconds each, containing a
total of at least 1000 cell trajectories.

3.4.17 GROWTH RATE MEASUREMENTS
To assess the growth rate of the FRET (TSS2191/pSJAB106) and WT (TSS2097) strains, we employed
a microplate reader (Epoch 2 microplate reader, BioTek). Overnight cultures in rich media were
diluted 1:50 into fresh media and overnight cultures in minimal media were diluted 1:200 into fresh
media. For the FRET strain, the appropriate antibiotic and inducer concentrations were added to
the media (refer to Table 3.2). Subsequently, 200 µL of diluted cells were aliquoted into each well of
a 96-well plate (Costar 3595, Corning) and loaded into the plate reader. The plates were incubated
at 33°C while continuously shaking in a double orbital pattern (1 mm radius, 807 cpm). The OD of
each well was measured every 10 minutes for 12 hours for rich media and every 20 minutes for 24
hours for minimal media. The growth rates measured in the plate reader were within 10% of those
obtained by sampling the shaking batch culture used for microscopy experiments.
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Figure 3.17: Growth rate of the strains used in this study is negligible during experiments. (a) Cell elongation of
the FRET strain (TSS2191/pSJAB106) as a function of time. Blue line represents the mean elongation rate of the
stain in motility media (MotM), the buffer used for FRET experiments, while the black line represents the mean
elongation rate of the same strain in TB, the rich media used to grow the strain. (b) Similar to panel a, but for
the strain used in receptor-quantification experiments (TSS2155) in its measurement buffer, minimal motility
media (minimal MotM). (c) Similar to panel a, but for the high variability strain used in swimming competition
experiments (TSS2096/pTrc99A/pVS118) in MotM with 100 µM L-serine added. (d) Same as in panel c, but with
100 µM L-aspartate added to MotM.
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3.4.18 GROWTH RATE AND CELL VOLUME QUANTIFICATION
The quantification of tar and tsr promoter activities as a function of growth rate was conducted
using a plate reader assay, as described above. The growth rate of the bacteria is expressed as
doublings per hour and is calculated as:

growth rate = log10(ODt2 )− log10(ODt1 )

(t2 − t1) log10(2)
(3.7)

To extract cell volume from the two-dimensional phase-contrast images, we assume that cells
are cylinders flanked by hemispherical caps. For a cell of width wcell and length Lcell, the total
volume of the two hemispherical caps is given by:

Vsphere = 4

3
πr 3 = 1

6
πw3

cell (3.8)

While the volume of the cylindrical segment of the cell is given by:

Vcylinder =πr 2L =π
( wcell

2

)2
(Lcell −wcell) =

1

4
πw2

cell(Lcell −wcell) (3.9)

And the total cell volume is given by:

Vcell =Vsphere +Vcylinder =
1

6
πw3

cell +
1

4
πw2

cell(Lcell −wcell) (3.10)
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4
DYNAMICS OF SENSORY DIVERSITY

WITHIN AND ACROSS GENERATIONS

Even in constant environments, isogenic bacterial cell populations demonstrate remarkable levels of
sensory diversity. While we have shown that this diversity originates from stochastic gene expression,
it remains unclear how sensory phenotypes change during the cell’s division cycle. Additionally,
how sensory preferences are transmitted across generations is poorly understood. In this Chapter,
utilising the bacterium E. coli as a model system, we demonstrate that the average sensory phenotype
of individual cells remains stable throughout their lifetime. This is because its primary determinant
— the ratio of the two major chemoreceptors (Tar/Tsr) — remains constant throughout the cell
cycle, exhibiting robustness against protein concentration fluctuations associated with cell growth.
However, we observe a decrease in the diversity of sensory phenotypes as the cell cycle progresses,
driven by a reduction in Tar/Tsr ratio diversity. Furthermore, we identify an asymmetry in the
inheritance of the Tar/Tsr ratio between daughter cells, directly influencing the heritability of sensory
preferences. We identify receptor protein clustering and the asymmetric partitioning of these clusters
during cell division as the primary mechanisms driving this asymmetry. These findings highlight
the contributions of cell-cycle-related temporal variations to the standing sensory diversity, while
also providing new quantitative insights regarding epigenetic transmission and persistence of sensory
phenotypes across generations.
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4.1 INTRODUCTION
Phenotypic diversity in bacterial populations, despite their clonal nature and limited genetic
diversity, is a well-recognized phenomenon [175] [150] [29] [190] [26]. In particular, chemo-
taxis—bacteria’s movement in response to chemical stimuli—benefits significantly from non-
genetic diversity. This diversity enables cell populations to adopt a variety of sensing phenotypes,
allowing them to adapt to fluctuating environmental conditions, as we demonstrate in Chapter 3 of
this thesis. Although the diversity in chemotaxis and sensing has been extensively characterized
in bacterial cells with a fixed proteome, the dynamic changes in sensing phenotypes as cells grow
remain poorly understood.

The Escherichia coli chemotaxis pathway [11], an entirely protein-based signaling network,
serves as a robust experimental model for studying sensing mechanisms independent of gene
expression and growth. However, this characteristic has limited studies of behavioral diversity
to non-growing cells, providing only a snapshot of cell-to-cell variability due to stochastic gene
expression [175] [150] [29] [30]. This approach neglects key cellular parameters, such as the cell
cycle phase. Consequently, research on the temporal variability of the E. coli chemotaxis pathway
under no-growth conditions primarily captures noise from stochastic protein-protein interactions,
failing to account for how slow temporal variations related to cell growth impact behavior. As
cells grow, new proteins in the chemotaxis pathway must be synthesized to counterbalance di-
lution, potentially altering sensing behavior significantly. Moreover, the stochastic partitioning
of chemotaxis pathway proteins among daughter cells during division contributes to cell-to-cell
variability in sensing [191] [192]. This aspect is particularly important in bacterial chemotaxis
where chemoreceptor proteins are organized in large molecular assemblies, the chemoreceptor
clusters. How these clusters are partitioned upon division and how this partitioning affects sensory
preference has never been studied before.

The E. coli chemotaxis pathway is one of the most well-characterized models of biological
signaling. It detects chemical and physical signals through arrays composed of five distinct types
of chemoreceptors. The two primary receptors, Tar (sensing aspartate) and Tsr (sensing serine),
make up 90% of the total chemoreceptor population when E. coli is grown in rich media. E. coli
achieves motility through a run-and-tumble mechanism: active kinase CheA phosphorylates the
response regulator CheY, producing CheY-P. Attractant molecules binding to chemoreceptors
decrease CheA activity, reducing CheY-P levels and decreasing the bacterium’s tendency to tumble,
thereby enhancing its directed movement.

One significant challenge in studying behavior in growing cells is the need for precise envi-
ronmental control while minimally perturbing the cells. To address this, we designed a custom
microfluidic chemostat, known as a "mother machine" [154], which is amenable to high-throughput
single-cell fluorescent and phase-contrast microscopy. By combining this microfluidic device with
an in vivo FRET sensor for the activity of the kinase CheA, we measured several signaling parameters
in single cells, such as ligand sensitivity and pre-stimulus activity of the chemotaxis pathway, while
monitoring cell-cycle phases and positions in the lineage tree using phase-contrast microscopy
and a machine learning-based image segmentation approach. Since bacterial cultures are asyn-
chronous, i.e., different cells in a population are at a different cell-cycle phase, it is necessary to
follow a cell from its birth to its division in order to extract its cell-cycle phase.

Additionally, using chromosomal fluorescent fusions of Tar and Tsr, we tracked the copy num-
bers of these key chemotaxis proteins in growing cells.

These tools enabled us to study how cell-cycle-related temporal variations influence sensing
behavior in individual bacteria and how sensory preferences are transmitted across generations in
isogenic populations. Our approach provides new insights into the mechanisms governing sensory
diversity and inheritance in bacterial populations.
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4.2 RESULTS

4.2.1 SENSITIVITY TO LIGAND IS ON AVERAGE ROBUST AGAINST CELL-CYCLE

PHASE VARIATION
To probe ligand sensitivity as a function of the cell-cycle phase, we developed a custom microfluidic
chemostat that enables thousands of cells to undergo steady-state growth. The device features
an array of narrow and shallow growth channels where cells are confined perpendicular to a large
main feeding channel with low fluidic resistance, ensuring continuous and rapid flow of growth
medium (Figure 4.1a). This design allows rapid stimulus delivery, necessary for dose-response
measurements, while maintaining steady-state conditions by ensuring consistent nutrient supply
and waste removal—critical for observing cellular behavior under a constant environment.

We performed dose-response measurements by stimulating adaptation-deficient (CheRB-
) cells with pulses of the attractant α-methylaspartate (MeAsp). MeAsp, a non-metabolizable
analogue of the amino acid aspartate, was chosen because it elicits a chemotactic response without
affecting cellular growth [193], allowing us to measure chemotactic responses without interference
from metabolic effects. Cells were grown in minimal media supplemented with glycerol as the
sole carbon source, which is not a chemoattractant and thus does not influence the chemotactic
response to MeAsp [7]. Minimal media solutions were used to incrementally add and remove
varying concentrations of MeAsp, ensuring that cell growth was not disrupted during the dose-
response measurement. The total duration of each dose-response measurement was limited to
15 minutes, which is a small fraction of the cell division time in that medium, determined to be
over 2 hours. To mitigate phototoxicity, FRET measurements were limited to 150 frames every 2.5
hours. Importantly, cell growth resumed normally post-FRET assessment (Figure 4.1b, left panels),
affirming that cells were minimally perturbed by the fluorescent measurement.

We monitored the output of the signaling pathway via fluorescent microscopy in single cells
using an in vivo CheYZ FRET sensor for the activity of the kinase CheA, while simultaneously
tracking the cell-cycle phase by observing cell elongation and division events using phase-contrast
microscopy and machine-learning-based cell segmentation (Methods). We define φ = 0 as the
cell-cycle phase at birth and φ= 1 as the cell-cycle phase immediately before the cell divides again.
The cell-cycle phase during the FRET measurement was therefore defined as: φFRET = tFRET−tB

tD−tB
where tFRET is the midpoint of the FRET experiment, tB the birth time, and tD the division time.
The time interval between birth and division is well approximated by a single exponential function
(Figure 4.1b, left panels). The resulting dose-response data for each cell were fitted with a sigmoidal
Hill function of the form 1

1+
(

[L]
K1/2

)H where K1/2 represents ligand sensitivity and H the cooperativity

between receptors (Figure 4.1b, right panels).
Although single-cell dose-response curves varied significantly, owing to the high cell-to-cell

variability in K1/2 and H, the average dose-response curves for cells binned according to their cell-
cycle phase were identical (Figure 4.1c). This indicates that sensing is, on average, robust against
variations in cell-cycle phase and thus remains constant throughout the cell’s lifetime. Extracting
the K1/2 and H parameters from those dose-response curves reaffirmed that they remain constant
regardless the cell-cycle phase (Figure 4.1d). Further supporting this observation, a scatter plot of
single-cell K1/2 values as a function of cell-cycle phase φ can be fitted with a flat line, indicating no
correlation between K1/2 and φ (Figure 4.1e).

To verify that sensing is truly constant as a function of cell-cycle phase and not an artifact of
under-sampling the dose-response curve, we conducted an experiment with more densely sampled
dose-response curve, were we increased the number of datapoints from 7 to 11. To avoid excessive
cell growth during the dose-response measurement, we stimulated cells, on average, with only one
concentration of MeAsp per cell cycle. The dose-response curves, constructed from the average
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response of multiple cells within the same cell-cycle phase bin, were again identical for all phase
bins (Figure 4.6).

Interestingly, we found that the diversity of K1/2, measured as the coefficient of variation (CV,
defined as standard deviation divided by the mean), decreases as the cell cycle progresses, even
though the mean K1/2, remains constant (Figure 4.1f), indicating that populations comprised of
cells early in their cell cycle are more diverse.
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Figure 4.1: Average ligand sensitivity remains robust to cell-cycle phase variation in adaptation-deficient cells.
(a) Schematic of microfluidic chemostat. Cells are confined within growth channels, where they undergo
steady-state growth. Growth media and ligand stimuli for dose-response measurements are delivered through
diffusion inside the growth channels via the feeding channel. (b) (Left) Cell length as a function of time for two
representative cells. The interval between birth and division is fitted by a single exponential function. Shaded
area represents the time interval of the FRET measurement. (Right) Hill function fits to MeAsp dose-response
data from the same two cells. Line color of the exponential and Hill fits corresponds to the cell-cycle phase
bin of the cells. The color scheme matches panel (c). (c) Population-averaged Hill function fits to MeAsp dose-
response data obtained for cells belonging to four distinct cell-cycle phase bins. Data from two independent
experiments. (d) Scaling of average K1/2 (top) and H (bottom) across four cell-cycle phase bins, with data
from two independent experiments. Shaded areas indicate the standard error of the mean. (e) Single-cell K1/2
values as a function of cell-cycle phase φ. Solid line is a linear fit to the data. Data from two independent
experiments indicated by different shades of gray. (Right margin) Histograms of K1/2 values from single-cell
dose-response curves for four cell-cycle phase bins. The color scheme matches panel (c). Shaded areas represent
95% confidence intervals obtained through bootstrap resampling. (f ) Scaling of coefficient of variation (CV) of
the inverse of ligand sensitivity, K1/2, as a function of cell cycle phase φ. Each bin represents 10% of the total cell
cycle, with points centered in each interval. Shaded areas indicate 95% confidence intervals obtained through
bootstrap resampling.

4.2.2 PRE-STIMULUS ACTIVITY OF THE CHEMOTAXIS PATHWAY IS ON AVER-
AGE ROBUST AGAINST CELL-CYCLE PHASE VARIATION

Next, we investigated how the steady-state kinase activity of the chemotaxis system changes through-
out the cell cycle. This kinase activity is crucial for bacterial behavior, as it controls flagellar motor



4.2 RESULTS

4

89

rotation. We used the same microfluidic system and wild-type, adaptation-proficient (CheRB+)
cells growing in minimal media to determine the steady-state kinase activity via FRET measurement.
To calibrate the FRET levels, we applied a saturating step of a mixture of MeAsp and L-serine to
determine the FRET level corresponding to zero kinase activity (activity = 0). We then determined
the FRET level for fully active kinases (activity = 1) after removing the saturating stimulus following
adaptation (Figure 4.2a). The steady-state activity a0 of each cell was defined as the time-averaged
activity before ligand addition.

We monitored cell elongation and division events (Figure 4.2a) and determined the cell cycle
phaseφ associated with each a0. Plotting steady-state activity a0 against cell cycle phaseφ revealed
no correlation, indicating that steady-state kinase activity is robust against variations in the cell
cycle phase. The steady-state activity a0 varied strongly between cells, with a coefficient of variation
(CV) of 0.23, identical to the value observed for cells measured under non-growth conditions [150].

Interestingly, when cells were binned according to their cell cycle phase, the CV of the steady-
state activity a0, unlike the CV of the inverse of ligand sensitivity, K1/2, remained mostly constant
across all cell cycle phase bins (Figure 4.2c). This suggests that both the steady-state activity and
variability in the steady-state activity are constant throughout the cell cycle.
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Figure 4.2: Average pre-stimulus activity remains robust to cell-cycle phase variation in adaptation-proficient
cells. (a) (Left) Cell length as a function of time for two representative cells. The interval between birth
and division is fitted by a single exponential function. Shaded area represents the time interval of the FRET
measurement. (Right) Normalized kinase activity of the same two cells. Shaded area represents stimulation with
a mixture of 1mM MeAsp and 1mM L-serine. Gray lines represent unfiltered data and superimposed colored
lines represent the same data filtered with a 10s moving average filter. Line color of the exponential and Hill
fits corresponds to the cell-cycle phase bin of the cells. The color scheme matches panel b. (b) Single-cell
a0 values as a function of cell-cycle phase φ. Solid line is a linear fit to the data. Data from two independent
experiments indicated by different shades of gray. (Right margin) Histograms of a0 values for four cell-cycle
phase bins. Shaded areas represent 95% confidence intervals obtained through bootstrap resampling. (c)
Scaling of coefficient of variation (CV) of the pre-stimulus activity, a0, as a function of cell cycle phase φ. Each
bin represents 10% of the total cell cycle, with points centered in each interval. Shaded areas indicate 95%
confidence intervals obtained through bootstrap resampling.

4.2.3 RATIO OF THE TWO MAJOR CHEMORECEPTORS, TAR/TSR, IS CON-
STANT AS A FUNCTION OF CELL-CYCLE PHASE

Next, we sought to understand how cells maintain a constant K1/2, robust against protein copy
number fluctuations resulting from the synthesis of new proteins in the chemotaxis pathway and
dilution due to cell growth. In Chapter 3, We have shown that the primary determinant of K1/2 is
the ratio of the two major chemoreceptors, the aspartate receptor Tar and the serine receptor Tsr.
To investigate how the Tar/Tsr ratio evolves as a function of cell cycle phase, we used fusions of
the tar and tsr genes at their native chromosomal loci, where tar is fussed to mCherry and tsr to a
monomeric form of YFP (mYFP). Using the same microfluidic and microscopy system employed
for the FRET experiments, we were able to periodically measure the Tar and Tsr protein copy
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numbers and the associated cell cycle phase φ of thousands of growing cells. Receptor protein
copy numbers were measured every 20 minutes in minimal media to minimize phototoxicity and
photobleaching, which could result in underestimating the number of receptors, while the cell cycle
was measured every 5 minutes with phase-contrast microscopy that delivers very small amounts of
light power and thus perturbs the cells minimally [194]. Importantly, the growth rate of cells inside
the mother machine was identical to that of cells growing in a batch culture (Figure 4.10a and 4.10b),
highlighting the minimal perturbance of cells in the mother machine under our experimental
conditions.

A confounding factor when measuring fast dynamic events, such as gene expression, is the
maturation time of the fluorophores. The fluorophore maturation time affects the accuracy of
measured protein levels, as the non-fully matured fluorophore fraction does not fluoresce with its
maximum intensity. To address this, we estimated the maturation profiles of the two fluorophores
using an exponential function and retrieved the original gene expression dynamics from the mea-
sured fluorescence by performing deconvolution in the frequency domain. To assess the exact
time required for mCherry and mYFP to reach 50% of their full intensity, we exposed cells growing
at steady state in the mother machine to the non-lytic translational inhibitor antibiotic chloram-
phenicol. The subsequent measured increase in fluorescence was therefore due to fluorophore
maturation and not fluorophore production (Figure 4.7) [195].

When plotting the deconvolved Tar/Tsr ratio, we found that it remains constant as a function
of cell cycle phase φ for both adaptation-deficient (CheRB-) and adaptation-proficient (CheRB+)
cells grown in minimal media (Figures 4.3a and 4.3c, respectively). Similarly, CheRB+ cells grown
in rich media also exhibited a constant Tar/Tsr ratio as a function of φ (Figure 4.8). We found that
the CV of these ratios decreases as the cell cycle progresses (Figures 4.3b and 4.3d), consistent with
theoretical predictions [191].

We observe the same trends—namely, a constant Tar/Tsr ratio and a decreasing coefficient of
variation (CV) of the ratio—when using cell length as a proxy for cell-cycle phase in an experiment
where cellular growth was suspended, allowing cells to mature before imaging (Figure 4.9). As a
result, fluorescence deconvolution was not required. This confirms that our observations are not
artifacts of the fluorescence deconvolution process.

These results suggest that the trend we observed in the K1/2 –cell cycle phase relationship—constant
mean but decreasing CV—can be fully explained by the evolution of the Tar/Tsr ratio as a function
of the cell cycle phase. On the other hand, the magnitude of pre-stimulus kinase activity a0 likely
depends on the ratio of the adaptation enzymes CheR/CheB, rather than the Tar/Tsr receptor
ratio. Furthermore, the CheB phosphorylation feedback has been shown to attenuate cell-to-cell
variability [150]. This provides a sufficient explanation for why the CV of a0 remains constant as a
function of φ, while the CV of the Tar/Tsr ratio decreases as a function of φ in CheRB+ cells.

Lastly, we explored the origin of this decrease of Tar/Tsr diversity as the cell-cycle progresses.
Receptor proteins tend to form clusters that primarily localize at the cell poles [196] [197], hence,
when the cell divides, each daughter cell inherits a single receptor protein cluster, leading to biased
partitioning of the receptor proteins. Mutants of the scaffolding protein CheW, such as the CheW-X3
mutant [198], form signaling complexes that are dispersed across the cell membrane instead of
clustering at the cell poles. This can be observed by comparing the cell intensity profile in the inset
of Figure 4.3f to the profiles in the insets of Figures 4.3b and 4.3d. The deconvolved Tar/Tsr ratio
remained constant as a function of cell cycle phase φ in CheW-X3 cells (figure 4.3e), while the CV of
the ratio only decreased marginally as a function of the cell cycle phase (figure 4.3f) and was lower
in magnitude than the Tar/Tsr ratio CV of cell with wild-type CheW (figure 4.3d). These results
suggest that the biased partitioning of receptor clusters upon cell division drives the observed high
Tar/Tsr ratio diversity in cells early in their cell-cycle phase.
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Figure 4.3: Major chemoreceptor ratio, Tar/Tsr, is constant as a function of cell-cycle phase in adaptation-
deficient and adaptation-proficient cells. (a) Chemoreceptor Tar/Tsr ratio as a function of cell-cycle phase
φ in adaptation-deficient (CheRB−) cells. Gray lines represent polynomial fits to single-cell receptor copy
number measurements deconvolved for fluorophore maturation. Blue line is a polynomial fit to the average
of all measurements. Shaded area represents the standard deviation of the mean. (Right margin) Histograms
of Tar/Tsr ratio distributions for four cell-cycle phase bins. Shaded areas represent 95% confidence intervals
obtained through bootstrap resampling. Cells from a single experiment. (b) Scaling of coefficient of variation
(CV) of the Tar/Tsr ratios as a function of cell cycle phaseφ. Each bin represents 6.66% of the total cell cycle, with
points centered in each interval. Shaded areas indicate 95% confidence intervals obtained through bootstrap
resampling. (Inset) Tar-mCherry and Tsr-mYFP fluorescence intensity along the long axis of a representative
cell. (c) As in (a), but for adaptation-proficient (CheRB+) cells. Cells from two independent experiments. (d)
As in (b), but for adaptation-proficient (CheRB+) cells. (e) As in (c), but for cells defective in cluster formation
(CheW-X3 mutation). Cells from a single experiment. (f ) As in (d), but for cells defective in cluster formation
(CheW-X3 mutation).
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4.2.4 SLOW RELAXATION OF THE TAR/TSR RATIO UPON GROWTH ENVIRON-
MENT SHIFT DEMONSTRATES THE EXISTENCE OF AN EPIGENETIC EN-
VIRONMENTAL MEMORY

Next, we investigated how the Tar/Tsr receptor ratio evolves across generations in cells wild-type
for chemotaxis. We monitored the receptor ratio, after deconvolving the maturation timescale, in
the cell located at the end of the growth channel, known as the “old-pole mother cell” [154], which
typically remains confined in the growth channel for the entire experiment. This cell retains its old
pole through successive divisions, incrementing its generation number with each division.

Our findings indicate that in minimal media, the receptor ratio remains constant across gen-
erations (Figure 4.4a). Similarly, in rich media, the receptor ratio stabilizes after a brief relaxation
period (Figure 4.4b). The initial high receptor ratio is due to transferring the cells from a shaking
culture, where they had partially depleted the amino acids, to the chemostat culture, where they
experience a stable environment. As we demonstrated in Chapter 3, the receptor ratio is influenced
by cell density in rich media but remains constant in minimal media.

We also explored how rapidly a sensing phenotype can adapt to a new environment. We
measured the Tar/Tsr ratio of cells initially growing in minimal media and then switched to rich
media after approximately two generations. The receptor ratio gradually adjusted to the level
typically observed in rich media (Figure 4.4c), taking about eight generations to fully relax. This slow
relaxation establishes the existence of an epigenetic memory of the environment that is inherited
from mother to daughter cells and lasts for about eight generations.

This epigenetic memory highlights the importance of maintaining high chemotactic diversity
to respond rapidly to environmental changes. In the measured Tar/Tsr ratio distributions, the
tail of the receptor ratio distribution in minimal media partially overlaps with that of rich media
(figure 4.4d), meaning that a subset of cells in minimal media already has the optimal receptor ratio
needed to thrive in rich media. In a scenario where the entire population in minimal media has low
Tar/Tsr ratio diversity, the entire population would require multiple generations, corresponding to
many hours of growth, to adapt to the new environment. To demonstrate that effect, we simulated
a population of cells with a Tar/Tsr distribution following a normal distribution with a mean value
equal to the experimentally determined mean Tar/Tsr ratio in minimal media but with a standard
deviation identical to that of the Tar/Tsr ratio in rich media (figure 4.4e). Then, we assessed the
overlap of the high diversity distribution (experimentally determined Tar/Tsr ratio distribution in
minimal media) and the low diversity distribution (simulated distribution) with the Tar/Tsr ratio
distribution in rich media. The percent overlap of the two distributions is a measure of “population
readiness” to the new environment upon abrupt environment shifts (figure 4.4f). Cells in the
measured high diversity population had a non-zero population readiness already from the first
generation after the environment shifted. In contrast, cells in the simulated low diversity population
required multiple generations until their readiness reached non-zero values, demonstrating the
need of high chemotactic diversity for E. coli to survive in rapidly changing environments, such as
the mammalian gut.

4.2.5 NON-GENETIC INHERITANCE OF SENSORY PREFERENCE
Finally, we aimed to understand how sensory phenotypes and sensory preferences are inherited
among mother and daughter cells. As previously discussed, in WT cells, chemoreceptors form
clusters often localized at the cell’s poles (figure 4.5a, top panel). Mutations in the scaffolding
protein CheW, such as the CheW-X3 mutation, cause the receptor clusters to disperse along the
cell membrane (figure 4.5a, bottom panel). Due to the polar localization of receptor clusters in WT
cells, each time the mother cell, which remains confined at the dead-end of its growth channel,
divides, one daughter cell inherits the old-pole cluster (“old daughter”), while the other daughter
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Figure 4.4: Slow relaxation of the Tar/Tsr ratio upon growth environment shift demonstrates the existence of
an epigenetic environmental memory. (a) Chemoreceptor Tar/Tsr ratio as a function of generation number
in adaptation-proficient (CheRB+) cells. Gray lines represent polynomial fits to single-lineage receptor copy
number measurements deconvolved for fluorophore maturation. Blue line is a polynomial fit to the average of
all measurements. Shaded area represents the standard deviation of the mean. Data from a single experiment.
(b) As in (a), but for cells grown in rich media. (Inset) Magnified version of the same plot. (c) As in (a), but the
environment is shifted from minimal to rich media after approximately two generations. (d) Histograms of
Tar/Tsr ratio distributions of the cells in panel (c). Darker shaded areas represent 95% confidence intervals
obtained through bootstrap resampling. (e) Histogram of a simulated low diversity Tar/Tsr ratio distribution
(red curve) with a mean value µ equal to that of the blue curve in panel (d) and a standard deviation σ equal to
that of the black curve in panel (d). Rich media distribution is replotted from panel (d). (f ) Population readiness
to environment shifts, determined as the percent overlap of the low (panel (e)) and high (panel (d)) diversity
distributions to the rich media distribution at generation 15. The simulated low diversity distribution retains
the same standard deviation for all generations, but its mean is shifted every generation by a constant step size
until it reaches the mean value of the rich media distribution at generation 15.
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cell inherits the new-pole cluster (“young daughter”), as shown schematically in figure 4.5b. We
compared the receptor ratio of adaptation-proficient WT cells grown in rich media.

We compared the receptor ratio of adaptation-proficient WT cells grown in rich media and
found a positive correlation between mother cells and their progeny (Figure 4.5c). Similarly, when
comparing the receptor ratio of adaptation-proficient CheW-X3 mutant cells grown in rich media,
we also found a positive correlation between mother cells and their progeny (Figure 4.5d). Similar
correlation was also found for Tar and Tsr separately ((Figure 4.11)).

To assess the degree of phenotypic similarity between mother and daughter cells, we calculated
the Pearson correlation coefficient ρ between all mother-daughter pairs [199]. We found that, for
WT cells grown in both rich and minimal media, the mother cell has a higher degree of similarity
with its old daughter cell compared to its young daughter cell (Figure 4.5e). This asymmetry between
old and young daughter cells is largely alleviated in the CheW-X3 mutant in both rich and minimal
media.

Taken together, these results suggest that receptor protein clustering at the cell poles and the
asymmetric partitioning of these clusters during cell division is the primary mechanism driving the
asymmetry in the heritability of the Tar/Tsr ratio between daughter cells.

Interestingly, this non-genetic phenotypic inheritance directly affects the inheritance of sensory
preference and chemotactic behavior: the inverse of ligand sensitivity, K1/2, and pre-stimulus
activity, a0, of mother are more strongly correlated with their old daughter cells compared to their
young daughter cells (Figure 4.5f).

In conclusion, our findings demonstrate that the polar clustering of receptor proteins and
their asymmetric inheritance during cell division play crucial roles in the heritability of sensory
phenotypes and sensory preferences. The differential inheritance patterns between mother and
daughter cells, particularly between old and young daughters, highlight the importance of cellular
architecture in non-genetic phenotypic inheritance
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Figure 4.5: Asymmetric inheritance of Tar/Tsr ratio and sensory preference. (a) Schematic diagram of protein
localization and inheritance. Clustered proteins (top), such as the chemoreceptor clusters, are partitioned in a
biased manner during cell division. On the other hand, when clustering is disrupted (bottom), such as in cells
carrying the CheW-X3 mutation, proteins are partitioned in a stochastic manner. (b) Schematic diagram of pole
inheritance. When a mother cell divides, its young daughter cell inherits the newer cell pole (and hence the
newer receptor cluster), while its old daughter cell inherits the old pole and cluster. (c) Scatter plot of Tar/Tsr
ratio in mother-young daughter (left) and mother-old daughter (right) pairs for WT adaptation-proficient cells
grown in rich media. Data from two independent experiments indicated by different shades of gray. (d) As
in (c), but for CheW-X3 adaptation-proficient cells grown in rich media. Data from a single experiment. (e)
Pearson correlation coefficients of Tar/Tsr ratio for WT and CheW-X3 cells grown in either rich or minimal
media. Quantities are derived from two independent experiments for WT cells and a single experiment for
CheW-X3 cells. Error bars represent 95% confidence intervals and standard error of the mean obtained through
bootstrap resampling. (f ) Pearson correlation coefficients of K1/2 (left) and a0 (right) for adaptation-deficient
(CheRB-0 and WT cells, respectively). Both quantities are derived from two independent experiments. Error
bars represent standard error of the mean and 95% confidence intervals obtained through bootstrap resampling.
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4.3 DISCUSSION
Our study aimed to understand how sensory phenotypes change during an organism’s lifetime
and how those phenotypes are transmitted across generations. Bacteria serve as an excellent
system to study these questions since they reproduce clonally and are genetically uniform. Through
advancements in microfluidic technology, automated microscopy, and machine-learning-based
image analysis, we measured both the sensory phenotypes of growing cells and their molecular
determinants, specifically the copy numbers of sensory proteins, for the first time.

Utilizing the E. coli chemotaxis pathway as a model, we observed that the sensory phenotype,
represented by the inverse of ligand sensitivity, K1/2, primarily determined by the ratio of the two
major chemoreceptors, Tar and Tsr, remains stable throughout the cell cycle. This stability persists
despite fluctuations in protein concentration due to cell growth, suggesting a robust mechanism
that maintains sensory function regardless of cell-cycle phase.

Interestingly, while the mean K1/2 remains constant, the diversity of K1/2 decreases as the cell
cycle progresses. This reduction in variability indicates that cells early in their cell cycle exhibit
greater sensory diversity, which gradually diminishes as they approach division. This trend is
corroborated by our observation that the Tar/Tsr ratio diversity also decreases over the cell cycle.
Such a trend can act as a bet-hedging strategy: newly born cells, which need resources to grow,
exhibit diverse sensing phenotypes, allowing them to more efficiently detect and exploit new
nutrient sources.

Furthermore, we observed that the pre-stimulus activity of the cell, a0, is also robust against cell-
cycle variations. This finding complements the observation that the steady-state FRET level does
not correlate with cell length, a proxy for cell-cycle phase [29], and aligns with classic observations
from nearly 50 years ago that the tumbling bias after stimulus recovery does not correlate with cell
length [182].

Our discovery of an epigenetic environmental memory, wherein the Tar/Tsr ratio adjusts slowly
to new growth conditions, highlights the adaptive advantage conferred by maintaining a diverse
sensory phenotype population. This diversity ensures that some cells are pre-adapted to potential
environmental shifts, facilitating the survival of the population as a whole in rapidly fluctuating
environments.

Finally, a key finding of our study is the identification of receptor clustering at the cell poles
and its asymmetric partitioning during cell division as critical determinants of sensory phenotype
inheritance. In wild-type cells, receptor clusters localize at the poles, resulting in one daughter cell
inheriting the old-pole cluster and the other the new-pole cluster. This asymmetrical inheritance
leads to a higher degree of similarity in the Tar/Tsr ratio between mother cells and their old daughter
cells compared to their young daughter cells. Such asymmetry is largely mitigated in CheW-X3
mutants, which lack polar receptor clustering, underscoring the importance of spatial protein
organization in sensory inheritance. This non-genetic phenotypic inheritance has implications for
the inheritance of sensory preferences. We demonstrated that the sensory phenotype, characterized
by ligand sensitivity and pre-stimulus activity, is more strongly correlated between mother cells and
their old daughter cells than between mother cells and their young daughter cells. The inheritance
of pre-stimulus activity between mother and daughter cells complements the recent observation
that behavioral states in swimming cells are inherited [199].

Taken together, our results suggest that E. coli has evolved to ensure that its sensing capabilities
and unstimulated behavior are robust against slow fluctuations associated with the progression
of its cell cycle. Furthermore, our findings highlight the importance of phenotypic diversity to
counteract the slow epigenetic environmental memory and the importance of spatial organization
in the inheritance of phenotypes.
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Figure 4.6: Average ligand sensitivity remains robust to cell-cycle phase variation in adaptation-deficient cells
when cells are stimulated on average once per cell cycle. (a) Population-averaged Hill function fits to MeAsp
dose-response data obtained from cells belonging to four distinct cell-cycle phase bins. Data were collected by
stimulating cells, on average, once during their cell cycle. A total of 11 MeAsp stimuli were delivered throughout
the experiment, each administered every 2 hours, which approximately corresponds to the duration of a single
cell cycle under our experimental conditions. The dose-response curve was constructed by binning all cells
that belonged to the same cell-cycle phase bin and experienced the same stimulus. While this method does not
provide single-cell dose-response data (as presented in Figure 4.1), it minimally perturbs the cells and allows for
better sampling of the dose-response curve (11 points here vs. 7 points in Figure 4.1). Even with this approach,
no discernible differences in the dose-response curves were observed among cells at different cell-cycle phase
bins. (b) Scaling of average K1/2 (top) and H (bottom) across the four cell-cycle phase bins. Shaded areas
indicate fitting error.
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Figure 4.7: Assessment of maturation time of mCherry and mYFP. (a) Cells expressing the Tar-mCherry and
Tsr-mYFP fusion proteins are exposed to the non-lytic translational inhibitor antibiotic chloramphenicol in the
mother machine at time t = 0. In the absence of translation, the subsequent increase in mCherry fluorescence is
solely due to fluorophore maturation. Here, Ft=0 denotes the fluorescence at the moment of antibiotic exposure,
and Fmax represents the maximum fluorescence. The trajectory shown is the average fluorescence of 5 cells.
(b) To determine the fraction of immature mCherry proteins, we transform the mean mCherry fluorescence

into the fraction of immature proteins using the following formula [195]: 1− F (t )−Ft=0
F∞−Ft=0

. From this analysis, the

maturation half-time for mCherry (time to reach 50% maturation) is determined to be 33 minutes. (c) Same as
(a), but for mYFP. (d) Same as (b), but for mYFP. Analysis shows that the maturation half-time for mYFP is 10
minutes.
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in adaptation-deficient (CheRB−) cells grown in minimal media to an optical density (OD) of 0.45. The cell
genotype and growth media composition are identical to those used in Figure 4.3a. Growth was suspended
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represent individual cells from a single experiment. The black line represents a linear fit to the binned data
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phase bins. Shaded areas represent 95% confidence intervals obtained through bootstrap resampling. (b)
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Figure 4.10: Growth rate is identical in the mother machine and batch cultures, and independent of cell position
within growth channels. (a) Cell length of adaptation-proficient, receptor-labeled cells growing in the mother
machine as a function of time. Gray lines represent exponential fits to single-cell data. The growth rate is derived
from the same experiment as shown in Figure 4.3c. On average, the division rate is identical to that of the same
genotype growing in batch culture (panel b) and is expressed as the mean ± standard deviation across all cells.
(b) Optical density of adaptation-proficient, receptor-labeled cells as a function of time growing in minimal
media batch culture in early exponential phase. The growth rate was measured by sampling the batch culture at
regular intervals. Different symbols represent data from three biological replicates, while dashed lines indicate
exponential fits to the data. The division rate is reported as the mean ± standard deviation of the three replicates.
(c) Division rate of adaptation-proficient, receptor-labeled cells as a function of their position within the growth
channel in the mother machine. Gray points represent the growth rates of individual cells. Unlike panels (a)
and (b), this analysis examines cells growing in rich media rather than minimal media. This distinction is made
because the growth rate of fast-growing cells is expected to be more sensitive to potential delays in nutrient
diffusion or upstream consumption within the growth channels compared to cells grown in minimal media.
However, the data indicate that the growth rate remains independent of cell position within the growth channel.
The growth rate data are from the same experiment presented in Figure 4.8. Inset: The response time delay to a
saturating concentration of MeAsp is below 6 seconds (the acquisition interval in this experiment) between a
cell located near the dead-end of the channel and a cell near the entrance of the same channel. This highlights
that diffusion is rapid within the growth channels of the mother machine. Nutrient consumption is not a factor
here, as MeAsp is not metabolizable by E. coli. FRET data are from the experiment presented in Figure 4.1.
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Figure 4.11: Tar and Tsr inheritance in WT and CheW-X3 cells growing in minimal media. Tar and Tsr are
inherited in a similar fashion between the young daughter and mother cells (a) or the old daughter and mother
cells (b) of WT (adaptation-proficient cells), and between the young daughter and mother cells (c) or the old
daughter and mother cells (d) of WT CheW-X3 cells. Lines are linear fits to the single-cell data and are identical
for Tar and Tsr in all cases.
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4.4 METHODS

4.4.1 STRAINS AND PLASMIDS
E. coli strain MG1655 ∆FliC::FLP, a generous gift from Victor Sourjik, was used as a background for
all FRET and receptor quantification strains.

For FRET experiments, we conducted an in-frame deletion of the cheYZ genes, resulting in strain
TSS2104 and an in-frame deletion of the cheRBYZ genes, resulting in strain TSS2105. The FRET
acceptor-donor pair, consisting of CheY-mRFP1 and CheZ-mYFP (A206K variant), was expressed in
tandem from an IPTG induced, pTrc99A plasmid (pSJAB106, [150]).

For receptor quantification experiments, starting with the same MG1655 ∆FliC::FLP parent
strain used in FRET experiments, tsr was translationally fused with mYFP (A206K variant), and
tar was translationally fused with mCherry, at their respective native chromosomal loci, yielding
strain TSS2144. Additionally, we produced a variant where the cheRB genes were deleted in-frame
(yielding strain TSS2155), and a variant where the CheW-X3 mutation was introduced (yielding
strain TSS2263).

4.4.2 GROWTH CONDITIONS
For experiments conducted in minimal media, cells were retrieved from a -80°C glycerol-based
stock and inoculated in 2 ml H1 minimal salts medium (MMH1; 50 mM KPO4, 0.5 mM MgSO4,
7.6 mM (NH4)2SO4, 1.25 µM Fe2(SO4)3, adjusted to pH 7.0) supplemented with 0.5% v/v glycerol,
0.01% w/v thiamine hydrochloride, and 100 µg/mL ampicillin when necessary to maintain the
FRET plasmid. Cultures were then incubated for approximately 24 hours at 33.5°C and 250 RPM
until saturation. Subsequently, cells from the saturated culture were diluted at least 1:200 in 10 ml
of MMH1 supplemented with the same supplements indicated above and 100 µg/mL ampicillin
and 15 µM IPTG when necessary to maintain and induce the FRET plasmid. Cultures were grown
overnight at 33.5°C with shaking at 250 RPM until mid-exponential phase.

For experiments conducted in rich media, cells were retrieved from the same -80°C glycerol-
based stock and inoculated in 2 ml tryptone broth (TB; 1% bactotryptone, 0.5% NaCl, adjusted
to pH 7.0). The cultures were then incubated overnight at 33.5°C and 250 RPM until saturation.
Subsequently, cells from the saturated overnight culture were diluted 1:50 in 10 ml of TB and grown
at 33.5°C and 250 RPM until mid-exponential phase.

4.4.3 MICROFLUIDIC CHEMOSTAT DESIGN AND FABRICATION
Custom microfluidic chemostats, commonly known as "mother machines [154]," were fabricated
using the silicone polymer PDMS as we described in Chapter 3. Briefly, the master mold for the
PDMS device was created on a silicon wafer with features imprinted on a layer of SU-8, an epoxy-
based negative photoresist [184]. The features were defined using UV light exposure through two
separate photomasks.

The first layer of the device consisted of an array of shallow and narrow growth channels, each
measuring 25 µm in length and 0.96 µm in height. To accommodate cells of varying sizes due to
different growth rates in minimal and rich media, the growth channels had widths ranging from
0.7 µm to 1.2 µm, with increments of 0.1 µm. This variation ensured the tight confinement of
cells regardless of their size. The edges of these channels were smoothed to minimize optical
aberrations during phase-contrast imaging [185]. The second layer of the device featured a deeper
and wider feeding channel with low fluidic resistance, essential for rapid liquid exchange during
stimulus-response measurements. This feeding channel measured 12 mm in length, 100 µm
in width, and 32.5 µm in height. The designs for both layers were created using CAD software
(klayout) and transferred onto two separate quartz photomasks (Photronics). The silicon master
mold was fabricated at AMOLF’s cleanroom facilities. After fabrication, a hydrophobic coating of
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chlorotrimethylsilane (Sigma-Aldrich) was applied via vapor deposition to the master mold.
To cast the PDMS devices, the master mold was coated with a degassed 10:1 PDMS:curing agent

mixture (Sylgard 184, Dow Corning) and cured at 80°C for 1 hour. Once cooled to room temperature,
individual devices were cut from the wafer, and inlets and outlets for each feeding channel were
created using a 0.75-mm biopsy punch (World Precision Instruments). The device was designed
to be axially symmetric, allowing the inlet and outlet of each feeding channel to be swapped. In
each experiment, the opening closer to the imaged cells was used as the inlet to minimize liquid
exchange time. To remove any residual uncured PDMS, the devices were immersed in a pentane
bath for 2 hours, followed by two 2-hour acetone baths. The PDMS devices were then dried at room
temperature overnight.

For bonding, the PDMS devices were cleaned with transparent adhesive tape (Magic Tape,
Scotch) and treated, along with glass-bottom dishes (GWST-5040, WillCo Wells), in a plasma cleaner
(PDC-002, Harrick Plasma). A 60-second exposure to ambient air plasma under a 300 mTorr vacuum
facilitated the lamination of the PDMS devices onto the glass-bottom dishes. These laminated
devices were then baked on an 80°C hot plate for 5 minutes to establish a covalent bond. To prevent
cell attachment, the PDMS surface was passivated by incubating the devices with a 10 mg/ml BSA
solution for 45 minutes at 37°C, allowing the BSA solution to be drawn into the growth channels
via evaporation through the gas-permeable PDMS. The devices were then immediately used for
experiments.

4.4.4 FRET AND RECEPTOR RATIO MEASUREMENTS IN GROWING CELLS
Experiments were conducted similarly to what is described in Chapter 3. Briefly, cells were collected
by centrifugation (5 min at 5,000 RPM) and concentrated tenfold in their growth media. Then, 10 µL
of this concentrated culture was injected into a microfluidic chemostat through its inlet. The inlet
and outlet of the chemostat were sealed with adhesive tape (Magic Tape, Scotch) to prevent flow,
and the entire device was centrifuged for 20 minutes at 800 RPM, with the growth channels oriented
parallel to the centrifugal force to force cells into the growth channels. Following centrifugation, the
device was incubated for 2-5 hours at 33.5°C to allow additional cells to enter the growth channels
via diffusion. Next, the growth media were placed inside glass reservoirs pressurized to 130 kPa
using nitrogen. For stimulus-response experiments, ligands were placed inside 15 mL Falcon tubes
and pressurized to 150 kPa alongside the growth media reservoirs to enable rapid liquid exchange.
These reservoirs were then connected through separate tubes to a distribution valve (M Switch,
Fluigent), which in turn was connected to the microfluidic device via a tube plugged into the inlet.
The distribution valve input was controlled through a custom MATLAB script.

Imaging was performed using an inverted microscope (Eclipse Ti-E, Nikon) equipped with
an oil-immersion 100x 1.45 NA phase-contrast objective lens (Nikon) and an automated stage
(MicroStage, Mad City Labs). The microscope was set to a temperature of 33.5°C and 80% humidity
within an environmental chamber (Okolab) for all experiments.

For FRET experiments, illumination occurred every 7 seconds for CheRB- cells or 2 seconds
for CheRB+ cells using a 500 nm LED (pE-4000, CoolLED) with a pulse duration of 20 milliseconds.
Epifluorescent light was split into two channels via a 2-camera image splitter (TwinCam, Cairn
Research) equipped with a 580 nm dichroic mirror (Semrock) and two emission filters (520 nm and
593 nm, Semrock), capturing donor (YFP) and acceptor (RFP) channels separately. To mitigate the
drift in fluorescence intensities due to fluorophore bleaching, the FRET ratio of each cell (defined
as RFP/YFP) was fitted with an exponential function. Subsequently, the FRET ratio was divided by
the exponential and normalized between one and zero, as desribed in the main text.

For receptor quantification experiments, mYFP and mCherry fluorescence were excited using
an LED system (pE-4000, CoolLED). A 100 ms 500 nm LED excitation pulse was used for mYFP
and a 200 ms 580 nm LED excitation pulse for mCherry, both at maximum intensity. Emissions
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were captured sequentially using a multi-band filter (Semrock) and directed into two identical
sCMOS cameras (ORCA-Flash4.0 V2, Hamamatsu) via a 2-camera image splitter (TwinCam, Cairn)
equipped with a 580 nm dichroic mirror (Semrock). Imaging occurred every 20 minutes to minimize
phototoxicity and photobleaching, except for experiments determining the receptor ratio as a
function of the cell cycle phase in rich media, where images were acquired every 5 minutes. To
ensure accurate determination of the Tar/Tsr ratio, excitation pulse durations and intensities for
mYFP and mCherry were calibrated using a two-color fluorescent repressor-operator system (FROS)
standard as described in Chapter 3.

Phase-contrast images were acquired in all experiments every minute for growth in rich media
or every 5 minutes for growth in minimal media to extract cell morphology and cell-cycle phase and
to determine a segmentation mask. For FRET experiments, a single field of view (FOV) was imaged,
while for receptor-ratio experiments, 6 sequential (but non-overlapping, to avoid over-excitation)
FOVs were imaged.

4.4.5 FRET AND RECEPTOR RATIO IMAGE ANALYSIS
Image analysis was performed as described in Chapter 3. Briefly, to accurately segment bacteria
cells growing in the microfluidic chemostat, we trained a convolutional neural network (CNN)
based on the U-Net architecture [186] [187] to predict the outline of each cell. Using custom Python
scripts, we transformed the original microscopy images into maps of cell outlines. For training, we
simultaneously acquired fluorescent images of cells expressing the bright CheY-mRFP1 fusion and
phase-contrast images. We then manually created binary masks for cell outlines in 500 CheY-mRFP1
512x512 pixel images and augmented this dataset using geometric transformations such as scaling,
translation, and rotation. This augmented dataset was used to train the CNN.

After the training phase, we applied the CNN to transform 2000 CheY-mRFP1 frames, distinct
from the training dataset, without any post-processing. The CNN generated 512x512 pixel output
matrices for each image, with high scores corresponding to cell outlines, while cell bodies and the
background had nearly zero scores. We then re-trained the CNN using phase-contrast images and
the binary masks generated by the CNN from CheY-mRFP1 images as inputs, further augmenting
these datasets with geometric transformations. This method increased our training dataset fourfold,
while only manually segmenting CheY-mRFP1 images, which are easier to segment than phase-
contrast images due to the brightness of the fluorescent fusion protein and near-zero background
fluorescence.

The main advantage of using phase-contrast images for cell segmentation is the elimination of
the need for an additional fluorescent protein and imaging channel, as well as avoiding phototox-
icity associated with fluorescent imaging. Visual inspection of the transformed images revealed
consistent cell masks produced by the CNN, regardless of whether the original image was obtained
through fluorescence or phase-contrast microscopy.

The CNN output binary matrices were further processed by thresholding using a modified Otsu
algorithm and removing small clusters of unconnected pixels, setting only the pixels corresponding
to cell outlines to unity and all other pixels to zero. Image alignment from the two cameras was
performed using a custom MATLAB script employing an affine transformation. All images were
registered based on the first image of the experiment using a rigid transformation to correct for
movement of the microfluidic device. Fiducial markers in the form of growth channel numbering
were incorporated into the device to assist with image registration. Finally, individual growth
channels were cropped by summing the fluorescence of both channels and detecting peaks in the
fluorescence intensity profile.

For cell segmentation, we used the MATLAB regionprops function, which detects cells in the
CNN-transformed images as elliptical objects. For each cell, we determined its minor and major
axes, along with the x- and y-coordinates of its centroid. The centroid was tracked across all frames,
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assuming that interframe movement could not exceed a threshold defined as one quarter of the
shortest cell length in any given image. Movement was considered only along the long axis of the
growth channel, minimizing the tracking problem to a one-dimensional problem. Cell divisions
were identified by abrupt changes in cell length (the major axis of the fitted ellipse), coupled with
an increase in cell count. Conversely, a reduction in cell count, along with the disappearance of
centroids near the origin of the growth channel, indicated cells exiting towards the feeding channel.
Finally, the minor and major axes of the fitted ellipses were used to define rectangular segmentation
masks, facilitating the extraction of fluorescent intensity for each cell across all frames. Areas devoid
of cells were used to extract the background intensity of each frame.

4.4.6 FLUOROPHORE MATURATION CORRECTION
To accurately measure gene expression dynamics using fluorophore-tagged genes, it is necessary to
account for the fluorophore maturation time, which can distort the observed dynamics. We em-
ployed a deconvolution approach to separate the true gene expression signal from the maturation
effects. The maturation kinetics were modeled as an exponential function:

m(t ) = 1−e−λt (4.1)

where λ is the maturation constant of the fluorophore. The maturation time tm is related
to λ by tm = 1

λ
. We determined experimentally the time t1/2 for the fluorophores to reach 50%

maturation to be 33 minutes for mCherry and 10 minutes for mYFP (Figure 4.7), which is identical
to values reported in the literature for the same fluorophores [195]. By setting m(t ) = 0.5, we then
obtain:

λ= ln(2)

t1/2
(4.2)

The observed fluorescence F (t ) signal was treated as the convolution of the maturation function
m(t ) with the actual gene expression dynamics g (t ):

F (t ) = (g ∗m)(t ) =
∫ t

0
g (τ)m(t −τ)dτ (4.3)

which then becomes:

F (t ) =
∫ t

0
g (τ)

(
1−e−λ(t−τ)

)
dτ (4.4)

By transforming both the observed signal and the maturation function into the frequency
domain using a Fourier transform of the form:

F̂ ( f ) = ĝ ( f ) ·m̂( f ) (4.5)

which is equivalent to:

ĝ ( f ) = F̂ ( f )

m̂( f )
(4.6)

We were able to divide the transformed signals and apply the inverse Fourier transform to
retrieve the deconvolved gene expression rate g (t ).

One assumption of this model is that the total fraction of fluorophores is immature at the start
of the cell cycle. This is true for newly synthesized fluorophores, but does not account for the
fluorophore fraction inherited from the mother cell upon cell division. To account for that, we track
the lineage of each cell and identify their mother cell. Then, we follow the same deconvolution
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process for the mother cell and assume that half of the total matured fluorophore fraction is
inherited to each daughter cell at division. Therefore, the total gene expression product is given by:

gtotal(t ) = gdaughter(t )+ 1

2
gmother(t = tdivision) (4.7)

This method allows for an accurate assessment of gene expression by mitigating the confound-
ing effects of fluorophore maturation.





5

107

5
NON-GENETIC ADAPTATION BY

COLLECTIVE MIGRATION

Cell populations must adjust their phenotypic composition to adapt to changing environments.
One adaptation strategy is to maintain distinct phenotypic subsets within the population and to
modulate their relative abundances via gene regulation. Another strategy involves genetic mutations,
which can be augmented by stress-response pathways. Here, we studied how a migrating bacterial
population regulates its phenotypic distribution to traverse diverse environments. We generated
isogenic Escherichia coli populations with varying distributions of swimming behaviors and observed
their phenotype distributions during migration in liquid and porous environments. We found that
the migrating populations became enriched with high-performing swimming phenotypes in each en-
vironment, allowing the populations to adapt without requiring mutations or gene regulation. This
adaptation is dynamic and rapid, reversing in a few doubling times when migration ceases. By mea-
suring the chemoreceptor abundance distributions during migration towards different attractants,
we demonstrated that adaptation acts on multiple chemotaxis-related traits simultaneously. These
measurements are consistent with a general mechanism in which adaptation results from a balance
between cell growth generating diversity and collective migration eliminating under-performing
phenotypes. Thus, collective migration enables cell populations with continuous, multi-dimensional
phenotypes to flexibly and rapidly adapt their phenotypic composition to diverse environmental
conditions.
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5.1 INTRODUCTION
Cell populations use various mechanisms to adapt their phenotypic distribution to new environ-
ments. One approach is to acquire mutations, such as in bacterial efflux pumps [200] [201] or the
binding sites of EGFR [202] in cancer cells, to evade stressors. These processes typically occur over
tens of generations [203] [204] [205]. Another common approach is to regulate gene expression or
switching between discrete phenotypic states [206] [207]. A classic example of phenotypic switch-
ing is persister formation, where bacteria [26] [206] [208] or cancer cells [209] transition between
antibiotic-resistant and chemotherapy-tolerant states [210] [211].

Here, we examined whether and how a migrating bacterial population regulates its pheno-
typic composition according to the environments it encounters. Groups of Escherichia coli cells
collectively migrate by consuming attractant cues in their environment and chasing the traveling
gradient that they create [165] [212]. Individual cells with the same genotype exhibit varying tumble
biases (TB) (Figure 5.1a), chemoreceptor abundances (Figure 5.1b), and other chemotaxis-relevant
phenotypes, leading to differences in the speeds at which they climb the attractant gradients [175].
These cells can travel together by spatially organizing within the migrating group such that their
gradient-climbing abilities match the local steepness of the attractant gradient [165] (Figure 5.1c).
However, this spatial sorting mechanism is imperfect: cells at the back, or the low performers, slowly
fall behind the migrating population because the attractant concentration falls below the detection
limit of their receptors [165]. To maintain migration, the lost cells must be replaced through cell
divisions [153] [213].

A recent theoretical model proposed that a dynamic balance between loss of low-performing
phenotypes due to migration and production of new phenotypes by growth might be sufficient to
adapt the population’s composition to new environments [153]. These two processes would balance
out such that the traveling population becomes enriched with "fitter" phenotypes—those with
higher chemotactic performance—increasing its expansion speed [165] [153]. Since the demands
of migration are different in different environments, which phenotypes are enriched should depend
on the environment the population traverses [153] (Figure 5.1d). This proposed mechanism does
not require environment-dependent mutations or gene regulation. However, this model has never
been experimentally tested.

Here, we experimentally demonstrate this novel adaptation mechanism. By measuring the
distribution of swimming behaviors and chemoreceptor abundances during migration in distinct
environments, we observed that migrating E. coli populations tune their own distributions of
chemotactic behaviors, without relying on gene regulation or mutations. Adaptation relies on the
balance between the differential loss of low-performing phenotypes and the generation of diversity
by growth during migration in each environment. The relaxation from the adapted distribution to
the standing batch distribution occurs in approximately two generations. More broadly, migration
and other collective behaviors when combined with growth may generally provide rapid and flexible
ways for diverse populations to adapt to changing conditions.

5.2 RESULTS

5.2.1 COLLECTIVE MIGRATION TUNES THE POPULATION’S DISTRIBUTION

OF SWIMMING PHENOTYPES
First, we investigated whether the TB distribution of an E. coli population can be adapted during
collective migration with growth. Given that some swimming phenotypes are better at navigating
than others [165] [175] we expected the TB distribution of a population, regardless of its starting
point, to enrich for higher performing TBs during collective migration. To test this hypothesis, we
compared the TB distributions of populations grown to exponential phase in batch cultures to those
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of populations migrating at constant speed on agarose swim plates containing excess nutrients.
Excess nutrients ensure that cells in the migrating front are experiencing exponential growth [214]
[177].

Populations with different batch TB distributions were generated by controlling the expression
levels of the phosphatase CheZ using an inducible promoter in cells lacking the endogenous cheZ
gene, as previously described [165] [215] (Methods). Growing this strain with a high concentration
(16 ng/mL) or low concentration (2 ng/mL) of the inducer anhydrotetracycline (aTc) resulted in a
population with low average TB or high average TB, respectively (Figure 5.7). The TB distribution of
wild-type (WT) E. coli falls between these two extremes (Figure 5.1a).

To propagate migrating waves of growing bacteria, we utilized the classic swim plate assay, in
which cells migrate through a fibrous mesh of 0.14% w/v semisolid agarose supplemented with
excess nutrients [212] [167]. We inoculated E. coli populations with different batch TB distributions
at the center of agarose swim plates, let them migrate for 15 hours, collected cells at the edge of
the expanding colonies ("wave"), and measured their TB distributions by transferring the cells
to a liquid buffer and tracking single cells under a microscope. In parallel, we grew these same
populations with identical inducer concentrations in shaking flasks ("batch") until exponential
growth phase and measured their TB distributions (Figure 5.2a). The inducer aTc degrades over
time; therefore, we aged aTc before adding it to the batch culture growth medium to mimic the
conditions in the migrating wave (Figure 5.2; Methods). The same experiments were performed
with WT cells in the absence of aTc. By comparing the TB distributions of populations that had
migrated on the plates with those propagated in batch culture, we quantified the effect of collective
migration on the populations’ TB distributions.

We found that the TB distribution of the high-TB population (batch mean TB = 0.31 ± 0.01,
uncertainties throughout are the standard errors of the mean across biological replicates) shifted
toward lower TBs (final mean TB = 0.23 ± 0.03) during migration on plates (Figure 5.2e, 5.1h).
Conversely, the TB distribution of the low-TB population (batch mean TB = 0.10 ± 0.01) shifted to
higher TBs (final mean TB = 0.18 ± 0.01) after migration on the plates (Figure 5.2c, 5.2f). In both
cases, the populations became enriched for cells with intermediate TBs of ∼ 0.2, close to the mean
TB of wild-type populations grown in batch culture (mean TB = 0.22 ± 0.03) (Figure 5.9). Consistent
with these observations, the TB distribution of the migrating WT population (final mean TB = 0.22
± 0.01) was similar to its batch culture distribution (Figure 5.2d, 5.2g). All changes in the mean
TB during migration were statistically significant, as measured by two-sided t-test, except that of
the WT population. Samples harvested 1 cm behind the migrating populations were marginally
enriched for the low-performing TBs, though the effect was not significant, possibly because growth
also occurred between the moment when these cells fell behind and when they were harvested
(Figure 5.10).

To quantify how these shifts in phenotype composition affected migration speed, we measured
the expansion radius of the migrating waves of the three populations on agarose swim plates
over time and calculated the steady-state expansion speed using the slope of the linear part of the
expansion radius profile (Methods; Figure 5.2b and Figure 5.11). Early time points in migration could
not be measured because the ring was not clearly visible. We found that the CheZ mutants reached
their steady state speeds much later than the WT, possibly due to the scarcity of high-performing
phenotypes in the batch culture distributions. However, once the CheZ mutants reached steady
state, their migration speeds were close to that of the WT, illustrating the effectiveness of the
adaptation mechanism. In particular, the WT population (mean steady-state expansion speed
0.174 ± 0.007 mm/min) and the high-TB population (0.170 ± 0.02 mm/min) expanded the fastest
(difference in speed was not statistically significant). The low-TB population was slower (0.150 ±
0.02 mm/min; significant to P < 0.005), possibly due to the presence of very low-TB cells in the
adapted population (Figure 5.9). The growth rates of WT, low-TB, and high-TB populations were
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similar (Figure 5.12), therefore differences in the steady state expansion speeds were solely due
to differences in chemotactic performance. Thus, migrating populations become enriched with
high-performing phenotypes, increasing migration speed. In this environment, cells with TB close
to 0.22 appear to perform best, which coincides with the average TB of the WT population in batch
culture (Figure 5.9).

a b

c d

Figure 5.1: Isogenic populations of bacteria exhibit diversity in behavioral and sensory phenotypes while
performing collective migration. (a) In an isogenic population of E. coli, there is diversity in swimming behaviors,
which can be quantified, for example, by measuring tumble bias in E. coli RP437 (Nrep = 3, Ncells = 9,417).
(b) There is also diversity in sensory ability, which correlates with variations in Tsr levels (as measured in E.
coli MG1655, Nrep = 3, Ncells = 1,695). (c) Under nutrient-replete conditions, cells consume attractants and
collectively migrate using the resulting traveling attractant gradients [177]. During this process, cells spatially
organize based on their ability to climb the traveling gradients [165]. Cells with higher chemotactic performances
lead at the front, while cells with lower chemotactic performances travel at the back and eventually fall behind
the migrating group. In such nutrient-replete conditions, cells continue to divide and generate diversity by
replenishing phenotypes. (d) Theory predicts [153] that the balance between environment-dependent cell loss
and growth enables the migrating isogenic population to dynamically tune its phenotypic composition to the
environments it traverses.

5.2.2 TUNING OF SWIMMING PHENOTYPE DISTRIBUTIONS IS NON-GENETIC

AND OCCURS WITHOUT CHANGES IN CHEYZ EXPRESSION
What mechanism enables a migrating bacterial population to tune its TB distribution? Our recent
theory predicts that the tuning of phenotypic distributions is a dynamic, non-genetic process
mediated by the loss of low-performing chemotaxis phenotypes [165] and production of new
phenotypes through growth [153] [176] [199]. However, during our swim plate assays, cells in
the migrating populations could potentially acquire mutations that permanently altered their
swimming behaviors [203] [204] [205]. If TB tuning was non-genetic, then we expected that the TB
distributions of cells in the migrating waves would revert to their standing TB distributions when
grown in batch culture.

To distinguish between these possibilities, we isolated cells from the edge of the low- and high-
TB migrating colonies on agarose swim plates, inoculated them into batch cultures with aTc, and
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measured their TB distributions after growth (Figure 5.3a). The TB distributions of the migrating
populations relaxed to their standing TB distributions after re-growth in batch culture, suggesting
that the cells in the migrating population did not acquire mutations that permanently altered their
swimming behaviors (Figure 5.3b, 5.3c).

Even without mutations, the observed shifts in TB distribution during migration could have
been due to changes in gene expression. Chemotaxis is regulated during E. coli growth, leading to
changes in a population’s TB distribution at different growth phases [176]. We verified that, in our
conditions, TB and tumble frequency (TF) did not vary during steady, exponential growth phase
(see Figure 5.13 and discussion therein). Still, if cells experienced different growth conditions as they
migrated, expression of the response regulator CheY and its phosphatase CheZ could be affected,
thus changing TB [165] [175]. Given that there was excess nutrient on the plates, we expected that
bacteria would remain in exponential phase for the duration of the experiment, and therefore that
cheY and cheZ regulation would be constant throughout the plate as the population migrates. We
measured the protein expression levels of CheY and CheZ by fusing them to fluorescent proteins
(RFP and YFP, respectively) at their native chromosomal loci in a non-motile strain. This non-motile
strain acted as a biosensor for detecting in vivo changes in cheYZ expression. We spread these
cells uniformly on agarose swim plates, initiated migrating waves of motile, unlabeled WT cells at
the center of the plates, and then picked cells from both the center and the edge of the migrating
colonies (Methods). Fluorescent microscopy measurements (Methods) revealed no significant
differences in CheY and CheZ levels between cells sampled from the center vs. the edge (Figure
5.14). This indicated that the expression of cheY and cheZ remains constant across the entire plate
even as the wave migrates. We confirmed that migrating populations did not experience catabolite
repression [216] [217] during the period of our measurements since catabolite repression effects
only appeared at much longer times (Figure 5.15).

Together, these observations indicated that the adaptation of TB distributions was highly
unlikely to be mediated by mutations or gene regulation.

5.2.3 TUNING OF SWIMMING PHENOTYPE DISTRIBUTIONS ADAPTS THE POP-
ULATION TO THE PHYSICAL ENVIRONMENT

We have demonstrated that migrating cell populations non-genetically tune their own phenotypic
composition, enriching the population for high-performing chemotaxis phenotypes. Since the
performance of chemotaxis phenotypes varies in different environments [153], we expected that the
TB distribution during migration would depend on the environment that the population traversed.
Whereas cells need to tumble to escape traps in semisolid agarose [153] [167] [218], past work has
shown that cells with low TB climb chemical gradients faster in liquid [175] [219]. This suggests that
the highest-performing phenotype in liquid has a lower TB than that in semisolid agarose, and thus
migrating populations would enrich for lower TBs in liquid than in agarose.

To test this, we measured the TB distributions of migrating populations after traveling through
a liquid environment (Figure 5.4a). We again generated populations of E. coli with low and high
average TBs and propagated migrating waves with these populations, as well as the wild-type, in
capillary tubes filled with liquid media for 9 hours. aTc was pre-aged so that the total aging time
at the end of the capillary experiments was the same as in our agarose swim plate experiments.
We then isolated cells from the migrating populations and measured their TB distributions after
migration.

The WT population’s TB distribution (batch mean TB = 0.22 ± 0.03) shifted to lower TB (final
mean TB = 0.18 ± 0.01) during collective migration in liquid (Figure 5.4d, 5.4g). Low-TB cells were
enriched up to a factor of 10, whereas high-TB cells were filtered out. When the population with
high TB (batch mean TB = 0.31 ± 0.01) traveled through capillary tubes, its TB distribution shifted
lower than it did when traveling on agarose swim plates (final mean TB = 0.16 ± 0.01) (Figure 5.4e).
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Figure 5.2: Migration in agarose swim plate tunes TB distribution of the population. (a) Experimental design:
a swim plate and shaking flask containing the same amount of inducer are inoculated with the same initial
population. TB distributions are measured and compared between batch and the migrating ring (“wave”)
after spending the same amount of time in either condition. (b) Expansion speeds of RP437 wild-type (mean
expansion speed 0.174±0.007 mm/min; uncertainties throughout the paper are the standard errors of the
mean across replicates; here, Nrep = 12), ∆che Z (pTet-CheZ) induced with 2 ng/mL aTc (mean 0.170±0.02
mm/min; Nrep = 6), and 16 ng/mL (mean 0.150±0.02 mm/min; Nrep = 6) populations on agarose swim plates.
The expansion radius over time was measured laterally and in one direction from the center to the edge of
the migrating colony. Two-sided t-tests were performed throughout the text to determine significance of the
difference between pairs of means (throughout, *** = P < 0.0005, ** = P < 0.005, * = P < 0.05, and n.s. = not
significant). (c) Populations with low initial mean TB (mean TB = 0.10±0.01; Nrep = 3, Ncells = 21,891) shift
toward a higher mean TB after migration on the plates (0.18±0.01; Nrep = 3, Ncells = 5,103). The shaded area
on the TB distribution represents the standard error of the mean probability in each TB bin. Significance here
and throughout the Figures refers to change in the mean of the distribution. (d) There was minimal or no
shift in wild-type population’s TB distribution during collective migration on the plates (0.22±0.01; Nrep = 3,
Ncells = 15,774 cells) compared to batch culture (0.22±0.03; Nrep = 3, Ncells = 9,417). (e) On the other hand,
populations with high initial mean TB (0.31±0.01; Nrep = 3, Ncells = 26,254) shifted toward a lower mean TB
after migration (0.23±0.03; Nrep = 3, Ncells = 6,951). (f ) When low-TB populations migrated on the plates, fold
enrichment of cells with high TB was observed, while cells with low TB were filtered out (Nrep = 3). The shaded
area on the fold-enrichment throughout represents the standard errors of the mean enrichment values within
each TB bin. (g) No enrichment or filtering of TB was observed in wild-type populations (Nrep = 3). (h) When
high-TB populations migrated on the plates, enrichment of cells with low TB was observed, while cells with
high TB were filtered out (Nrep = 3).
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The enrichment of low-TB cells and filtering out of high-TB cells were much stronger in the capillary
tubes (Figure 5.4h) compared to the agarose swim plates (Figure 5.2h). The TB distributions of
the low-TB population (batch mean TB = 0.10 ± 0.01) shifted to a slightly higher mean TB when
traveling through capillary tubes (final mean TB = 0.15 ± 0.03), but the shift was not statistically
significant (Figure 5.4c). In this case, the enrichment of high-TB cells and filtering out of low-TB
cells was weaker in the capillary tubes (Figure 5.4f) compared to agarose swim plates (Figure 5.2f).

As in agarose, the position of migrating waves in capillary tubes increased linearly after they had
propagated a few centimeters, indicating that their expansion speeds had reached steady state at
the time we measured TB (Figure 5.16). Adaptation enabled the CheZ mutants and WT population
to reach similar steady state migration speeds. The low-TB population had the fastest expansion
speed (mean expansion speed 0.396 ± 0.003 mm/min). Its TB distribution shifted the least during
migration in capillary tubes, suggesting that its standing TB distribution was better adapted for
migration in liquid than the WT and high-TB populations (Methods; Figure 5.4b). The expansion
speed of the WT population was statistically indistinguishable from this (0.386 ± 0.01 mm/min).
Finally, the high-TB population expanded slower than the other two populations (0.353 ± 0.001
mm/min).

Together, these results established that shifts in TB distribution during collective migration of
E. coli enriched for phenotypes with highest chemotaxis performance in the environment being
traversed.

We also tested whether environment-dependent adaptation of TB distributions by collective
migration occurred in other wild-type E. coli strains, including: 1) HE205, a NCM3722 derivative
from the Cremer and Hwa labs [177], 2) AW405, a K-12 strain originated from the Berg lab [167],
3) MG1655, a common K-12 lab strain [220], and 4) TW09231, or Escherichia sp. TW09231, a wild
isolate from Lake Michigan [221]. In all cases, migration in liquid resulted in populations enriched
with lower TB cells than when migrating in agarose (Figure 5.17), consistent with adaptation by
collective migration. These results demonstrate environment-dependent tuning of TB distributions
across a wide range of both lab E. coli strains and a wild isolate, highlighting the universality of this
adaptation mechanism.

5.2.4 ADAPTED TB DISTRIBUTION RAPIDLY RELAXES BACK TO BATCH DIS-
TRIBUTION

How quickly do the adapted phenotypic distributions of a migrating population revert to the original
batch distribution?To quantify this, E. coli populations were isolated from capillary tube assays and
reinoculated into batch cultures. TB distributions were measured every 15-30 minutes throughout
the growth period (Figure 5.5a). We fitted the mean TB values over time to an exponential model to
determine the characteristic timescale on which the mean TB returns to the level observed in batch
culture (Methods). For wild-type RP437, it took about 2 doubling times for the TB distributions to
return to those observed in batch cultures (Figure 5.5b). The relaxation time scale of the mean was
τ=65.2±1.6 min and the doubling time was 68.8±1.5 min. The result was similar for an E. coli strain
with slower growth rate, HE205. Its TB distribution also relaxed within approximately 2 doubling
times (Figure 5.5c). The relaxation time scale of the mean was τ=106.1±6.3 min and the doubling
time was 92.3±3.4 min. These results demonstrate that adaptation by collective migration is rapidly
reversible, requiring only a few generations of growth.

5.2.5 COLLECTIVE MIGRATION TUNES THE POPULATION’S DISTRIBUTION

OF SENSING PHENOTYPES TO ADAPT TO THE CHEMICAL ENVIRONMENT
Numerous phenotypic traits, in addition to tumble bias, affect a bacterium’s chemotactic perfor-
mance. One such trait is the cell’s sensing capability, which correlates with the abundances of its
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Figure 5.3: Tuning of TB by collective migration is reversible. (a) To determine whether the tuning of TB
becomes fixed or remains adaptable, we isolated cells from the edge of the migrating colonies (“wave”), grew
the cells in liquid batch culture until exponential phase, and measured the TB distributions after growth (“wave-
batch”). (b) Black and red are the TB distributions of populations with high initial TB before and after migrating
on agarose swim plates (data replotted from Figure 5.2e). Blue: TB distribution of cells that migrated (red)
after regrowth in batch culture (mean TB = 0.30 ± 0.01; Nrep = 3, Ncells = 15,774). The TB distributions of the
populations that migrated on agarose swim plates, after growing in flasks, shifted back to the original batch
culture’s distributions. (c) Similar to (b), the TB distributions of populations with low initial TB, after growing in
flask (blue; 0.13±0.02; Nrep = 3, Ncells = 20,403), shifted back to the TB distributions observed in batch culture
(black and red distributions are replotted from Figure 5.2c). The mean values of “batch” and “wave-batch” TB
distributions in both cases are not significantly different.
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Figure 5.4: Tuning of TB distribution is different in liquid environment. (a) Experimental design: a capillary tube
and shaking flask containing the same amount of inducer are inoculated with the same initial population. TB
distributions are measured and compared between batch and the migrating cells (“wave”). (b) Expansion speeds
of RP437 wild-type (mean 0.386 ± 0.01 mm/min; Nrep = 9),∆cheZ (pTet-CheZ) induced with 2 ng/mL aTc (mean
0.353 ± 0.001 mm/min; Nrep = 9), and 16 ng/mL aTc (0.396 ± 0.003 mm/min; Nrep = 9) populations in capillary
tubes. (c) In liquid, populations with low initial mean TB (mean TB = 0.10 ± 0.01; Nrep = 3, Ncells = 21,891) shift
toward a higher mean TB (0.15 ± 0.03; Nrep = 3, Ncells = 20,403), but which is slightly lower than the mean TB in
agarose swim plates (0.18 ± 0.01, as in Figure 5.2c). (d) Unlike in agarose swim plates, wild-type population’s TB
distribution (0.22 ± 0.03; Nrep = 3, Ncells = 9,417) shifted toward a lower mean TB during collective migration in
capillary tubes (0.18 ± 0.01; Nrep = 3, Ncells = 16,768). (e) Populations with high initial mean TB (0.31 ± 0.01;
Nrep = 3, Ncells = 26,254) shifted toward a lower mean TB (0.16 ± 0.01; Nrep = 3, Ncells = 13,434). The mean
TB value is lower than what was observed during migration on agarose swim plates (0.23 ± 0.03, as in Figure
5.2d). (f ) For the migration of low-TB populations, the fold enrichment is smaller than in agarose swim plates
(Nrep = 3). (g) Wild-type populations migrating in capillary tubes were enriched for low-TB cells (Nrep = 3),
unlike what we observed when they migrated on agarose. (h) For high-TB populations, fold enrichment was
stronger in capillary tubes compared to migration in agarose swim plates (Nrep = 3). More low-TB cells are
enriched during migration in capillary tubes than on agarose plates.
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Figure 5.5: Adapted TB distribution relaxes back to the standing batch distributions within a few generations.
(a) Experimental design: E. coli RP437 and HE205 populations were inoculated in capillary assays and allowed
to migrate for 9 hours. Migrating populations were isolated and grown in batch cultures. TB measurements were
taken from the batch culture over the course of growth every 15 minutes (RP437) or 30 minutes (HE205). (b) In
approximately 2 generations (growth rate = 0.604 ± 0.01 hour−1; τdoubling = 68.8 ± 1.5 minutes; errors are the
standard errors of the mean growth rates and doubling times; Nrep = 3), the mean TB of migrating populations
returns back to the mean TB of populations observed in batch culture (the mean TB of the batch culture is
represented as a horizontal dashed line). The gray dots represent the mean TB of individual biological replicates.
The red dots represent the means across replicates (calculated from more than 30,844 trajectories for each time
point; Nrep = 5), and the error bars indicate the standard errors of the mean. The means and standard errors
across replicates were fitted with an exponential model, and a characteristic relaxation timescale τ and its error
were determined using maximum likelihood estimation (see Methods). The black line represents the model
fit, and the shaded area represents the standard deviation of the model. τ for RP437 is 62.5 ± 1.6 minutes—the
error is the standard deviation of the estimated τ. (c) Same as (b), but for HE205. The blue dots represent the
means across replicates (calculated from more than 5,920 trajectories for each time point; Nrep = 5). It takes

approximately 2 generations (growth rate = 0.45 ± 0.01 hour−1; τdoubling = 92.3 ± 3.4 minutes; Nrep = 3) for the
TB distributions to relax back to the batch culture. τ for HE205 is 106.1 ± 6.3 minutes.
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chemoreceptors [222] [150]. E. coli express five chemoreceptor species, of which ∼90% are either
Tar, which binds preferentially to L-aspartate, or Tsr, which binds preferentially to L-serine [160]
[172] [149]. Notably, Tsr is expressed separately from the chemotaxis operon—which includes,
among other genes, Tar, CheY, and CheZ [2]—allowing its abundance to vary independently of other
chemotaxis genes affecting chemotaxis performance. Therefore, we predicted that Tsr could be
enriched in a migrating wave that chases its cognate ligand L-serine.

We measured the Tsr protein expression levels in populations of E. coli migrating on agarose
swim plates with 100 µM L-aspartate or 100 µM L-serine as attractants, and no other amino acids
(Figure 5.6a). As a carbon source, we used glycerol because it is not an attractant [212]. To measure
single-cell Tsr levels, we fused tsr on its native locus with mYFP (Methods). We used MG1655 as the
parent strain here because, unlike RP437 [2] [223], it is not restricted by auxotrophic limitation and
can grow in minimal media in the absence of amino acids. The expansion speed of the population
was faster in serine (0.88 ± 0.05 mm/hr) than in aspartate (0.52 ± 0.1 mm/hr) (Figure 5.6b), consistent
with previous reports [177].

We compared the average mYFP fluorescence in single cells picked from the edge of the migrat-
ing colonies versus those grown in batch cultures supplemented with the same concentration of
either L-aspartate or L-serine (Methods). When aspartate was the chemoattractant, distributions of
Tsr levels within the migrating populations on swim plates were similar to those grown in batch
cultures, with the mean Tsr level statistically indistinguishable from batch culture (Figure 5.6c;
mean intensities 〈Tsr〉batch = 23.7±0.4 µm−2 and 〈Tsr〉wave = 27.2±3.8 µm−2). We observed a slight
enrichment of intermediate Tsr levels (Figure 5.6d), possibly because of the assistance Tsr provides
to the adaptation of Tar (CheR and CheB can methylate and demethylate neighboring Tar receptors
when bound to the pentapeptide of Tsr) [224] [225].

In contrast, collective migration led to strong enrichment for cells with high levels of Tsr
when the population chased serine (Figure 5.6e, 5.6f; 〈Tsr〉batch = 29.6±2.9 µm−2 and 〈Tsr〉wave =
53.6±6.5 µm−2). While the distribution of Tsr changed significantly depending on the attractant
the population was chasing (see Figure 5.18 for a direct comparison), the distributions of TB were
similar across attractants, with only a mild adjustment in serine (Figure 5.19), suggesting that
adaptation of these two traits is nearly independent.

To confirm that the shift in the distribution of Tsr levels was not due to gene regulation, we
employed an analogous strategy to the one described above for CheY and CheZ (Figure 5.13a), here
using a non-motile strain expressing fluorescently-labelled Tsr from its native locus (Figure 5.20a).
There were no differences in the Tsr levels between non-motile cells harvested at the migrating
edge and at the center of the plate, suggesting that tsr gene expression changes negligibly during
collective migration (Figure 5.20b, 5.20c). Tsr levels were not regulated by serine or aspartate
consumption (when these amino acids were present in batch cultures at the same concentrations
as in the swim plates) (Figure 5.21), nor were TB distributions (Figure 5.22). This further indicated
that the receptor enrichment that we measured after migration on swim plates was not caused by
altered gene expression or metabolic effects due to the presence of amino acids.

Taken together, these observations demonstrated that adaptation by collective migration gener-
alizes to sensory phenotypes: migrating populations non-genetically adapted their distributions of
receptor abundances, depending on the attractants they were chasing. Thus, collective migration
combined with growth can enrich for multiple, continuous phenotypic traits and non-genetically
adapt migrating populations to diverse environmental conditions.
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Figure 5.6: Collective migration tunes the chemoreceptor levels depending on the attractants. (a) Experimental
design: E. coli MG1655 wild-type with YFP-labelled Tsr was inoculated on swim plates supplemented with 100
µM aspartate or 100 µM serine. The fluorescence of single cells was measured in populations at the edge of the
migrating colonies (“wave”) and in populations growing in batch culture. The single-cell fluorescence divided by
the cell area is used as a proxy for receptor concentration. (b) The expansion speeds of the migrating populations
in agarose swim plates supplemented with 100 µM aspartate (0.52 ± 0.1 mm/hr; Nrep = 3) or 100 µM serine (0.88
± 0.05 mm/hr; Nrep = 3). (c) Black is the distribution of Tsr levels of populations grown in batch culture with

added aspartate (mean Tsr intensity = 23.7 ± 0.4 µm−2; Nrep = 3, Ncells = 2,076), and blue is the distribution of

Tsr levels of the migrating populations that chased aspartate (27.2 ± 3.8 µm−2; Nrep = 3, Ncells = 1,617). Shaded
areas on the Tsr intensity distributions are the standard errors of the mean probabilities in each bin of intensity
value. (d) When chasing aspartate, the distributions of Tsr levels in migrating populations remained close to that
in batch cultures, with only a weak fold increase in cells with intermediate Tsr levels and a weak fold decrease in
cells with high Tsr levels. The shaded area on the fold-enrichment throughout is the standard error of the mean
enrichment values within each bin of Tsr intensity value. (e) Black is the distribution of Tsr levels of populations
grown in batch culture with added serine (29.6 ± 2.9 µm−2; Nrep = 3, Ncells = 1,695), and blue is the distribution

of Tsr levels of the migrating populations that chased serine (53.6 ± 6.5 µm−2; Nrep = 3, Ncells = 675). (f ) During
collective migration on swim plates supplemented with serine, there was a strong enrichment of cells with
higher Tsr levels, while cells with lower Tsr levels were filtered out.
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5.3 DISCUSSION
Here, we investigated how a population of cells adapts its distribution of phenotypes to migrate
effectively in multiple environments. We discovered that migrating populations of E. coli can
tune their distributions of swimming behaviors and sensing capabilities based on the physical
and chemical properties of their environment. This tuning occurs dynamically and is explained
by a model in which loss of low-performing chemotaxis phenotypes from a migrating front [165]
balances the production of new phenotypes by growth [153] [199]. This mechanism, which we
demonstrated in multiple E. coli strains, can act on pre-existing variability in gene expression
but does not require de novo changes in gene expression or mutations. By rapidly and reversibly
enriching for fitter individuals based on the demands of the current environment, this mechanism
increases the population’s expansion speed across a wide variety of potential environments.

We examined two phenotypes that impact chemotaxis performance: tumble bias and receptor
abundance. In liquid, low tumble bias cells are known to climb a fixed gradient faster [175]. Con-
sistent with this, wild-type RP437 populations enriched for low-TB cells when migrating in liquid.
When migrating on agarose, however, the TB distribution did not change from the standing batch
distribution. Furthermore, both CheZ-inducible populations, with high or low initial mean TB,
shifted toward the standing batch distribution of the wild-type RP437 (Figure 5.8). This suggests
that the standing batch TB distribution of wild-type RP437 is already adapted for navigation in
agar/agarose. Indeed, RP437 is a standard laboratory strain that has been used to study motility for
decades [223] [226] and was originally selected for motility on agar swim plates. In all the strains we
tested, the tumble bias distribution when migrating in liquid was enriched for lower TB cells than
when migrating on agarose (Figure 5.5a, 5.5b, and Figure 5.15). This is consistent with previous
findings that tumbling slows migration in liquid [175] [219], but that tumbles are needed to escape
traps in porous environments [167] [227] [228]. More broadly, we expect that any phenotypic trait
that contributes to chemotaxis performance can be enriched during collective migration. For
example, standing variation in FliC expression can lead to variation in swimming speed [174], and
migrating fronts have been shown to be enriched with cells with higher FliC expression [214]. This
observation could be due to adaptation by collective migration, possibly in tandem with gene
regulation. Finally, it is always possible for one of the countless strains of bacteria in nature to
encounter an environment in which its phenotype composition is poorly adapted. In these cases,
we expect non-genetic adaptation to have large effects on its traveling phenotype distribution.

We also found that the adapted TB distributions relaxed back to the batch culture distribution
in about two generations, indicating some degree of nongenetic inheritance. This is consistent
with a previous study which showed that swimming traits of individual E. coli cells are partially
and nongenetically inherited across multiple generations [199]. While non-genetic inheritance
of chemotactic traits [199], and other traits like antibiotic resistance [229], sporulation [230], iron
metabolism [231] were studied previously, the molecular mechanism of how these traits are inher-
ited remains to be explored further. Indeed, non-genetic inheritance of chemotactic traits may
involve partitioning of chemoreceptors, flagellar components, and other regulatory elements from
the mother to daughter cells during cell division.

Recent research emphasizes the crucial role of emergent spatial structures during collective
migration in enhancing genetic diversity within bacterial communities [232]. In traditional well-
mixed environments, resource competition leads to the extinction of species with lower relative
growth fitness [233]. However, during collective migration, species with lower relative growth
fitness can coexist by competing for spatial territories rather than resources [203] [232], and avoid
extinction by colonizing specific habitats within the migrating colony. Furthermore, recent experi-
ments demonstrate the evolution of mutants with different navigation capabilities from isogenic
migrating populations [203], suggesting that the emergent spatial organization of phenotypes could
contribute to genetic diversity [165] [177] [166] [234]. Together with our observation that environ-
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ment determines the specific distribution of phenotypes that is enriched, these results suggest that
relative spatial arrangements of phenotypes within migrating groups may play an important role in
eco-evolutionary dynamics.

Collective migration is not exclusive to bacteria; it also occurs in eukaryotic systems where
cells consume or degrade attractants to form and chase self-generated gradients, a mechanism
observed in various contexts including cancer and development [235] [236]. Some examples are
the migration of lateral line of zebrafish embryos [237], neural crest cells in Xenopus laevis [238],
and melanoma cells [239]. The tuning of phenotypic distributions during collective migration
only requires that some cells, due to their specific traits, are more adept at navigating than others,
therefore creating a “leader-follower” structure. Thus, adaptation by collective migration may be a
general strategy for cell populations to colonize diverse environments effectively.

Our work demonstrates a new mechanism for population-level adaptation in biology. Adapta-
tion mechanisms such as stochastic switching [207] [26] [240] and regulating gene expression are
fast (∼1 generation) but are limited to the adaptation of a few phenotypic traits and often require
dedicated pathways to implement. Adaptation by genetic mutations avoids these limitations but is
slow (∼10 generations) [203] [204] [205]. In contrast, standing variation in numerous phenotypic
traits among individual cells is ubiquitous. Our findings demonstrate that when collective behaviors
create selection pressures which shape that variation, cell populations can reversibly adapt multiple
traits with a level of speed and flexibility that is difficult to achieve via classical mechanisms.

a b

Figure 5.7: A genetic construct that tunes TB distribution of a population. (a) To tune tumble bias distributions,
we utilized an E. coli RP437 ∆che Z strain that carries an aTc-inducible cassette of cheZ that is integrated in
the chromosome at the attB site (RP437 ∆che Z pTet-cheZ). (b) E. coli populations with different initial TB
distributions were generated by inducing RP437 ∆che Z pTet-cheZ strain with different aTc concentrations.
High aTc concentration (16 ng/mL) formed low mean TB populations (mean TB = 0.10 ± 0.01; Nr ep = 3,
Ncel l s = 21,891), and low aTc concentration (2 ng/mL) formed high mean TB populations (mean TB = 0.31 ±
0.01; Nr ep = 3, Ncel l s = 26,254).
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a b

Figure 5.8: The inducer aTc degrades over time. Tumble bias distribution of RP437 ∆che Z pTet-cheZ grown in
batch culture supplemented media with 2 ng/mL (mean TB = 0.2 ± 0.01; Nr ep = 3, Ncel l s = 42,301), (a) and 16
ng/mL (mean TB = 0.10 ± 0.01; Nr ep = 3, Ncel l s = 21,093), (b) of fresh aTc or aTc that was aged for 15 hours
(replotted from Figure 5.1b). 15 hours was how long we waited until we isolated the edge of the migrating colony.
Except for 16 ng/mL aTc, the distributions of tumble biases increased in mean values if the strain was grown in
aged aTc, suggesting that aTc degrades in the growth media over time.
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Figure 5.9: Migration in agarose swim plate tunes the population’s TB distribution toward the TB distribution
of wild-type population. The black curves are the TB distributions of low- and high-TB populations grown in
batch culture, and the red curves are the TB distributions of those populations after migration on agarose swim
plates, as shown in Figure 5.2c and 5.2e. The green curve is the TB distribution of wild-type E. coli RP437 grown
in batch culture (mean TB = 0.22 ± 0.03; Nr ep = 3, Ncel l s = 9,417).
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Figure 5.10: TB distributions of cell populations that fall behind during collective migration. (a) Experimental
design: Low-TB and high-TB E. coli HE205 ∆che Z (pTet-CheZ) populations (“batch”) was inoculated on swim
plates supplemented with 100 µM aspartate and appropriate inducer concentrations. After 16 hours of growth
and migration on swim plates, the TB distributions of populations picked at the edge (red) and middle (located
∼1 cm behind the edge, magenta) were measured. (b) Populations with higher initial mean TB (0.25 ± 0.01;
Nr ep = 3, Ncel l s = 5,164) shift toward a lower mean TB after migration on the plates (0.20 ± 0.01; Nr ep = 3,
Ncel l s = 6,307), similar to our observation in E. coli RP437 (see Figure 5.2e). The TB distributions of populations
at the “middle” (mean TB = 0.26 ± 0.02; Nr ep = 3, Ncel l s = 5,602) were similar to the TB distributions observed
in batch cultures, and the TB distributions of populations at the “center” have the highest mean TB. (c) Cells
with low TBs were enriched, while cells with high TBs were filtered at the edge of the migrating colonies. Cells
with low TBs were depleted behind the wave (Nr ep = 3). (d) Same as (b) but with populations with lower initial
mean TB. The TB distributions of populations with lower mean TB (0.10 ± 0.01; Nr ep = 3, Ncel l s = 2,090)
shifted to a higher mean TB value (0.13 ± 0.01; Nr ep = 3, Ncel l s = 3,151) during migration on the swim plates.
The population that fell behind exhibited similar TB distributions to the batch cultures (0.10 ± 0.01; Nr ep = 3,
Ncel l s = 2,625). Shaded area is the standard errors of the probability density values at each TBs (Nr ep = 3,
Ncel l s > 1000 for each TB distributions). (e) Cells with higher TBs were enriched, while cells with very low TBs
were filtered out at the edge of the migrating colonies. No enrichment was observed behind the migrating edge
(Nr ep = 3).



5.3 DISCUSSION

5

123

0 200 400 600 800 1000
Time (min)

0

2

4

6

8

Ex
pa

ns
io

n 
ra

di
us

 (c
m

)

WT
2 ng/mL
16 ng/mL

Figure 5.11: Expansion dynamics of migrating E. coli RP437 populations on swim plates. Expansion radius of
wild-type E. coli RP437 and the CheZ-inducible population (induced with 2 ng/mL and 16 ng/mL aTc) over
time. Shaded area is the standard error of the mean expansion radius. The curves start at when the expansion
ring became visible on the swim plate assays (Nr ep = 6 for the 2 ng/mL and 16 ng/mL curves; Nr ep = 12 for the
WT curve).
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Figure 5.12: The growth rates of RP437 wild-type and ∆che Z (pTet-CheZ) populations are identical. Growth
rates of RP437 wild-type (mean 0.5663 ± 0.03 1/hr, throughout, uncertainty is the standard deviation of the
means across replicates, Nr ep = 3), ∆che Z (pTet-CheZ) induced with 2 ng/mL aTc (mean 0.5526 ± 0.04 1/hr,
Nr ep = 3), and 16 ng/mL aTc (mean 0.5608 ± 0.04 1/hr, Nr ep = 3) populations. The differences in growth rates
cannot explain the differences in the expansion speeds of WT and ∆che Z (pTet-CheZ) populations in agarose
swim plates and capillary tube assays.
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a b
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Figure 5.13: Mean TB and TF do not change across various optical densities during steady exponential growth
phase in batch cultures. a) Growth curve of E. coli RP437 during steady exponential growth into saturation. To
eliminate the effect of the recovery from stationary growth phase on motility, overnight cultures were diluted
into fresh media by a factor of 100 and grown to early exponential growth phase (OD600 = 0.1). The cultures
were diluted again into fresh media to OD600 = 0.05. OD600, mean tumble bias (TB) and tumble frequency (TF)
were then measured at different timepoints of growth until early stationary growth phase. b,c) Mean TB and
TF did not vary across different OD600 during steady exponential phase growth. Red points are the mean and
error bars are the standard errors of the means (Nr ep = 5, each mean TB was calculated from at least 17,719
trajectories). A previous study by Staropoli et al.[176] observed that TF and tumble duration (TD) varied with
OD600. However, in that study, motility was measured after diluting cells from stationary phase into fresh media.
This could affect tumble measurements, as motility is low during the recovery from stationary to exponential
phase [177]. d) Still, calculating TB = TF/(TF+1/TD) from Staropoli et al.’s data shows that TB is invariant with
respect to OD600 in their conditions.
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Figure 5.14: The shift in TB distribution is not due to changes in the CheY and CheZ expressions. (a) Motile
RP437 wild-type bacteria migrated in agarose swim plates that were filled homogeneously with non-motile
E. coli RP437 cells with labelled CheY or CheZ (CheY-mRFP or CheZ-mYFP respectively). Fluorescent signal
of CheY or CheZ of the biosensor were measured at the center versus the edge of the migrating colonies. (b)
Distribution of CheZ-mYFP over a single cell’s area at the center (mean CheZ intensity = 0.96 ± 0.02 µm−2;
Nr ep = 3, Ncel l s = 739) and the edge (mean CheZ intensity = 6.3 ± 4.6 µm−2; Nr ep = 3, Ncel l s = 1,076) of the
colony. (c) Distribution of CheY-mRFP over a single cell’s area at the center (mean CheY intensity = 0.95 ± 0.19
µm−2; Nr ep = 3, Ncel l s = 739) and the edge (mean CheY intensity = 11.3 ± 1.4 µm−2; Nr ep = 3, Ncel l s = 1,076)
of the colony. The distributions at the center and edge of the migrating colonies are similar, suggesting that
the shift in TB distributions observed after migration on agarose swim plates is not due to changes in gene
expression of CheY and CheZ. Shaded area is the standard error of the mean probabilities within each bin of
CheZ or CheY intensity values.
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Figure 5.15: Cells experience catabolite repression after prolonged migration. Using the same experimental
setup (shown in Figure 5.13), the CheY and CheZ expressions were measured at the center versus the edge of the
migrating colonies at 14 hours and 35 hours. After 35 hours of migration, populations at the edge and center
exhibit higher CheY (a) and CheZ (b) expression. The CheY expression of populations isolated at the center
(mean CheY intensity = 22.3 ± 10.2 µm−2; Nr ep = 3, Ncel l s = 1,090) and edge (18.5 ± 2.72 µm−2; Nr ep = 3,
Ncel l s = 1,993) are not significantly different. The CheZ expression of populations picked at the center (mean
CheZ intensity = 2.67 ± 0.65 µm−2; Nr ep = 3, Ncel l s = 1,090) is significantly higher than the CheZ expression of

populations picked at the edge (1.43 ± 0.08 µm−2; Nr ep = 3, Ncel l s = 1,993). Shaded area is the standard errors
of the probability density values of CheY and CheZ expressions (Nr ep = 3, Ncel l s > 600 for each distribution).
Two-sided T-tests were performed to determine significance of the difference between pairs of means of CheY
and CheZ expression.
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Figure 5.16: Expansion dynamics of migrating E. coli RP437 populations in capillary tubes. Wave positions of
wild-type E. coli RP437 and the CheZ-inducible population (induced with 2 ng/mL and 16 ng/mL aTc) migrating
across capillary tubes over time. Shaded area is the standard error of the mean expansion position. The curves
start at when wave became visible in the capillary tubes (Nr ep = 9 for all conditions).
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Figure 5.17: Environment-dependent tuning of TB distributions across E. coli strains. TB distributions of
E. coli HE205, AW405, MG1655, and TW09231 (Escherichia sp. TW09231) were measured during collective
migration in agarose swim plates, capillary tube assays, and during growth in batch cultures. (a) The mean
TB values of HE205 during migration in agarose swim plates (mean TB = 0.21 ± 0.01; Nr ep = 3, Ncel l s = 3,134)
were the same as the mean TB values observed in batch cultures (0.22 ± 0.005; Nr ep = 3, Ncel l s = 5,164).
On the other hand, the mean TB values were lowered during migration in capillary tube assays (0.17 ± 0.01;
Nr ep = 3, Ncel l s = 2,164). (b) The mean TB values of AW405 during migration in agarose swim plates (0.19
± 0.004; Nr ep = 3, Ncel l s = 4,634) were higher than the mean TB values observed in batch cultures (0.16 ±
0.003; Nr ep = 3, Ncel l s = 3,038). The mean TB values were lowered during migration in capillary tube assays
(0.14 ± 0.01; Nr ep = 3, Ncel l s = 5,300). (c) The mean TB values of MG1655 during migration in agarose swim
plates (0.19 ± 0.01; Nr ep = 3, Ncel l s = 5,164) were significantly higher than the mean TB values observed in
batch cultures (0.26 ± 0.004; Nr ep = 3, Ncel l s = 5,916). The mean TB values were lowered during migration
in capillary tube assays (0.16 ± 0.01; Nr ep = 3, Ncel l s = 3,164). (d) The mean TB values of TW09231 during
migration in agarose swim plates (0.16 ± 0.01; Nr ep = 3, Ncel l s = 4,781) were significantly higher than the mean
TB values observed in batch cultures (0.23 ± 0.02; Nr ep = 4, Ncel l s = 3,497). The mean TB values were lowered
during migration in capillary tube assays (0.14 ± 0.01; Nr ep = 4, Ncel l s = 5,140).
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Figure 5.18: Direct comparison of the Tsr distributions during collective migration in serine and aspartate. The
distributions of Tsr levels in populations of E. coli MG1655 wild-type with YFP-labelled Tsr when chasing 100
µM aspartate (mean Tsr intensity = 27.2 ± 3.8 µm−2; Nr ep = 3, Ncel l s = 1,617) or 100 µM serine (53.6 ± 6.5

µm−2; Nr ep = 3, Ncel l s = 675) on swim plates. Shaded area is the standard errors of the probability density
values of Tsr expressions (Nr ep = 3, the distributions are the same as in Figure 5.6b and 5.6d. Two-sided T-tests
were performed to determine significance of the difference between pairs of means of Tsr intensities.
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Figure 5.19: Tuning of TB distributions when the migrating populations are chasing aspartate and serine. Motile
E. coli MG1655 cells expressing Tsr-YFP was grown in agarose swim plates supplemented with 100 µM aspartate
(a,b) or 100 µM serine (c,d). The TB distributions of populations isolated from the edge of the migrating colonies
were measured and compared to the TB distributions observed in batch cultures, which were also supplemented
with aspartate or serine. There was no significant difference between the mean TB of populations grown in
batch cultures (mean TB = 0.23 ± 0.004; Nr ep = 3, Ncel l s = 9,321) and the mean TB of populations migrated in
swim plates supplemented with aspartate (0.22 ± 0.02; Nr ep = 3, Ncel l s = 4,361). On the other hand, the mean
TB of populations migrated in swim plates supplemented with serine (0.21 ± 0.01; Nr ep = 3, Ncel l s = 3,686)
exhibited a slightly, but significantly lower mean TB value compared to the mean TB value observed in batch
cultures (0.25 ± 0.01; Nr ep = 3, Ncel l s = 7,888). (b,d) Fold-enrichment of TB during collective migration on
swim plates. Migrating on swim plates supplemented with serine mildly, but statistically significantly enriches
for lower TBs. Shaded area is the standard errors of the probability density values at each TB. Two-sided T-tests
were performed to determine significance of the difference between pairs of means.
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Figure 5.20: The shift in Tsr levels during collective migration is not due to tsr regulation. (a) Motile MG1655
wild-type bacteria migrated in agarose swim plates (supplemented with 100 µM Aspartate) that were filled
homogeneously with non-motile E. coli MG1655 cells expressing Tsr-YFP from the native locus, effectively
acting as a biosensor for the regulation of gene expression by the passage of the migrating wave. Fluorescent
signals, a proxy for tsr expression of the biosensor strain, were measured at the center versus the edge of the
migrating colonies. (b) Distribution of Tsr levels at the center (mean Tsr intensity = 8.8 ± 0.5 µm−2; Nr ep = 3,

Ncel l s = 2,285) and the edge (mean Tsr intensity = 9.4 ± 1.0 µm−2; Nr ep = 3, Ncel l s = 2,390) of the colony on
plates supplemented with aspartate were identical, indicating that there was no regulation of tsr expression upon
passage of the migrating wave. (c) Center (mean Tsr intensity = 7.8 ± 0.6 µm−2; Nr ep = 3, Ncel l s = 1,911) and

edge (mean Tsr intensity = 7.9 ± 1.0 µm−2; Nr ep = 3, Ncel l s = 2,696) same as (b), but on plates supplemented
with Serine. Shaded area is the standard error of the mean probabilities within each bin of Tsr intensity values.
Two-sided T-tests were performed to determine significance of the difference between pairs of means.
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Figure 5.21: Expression of tsr is not regulated by serine or aspartate consumption during growth. Fluorescence
of the biosensor E. coli MG1655 cells expressing Tsr-YFP from the native locus grown in batch culture with
minimal media H1 supplemented either with no amino acids or with 100 µM serine or 100 µM aspartate were
measured. Distribution of Tsr levels of cells when grown in serine (mean Tsr intensity = 18.7 ± 2.1 µm−2;
Nr ep = 3, Ncel l s = 1,695) in aspartate (mean Tsr intensity = 21.2 ± 2.5 µm−2; Nr ep = 3, Ncel l s = 3,442), and

with no amino acid added (mean Tsr intensity = 20.3 ± 1.7 µm−2; Nr ep = 3, Ncel l s = 2,908). The distributions
of Tsr levels are identical across conditions, suggesting that tsr expression is not regulated by aspartate or serine
consumption. Shaded area is the standard error of the mean probabilities within each bin of Tsr intensity values.
Two-sided T-tests were performed to determine significance of the difference between pairs of means.
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Figure 5.22: The presence of an attractant does not affect TB distributions. The TB distributions of motile E. coli
MG1655 cells expressing Tsr-YFP were measured after growth in batch cultures supplemented with no amino
acids (mean TB = 0.25 ± 0.01; Nr ep = 3, Ncel l s = 6,111), 100 µM aspartate (0.23 ± 0.01; Nr ep = 5, Ncel l s = 9,321),
or 100 µM serine (0.25 ± 0.01; Nr ep = 5, Ncel l s = 7,888). Addition of aspartate or serine did not significantly
change the TB distributions of the populations. Shaded area is the standard errors of the probability density
values at each TB bins. Two-sided T-tests were performed to determine significance of the difference between
pairs of means.

5.4 METHODS

5.4.1 STRAINS, MEDIA, AND GROWTH CONDITIONS
Most experiments were performed with E. coli K12 RP437 and MG1655 derivatives. Other strains
used in this study are E. coli HE205, AW405, and wild-isolate TW09231 (Escherichia sp. TW09231).
To tune tumble bias distributions, we utilized E. coli RP437 ∆cheZ and HE205 ∆cheZ strains that
carry an aTc-inducible cassette of cheZ that is integrated in the chromosome at the attB site (RP437
∆cheZ pTet-cheZ and HE205 ∆cheZ pTet-cheZ). To measure single-cell Tsr receptor abundances,
we utilized an E. coli MG1655 ∆fliC:FLP mutant (gift from Victor Sourjik) that has tsr translationally
fused with monomeric YFP (A206K) on its native chromosomal locus (MG1655 ∆fliC:FLP, tsr-
mYFP). To modulate motility in the previous strain, we transformed an arabinose-inducible plasmid
expressing WT FliC (pBad-fliC, gift from Howard Berg) into MG1655 ∆fliC:FLP, tsr-mYFP and
induced it with 0.005% w/v arabinose. RP437 ∆fliC with CheY and CheZ translationally fused with
mRFP and mYFP, respectively, on their native chromosomal loci (RP437 ∆fliC cheY -mRFP and
cheZ-mYFP) was used as a biosensor to measure expression of the cheY and cheZ genes in the
swim plate assays. MG1655 ∆fliC:FLP, tar-mCherry, tsr-mYFP was used as a biosensor to measure
expression of the tsr gene. To insert genes on the native loci of the E. coli chromosome, we employed
the phage λ Red recombination system.

RP437-derived strains were stored as -80◦C freezer DMSO-based stocks, and MG1655-derived
strains were stored as glycerol-based stocks at the same temperature. M9 buffer supplemented
with casamino acids, glycerol, and MgSO4 (1x M9 salts, 0.4% v/v glycerol, 0.1% v/v casamino acids,
1mM MgSO4; pH 7.0) were used to grow RP437-derived strains, AW405, and TW09231. H1 minimal
salts medium (MMH1: 50 mM KPO4, 0.5 mM MgSO4, 7.6 mM (NH4)2SO4, 1.25 µM Fe2(SO4)3; pH
7.0) supplemented with 0.5% v/v glycerol and 0.01% w/v thiamine hydrochloride was used to grow
MG1655-derived strains. MOPS glycerol media (8.37 g/L MOPS adjusted to pH 7.0 with KOH, 0.712
g/L tricine adjusted to pH 7.0 with KOH, 0.00278 g/L FeSO4·7H2O, 0.0481 g/L K2SO4, 0.0000555
g/L CaCl2, 0.106 g/L MgCl2·6H2O, 2.91 g/L NaCl, 0.0230 g/L K2PO4, 2 mM NH4Cl, and 4 mL/L
glycerol) were used to grow HE205-derived strains. To grow overnight cultures, small inoculants
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from the freezer stocks were added into test tubes containing 2 mL of media (with appropriate
concentrations of inducers and antibiotics) in a shaking incubator at 30◦C rotating at 250 RPM.
To grow day cultures for cell tracking experiments, RP437-derived strain overnight cultures were
diluted by 100-fold and re-grown in 5 mL of the appropriate media until exponential phase (OD600
= 0.20). For receptor quantification experiments, MG1655-derived strains were diluted 200-fold
and re-grown in 10 mL of the appropriate media until exponential phase (OD600 = 0.30). For cell
tracking experiments, chemotaxis buffer (1x M9 buffer, 0.4% v/v glycerol, 0.010 mM methionine,
0.1 mM EDTA, and 0.1% v/v PVP-40) was used to wash and dilute cells. For receptor quantification
experiments, minimal chemotaxis buffer (10 mM KPO4 and 0.1mM EDTA; pH 7.0) was used to wash
and dilute cells. For the TB measurements in batch cultures, RP437 ∆cheZ pTet-cheZ were grown in
media supplemented with aTc that was aged for 15 hours.

5.4.2 GROWTH RATES MEASUREMENTS
Growth measurements were done using a microplate reader (BioTek Epoch 2 microplate spec-
trophotometer). Overnight cultures were diluted by 100-fold into fresh media supplemented
with appropriate inducer concentrations. 200 µL of diluted cells were aliquoted into each well of
polystyrene 96-well plates (Falcon 96-wells REF 353072), and the plates were loaded into the plate
reader. The plates were incubated at 30◦C while continuously shaking linearly at 567 cpm. The
OD600 of each well was measured every 7 minutes for 36 hours. To extract the growth rates of each
sample, the slopes of the linear region (at the mid-exponential growth phases) of the natural log of
OD600 versus time (hours) curves were calculated.

5.4.3 FORMATION OF PROPAGATING WAVES AND EXPANSION SPEED MEA-
SUREMENTS USING SWIM PLATE AND CAPILLARY TUBE ASSAYS

For the swim plate assay, 3 µL of cells in exponential phase were inoculated at the center of semi-
solid agarose plates for RP437-derived strains or 10 µL of cells in exponential phase for MG1655-
derived strains. For RP437-derived strains, the semi-solid agarose plates were made using M9-based
media, as described above, supplemented with 0.14% agarose (American Bioanalytical Agarose
GPG/LE) and appropriate concentrations of aTc. Similarly, for MG1655-derived strains, the semi-
solid agarose plates were made using H1 minimal media, as described above, supplemented with
0.14% agarose. The plates were incubated at 30◦C for 15 hours (RP437-derived strains) or at 33.5◦C
for 48 hours (MG1655-derived strains). The edges of the migrating colonies were picked using
pipette tips and diluted into chemotaxis buffer (for RP437-derived strains) or minimal chemotaxis
buffer (for MG1655-derived strains) for subsequent tracking and imaging analyses. To measure
the expansion speeds of bacterial populations in swim plates, images were taken with a Canon
DS126291 camera every 30 minutes. The diameters of the expansion rings as a function of time and
expansion speeds were extracted from the images using a customized MATLAB code.

For the capillary tube assay, overnight cultures were inoculated 100-fold into 5 mL of media
with appropriate inducers and grown at 30◦C until OD600 = 0.2. Cells were concentrated to an
OD600 = 6. A 12-inch capillary tube was filled with growth media (M9 glycerol with casamino acids,
MgSO4, and PVP-40) and 6-hours aged aTc, and one side of the tube was plugged by stabbing the
tube into a plate filled with solidified agar (1.5% agar in distilled water). The concentrated cell
mixture was filled on the other side of the tube using a 1 mL syringe, and another agar plug was
added into that side. Both sides of the tube were then plugged with clay. The tubes are incubated
horizontally at 30◦C for 9 hours. To isolate the wave, a 3-cm section of the tube that contained
the wave was fractionated, and the mixture inside the 3-cm section was diluted into chemotaxis
buffer for subsequent tracking analysis. To measure the expansion speeds of bacterial populations
in capillary tubes, images were taken with a Canon DS126291 camera every 10 minutes. Positions
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of the populations as a function of time and expansion speeds were extracted from images using
ImageJ.

5.4.4 MICROFLUIDIC DEVICE PREPARATION
To track single cell swimming behavior, we utilized a rectangular channel microfluidic device (0.5
mm wide, 30 mm long, and 60 µm deep). The device was constructed from PDMS with standard
lithography methods. To cast the device, a pre-prepared mold was coated with a 5-mm thick layer
of degassed 10:1 PDMS-to-curing agent mixture (Sylgard 184, Dow Chemical). The mold was then
baked at 70◦C for 12 hours. Devices were cut out of the mold, and a hole was punched using a
20-gauge blunt-tip needle on each side of the channel. The device was rinsed with isopropanol,
methanol, and water. A 22 mm x 50 mm glass coverslip was rinsed with acetone, isopropanol,
methanol, and water. The coverslip and device were then treated inside a plasma cleaner for 1
minute and bonded together. The bonded device was heated at 80◦C for 15 minutes and cooled to
room temperature before cells were injected inside.

5.4.5 TRACKING SINGLE CELLS AND TUMBLE DETECTION
Washed cells were diluted with chemotaxis buffer to an OD600 = 0.0005. The diluted mixture was
injected inside the microfluidic device using a 1 mL syringe. To prevent evaporation, holes on both
sides of the microfluidic device were taped. The device was placed on an inverted microscope
(Nikon Eclipse Ti-U) equipped with a custom environmental chamber (50% humidity and 30◦C). A
custom MATLAB script was used to record 3-minute phase contrast videos at 4X magnification and
20 frames-per-second. Data from video recordings were stored as .bin files.

A customized MATLAB code was used to detect tumble and extract tumble bias of single cells,
as previously described [189]. Only trajectories longer than 10 seconds were considered for analysis.
Each tumble bias distribution was generated using 4 3-minute videos that contained ∼1000 total
trajectories.

5.4.6 MEASURING THE TIME SCALES OF RELAXATION OF TB DISTRIBUTION

TO THE STANDING BATCH DISTRIBUTION
E. coli RP437 or HE205 were grown to early-exponential phases and allowed to migrate in capillary
assays for 9 hours, as mentioned above. The sections of the capillary tubes containing the migrating
bacterial populations were fractioned, and the cells were added into 1 mL of growth media.

For every 15- or 30-minute interval during growth in the batch cultures, the TB distributions of
the populations were measured. The mean of TB distributions normalized by the trajectory lengths
was determined for each time point.

The equation to model the relaxation of mean TB is:

T B(t ) = T Bbatch − (T Bbatch −T B0)e−t/τ (5.1)

where T B(t ) is the mean TB over time, T Bbatch is the mean TB of the batch culture, T B0 is the
mean TB during collective migration in the capillary tubes, and τ is the relaxation timescale.

To estimate τ, we fitted the means of the mean TBs across replicates and the standard error of
the means across replicates to the equation using maximum likelihood estimation. To estimate the
error of τ, we sampled the posterior distribution using Markov Chain Monte Carlo simulation to
obtain 100 simulated parameter values and calculate the standard deviation of those values.

5.4.7 PROTEIN EXPRESSION MEASUREMENTS IN SWIM PLATES
Non-motile MG1655-derived cells expressing labeled Tsr or non-motile RP437-derived cells ex-
pressing labeled CheY and CheZ used as biosensors for gene expression were grown as described
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above. Subsequently, cells were mixed with the appropriate media and 0.14% liquified agarose
to a final OD600 = 0.01. Swim plates were left to solidify at room temperature for 2-3 hours, and
afterward, 10 /muL of OD600 = 0.01 motile WT MG1655 (labeled Tsr experiments) or motile WT
RP437 (labeled CheY and CheZ experiments) cells were inoculated in the center of the plate. The
motile population of cells shapes the gradient of the plate and ensures that the non-motile biosen-
sor strain experiences the same local environment as motile cells. After a colony of migrating cells
has formed, cells from the center and the edge of the colony are picked and diluted into minimal
chemotaxis buffer for subsequent imaging.

5.4.8 SINGLE-CELL PROTEIN COPY NUMBER QUANTIFICATION USING FLUO-
RESCENT MICROSCOPY

Washed cells were diluted 10-fold and plated on agarose pads (1.5% agarose in minimal chemotaxis
buffer). The cell suspension was left to dry for 10 minutes, and cells were immediately imaged
afterward. Imaging was performed using an inverted microscope (Nikon Eclipse Ti-E) equipped
with an oil immersion 100x phase-contrast objective lens. To measure the fluorescence intensity
of the strain expressing cheY-mRFP and cheZ-mYFP, fluorescent proteins were excited using a
light-emitting diode illumination system (pE-4000, CoolLED). The RFP and YFP channels were
imaged consecutively using a multi-band filter (Semrock), and the fluorescence emissions were led
into a 2-camera image splitter (TwinCam, Cairn), leading to two identical sCMOS cameras (ORCA-
Flash4.0 V2, Hamamatsu). The same setup was used to measure the fluorescence intensity of the
strain expressing Tsr-mYFP. In a typical experiment, 20 fields of view, containing approximately
1000 cells in total, are imaged.

5.4.9 FLUORESCENT IMAGE ANALYSIS FOR PROTEIN COPY NUMBER QUAN-
TIFICATION

For each field of view, one phase contrast, one YFP, and one RFP channel images were acquired.
Using a custom MATLAB script, images from the two cameras were aligned using an affine transfor-
mation, and cells were segmented on the phase-contrast channel using a modified Otsu algorithm.
Then, the image background was subtracted from each image, and the fluorescent intensity of
every cell was extracted. Finally, the area of each cell was calculated by fitting an ellipsoid. The
fluorescent intensity of each cell was divided by the cell area as a measure of protein concentration.

5.4.10 REPRODUCIBILITY AND STATISTICAL ANALYSIS
All experiments reported in this Chapter were repeated at least 3 times. All measurement values
of TB, expansion speeds, growth rates, protein levels were reported as the average of the means of
the distributions across biological replicates. Uncertainties in these average values were reported
as the standard deviation of the means of the distributions. To construct the TB distributions, TB
values were sorted into bins, and the probability density were normalized by dividing the trajectory
time within each bin by the total trajectory time. To represent the variations in TB distributions,
the standard error of the mean TBs within each bin was calculated. Similarly, with the Tsr intensity
distribution, single-cell Tsr intensities were sorted into bins, and the probability density in each bin
was calculated. The variations in Tsr intensity distributions are represented as the standard error
of the mean intensities within each bin. To construct the fold-enrichment curve, the probability
density values of each TB or Tsr intensity bins observed in the distributions during collective
migration were divided by the values observed in batch cultures. Variations in fold-enrichments are
represented as the standard error of the mean fold-enrichment values within each bin. To determine
statistical significance between TB and protein level distributions, two-sided t-test was performed
on the mean values. Similarly, two-sided t-test was performed to determine significance of growth
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rates and expansion speeds between experiments (throughout, *** = P<0.0005, ** = P<0.005, * =
P<0.05, and n.s. = not significant).
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6
SUMMARY

In this thesis, we employ a diverse set of experimental tools to study the Escherichia coli chemotaxis
network—a paradigmatic model for signal transduction. Our work centers on two fundamental
questions: (1) How can a simple protein network give rise to the complex behavior of critical tuning?
(2) How does this same network generate behavioral diversity within clonal populations, how does
this diversity evolve during an organism’s lifetime, and how do individual bacteria exploit this
diversity to adapt to different environments?

In chapter 2, we utilize single-cell Förster Resonance Energy Transfer (FRET) microscopy to
measure two-state switching fluctuations in E. coli chemosensory arrays. Our numerical simulations
indicate that these arrays operate near the second-order phase transition of the Ising model. We
demonstrate that this critical tuning optimizes the trade-off between response amplitude and
speed, underscoring a fundamental design principle in biological signaling networks.

chapter 3 focuses on sensory diversity and its significance in bacterial navigation. Using FRET
microscopy, we show that E. coli populations exhibit a broad range of ligand sensitivities, regulated
by the cell’s growth rate. Using fluorescent fusions of key chemotaxis proteins and mathematical
modeling, we show that this diversity arises from variability in Tar/Tsr chemoreceptor ratios due
to gene expression noise. Furthermore, by tracking collective cell migration, we show that this
heterogeneity enhances bacterial expansion rates across diverse environments, supporting a bet-
hedging survival strategy in which subpopulations are preadapted to various potential future
conditions.

chapter 4, we examine how sensory diversity is maintained and transmitted across generations
using a microfluidic chemostat and machine learning-based imaged analysis techniques. Our find-
ings indicate that individual E. coli cells maintain stable sensory phenotypes despite fluctuations in
their cell cycle. However, environmental shifts induce gradual adaptation of receptor distributions,
revealing a form of epigenetic memory. This suggests that non-genetic inheritance of sensory traits
contributes to bacterial adaptation in dynamic environments.

Finally, chapter 5 explores how E. coli populations collectively adjust their swimming pheno-
types in response to environmental cues. By tracking the swimming behavior of single cells, we
demonstrate that bacterial migration reshapes the distribution of motility traits within a popula-
tion without genetic modifications. This dynamic adaptation allows for the rapid optimization of
collective migration in response to fluctuating physical landscapes, unveiling a novel mechanism
of non-genetic adaptation.
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