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Cell-to-cell variability is a critical issue in biomedical science and plays a role in drug
resistance of bacteria and cancer, as well as in the formation of biofilms and differentiation of
stem cells. Despite its broad relevance, quantitatively understanding cellular heterogeneity
from its sources to its consequences is still an open challenge . The chemotaxis system of the
bacterium Escherichia coli is an ideal model for such investigations sin ce it is very well
characterized genetically and biochemically . Chemotaxis, which is cellular movement toward
favorable chemical conditions, is an important  behavior across microbiology and human
physiolo gy, but the impact of cell-to-cell heterogeneity on chemotaxis is mostly unexplored.

Despite sharing the same genetically -encoded machinery, individual E. coli cells exhibit
substantial differences in chemotactic behaviors. Here, we characterize the conse quences of
this behavioral heterogeneity for population performance by using modeling, simulations , and
experiments. We find that there exist trade -offs in which a single chemotactic behavior cannot
perform optimally in all environmental challenges . We show that, in some cases, optimal
populations can benefit from non-genetic diversity to provide specialists for different tasks.  We
demonstrate that this is mechanistically possible through mutations in genetic regulatory
sequences that alter the distribution  of protein levels in the population. We therefore propose
a framework for analyzing the  sources, consequences and adaptability of non-genetic diversity
wherein noisy distributions of proteins give rise to  heterogeneous phenotypes, which in turn

give rise to differential performance and ultimately collective fitness.
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Part 1: Introduction
Bacterial chemotaxis,
non-genetic diversity,

functional trade-offs 25O

One network B Many functions

Life is not possible without reproducible interactions between vast arrays of molecules.
These molecules are organized into functional networks that directly affect the viability of
organism s, from the pathological signaling networks that drive cancer ¢ ells to be insensitive
to the bodyd sstommgraving dHasahan & Weinberg, 2000 ), to the metabolic
networ ks that give brewerds yeast t he dQuirok éttaly
2013). Much of our understanding about such networks is predicated on the conceptual
paradigm that one network has one function : when a cell contains the proteins of a network,
that n etwork will execute its function in a predictable and unvarying manner. This function
may be broken or altered by genetic mutation sin network genes, but as a first approximation
it is assumed that cells possessing the same genetic material encoding a certain network will
behave approximately the same way .

In fact, the actual concentration and ratios of proteins within a network can dramatically
change the function of a biologic al network . One way in which this function can change is in
how the network beha ves in time, which is to say its dynamics (Alexander, Kim, Emonet, &
Gerstein, 2009 ). An on-off switching behavior could change to an oscillatory behavior , and the
distinction between these is crucial for proper function (Ferrell, Tsai, & Yang, 2011 ). The
former behavior may be more relevantto an organism & metabolic response to the appearance

or disappearance of a certain nutrient in the environment, whereas the second type of response

(0]
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Part 1: Introduction

is necessary to correctly coordinate the growth and division process  of the cell cycle. Confusing
these types of behaviors could hypothetically result in the starvation of an organism or the
development of hyperproliferative  cancerous cells (Hanahan & Weinberg, 2000 ).

The sensitivity of network dynamicsfi and consequently network function fi to molecular
guantities would not have a substantial impact on organismal behavior were organism s able
to perfectly ensure that every cell ha d an exactly predictable number of molecules. In reality ,
celsmake mearmgsdén di fferent cells that havnenethchees same genet
observed to have different numbers of proteins (and other components) due to random
fluctuations (Paulsson, 2004; Raser & O'Shea, 2005). Thisb i ol o g i c enises the quéstsona 6
of whether variations in molecular abundance can alter the function of biological networks and
consequently the fitness of the organism . Indeed, cell-to-cell variability is a ¢ riti cal issue in
biomedical science, as it plays a role in drug resistance of bacteria (Balaban, Merrin, Chait,
Kowalik, & Leibler, 2004 ) and cancer (Spencer, Gaudet, Albeck, Burke, & Sorger, 2009 ), as
well a s in the formation of biofilms (P. S. Stewart & Franklin, 2008 ) and differentiation of cells
during development and tumorigenesis (Huang, 2009 ).

This dissertation at the broadest level seeks to establish a linkage between proteins and
fithess in single cells and explicitly consider the ramifications of  cell-to-cell variations in
molecular numbers for the survival of ¢ ellular populations. It is my hope thatt he framework
that | establish here will be useful in the future to examine medically - and industrially -
relevant biological systems in greater detail by revising our understanding fromodone net wor k
Bone funotiooomée Ehmamwwyrfkuncti ons. 0

Specifically, the conceptual framework of this dissertation (Figure 1 81) describes how a
distribution of different protein levels among genetically  -identical cells gives rise to different
cells in the same population (or organism) having different phenotypes. Here, | largely define
phenotypes, or phenotypic parameters, as properties of cells that characterize the response of
the individual to different stimuli in space and time. As such these p henotypic parameters

determine how a cell will perform in different environmentally -imposed tasks. Finally,
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evolutionary selection act s o rprolifdnadve crewbrtisotdolipge
out populatio n-culling punishment depending on how well or how poorly cells perform in a
given environmental challenge , to determine fitness . This dissertation is mainly dedicated to
understanding how cell -to-cell variability propagates through these different  quantities i from
variability in protein numbers to phenotypes to performance to fitness fi and how this
propagation determines the survival of populations.

This conceptual flow diverges from the conventionally posed  relationship between genotype,
phenotype, and fitness in a few respects and for a few reas ons. Since | will focus on non-genetic
variation (noisy differences in protein amounts due only to random fluctuations rather than
individually borne mutations), the impact of genotypic variability will be ignored . Second,
Ophenotyped conyvadisttoo droaa Ifor the pdrpdse af ghese investigations . |
believe that it is more precise to separate the part of phenotype that concerns cellular response
characteristics ( 0 p h e n o)t frpm thedpart of the phenotype that describes the behavior of an
organism in a specific environment ( 0 p e r f o r)pfeom ¢he ¢part of the phenotype that
describes the growth or death rate resulting from the behavior (0 f i t nla tsomlpthese three
subgroups of t hpeh edoncoothyptpeentype, penfanhance, and fitn essfi will shape
the total fitness of an entire noisy population over time , which | definein Part2as o0 b iFg 6

As | will show in this dissertation, this framework affords us a new level of detail that
permits the interrogation of new and interesting questi  ons. How does cell-to-cell variability in
protein levels affect population fitness, and are there situations in which more or less
variability is advantageous? How can such variability be controlled biologically, in other words,
how could mutations lead to competitive adaptation of cell -to-cell variability when said
variability is non -genetic in origin? In order to address these broad questions, | will use the
well -characterized E. coli chemotaxis system as a biological model and borrow extensively from

physics and biology to create a multidisciplinary approach  from simulations to experiments.

rfor man



Part 1: Introduction
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Figure 1061. From proteins to fitness.

From a single genotype, noise in gene expression leads to a distribution of proteins expression levels
(blue shaded contours in protein space; left); network design determines how proteins quantities map
onto phenotypic parameters (middle left); the performance of all possible phenotypic parameter values
across environments will determine the outer boundary of performance space (middle right); selection
bestows a fitness reward based on performance and will reshape the performance front into the Pareto

front (thick black line) , which, for optimal fithess, the population distribution should be constrained to

(right).

Bacterial chemotaxis as a model system

Many cells are able to move around their environment, and some can use information  that
they sense to move toward favorable conditions and away from unfavorable ones . This
behavior, called chemotaxis for movement in response to chemicals, phototaxis for light,
thermotaxis for temperature, aerotaxis for dissolved gases, et cetera, allow s bacteria to find
nutrition and avoid toxins . Pathogenic bacteria use chemotaxis to infect host tissues (Lane et
al., 2005; Stecher et al., 2004 ; M. K. Stewart & Cookson, 2012 ; Sze, Zhang, Kariu, Pal, & Li,
2012). Many cells in our bodies also perform chemotaxis, from nerve cells to skin cells to cells
of the immune system and sperm (Eisenbach & Lengeler, 2004 ), making it a key cell behavior
in development, diseas e, and reproduction .

One of the earliest scientists to observe chemotaxis in bacteria experimentally, the botanist

Willhelm Pfeffer (184501920), famously decr eed OBewegung i st Leben

[ Move
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Perhaps itis because of our association of movement with life t hat chemotaxis in the bacterium
Escherichia coli has garnered as much attention as it has from such diverse fields, inviting
multidisciplinary collaborations as early as the late 1960s (Hazelbauer, 2012 ). Constant study
since then h as made the chemotaxis sy stem in E. coli not only one of the best -characterized
model systems biologi cally, but also one of the best -understood theoretically thanks to the
constant involvement of physicists, mathematicians and engineers over the decades.  This
synergy between theory and biology has made E. coli chemotaxis an extremely fruitful system
for advances in theoretical and systems biology. (I nci dent al | vy, O0Bewegung i st
the name of a fitness club in Austria.)

The system itself consists o f a small network of proteins that, although simple, contains
many of the fundamental features of larger and more complex systems.  E. coli uses a single
chemotaxis protein network to navigate gradients of chemical attractants and repellents, as
well as gra dients of temperature, oxygen, and pH (Sourjik & Wingreen, 2012 ) (Figure 1 82A).
The core of the network is a two-component signal transduction system that carries chemical
information gathered by transmembrane receptors to flagellar motors responsible for cell
propulsion. A second group of proteins allows the cells to physiologically adapt to changing
background signal levels, allowing them to track signal gradients over many orders of
magnitude. While different receptors allow cells to sense different signals, all signals are then
processed through the same set of four cytoplasmic proteins responsible for sign  al transduction
and adaptation. The mechanistic details of these protein 0&protein interactions (Kentner &
Sourjik, 2009 ) are thoroughly characterized . Protein s tructures have been solved, interaction

domains identified , biochemical constants fit from data.
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Step input C Chemoattractant gradient 5>

. Run
v Tumble bias
t/’ \\\
| P \

Tumble bias

Instantaneous W

Time

Figure 1062. From proteins to fitness.

A. The cell receives extracellular ligand signals through transmembrane receptors. Changes in signal
are rapidly comm unicated to the flagellar motors through the kinase CheA and response regulator CheY.
CheZ opposes the kinase activity of CheA. At a slower timescale, the activity of the receptor complex
physiologically adapts to its steady -state activity through the anta gonistic actions of CheR and CheB. B.
Cartoon diagram of the response of the system to transient step -stimulus and definition of the key
phenotypic parameters of the system. Without stimulation, the system has a steady -state tumble bias,
or fraction of tim e spent tumbling. Upon stimulus with a step, CheY activity and therefore tumble bias
drops and the cell starts running more, then slowly adapts back to the steady  -state with a characteristic
timescale (adaptation time). The steady -state tumble bias and ada ptation time are tuned by the
concentrations of proteins in A. C. Cells explore their environment by alternating between straight runs
and direction -changing tumbles. When cells sense that they are traveling up a concentration gradient,
they suppress tumbl es to increase run length. Precisely how a cell navigates a gradient depends on its

phenotypic parameters in B.

The cell explores its environment in a run-and-tumble fashion (Berg & Brown, 1972 ). The
flagella that cells use to move through the environment that are driven by rotary motors.
Counterclockwise rotation of the flagella  promotes th e formation of a helical bundle that
propels the cell forward in a ru n, whereas clockwise rotation of one or more flagellar motors
interrupts the run with a brief direction  -changing tumble. It has been observed that clonal
cells, grown and observed under the same conditions without stimulation , will differ
substantially in the fraction of time the motors spend in the clockwise state, o r clockwise bias

(Park et al., 2010 ). Analogously, tumble bias is defined as the fraction of time spend tumbling
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Variability in tumble bias  can also be observedin a clonal population by tracking the motion
of cells, picked from a single colony , on a microscope slide. Even without stimulation,
differences in swimming patterns emerge almost instantly. Cells wit h high tumble bias make
crumpled tracks causing very little displacement, whereas cell with lower tumble bias swim
much straight er for long periods, exploring their local environment more freely , albeit
potentially less thoroughly  (Figure 1 83). Such obvious differences between clonal cells (grown
and observed in the same way and arising from no additional treatment)  visually states the

spatial impact of cell-to-cell variability in phenotypes. (Methods in Part 4.)

. >0.4
Tumble bias: —o0.2
<0.05

N’Z% &

PRLL S

Figure 1 83. Variability in tumble bias among clonal cells on a glass slide

Two-minute -long movie of cells captured at 10x. The frame is 1.3 mm x 1.3 mm  with a depth of
approximately 10 um . Cells were tracked and tumble bias assigned as described in Part 4, Methods. Low,
average, and high are so named because a tumble bias of 0.2 is roughly the mean tumble bias among

wildtype cells.
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The central logic of E. coli chemotaxis is to transiently decrease tumble bias in response to
an increase in attractant signal (Figure 1  82B). This approach allows cells to climb gradients
of attractants by lengthening runs up the gradient (Figure 1 082C). The adaptation process that
maintains receptor sensitivity  is mediated by the covalent m odification of the chemoreceptors
through addition and subtraction of  methyl groups by the enzymes CheR and CheB,
respectively. Like tumble bias, the timescale of this adaptation process has been observed to
vary among clonal c ells (Spudich & Koshland, 1976 ).

This observation was made by tethering cells to slides by their flagella and watch  ing their
bodies spin in differen t directions in response to the delivery of an attractant. Individuals took
more or less to return to steady -state behavior following a strong dose of attractant. The visual
nature of this study, which may have popularized the now-st andar d t-gemetic
individuality ,6 inspired scientific essayist Lewis Thomas to expressively describe the cells in

this now oft-quoted way:

If you watch them closely, tethered by their flagellae to the surface of an antibody -coated slide,
you can tell them from each other by the way they twirl, as accurately as though they had

different names. (Thomas, 1979)

Heterogeneity in protein levels is a compelling hypothesis for this behavioral variability.
The intracellular levels of CheR and CheB proteins are known to change both adaptation
times cale and tumble bias (Alon, Surette, Barkai, & Leibl er, 1999). Chemoreceptor activity is
communicated to the motors via phosphorylation of the response regulator CheY to form CheY -
P by the receptor -associated kinase CheA. CheZ opposes the action of CheA by
dephosphorylating CheY -P. Consequently, the balan ce of CheA and CheZ affects tumble bias .

Furthermore , the total amount of CheY in the cell will determine the range of possible CheY

P levels, and due to noise in the expression of CheY (Kollmann, Lovdok, Bartholome, Timmer,
& Sourjik, 2005 ) this dynamic range will likewise vary between clo  nal cells.
These three phenotypic parameters fi tumble bias, adaptation t ime, and CheY -P dynamic

rangefi are the main determinants of how E. coli performs chemotaxis. These in turn depend

onon
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on the quantities of chemotaxis proteins within each individual cell. Th e abundance of these
proteins therefore determine the capability of the individual to navigate its environment,

regardless of the type of signal being followed.

The tension between noise and robustness in biology

The central dogma of biology describes how proteins are made, translated from the
molecular instructions of MRNA molecules which themselves are transcribed from a DNA
template (Crick, 1970 ). As this process unfolds in time through the actions of RNA polymerase,
ribosomes, tRNA s, and a massive cast of regulators, it is tempting to view the process as an
automatic watch mechanism A everything happening precisely according to plan. The agents
involved herein move randomly, however, not deterministically, and , as with other stochastic
systems like street traffic and stock markets, there will necessarily be irregularities, for better
or for worse. As a result of these stochastic nonlinear dynamic s, different cells with the same
gene will end up with different numbers of the protein that the gene encodes

Observations of cell -to-cell variability necessarily require single -cell measurements.
Although initially observed in early studies using flow cytometry (Darzynkiewicz, Crissman,
Traganos, & Steinkamp, 1982 ), this phenomenon only began to be described in detail in the
last decade or so with the rise of quantitative single-cell and single -molecule microscopy, made
possible by advances in fluorescent dyes, proteins, and microscopes . By carefully measuring
the dynamics of protein synthesis (Cai, Friedman, & Xie, 2006 ) and the distribution of protein
guantities in clonal populations (Swain, Elowitz, & Siggia, 2002 ), we now understand that
there are several contributors to cell -to-cell variation (Paulsson, 2004; Raser & O'Shea, 2005).
The transcription process and the translation process intr  oduce different sources of noise, as
does the randomly unequal partitioning of cellular contents during cell division. Factors
affecting the variance include the particular interaction between RNA polymerase and the
region of DNA that initiates transcripti  on, or promoter, the analogous relationship between

the ribosome and its bindings site s, and the localization pattern of a protein in the cell when
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it comes time to divide. The average expression level of a protein will also affect the variance
of its expr ession levels in a clonal population.

In the E. coli chemotaxis system, m easurements of expression of fluorescently -labeled
chemotaxis proteins CheA and CheY from the native chromosomal loci have shown substantial
cell-to-cell variation in protein concentr ation (Kollmann et al., 2005 ). That observation
combined with the relat ionship between protein abundance and cellular phenotype led us to
hypothesize as others have (Levin, Morton -Firth, Abouhamad, Bourret, & Bray, 1998 ) that
gene expression noise is likely responsible for much of the observ ed non-genetic behavioral
diversity in clonal population s.

With the rising awareness of non-genetic variability in protein levels, biologists, physicists,
and engineers alike have begun asking questions of how organisms could maintain proper
function in th e face of these fluctuations. In other words, how can biological systems be robust
to protein noise? Evolutionary biologists have grappled with a similar question for quite a long
time in a different form, seeking to understand how populations of viruses or bacteria can
balance the benefits of high mutation rates in granting evolutionary access to new phenotypes
with the downsides of sometimes wrecking core systems (Montville, Froissart, Remold,
Tenaillon, & Turner, 2005 ). Evolutionary robustness defined as such is more concerned with
the insensitivity of a biological function to mutation. Now, biological robustness in the systems
biology sense refers to the ma intenance of function in the face of non -genetic variations (Barkai
& Lei bler, 1997).

E. coli chemotaxis has been successfully used as a model system to broach the robustness
guestion of systems biology. Chemotaxis genes are chromosomally organized in operon sfi that
is, expression of multiple genes is driven by common promoter s. This organization is known to
introduce correlations in cell -to-cell variability, wherein total amounts of proteins may vary
from cell to cell, but the ratio of one protein to another will vary substantially less (Lovdok et
al.,, 2009). Combined with the negative integral feedback design of the protein network, this

conservation of protein ratios greatly reduces the occurrence of cells with onenunct.i

10
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param eter valuesi for instance, those that only run or only tumble @ and maintains the
precision of the physiological adaptation process (Alon et al., 1999 ; Barkai & Leibler, 1997 ;

Kollmann et al., 2005 ; Lovdok, Kollmann, & Sourjik, 2007 ; Yi, Huang, Simon, & Doyle, 2000 ).

These parameter val uesf uarce i oomms$ i6d efroerd cohreomot ax i s

combination of both runs and tumbles, it is not possible to bias a random walk. For these and
other reasons (Endres & Wingreen, 2006 ; Mears, Koirala, Rao, Golding, & Chemla, 2014 ;
Oleksiuk et al., 2011 ; Schulmeister, Grosse, & Sourjik, 2011 ; Sneddon, Pontius, & Emonet,
2012; Vladimirov, Lebiedz, & Sourjik, 2010 ), chemotaxis in E. coli is often said to be robust i

in the systems biology sense.

Population diversity as an adaptive strategy for fitness trade-offs

Within the range of 0 f u n c t helvaniasl, st bstantial variability exists, and the fact that
this variability has not been selected against raises the question of whether it might serve an
adaptive function. Population diversity is known to be an adaptive strategy for environmental
uncertainty (Donaldson-Matasci, Lachmann, & Bergstrom, 2008 ; Haccou & lwasa, 1995 ;
Kussell & Leibler, 2005 ). For chemotaxis this would suggest that different cells in the
population may hypothetically have behaviors specialized to navigate different environment s.
Indeed, past simulations (Dufour, Fu, Hernandez -Nunez, & Emonet, 2014 ; Jiang, Qi, & Tu,
2010; Vladimirov , Lovdok, Lebiedz, & Sourjik, 2008 ) have shown that the speed at which cells
climb exponential gradients depends on tumble bias and adaptation time, and experiments
using the capillaryassay ian experi ment that tests celdipst@
filled with attractant f have shown that inducing expression of CheR and CheB at different
levels changes the chemotactic response (Park, Guet, Emonet, & Cluz el, 2011). In order to
understand the impact of these findings on population diversity, we must place them in an
ecological context.

Relatively little is known about the ecology of E. coli chemotaxis, but it is probable that

they, like other freely swimm ing bacteria, encounter a wide variety of environments , from
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Part 1: Introduction

gradients whipped up by turbulent eddies (Taylor & Stocker, 2012 ) to those generated during
the consumption of large nutrient caches (Blackburn, Fenchel, & Mitchell, 1998 ; Saragosti et
al.,, 2011). In each case, variations in environmental parameters, such as in the amount of
turbulence, the diffusivity of the nutrients, or the number of cells, will change the steepness of
these gradients over orders of magnitude (Seymour, Marcos, & Stocker, 2009 ; Stocker,
Seymour, Samadani, Hunt, & Polz , 2008; Taylor & Stocker, 2012 ). Still other challenges
include maintaining cell position near a source  (Clark & Grant, 2005 ), exploration i n the
absence of stimuli (Matthaus, Jagodic, & Dobnikar, 2009 ), navigating gradients of multiple
compounds (Kalinin, Neumann, Sourjik, & Wu, 2010 ), navigating toward sites of infection
(Terry, Williams, Connolly, & Ottemann, 2005 ), and evading hostimmune cells (Stossel, 1999).

Considering all of these eventualities , it would seem unlikely that a population consi sting
only of a single phenotype would be well-suited to all environments . If, for instance, two
different environment s require different specialists , this could lead to p erformance trade -offs
wherein mutual optimization of both tasks is not possible (Figure 101, panel 3). Depending on
how survival and reproduction depend on their performance, performance trade -offs could lead
to fitness trade -offs (Figure 1 81, panel 4), which are known to have direct consequences for the
evolution of diversity (Donaldson-Matasci et al., 2008 ; Haccou & lwasa, 1995 ; Kussell &
Leibler, 2005 ; Shoval et al., 2012).

Fitness trade -offs can lead to the development of multiple biological modules  (Rueffler,
Hermisson, & Wagner, 2012 ). Some modules, like new limbs, may be permanent fixtures, while
others, like metabolic pathways, may be switched on and off, either in response to the
environment as it changes, or stochastically ina nticipation of environmental fluctuation. This
| atter case, -hddgingd(Veerant, Smitd, & Kuipers, 2008 ), is a strategy used by
bacteria to avoid extinction from antibiotic stress during infection (M. K. Stewart & Cookson,
2012) and has evolved in the laboratory under fluctuating selection (Beaumont, Gallie, Kost,
Ferguson, & Rainey, 2009 ). In these examples, environmental extremes lead to discrete

partitioning of the population. It is unknown whether there is an intermediate case, a po ssible
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evolutionary stepping stone, in which a single function is continuously diversified in the

population without the format ion of a wholly different state.

g Specialist B

:° : :

5 Generalist P -

g © 8 8

o3 Specialist A S s

o] o L Lo

<

Tumble bias Fitness in A Fitness in A
Figure 1064. Relationship between trade -off shape and population strategy.

Left: Two environm ents, A and B, select for different optimal phenotype s, specialist A and specialist

B (blue and red circles) . The generalist phenotype (gray circle) performs well, but not optimally, in both
environments. Middle and right: Trade -off plots. Gray region: fit ness set composed of the fitness of all
possible phenotypes in each environment; Black line: Pareto front of most competitive phenotypes;
Dashed line: fitness of mixed populations of specialists; Circles: fithess of phenotypes corresponding the
circles in the left plot. Middle: In a weak trade -off (convex front), the optimal population distribution will
consist purely of a generalist phenotype that lies on the Pareto front.  Right: In a strong trade -off (concave
front), the optimal population will be distrib  uted between the specialists for the different environments.
Here, the fitness of a mixed population of specialists (dashed line), exceeds that of the generalist in both

environments.

To understand the consequences of fithess trade -offs, we must analyze whether they are
weak or strong. Such analysis will reveal in which cases populations should adopt homogenous
or diversified strategies, respectively, for optimal collective function. For a two -environment
trade -off, the fithess of all possible phenotypes in both environments occupies a region in two -
dimensional fithess space called the fitness set (Levins, 1962) (Figure 1 64, gray regions).

Specialists in this set will be | ocated at the regi

13
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Between the specialists, the outer boundary of the setis calledt he Pareto front (Shoval et al.,
2012): a group of phenotypes that have jointly optimized both tasks (black line). A generalist
phenotype will occupy a position on this front (gray circle). When this front is convex (middle
panel), the generalist has higher joint performance. A concave front (right panel), however, is
optimized by a mixed strategy of specialist s, due to the fact that a combination of specialists
(dashed line,the 0 e xt end e d jJwilltexceed the fimass ob any phenotype in the fitness

set (Donaldson-Matasci et al., 2008 ).

A multidisciplinary approach to studying diversified populations

Arising from the abovementioned literature, | formulate several hypotheses :

X5 Stochastically generated cell -to-cell variations in protein abundance will  lead
to diversity in chemotactic behaviors.

XD  The diversity of possible chemotactic challenges will exert trade  -off problems
on the chemotaxis network, potentially requiring diversified populations if the
trade -offs are strong.

X5 Mutations that alter cell -to-cell variability will  allow for adaptive diversified
strategies in the face of trade -offs.

To test these hypotheses, it is necessary to understand our model system in many ways: as
a mutable genotype, as a collection of biomolecules, as a dynamical system, as a strategic
agent, and as a population of individuals  each of which may be a little different. Each of these
facets will borrow techniques from applicable fields: evolutionary biology, cell biology, physics,
engineering, and systems biology. While many of the techniques employed are now long
established, bringing them together as | have in this dissertation will be new.

The research content of the dissertation consists of two parts to reflect the two fundamental
styles of research that | will be combinin  g: simulations and experiment s. In t he following Part
2, I will use simulations of bacteria in different environments to demonstrate that no single

phenotype performs optimally in all environments, leading to trade -off problems in
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chemotactic behaviors, which was recently published (Frankel et al., 2014 ). Using an
experimentally -constrained model of noisy gene expression in a clonal population, I  will
theoretically predict that cells with different protein levels will have different chemotactic
behaviors, and that mutations th  at alter the noise in gene expression can permit adaptation
to resolve chemotactic trade -offs at the population level.

This theoretical work leads to several testable predictions which | then begin to study
experimentally in the final research part , namely that clonal populations should have
functional diversity in chemotaxis  behaviors, and that different chemotactic challenges should
require different chemotactic behaviors for optimal performance. To measure the diversity in
chemotactic behaviors in clonal populations and connect it to diversity in protein levels, |
describe the development of assays to separate cells based on chemotactic performance and
demonstrate cases in which performance depends on cell phenotype and on the level of
expression of chemotaxis proteins (Waite*, Frankel *, Dufour *, & Emonet, In preparation ).
These results are consistent with predictions developed in the theoretical section and other
recent modeling work (Dufour et al., 2014 ).

The final Part 4 of the dissertation brings together findings from theory and experiments
to describe the impact of the dissertation on future research on this topic and beyond. In the
end, my goal to use this well -characterized model system to establish t he efficacy and broaden
the awareness of what | hope will be a useful framework for the study of diversity in other

systemsif biological and otherwise.
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Part 2: Simulations
Resolving trade-offs through the genetic

control of non-genetic diversity =5

Introduction

In this part, we seek to determine to what extent advantageous d iversity can be created
from a single biological network, as well as the mechanisms that permit adaptation of this
diversity in response to selective pressures. In order to this, we must be able to translate an
individual cel |l 6s pr dtsfietness indifferent envitommeeritss ons i nt o

Chemotaxisin E. coli is a system uniquely well -suited to this purpose because of the wealth
of molecular and cellular data that has been gathered by different research groups over the
last several decades, making it one of the best-characterized systems in biology for the study
of single -cell signal transduction and behavior. We will fit many of these data sets with a single
molecular model of E. coli chemotaxis that accounts for the interactions of all of the protei ns
in the network.

From this model, we will be able to calculate phenotypic parameters such as adaptation
and tumble bias as a function of protein concentrations. We will then simulate the performance
of virtual E. coli cells with these phenotypic paramete rs to characterize any trade -offs that E.
coli may face in performing fundamental chemotactic tasks . Using different ecological models
of selection, we will examine how performance trade -offs give rise to fitness trade -offs. Finally,
we will use a model of population diversity based on noisy gene expression to determine
whether changing genetic regulation could allow populations to achieve a collective fitness

advantage.
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Results

A model to map proteins to phenotype to behavior

The first step in creating a single-cell conversion from protein levels into fithess was to
build a model of the chemotaxis network. We began with a standard molecular model of signal
transduction based explicitty on biochemical interactions of network proteins. We
simultaneously fit the model to multiple datasets measured in clonal wildtype cells by multiple
labs (Kollmann, Lovdok, Bartholome, Timmer, & Sourjik, 2005 ; Park et al., 2010 ; Shimizu, Tu,
& Berg, 2010). Along with previous measurements reported in the literature, this fitting
procedure fixed the values of all biochemical parame ters (i.e. reaction rates and binding
constants), leaving protein concentrations as the only quantities determining cell behavior
(Methods, Table 281).

The fit took advantage of newer single -cell data not used in previous models that
characterize the distr ibution of tumble bias and adaptation time in a clonal population (Park
et al., 2010). In order to fit this data, we coupled the molecular model with a model of noisy
gene expression, adapted from Lovdok et al. (2009). In t his model of gene expression, the
abundance of each protein is approximately lognormal -distributed and depends on a few
parameters that determine the mean expression level and the extrinsic (correlated) and
intrinsic (uncorrelated) noise in gene expression (Swain, Elowitz, & Siggia, 2002 ). By
combining these components, we were able to use our model to simultaneously fit the mean
behavior of the population (Kollmann et al., 2005 ; Shimizu et al., 2010 ) and the noisy
distribution of single -cell behaviors (Park et al ., 2010) (Figure 2 81ABC). In all cases, a single
set of fixed biochemical parameters was used, the only driver of behavioral differences between
cells being differences in protein abundance generated by the noisy gene expression model.
(For more details and di scussi on, s eConstre bidehemical parameters af n

the model 6 )
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Figure 2081. Comparing the model to single cell and population averaged measurements.

The same set of model parameter values is used for all the plots. A. Adaptation tim e and motor
clockwise (CW) bias. Bottom: normalized histogram of motor clockwise bias in the population. Top: The
mean and standard deviation of adaptation time in each bin of CW bias. Red lines: experimental data
from Park et al. (2010). Black lines: model. Circles: Individual cells from the model. Colo  r: probability
density. B. Population -averaged CW bias as a function of fold changes in mean expression level of all
pathway proteins after Kollmann et al. (2005). Red: data. Black: model. C. Population -averaged
methylation rate as a function of population -averaged receptor activity obtaine d by exposing cells to
exponential ramps of methyl -aspartate as described in Shimizu et al.  (2010). Red circles: data. Black:
simulation of model. A. Schematic of step function of ligand delivered to immobilized cells in simulation
to test response dynamics. B. Direct comparison of response of molecular model (blue) and phenotypic

model (green), with the same parameters , to stimul us of the form in A illustrating close agreement
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Given an individual with a particular set of protein levels, we then needed to be able to
calculate the phenotypic parameters: adaptation time, tumble bias, and CheY  -P dynamic
range. To do so we solved for the steady state of the model and its linear response to small
deviations in stimuli relative to background (Methods). This produced formulae for the
phenotypic parameters in terms of protein concentrations. Using these definitions, we reduced
the molecul ar model into a phenotypic model written in terms of phenotypic parameters rather
than protein levels (Methods). Simulating the step  -response of the molecular model with a
given set of protein levels matched the behavior of the phenotypic model with corres  ponding
phenotypic parameters (Figure 2 O01DE). Because there are half as many phenotypic
parameters as different proteins, the phenotypic model made it computationally possible to

explore large ranges of behavior in the simulations we describe in the nexts  ection.

Different environments require different behaviors

To characterize chemotactic trade -offs faced by E. coli, we began by investigating which
chemotactic phenotypes perform ed best in different ecological tasks . Here, we defined a
phenotype as a part icular set of values of the phenotypic parameters: adaptation time, tumble
bias, and CheY -P dynamic range. We used the phenotypic model to simulate the behavior of
individual phenotypes in various environments and measured the performance of each
phenotype based on metrics appropriate to each ecological challenge. In total, these steps
provided us with a direct mapping from individual protein levels to chemotactic performance
in the ecological tasks we de scribe below.

E. coli, like other commensals and path ogens, must survive relatively nutrient -poor
environments outside the host until it can colonize a new host . To simulate this scenario , we
created two challenges ( Det ai | ed di scus si o Stochastic 8ieutatioosadfthes ect i on 0
model in ecological challenges6 .)The first is a foraging challenge in whicha  spherical parcel of
nutrient appears at a certain distance from the cell and immediately begins to diffuse away.

This occurs, for instance, upon lysis of a unicellular eukaryote  (Blackburn, Fenchel, & Mitchell,

1998). The location of the parcel is unpredictable and could be close or far. For simplicity, each
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environment contains on ly one parcel. E ach cell in the simulation accumulate d nutrient by
collecting an amount proportional to the concentration at its position at every timestep
Performance was defined as the amount of nutrient acquired  (Figure 2 82A) within a certain
time limi t. For computational simplicity we assume that consumption by an individual is small
enough not to have an impact on the gradient itself. Feedback of populations onto the shape of
the gradient certainly plays a role in many ecological scenarios and could b e considered in this
framework in the future.

The second environment recapitulates a colonization task, in which a colonization site
opens up at a random distance from the cell and immediately starts releasing an attractant
signal by diffusion. This case i s analogous to the classic capillary experiment (Mesibov & Adler,
1972) and may have relevance to infection by species such as uropathogenic E. coli (Lane et
al., 2005). We approximate d the site as a persistent spherical zone with a non -depleting
concentration of attractant. Performance was defined by minimizing the time to reach the site,
or maximizing the reciprocal of the arrival time, before some global time limit, which may be
determined by the carrying capacity of the site or the periodi ¢ purging of the area around the
site (Figure 2 62D). Cells unable to reach the colonization site by that time were given an
infinite arrival time and consequently a zero performance value. Later, we consider the
reduction of this time limit as an ecologica | factor.

For each ecological task, we scanned different environmental parameters (the distance at
which the source appears [Figure 28301,2], the time allotted [Figure 23364], and the source
concentration [Figure 2 8305]) and simulated the performance of di fferent phenotypes. For each
phenotype, the performance of 6,000 830,000 replicate trajectories was averaged together . We
began with no constraints or correlations between  phenotypic parameters and scan ned them
independently; later we consider the effect of biological constraints on phenotypic
distributions.

When a nearby source appeared, cells in the foraging challenge immediately experienced

high nutrient levels and were challenged to maintain their position  despite having been
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stimulated with alarge incr ease in signal. Successful cells had high tumble bias, which curtails
long runs, and short adaptation time, which mitigates large responses (Figure 2 92B).
Conversely, when a source appeared farther away , cells had to use longer runs to reach the
expanding front of the gradient and long adaptation times to integrate the weaker signals at

its tails (Figure 2 82C). If time is further limited, this far  -source effect is exaggerated (Figure
20303). Consequently, trade -offs become much stronger when the environment turns over
rapidly (F igure 2 85).

The case of colonization was similar, except that very high tumble biases  were excluded in
all cases, since staying in one place was not an option. Additionally, shorter adaptation times
were favored overall as compared to foraging. This was because the gradient geometry is much
steeper in the vicinity of the source due to its persistently high concentration (Figure 202, D
inset versus A inset). C limbing steep gradients requires fast adaptation to stay abreast of
quickly ch anging background levels.

The source concentration played a minor role in colonization; however, when foraging less
concentrated sources, the favored strategy for far distances flips from low to high tumble bias
(Figure 2 8364). The dynamic range of CheY -P has a negligible effect on cell performance so
long as it is sufficiently high as to ensure that the response of CheY -P to kinase activity is
linear and does not saturate (Figure 238385). For this reason, when we discuss optimal
performance in the subsequen t analysis, we assume that the total amount of CheY molecules
in the cell has been selected to be high enough to avoid these limitations . (Greater detail on

these trends can be found in Methods section dSimulating performance of phenotypes . 6 )
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Figure 2082. Performance of chemotactic phenotypes depends on environmental conditions.

A. Cartoon diagram (not to scale) of the foraging challenge: cells navigating a 3 -D time -varying
gradient created by diffusion of a spherical drop of nutrient 100 um in diamete r with diffusion coefficient
of 550 pum?/s. Inset: radial profile of the attractant concentration over time B. Average nutrient collected
by each phenotype (combination of tumble bias and adaptation time) in environment in A over 8000
replicates per phenoty pe. Tumble bias and adaptation time were sample in log -spaced bins. Cells start
near to the source (0.2 mm from its center), and are allowed to swim for 13 minutes while accumulating
a small fraction of the nutrient they sense.  C. Same as B except that cel Is start farther away from the
source (1 mm from its center) and 14000 replicates per phenotype were used. DO&F. Similar to A oC but
the environment consists of a colonization challenge: diffusion of ligand out of a spherical non -depleting
source representin g a colonization site. Rather than nutrient collection, performance (E, F) is quantified
as the reciprocal of the arrival time at the source averaged over all replicates (9000 and 36000 for E and

F respectively) with a maximum time allotted of 15 minutes.
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Raw simulation data

Interpolated and smoothed
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Figure 203081. Foraging p erformance as a function of distance to source.

Left set: Cells with various phenotypes were challenged to forage a source presented at varying

distances, ro from 75 pm to 3mm. Between 6000 and 30000 replicates were simulated for

(N, ) the average nutrient collected by all replicates of a given phenotype in

each phenotype.

pmol. Right set: Data on

left smoothed with a Gaussian filter and resampled on a higher resolution grid of phenotypic parameters.

Diamond: phen otype with highest p erformance.
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LT, ): the average reciprocal -of-arrival -time of all of the replicates of a given phenotype in min

51, Right

set: Data on left smoothed with a Gaussian filter and resampled on a higher resolution grid of phenotypic

parameters. Diamond: phen otype with highest performance
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Figure 2063063. Effect of time restrictions on foraging performance.
Cells were challenged to forage sources that appeared at distances of 200, 5000, or 1000 pm away
(columns from left to right). Different amo  unts of time were allotted to cells to accumulate ligand: 3 min,

5 min, 11 min, 15 min (rows from top to bottom). <lel> : the average nutrient collected by replicates of

a given phenotype in pmol.
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Left block : foraging performance for increasing source distance (columns) and increasing source

colonization performance for increasing

source distance (columns) and increasing source concentrat ion (rows): L1 =100 uM, 1 mM, 10 mM.

In both challenges, the distance at which the source appear

ed substantially change d which

phenotypes outperform ed the others. Distant sources require d lower tumble bias and longer
adaptation time than nearby ones (Figure 282, C compared to B and F compared to E). These
Fu, Hernandez -Nunez, &

results are consistent with a recent analytical study (Dufour,

Emonet, 2014 ) that calculated the velocity of cells climbing static one -dimen sional gradients
as a function of phenotype. There, trade -off was demonstrated wherein steep gradients
required fast adaptation time and high tumble bias for optimal velocity, whereas shallow
gradients required slow adaptation time and low tumble bias. Our present simulations in
ecological tasks show that a similar trade -off also exists in more complex chemotactic
scenarios. Here, simulations of distant sources are similar to simple shallow gradients and

nearer sources are analogous to steeper gradients.
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Figure 2 03085. Effect of CheY -P dynamic range on performance.
Left block : foraging performance for near (200 um) and far (1000 um) sources and increasing CheY -P
dynamic range, which was changed through the total number of CheY molecules, Y  tt, as described in the

Methods. Right block: same as left block but for colonization.

Trade-off strength and optimal population strategy depend on the nature of selection

Assuming cells have negligible ability to control or predict at what distance the next source
will appear, cells are mutually tasked with survival in both near and far sources. We examined
trade -offs between pairs of near and far environments to test to the extent to which cells can
cope with environmental variability. In each environment, performance was evaluated on a
scale relative to the richness of that environment. That is to say, nearby sources naturally
result in higher performance values than distant ones. Differences in scale between different
tasks do not change the significance of the curvat ure of the Pareto front; axes can even have

different units and the meaning of the curvature will be the same (Shoval et al., 2012)
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Trade -offs in performance arose when cells were require to mutually optimize foraging or
colonization of nearby and far away sources (Figure 2 84). This is a consequence of the fact that
unique specialists are needed for each environ ment. As the disparity between these source
distances becomes greater, the front of the trade -off transitions from convex to concave (Figure
204, from A to C for foraging and from D to F for colonization), demonstrating that performance
trade -offs in funda mental tasks can be strong when environmental variability is high.

Nutrition and arrival time, however, are not themselves equivalent to fitness. Fitness
defines how these performance metrics would contribute to cellular survival and reproduction.
Taking a neutral performance trade -off case for each task type (Figure 2 64, B and E), we asked
the questions: how are performance trade -offs translated into fitness trade -offs, and how does
the nature of selection influence their strength?

In the case of foraging, survival depends on the ability to scavenge sufficient nutrition. The
metabolic reactions that mediate this survival are nonlinear biochemical processes. Many such
reactions follow sigmoidal relationships, like the Hill equation, rather than linear ones. We
created a simple metabolic relationship in which the survival probability of an individual cell
was expressed as a Hill function with two parameters: the amount of food required for survival,
and how strongly survival probability depended on that amount (Figure 2 86A). To obtain the
fithess of each phenotype, we calculated the expected value of its survival by averaging the
survival probability of all replicate cells with that phenotype (Methods s e ¢ t Calcolating
fitness from performance ¢).

When the nu trition requirement was low and the dependency was weak, the previously
neutral trade -off became a weak fithess trade -off (Figure 2 86B). Increasing the nutrition
requirement and dependency imposed stricter selection, which penalized all but the top
perform ers. This transformed the underlying neutral performance trade -off into a strong
fitness trade -off (Figure 2 86C). Therefore, the selection parameters themselves can determine
the strength of fitness trade -offs. Discrete transitions between survival outcome s gave

gualitatively similar results (Figure 2 87ABC).
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Figure 204. Performance trade  -offsin E. coli chemotaxis.

Ecological chemotaxis tasks pose trade -off problems for E. coli that become strong when
environmental variation is high. ~ Ad8C. Trade -off plot between nutrient accumulation when starting near
and when starting far from a source. Plotting the performance of all possible clockwise bias and
adaptation time combinations in both near and far cases (colored region) reveals the strength of the trade
off in the curvature of the front. As the disparity between starting distance becomes greater (left to right
plots), the trade -off front goes from convex to concave, signifying a transition from weak to strong
performance trade -offs. Source distances are ind icated on axis labels. D&F. Same as A3C but for the

colonization challenge.
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Figure 2085. Effect of time limits o n near/far foraging trade -offs.

Trade -offs in performance between foraging near and far sources are shown. From left to right (cyan
to magenta ), the far case is progressively more distant compared to the near case: 1  mm, 1.5 mm, 2 mm,
3mm. From top to bottom (bright to dark colors), the time allotted is increasing: 3 min, 5 min, 11 min, 15
min. Reduced time allotment makes the front (black line) more concave for the same pair of

environments.
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In the case of colonization, individual success was binary: either the colonization site was
successfully reached, securing that cell 6s survival f o
from the site & e.g. consumed by a neutrophil & and left no progeny. We approximate the fitness
reward for each replicate as a function of the arrival time that steps down from one to zero
after a time limit (Figure  286D).

As in the foraging case, we calculated the coloniz ation fithess, or survival expectation, of a
phenotype as the average of the zero and one outcomes of all the individual replicate cells of
that phenotype. When the time limit was high, the previously neutral performance trade -off
gave rise to a weak fithe ss trade-off (Figure 286E). When the transition point was lower, the
same performance trade -off became a strong fitness trade -off (Figure 206F). These effects
mirror those demonstrated in the foraging case.  As an alternative calculation of fithess we also
considered a continuous reward function, which qualitatively produced the same results
(Figure 207DEF).

The common thread between these cases is that the nonlinear relationship between
performance and fithess can increase or reduce the fithess difference b etween the high -
performing specialists and intermediate -performing generalist, strengthening or weakening
the trade -off, respectively. Thus, whether diversification is advantageous depends not only on
performance trade -offs, but also on the selection proce ss, which has the potential to reverse
the strength of trade -offs. Understanding fitness trade -offs therefore requires consideration of

both performance and selection. This relationship will receive a detailed treatment in Part 3.
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Figure 206. Selection canreshap e trade -offs.

A. Simple metabolic model of survival applied to the chemotactic foraging challenge. Each individual
replicate is given a survival probability based on a Hill function of the nutrition they achieve from
chemotaxis. For each phenotyp e, the foraging fitness is the average survival probability across replicates.
The effect of more (red) and less (blue) stringent survival functions are compared. Transitional nutrition
value: 1.5 umol (blue), 2.5 pumol (red), Hill coefficient: 2.5 (blue), 7 (red). B&C. Beginning with the neutral
foraging performance trade -off in Figure 284B, application of the survival model in A gives rise to either
a weak (B) or strong (C) fitness trade -off, depending on where the thresholds and steepness are low (blue
curve in A) or high (red curve in A). D. Simple threshold model of survival applied to the chemotactic
colonization challenge. Each individual replicate survives only if it arrives at the goal within the cut -off
time. For each phenotype, the colonization fi tness is the probability to colonize measured over all
replicates. The effect of more (red) and less (blue) stringent survival functions are compared. Time
threshold value: 5 min (blue), 1.5 min (red) . EJF. Beginning with the neutral colonization trade -off in
Figure 204E, application of the selection model in C gives rise to either a weak (E) or strong ( F) fithess

trade -off.

41



Part 2: Simulations

A 2 50.15 9
= £ 5 0.04
8 g @
5 & 0.1 $ 0.03
° £ =
= 14 - £ =
o o o 0.02
£ £
@ ©0.05 =)
2 & T 0.01
w0 o o
L [V
0 e 0
10" 10° 10" 16 1.8 2 1.2 14 1.6
D Single-cell nutrition (umol) E Foraging fitness, Near F Foraging fitness, Near
1 ! 1 X 10‘5
g [ & 25
0 - -
© 0.8 - @ @
b 2 g 2
= = =
0.6 - = E15
S o4 | S5 003 5
@ = ® 1
o N N
502 - S =
o~ S 505
2 5] 5]
O 0 O O
I T L
0 5 10 15 0.26 0.28 0.3 0.32 0.05 0.1 0.15 0.2 0.25
Single-cell arrival time (min) Colonization fithess, Near Colonization fitness, Near

Figure 2487. Fitness trade -offs under alternate models of selection.

A. Model of discrete physiological transitions applied to the ¢ hemotactic foraging challenge. Each
individual replicate is given a number of progeny (0, 1, or 2) based on atwo  -step function of the nutrition
they achieve from chemotaxis. For each phenotype, the foraging fitness is the average progeny across
replicates. The effect of more (red) and less (blue) stringent nutrient requirements are compared.
Survival requirement: 0.5 umol (blue), 0.75 pmol (red), Division requirement: 2 umol (blue), 3 pmol (red).

B aC. Beginning with the foraging performance trade  -off in Figure 204B, application of the survival model
in A gives rise to either a weak (B) or strong (C) fitness trade  -off, depending on where the thresholds and
steepness are low (blue curve in A) or high (red curve in A).  D. Probabilistic model of survival appl ied to
the chemotactic colonization challenge. Each individual replicate survives has chance to survive
depending on how soon it arrives. For each phenotype, the colonization fitness is the probability to
colonize measured over all replicates. The effect o f more (red) and less (blue) stringent survival functions
are compared. Time threshold in both cases is 1 min with dependency 1 (blue) or 10 (red).  EJF. Beginning
with the arrival performance trade -off in Figure 204E, application of the selection model in  C gives rise

to either a weak (E) or strong (F) fitness trade -off.
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Genetic control of non-genetic diversity enables populations to resolve trade-offs

We have identified conditions in which diversified populations have a fithess advantage:
those in which t he environment is highly variable and those in which selection truncates
populations to the top performers. While we cannot know  precisely what trade -offs wildtype

E. coli have experienced, we do know that they exhibit substantial phenotypic heterogeneity

in their swimming behavior. While there are certainly other sources of variations, our model
shows that noise in protein levels is a plausible driver for behavioral diversity in E. coli
chemotaxis.

We asked the question of whether selection on genetic regu latory features of the chemotaxis
network could serve as an adaptive mechanism that can shape diversity in protein abundance,
and thus phenotypes, to resolve trade -offs. Such features include the organization of the genes
on the chromosome and the sequence s of ribosomal binding sites (RBSs) and promoter  regions.
Selection for individuals with mutations in these features would give rise to adaptation of the
distribution without changing hig  hly -conserved network proteins. In our model of gene
expression, such alterations were realized through changes in the levels of extrinsic and
intrinsic noise and the mean expression level of each protein. We first varied these parameters

individually to investigate their effects on phenotypic diversity (Figure 208).
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Figure 288. Genetic ¢ ontrol of phenotypic diversity.

A. Clustering genes on multicistronic operons constrains the ratios in protein abundance.

expression of core chemotaxis proteins CheRBYZ are shown relative to the mean level in wildtype cells.
Two thousand cells are plotted. Light blue: mean levels of the proteins CheRBYZAW and receptors are
equal to the mean levels in wildtype cells, which we take to be 140, 240, 8200, 3200, 6700, 6700, 15000

mol./cell, respectively (Li & Hazelbauer, 2004 ); the extrinsic noise scaling parameter, f ,is 0.26 and the

intrinsic noise scaling parameter, 3, is 0.125, which are both fit to wildtype variability (Figure 2@ 1).

Dark blue: same but with S = 0.8, which is greater than wildtype level. Note the substantial variability
around the mean even in the case of wildtype noise levels (light blue). C. Clockwise bias and adaptation
time of individuals in A. D. Changes in the strength of individual RBSs will independently change the
mean levels of individual proteins. E,F. Light blue: gene expression of cell s with same population
parameters as in A, light blue. Pink: mean levels of CheR changed to twice wildtype mean. G. Promoter
sequences can be inherently more or less noisy, resulting in amplification or attenuation of the variability

of total protein amoun ts without affecting protein ratios.  H,l. Pink: gene expression of cells with same

population parameters as in E, pink. Red: S reduced from 0.26 to 0.1.
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Intrinsic noise results in diversification of protein ratios (Figure 2 A88A). Intrinsic noise can
be reduced when multiple genes are expressed from one operonfi as are the core chemotaxis
genes cheRBYZ (Lovdok et al., 2009 ). When we compared populations that had low o r high
intrinsic noise (Figure 2 98B, light blue and dark blue, respectively) we observed that high
intrinsic noise resulted in many cells having tumble bias near 0 or 1 and therefore being non -
chemotactic (Figure 2 88C, dark blue) . Reducing intrinsic noise had two effects: more c ells had
phenotypic parameters within the functional range, and there was an inverse correlation
between tumble bias and adaptation time that is known to arise from the architecture of the
network (Park et al., 2010 ; Pontius, Sneddon, & Emonet, 2013 ) (Figure 2 88C, light blue).

Altering the strength  of an RBS changes the mean protein ratios, r esulting in a shift in the
mean phenotype of the population without directly affecting population variability (Figure 20
8D). Experimentally, m utations in RBSs at the single -nucleotide level are known to have
profound effects on expression levels of chemota xis genes in E. coli (Oleksiuk et al., 2011 ). We
tested this by increasing the mean level of CheR (Figure  288E, pink). CheR is responsible for
receptor methylat ion, so increasing its mean level decreased th e mean adaptation time (Figure
208F). There was also an increase in mean tumble bias due to the fact that increasing CheR
relative to CheB increases the steady -state methylation level (in spite of the mitigatin g effect
of the CheB -P feedback), leading to higher tumble bias.

Extrinsic noise (Figure 2 8G) arise s both from variations in global factors in the cell as well
as from the noisiness of promoters that drive multicistronic operons  (Bruggeman, Bluthgen, &
Westerhoff, 2009 ; Freed et al., 2008 ; Miller -Jensen, Skupsky, Shah, Arkin, & Schaffer, 2013 ).
Reduction of extrinsic noise resulted in a population with a tighter , generalist -like distribution
of phenotypes (Figure 2 88HIJ, red). Hence, through pathway -specific mutations in the
promoter or its regulators, we predict that clonal populations could approach a more
generalist -like distribution or a more multi  -specialist -like distribution.

To determine whether changing these regulatory parameters alone can generate Pareto -

efficient population distributions, we n  umerically maximized population fitness  (Methods),
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allowing only the two noise magnitudes and the mean expression levels to vary . Populations
are comprised a discrete set of individual cells generated by the noisy gene expression model ,
each having a fitne ss in each environment. Following previous studies (Haccou & lwasa, 1995 ),
the fitness of the popul ation in a given environment was defined as the average fitness of all
of its individuals in that environment. For simplicity we assumed that the population
encounters environments one at a time and must survive all environments. Therefore the
population f itness over all environments was the geometric mean of the population fitness in
each environment, weighted by the probability of encountering each environment (Methods).
The environments considered were the same as in Figure 286, which include examples of both
strong and weak fitness trade -offs for each ecological task.

We first performed the optimization with lower limits on the noise parameters that were
very low (Methods). When we optimized populations for weak trade -off in either foraging or
colonizati on tasks, the resulting population s in both tasks exhibited low levels of protein noise
(Figure 209A for foraging and 2089E for colonization, blue points) and low phenotypic
variability (Figure 2 89B and F). In contrast, populations optimized for the strong foraging or
colonization trade -offs exhibited higher protein noise (Fig ure 289A and E, red compared to
blue points) and higher phenotypic variability (Figure 2 39B and F). In all cases, the spread of
individuals in the optimal populations was constrain  ed to the Pareto front (Figure 2 09CDGH).
The spread was more condensed in the weak trade -offs than in the strong trad  e-off in the same
task (Figure 2 89C compared to D for foraging and G compared to H for colonization).
Interestingly, the driver of diversity in the case of the foraging trade -off was extrinsic noise
whereas in the colonization case it was intrinsic (Figure 2 89A compared E, red points). This
resulted in a negative correlation between tumble bias and adaptation time in the foraging

case, but no such correlation in the colonization case (Figure 2 d9B compared to F, red points).
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Figure 2089. Optimized of gene expression  noise under trade  -offs, very low noise permitted

Protein expression of populations were optimized for either weak or strong foragin g fitness trade -offs
(same trade -offs as in Figure 286B and C). For each population, 5000 individuals are plotted, protein
expression shown relative to the mean level in wildtype cells.  A. Gene expression parameters of the
population optimized for the weak foraging trade -off: mean expression levels of CheRBYZAW and
receptors relative to mean wildtype expression level were  1.79, 2.925, 1.98, 1.08, 1.08, 1.08, and 1.08 fold,
respectively, with an intrinsic noise scaling parameter, E, of 0.04 and an extrinsic noise scaling
parameter, S, of noise 0.02. For the strong foraging trade -off: mean CheRBYZAW and receptors relative
to wildtype were 4, 3.35, 2.75, 10, 10, 10, and 10 fold, respectively, with 3 =0.04 and $=0.15. B. Clockwise
bias and adaptation time of in dividuals in A with the corresponding dot color.  C. Fitness of the population
that was optimized for the weak foraging trade -off (corresponding to blue dots in A and B). D. Same as
C but for the population optimized for the strong foraging trade  -off. EGH. Same as A3D for the
colonization fitness trade -offs shown in Figure 286D and E. Population parameters optimized for weak
colonization trade -off: mean CheRBYZAW and receptors levels relative to wildtype were  4.58, 3.61, 1.32,
1.32, 1.32, and 1.32 fold, respectively, with E= 0.04 and S= 0.02. Population parameters optimized for
strong colonization trade -off: mean CheRBYZAW and receptors levels were 1.72, 4.17, 2.44, 1.21, 1.21,

1.21, and 1.21 fold, respectively, with E=0.18 and S=0.02.
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We then establish ed a lower limit on the noise parameters that was higher, which reflects
an irreducibility of biological noise.  We used the wildtype level of intrinsic noise obtained in
our fit to experimental data (Figure  281) as a lower bound in the optimization, with t he
rationale that m ultiple experimental studies show that wildtype cells have reduced intrinsic
noise for improved chemotactic function (Kollmann et al., 2005 ; Lovdok et al., 2009 ; Lovdok,
Kollmann, & Sourjik, 2007 ), from which we inferred that they may be operating near a
fundamental lower limit. We also set a lower bound on the total noise level based on
experimental measurements in  E. coli of protein abundance in individual cells over a large
range of proteins (Taniguchi et al., 2010 ) (Methods). This bound is primarily from irreducible
extrinsic noise arising from various mechanisms such as the unavoidability unequal
partitioning of proteins during cell division. We set an upper bound on mean protein levels to
5 fold above the wildtype mean in order to be within a range of experimentally established
observations (Kollmann et al., 2005 ; Li & Hazelbauer, 2004 ) (Methods).

Similar to above, w hen we optimized populations for weak trade -off in either foraging or
colonization tasks, the resulting population s in both tasks exhibited lower levels of protein
noise (Figure 2010A for foraging and E for colonization, blue points) and lower  phenotypic
variability (Figure 2310B and F), in comparison to populations optimized for the respective
strong foraging or colonization trade -offs (Figure 2810ABEF, red compared to blue points) ,
althou gh the difference was smaller than in the case of looser constraints on gene expression
parameters (i.e. Figure 2 89). The spread of individuals was again constrain ed to the Pareto
front (Figure 2610CDGH). The spread was more slightly condensed in the weak trade -offs than
in the strong trade -off in the same task (Figure 2810C compared to D for foraging and G

compared to H for colonization)
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Figure 20810. Optimized gene expression noise  under trade -offs with biological noise limits

Protein expression of pop ulations were optimized for either weak or strong foraging fitness trade -offs
(same trade -offs as in Figure 2386B and C). For each population, 2000 individuals are plotted, protein
expression shown relative to the mean level in wildtype cells.  A. Gene expression parameters of the
population optimized for the weak foraging trade -off: mean expression levels of CheRBYZAW and
receptors relative to mean wildtype expression level were 2.54, 2.53, 2.50, 4.20, 4.50, 3.49, and 3.49 fold,
respectively, with an intrins ic noise scaling parameter, E, of 0.051 and an extrinsic noise scaling
parameter, S, of noise 0.128. For the strong foraging trade -off: mean CheRBYZAW and receptors relative
to wildtype were 3.27, 3.27, 2.86, 3.83 , 4.17, 2.82, and 5.00 fold, respectively, with 3 =0.051 and $S=0.200.
B. Clockwise bias and adaptation time of individuals in A with the corresponding dot color. C. Fitness of
the population that was optimized for the weak foraging trade  -off (corresponding to blue dots in A and
B). D. Same as C but for the population optimized for the strong foraging trade  -off. EGH. Same as AdD
for the colonization fithess trade -offs shown in Figure 206D and E. Population parameters optimized for
weak colonization trade -off: mean CheRBYZAW and receptors levels rela tive to wildtype were 2.42, 2.52,
2.32, 2.50, 4.16, 3.25, and 5.00 fold, respectively, with E= 0.055 and S= 0.126. Population parameters
optimized for strong colonization trade -off: mean CheRBYZAW and receptors levels were 2.90, 2.92, 1.71,

3.845, 2.25, 3.80, and 3.76 fold, respectively, with E=0.221 and S=0.090.
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In the weak trade -off cases, condensation into a single point on the Pareto front was
impeded by lower bounds on noise. Even though a pure generalist strategy was unattainable,
adjustments in the means and correlations between protein abundance enabled the system to
shape thedéonessdualo distribute cells alamgengralt he Pareto
phenomenon in biological systems: given that molecular noise is irreducible, the best solution
is to constrain diversity to the  Pareto front. Our results suggest this may be achievable via
mutations in the regulatory elements of a pathway.

In the strong foraging trade -off, the optimized population took advantage of the fact that
correlated noise in protein levels leads to an inverse relationship between clockwise bias and
adaptation time (Figure 2 89 and 2010, A and B, red) due to the architecture of the network.
By capitalizing on this feature, the population contained specialists for near sources, which
had higher clockwise bias and shorter adaptation times, and those for far source s, which had
lower clockwise bias and longer adaptation time. Cells with clockwise bias above 0.25 were
avoided because steep gradients were very short -lived in this challenge.

The strong colonization trade -off also required high clockwise bias for near so urces and low
clockwise bias for far sources. However, since the gr ac
a short adaptation time was always necessary to climb the final part of the gradient and
clockwise bias above 0.25 could become advantageous when the source is close. In order to
achieve greater diversity in clockwise bias while keeping adaptation time low, the optimized
population for this trade -off had increased intrinsic noise, which diversified protein ratios and
disrupted the inverse correl ation between clockwise bi as and adaptation time (Figure 209 and
2010, E and F, red).

In all cases, selection on regulatory elements of the network resulted in phenotypic
diversity being remarkably constrained to the Pareto front. Furthermore, the levels o f
diversity in these populations are consistent with the sign of the curvature of the Pareto front
they occupy. The adaptability of these distributions  predict s that genetic alterations to basic

regulatory mechanisms may allow clonal cells to resolve multi -objective problems at the
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population level using a single signaling network. This mechanism could allow populations to
cope with the need to navigate diverse environments, or follow diverse signals, without

partitioning into discrete subpopulations throug  h the use of switches or modules.

Potential future experiments suggested by the theory

Our results could be tested using several types of chemotactic performance experiments.
The radial symmetry of our environments makes it possible to use the capillary (Park, Guet,
Emonet, & Cluzel, 2011 ) and plug assays (Lanfranconi, Alvarez, & Studdert, 2003 ), which
present cells with a concentrated source of attractant. The soft agar swarm plate assay (Lovdok
et al., 2007) could be used as well if modified to i ntroduce nutrient solution to one spot of the
plate instead of the whole. Microfluidic chemotaxis assays (Kalinin, Neumann, Sourjik, & Wu,
2010) could be constructed using soft lithography to reproduce these environments with a
higher level of precision. In each of these cases, the distance between cells and the  source and
the duration for which the source is presented could be varied, as well as the source
concentration. Cells with high performance should be selected, analyzed for their phenotypes
and protein abundance, and re -grown, either under continual prese ntation of the same
condition or switching between two or more conditions.

Using these types of experiments, our theoretical results predict several specific outcomes.
First, seeding the same clonal population in different assays that have different lengt h- or
time -scales should select for different optimal subpopulations with different phenotypic
parameters and different levels of protein expression. Such measurements would make it
experimentally possible to verify the chemotactic trade -offs we predict. E xperimental work
using the capillary assay already supports this claim  (Park et al., 2011 ), which will be further
investigated in Part 3 of this dissertation.

In t he case of laboratory evolution with one selection condition, we predict an eventual shift
toward genotypes that suppress population noise, as well as toward mutations in chemotaxis
protein RBSs that allow the mean clockwise bias and adaptation time to spe  cialize for this

task. In this case, we predict that populations will reduce phenotypic diversity but run into a
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lower limit of protein noise. These outcomes could be measured by performing single cell
phenotype analyses and by re -sequencing the operon. Conversely, alternating selection in
different assays or different length - and time -scales may lead to enhanced phenotypic noise
and still other RBS mutations. In these cases, whole genome re -sequencing may show
alterations to the operon structure or to the  master regulators of chemotaxis.

Strains that are evolved in the lab could be compared to the wildtype ancestor in order to
gain insight into the types of environments the latter evolved in. Furthermore, investigating
phenotypic diversity in wild strains i n comparison to domesticated and evolved laboratory
strains may uncover differences that reflect the level of environmental diversity faced in their

respective lifestyles.

Discussion

Without changing the protein coding sequences or interrupting robust fea  tures such as
perfect adaptation, the bacterial chemotaxis system exhibits significant plasticity in the shape
of phenotypic distributions. Such plasticity can provide fitness advantages under chemotactic
trade -offs. While we do not know what trade -offs wildtype E. coli populations have faced, our
results suggest that the relationship between chemotactic phenotype and survival is highly
sensitive to environmental time - and length -scales. Hence, we expect that the real -world
ecology of chemotaxis will impose many trade -offs. Indeed, the same network in E. coli is
tasked with processing chemical, oxidative, and temperature information on multiple scales
simultaneously. Additionally, changes in the environment bring different growth conditions,
which change the distribution of protein expression (Li & Hazelbauer, 2004 ; Scott, Gunderson,
Mateescu, Zhang, & Hwa, 2010 ) and will naturally change the distribution of phenotypes as
well. As new data on these niches and populations emerge, the framework we introduce in this
dissertation could be used to investigate the significance of these trade -offs and their resulting

phenotyp ic distributions.
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A new feature of our conceptual framework is the distinction between performance and
fitness. Organisms exhibit many behaviors which, to researchers, are not directly connected to
survival and reproduction. These gaps in our understanding inhibit our abilities to understand
the evolutionary significance of many organismal behaviors. Here, we demonstrated methods
for broaching these questions quantitatively, and in so doing uncovered the relevant finding
that nonlinearities in selection can  strengthen or weaken trade -offs. This will be of general
interest to those studying fithess trade -offs since the nature of selection can change the
optimality of pure versus mixed population strategies.

In this study, we simplified the problem by focusing only on pairs of environments, but
trade -off problems between more than two environments are certainly possible. Without
modifying this framework, trade -offs between any arbitrary distribution of environments could
be examined. Likewise, multiple differen t task types could be compared simultaneously. Due
to the fact that such cases will impose more constraints on the chemotaxis system, stronger
and more difficult problems are likely to arise. Other simplifications were that challenges and
regrowth occurred in discrete sequential steps and that there was no direct inheritance or
persistence of phenotype from mother to daughter cells . The relative importance of these
features will depend on the relationship between their time  -scales and those of the

environme ntal challenges (Kussell & Leibler, 2005 ).

Methods

Single-cell model of chemotaxis with population-level model of gene expression

Flagellar motors

Bacterial flagellar motors switch between counterclockwise rotation, associated with
relatively straight swimming, and clockwise rotation, associated with periods of tumbling. We
model the bacterial flagellar motor as a bistable stochastically switching system (Sneddon,
Pontius, & Emonet, 2012 ; Tu & Grinstein, 2005 ). The free energies of the states, and

consequently the switching rates between states, are modulated by the concentration of
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phosphorylated messenger protein CheY, Yp. We assume that the free energy difference
between the CCW and CW states is linear in the occupancy of the motor protein FliM by CheY -

P. The rates k+ and k- of switching out of the CW and CCW states, respectively, are  then given

by
og% Yo
k. =ue 5 P (251)

in which w6 sets the maximum rate of motor switching, G sets the scale of the free energy
difference, and Ky is the FliM -CheY-P dissociation constant. Instantaneous CW bias CW as a

function of CheY -P input is given by

k
k, +Kk_’

Cw= (282)

which describes a sigmoidal curve (Cluzel, Surette, & Leibler, 2000 ). Here g determines the

steepness of the relationship, and Kug sets the location of the midpoint. The noise in the  Yp

signal is modeled using a normal distribution N(Yp) with mean Ypo and varian ce, sf , the
P

time -averaged CW bias CWo is obtained by averaging the instantaneous CW bias according to

o

CW, = ﬁnCV\( Y) N Y) dy. (283)

In our model, we make the simplifying assumption that each cell has one flagellum;
therefore, the clockwise bias is equivalent to the tumble bias  (Sneddon et al., 2012), or CW =
TB. When the system is either unstimulated or fully adapted to a constant background, the

system is said to be at steady state. In such conditions, Yp = Yp,ss, CWo = CWss = TBo = TBss.

The oOotumble biasdé we r efTRsgandiwsetiby YpkshheougmBdg. 263),e xt i s

along with 5‘5, which is calculated below under oOLi
P

neari zati

model . 6 Wew Yédsow kal cul ated below under OMol ecul ar mo d

pat hway. ¢
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Bacterial chemoreceptors

Bacteria sense changes in their external environment using transmembrane
chemoreceptors. These receptors are sensitive to changes in the concentrations of various
chemical stimuli as well as temperature, oxygen levels, and acidity. Receptors respond to
stimuli by modulating their rates of switching between active and inactive conformations. Here
we model the receptor response to the chemoattractant methyl -aspartate using a Monod -
Wyman -Changeux model of mixed complexes of Tar and Tsr receptor types (Endres &
Wingreen, 2006 ; Mello & Tu, 2005 ). Each MWC complex consists of Ntsr=4 Tar and Ntar = 2
Tsr homodimers (Endres & Wingreen, 2006 ). Receptors within each complex are assumed to
switch in an all -or-none fashion. The free energy of the active conformation is taken to decrease
linearly with the methylation level m¢ of the complex, as determined experimentally  (Shimizu
et al., 2010). For this model, the mean activity a of the complex as a function of m¢ and the
external methyl -aspartate stimulus L is

-1

a(m, 1) =(1 +&" * f(1)) (284)

in which B and & are constants, and the function

a1+ L/K & 180 /Ko

fL - Tar . Tsr
L) JeLikg 0 1F KD (209)

Tar

The constants K2 K2 K2 and K2 characterize the binding of methyl -aspartate to

Tar and Tsr in active and inactive conformations. In the models of the chemotaxis pathway
below we use m to denote the mean met hylation level of all MWC complexes in the cell and
take a(m) to be the mean activity of all complexes in the cell, following previous studies
(Emonet & Cluzel, 200 8; Mello & Tu, 2005 ; Shimizu et al., 2010 ; Sneddon et al., 2012). This
approximation is equi valent to assuming that the distribution of mc across the cell is sharply

peaked around m or, alternatively, that a(m¢) is linear in mc.
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Molecular model of chemotaxis

Receptor activity adapts to persistent stimulus through methylation and demethylation of
the receptors by the enzymes CheR and CheB, respectively. In modeling the kinetics of receptor
modification, we follow previous work that successfully describes the adaptive response
measured in populations in bacteria (Pontius et al., 2013 ; Shimizu et al., 2010 ). In this model,
CheR binds preferentially to inactive receptors and CheB to active receptors. The average

methylation level m of all MWC complexes therefore evolves according to

~

dm_2N&k R, T KkB,wT* &
dm_2NZKRaT KBy 6/4(1). (256)
dt T K+T K A% =

in which Trtot, Rrtet, and Bp71ot are the total concentrations of receptors, CheR, and
phosphorylated CheB in the cell, K: and Ky are Michaelis -Menten constants charact erizing the
enzyme-receptor binding, and kr and kp are the catalytic rates for receptor methylation and
demethylation. T* and T denote the concentrations of free active and inactive receptors,
respectively. Since the number of enzyme -receptor complexes is small relative to the number
of receptors, we make the approximations T*+ T ~ Trot and for the mean activity of the system,
a~ T*/Ttot. We define N = Ntar + Ntsr as the size of the MWC complexes, so Trot/2N is the total
concentration of MWC complexes in the cell. The term /m(t) is a white noise source that
introduces spontaneous fluctuations in methylation level. While models of the form of Eq. ( 20
6) correctly describe the adaptation dynamics of averaged populations, they generally fail to
predict suffic iently high levels of noise (Pontius et al., 2013 ). Therefore, we set the intensity of
the noise source /m(t) to agree with experimental measurements, as discussed in the next

section. Differentiating a(m, L) and using pa/ m &gl &, we may recast Eq. (236) to

describe the evolution of the mean activity a of the system:

da_ o1 92N8 KR 9 kB.a Oua

—=gal -a)— > o o—+ L 1 a) ;

TR M N A T
(267)
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Note that the stimulus term depends on the time deriv  ative of the ligand concentration L. At

krR’ot(l' QJ) = kaP,TotaO
K Mo 1 8y Ko/ Trot & °

steady state the steady state activity ao is given by

In their active form, receptors promote the autophosphorylation of an associated histidine
kinase CheA, which in turn phosphorylates CheB and the messenger prot ein CheY that
regulates the activity of the flagellar motors. The concentration Ap of phosphorylated CheA is

then described by

D oa(AcA)a aA(B. Bi) aA Y. Y e

in which ap, abn, and ay are rate constants, Ao, Brot, and Yrot are the total concentrations of
CheA, CheB, and CheY, and Bp and Yp are the concentrations of free CheB -P and CheY-P.
CheB-P (either free or bound to a receptor) autodephosphorylates at a rate  dp and CheY-P is

dephosphorylated by CheZ with a rate  d.. The levels of phosphorylated CheB and CheY then

follow:
dB, ;.
% =4, Ab ( Brot - Bp Tot) db Bp To (289)
and
de
A (Y %) 4z (210)

in which Zvot is the total concentration of CheZ molecules.

The molecular model depends on the biochemical parameters, ki, kb, Kr, Kb, @p, ay, dz, db,
ap, which are the same for all cells since we consider isogenic populations (  Meth ods section
0Constant bi ochemical parameters of the model 6 bel
Atot, Ttot, Rtot, Btot, Ytot, and Ziot.

Linearization of the molecular model
Egs. (206,7,8,9,10) constitute a nonlinear system dX/dt = F(X) + S + H describing the
evolution of X = (a, Ap, Bp, Yp) in the presence of a stimulus S and noise source H. F is a vector -

valued function specified by Egs. ( 206,7,8,9,10). In the absence of stimulus S = 0 the steady
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state of the system Xo is the solution of F(Xo) = 0. For small stimuli and noise levels that induce

only small changes aX = X & Xo about the steady -state, we may linearize the system to obtain
adX=J X 4S5 H, (2811)

in which J is the Jacobian of F evaluated at the steady state Xo:

a ua 0
de 88
aeHa N 0
J :i : 8 (2512)
R, M g
Fua M e,

The eigenvalues of J for the model Egs. (286,7,8,9,10) are generally negative, indicating
that the system relaxes to its steady state after small perturbations. The methylation reactions
of Eq. (206) are slow relative to the phosphorylation reactions described by Egs. ( 288,9,10) and
therefore effectively determine the rate of this relaxation. This rate is given by the largest
(least negative) of the eigenvalues / of J, which we use to define the relaxation time scale of

the system

1
= ——. (2813)
max(/ )

We note that this rate sets the rate of rela xation to both external stimuli and intrinsic noise
(Emonet & Cluzel, 2008 ; Park et al., 2010 ).
Magnitude of spontaneous fluctuations

Measurements (Park et al., 2010 ) have indicated that the variance SYZ of intrinsic
p

temporal fluctuations in CheY -P scales linearly with the relaxation time scale ¢, according to
2 _
Sy, =C1 (2614)

with C = 3.89 x 103 nM?2/s. We assume these fluctuations arise solely from fluctuations in the
mean methylat ion level m. Therefore, for a value of ¢ calculated from the reaction constants

and protein concentrations in a given cell, we choose the intensity of the noise source /m(t) in
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Eq. (6) so that ssz and ¢ satisfy Eq. ( 2014). Specifically, we first calculate ¢ for a given cell and

calculate the corresponding variance sfp from Eqg. ( 2614). Since the phosphorylation processes

in Egs. (208,9,10) are fast relative to the methylation process of Eq. ( 2086), they may be

considered to be in steady -state and Eq. (206) is effectively a one -dimensional Ornstein &

Uhlenbeck process. We therefore can relate 55 to the variance of the intrinsic temporal
P

fluctuations in the methylation level 5‘; by

ady, &
Sn= S e, 0 (2015)
"Qda bt

Here, dYy/da is calculated from the function Yp(a), Eq. (2616) below, obtained from solving

Egs. (206,7,8,9,10) at steady state, as described fully in the next section. Since ¢ corresponds
to the relaxation time of the methylation process in Eq. (  206), we then use ¢ and Sri to set the

intensity of the noise source /m(t) according to
</7m(t) n(t ')> =2 % @ d) (2616)

in which ((t) is the Dirac delta.
Gene expression model

The reaction rates are assumed to be the same for all cells since the population we consider
is isogenic. The total numbers of protein, however, do change from cell to cell and their
distribut ion over the population are determined using a stochastic gene expression model
described in this section.

We adapted a model (Lovdok et al., 2009 ) of noisy gene expression that produces individual

cells each with an individual set of protein counts P = [Atot Wrot RTot Btot Y10t ZTot T ot]:
P=R(x, +/ %A dg( ¥s, ) (2617)

where Po is the corresponding vector of mean protein levels in the population, Oin and Gex are

the intrinsic and e xtrinsic noise components (Swain et al., 2002 ), respectively, E is the scaling
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of the intrinsic noise, and A is the translational coupling matrix ~ (Lovdok et al., 2009 ), a lower
triangular matrix of correlation coefficients  aj between proteins i and j. The intrinsic noise O
is a vector of normally -distributed random variables with mean zero and variance one,
providing individual uncorrelated noise sources for each protein. The extrinsic noise Gex iS @
single lognormally -distributed random variable that provides correlated noise to all proteins

together given by

1 W AN
— (10)
X, =
~ e%(W)m(lO))2 € ' (2018)

where 0 is a normally -distributed with mean zero and variance one, and S is a scaling
parameter for the extrinsic noise

Since many proteins of the pathway assemble into ultrastable membrane -associated
complexes (Boldog, Grimme, Li, Sligar, & Hazelbauer, 2006 ; Zhang, Khursigara, Hartnell, &
Subramaniam, 2007 ), the individual protein levels generated from the noisy gene expression
model was further constrained by taking into account the experimentally observed
stoichiometry: CheW docks to Tar and Tsr with 2:12 stoic  hiometry, CheA docks to receptor -
associated CheW with 2:2 stoichiometry, and CheA is synthesized in two isoforms, CheA L and
CheAs, with a 45:22 ratio (Li & Hazelbauer, 2004 ); only the CheA L form has kinase activity,
Chez docks to CheAs and has more activity than un -docked Chez (Cantwell et al., 2003 ;
Kentner & Sourjik, 2006 , 2009; Schulmeister et al., 2008 ), so we assume for simplicity that
only docked CheZ has significant activity. These relationships were used to determine the
number of functional receptor complexes on a per -cell basis, producing final effective levels o f
Zwot, Awt, and Trot to be used in the single cell model described above. The extra copies of proteins
not in complexes did not participate in signaling.
Constant biochemical parameters of the model

Before conducting any simulations or analysis, we perf ormed a one-time fitting routine to
fix some of the biochemical parameters , which we assume are the same for all cells since we

consider isogenic populations. All of these parameter values were fixed from previous
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experiments ( Table 281) exceptfor kr, ko, Kr, Ko and ap, which we fit to data. To perform the
fitting, we set the population mean protein levels  Po to the wildtype levels (Li & Hazelbauer,
2004) except where noted below to match a given dataset . Since the intrinsic and extrinsic
noise scaling parameters Eand S are unknown for wildtype cells, those were allowed to change
along with the biochemical parameters that were being fitted. In summary, the biochemical
parameters kr, ko, Kr, Kb, and ap, and the gene expression parameters Eand S were used as the
7 fit parameters. After the fit was performed,  Eand S were allowed to vary again (i.e. in Figure
208 and the population optimization for Figure  289,10), but the biochemical parameters ( ki,
kb, Kr, Kb, ap, ay, dz, db, ab) were fixed permanently for all popul ations in all contexts.

As fit -data we used (i) measurements of the histogram of CW bias in a wildtype population
and the adaptation times associated with each bin  (Park et al., 2010 ) (Figure 2 81A); (ii)
measurements of the population -average CW bias as a function of fold overexpression of the
mean protein levels Po (Kollmann et al., 2005 ) (Figure 2 81B); and (iii) population -averaged
rel ationship between receptor activity level and methylation rate (Shimizu et al., 2010 ) (Figure
201). To fit the later data we used our molecular model to simula  te and reproduce the time -
dependent experimental method used in these experiments: we simulated the response of
CheY-P levels within populations of 100 immobilized cells to exponential ramps of ligand. We
used the same r amp Qsacels)sasimthekexpérisnentsai n o6 (

We used a cost function that was simply the sum squared error of all data points and
corresponding model/simulation results. We minimized the cost function, allowing the 7 fit -
parameters mentioned above t osearahrogtimization algopgthmMMATL ABS s

With a single set of parameter values, the resulting model agrees well with the fit data
(Figure 2 81). Compared to single -cell measurements of the histogram of CW bias in the
population, the model produces a similar spread (Figure 2 81A, bottom) and anti -correlation
with adaptation time ( Figure 2 d1A, top) (Park et al., 2010 ). Despite this variation, the
population -averaged CW bias is constrained within a functional range even when the mean

level of proteins is globally upregulated ( Figure 2 81B)i experimentally this was done by
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inducing the expression of a master transcriptional regulator ~ (Kollmann et al., 200 5)fi here we
multiplied Po by the appropriate factor. This conservation shows that our model recapitulates
and resolves a fundamental unexplained dichotomy in the chemotaxis pathway: population
variability around the average is possible in addition to high robustness of the population
average. Hence the pathway is sensitive to molecular noise at the single cell level, but robust

at the population level. Finally, simulations of the population model to reproduce the
experiment by Shimizu et al. (2010) show close agreement (Figure 2 81C), notably fitting the
nonlinear behavior at low and high receptor activity levels without using a piecewise model or

higher exponents in the methylation equation.

Phenotypic model of chemotaxis

The stochastic molecular model described above and its linearization specifies the
stochastic behavior of the single cell in a given environment as a function of its biochemical
parameters (e.g. reaction rates) and protein concentrations. In the following, we define the key
phenotypic parameters of the system, adaptation time, tumble bias, and the dynamic range of
CheY-P levels. We derive these quantities directly from the molecula  r model as a function of
protein levels.

Consider the small changes in ligand concentration experienced by a cell moving in a
gradient. In this linear regime, small perturbations in receptor activity around the mean
steady-state value ao (given by the stea dy state of Eq. (287)) will arise from either intrinsic
molecular noise or from the external stimuli. The relaxation time of the system t (Eq. (2013))
is determined by the time scale of methylation and demethylation, which are slow relative to
all other r eactions in the system (Table 2381) and may therefore be considered at steady state
relative to methylation. Under these conditions, we may construct a simplified version of the
above pathway model with only a single SDE to describe the methylation dynamics . The end
result is a phenotypic model specified only by the mean activity at steady -state ao, the
relaxation time scale ¢, and the total CheY concentration Yot that controls the maximum level

of CheY-P that the cells can reach and therefore the dynamic r ange of the response regulator.
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In the phenotypic model, the dynamics of the mean receptor methylation level m are

described by (Sneddon et al., 2012):

dm

t (m m(D) AKHD. (2519)

~l e

For a given ligand concentration L, mo(L) is the methylation level at which receptor activity
is equal to its mean adapted level ao. Therefore mo satisfies a(mo, L) = ao with a given by Eq.
(284) above and ao given by the steady state of Eq. ( 287). The white noise source Enm is identical
to that in Eq. ( 206) with intensity derived from f according to Eqgs. (2013,14,15,16).

The phosphorylation reactions described by Eqgs. ( 208,9,10) are much faster than the
methylation and demethylation reactions (Eq. ( 207)) that govern the slow adaptation of the
cell and therefore are calculated using a steady -state approximation as in previous studies
(Sneddon et al., 2012; Tu, Shimizu, & Berg, 2008 ; Vladimirov, Lovdok, Lebiedz, & Sourjik,
2008). Since the concentration of total CheB is small relative to total CheY ( Brot/YTot << 1) and
the rate of CheB phosphorylation is lower than the rate of CheY phosphorylation, the effect of
CheB phosphorylation in Eq. ( 288) can be safely neglected. Solving Eqgs. ( 208) and (2610) then

yields the following relationship between CheY -P concentration and the kinase activity — a:

o 2,

a

a a a 0]

Y- (8) :Eaea—p Y, & ,[-4aya % Y +aa()-é, (2520)
2& 2, ¢ +

ATotap

Where a = 7, °

Phosphotransfer from CheA to CheY is rapid. Consequently, if  Yiwt is

sufficiently large that &, < & Y, then Eq. (20) reduces to Y, (t) @Y, 6( l) This linear

ot’
relationship has been exploited by researchers using CheY 06CheZ FRET as a read -out of kinase
activity (Sourjik & Berg, 2001 ). Thus, for large Y, the relatio nship between kinase activity a
and CheY -P concentration is nearly linear with slope U( Further di scSinmuktingn under

performance of phenotypes. 6 )
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In summary, we combine d the phenotypic model in Egs. (2619,20) with the MWC receptor

model in Eq. (204,5) and the flagellar motor switching model in Eg. (201,2,3) to produce a

simplified model of the bacterial chemotaxis system in the linear regime. Using this model, an

individual cell is fully specified by the three parameters: tumble bias, adaptation ti me, and the

dynamic range of the response regulator CheY -P:

1 The tumble bias can be obtained from the molecular model (Egs. ( 266,7,8,9,10)) at

steady state using the protein levels ( Atwt, Tt, €é) and bi ochemkycal

ke, €é) t o faoandYpssaidithanbyusing Eq. ( 283) to solve for the steady -
state tumble bias as a function of Ypss .

The adaptation time can be obtained from Egs. ( 2612,13,14), which depend on the

molecular model (Egs. ( 206,7,8,9,10)) that is parameterized by the prot ein levels
(Awt, Tot, €) and biochemkdkal épar damatewvsal Qe
also directly sets the adaptation time in the phenotypic model described in Eq. (28
19).

The dynamic range of the response regulator CheY -P is defined as Yp(a=1) in Eq.
(2020) and is determined by the total number of CheY molecules inthe cell,  Yiot. For
large values of Yt the response regulator activity is linear with that of the kinase

and therefore the maximum level of Yp the cell can adopt is A. For lower v alues of
Ywt, the total amount of CheY proteins in the cells becomes limiting and the

dynamic range of CheY -P diminishes proportionally to  Ytot.

The values of all parameters used in this study are givenin  Table 281.

Model parameter summary

64

Collectively our model therefore consists of the three classes of parameters:

il

Biochemical parameters of the signaling network ( kr, kb, Kr, Kb, @p, ay, dz, db, an)

represent t he physical kinetics of t
dissertation , these parameters are fixed for all populations in all cases because we

assume neither the protein -coding genes nor the pathway topology changes.

of
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adaptat
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§ Population parameters _of the gene expression model (Po, E, S) represent the genetic

architecture (i.e. operons, promoters, and RBSSs) of the chemotaxis genes shared by
all individuals in the clonal population. In this dissertation , these parameters can
vary at the population level (such as in Figure 288 and the popu lation optimization
for Figure 2 89,10) but are assumed to be the s ame among cells in a populations
within a generation . Their role here is to determine the distribution of protein levels
among individuals within a given population.

1 Phenotypic parameters of the cell (adaptation time, tumble bias, dynamic range of

the resp onse regulator) control the dynamical behavior of the individual cell. These

vary from cell to cell and are determined by the combination of the individual levels

of protein generated by the popul ations® noi sy
biochemical signaling network as described in  Methods s e ¢ t Phenotypic Model

of Chemotaxis6 above. These parameters were also var

parameter scans of cell dynamics .

Comparison of Molecular and Phenotypic Models

We tested the agreement be tween the molecular model specified by Egs. ( 20
1,2,3,4,5,6,7,8,9,10) and the phenotypic model specified by Eqgs. ( 201,2,3,4,5,19,20) in a
simulation. First we performed deterministic simulations of immobilized cells being exposed
to 50 s square pulses of attractant and compared the time traces of CheY -P output of the
system (Figure 2 01DE) for a wide range of adaptation time, tumble bias, and Y  tot. The two

traces lie on top of each other, demonstrating agreement.

Stochastic simulations of the model in ecological challenges

Environment definitions
We simulated cell trajectories using the phenotypic model  (Sneddon et al., 2012) in 3-D

environments in which methyl -aspartate was diffusing. The sources of methyl -aspartate were
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spherical and diffusion was modeled as a 1 -D process with central symmetry extending from
the center of the source, described by:

1
2

2 Lp

— (2521)
ru

&:D
it

g?g':&

where L is the ligand concentration at radius r, in pm, from the center of the source and D is

the diffusion coefficient of methyl -aspartate , in pm2/s.

In the foraging simulations, the only boundary condition was that L goes to zero asr goes
to infinity. The source simply diffused from its spherical initial cond ition, which was given by:
L, reR
L(r,t=0) 5 , (2022)
( ) i0 r>R

where L1 was the initial source concentration and R was the radius of the source. The solution

of the gradient in space and time becomes

L(f’t)=Ll%E(e'az _e-ﬁ) u-lil(erf(a) erf( 4), (2524)

— r+R — r-R
where & =72 and b_ﬁ'

In the colonization simulations, there was an addition  al boundary condition to describe
the persistence of the source as a permanent non -depleting zone:

L(r ¢R,t) =, (2024)

resulting in the solution

& L, reR
1 o -
Lrt)=i R _.A&r-R & : (2325)
iL—erfcis— gr>R
|1L1 r ¢cv2Dt Q

Simulating performance of phenotypes

To construct heatmaps, adaptation time was varied directly, and the int ernal parameters
used to vary the tumble bias and dynamic range were  Ypss and Yo, respectively. Adaptation
time was scanned in 25 log -spaced steps over the interval [1,300] s. Ypss was scanned in 25 log -

spaced gteps over the interval [1.2,4] 4 M with an a dditional pointat 0 u M. Yt was scanned
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in 10 log-spaced steps over the interval [820,82000] molecules/cell. For each combination of
parameters, 6000 d30000 replicates were simulated (more replicates were used for farther
away sources).

To calculate fora ging performance, individual cell replicates accumulated ligand along
their trajectories during the simulation. At each time point, KL (t)dt was added to their total,
where k is the uptake rate in pmol/uM/s, L(t) is the concentration of ligand at the curren t cell
position and time, and dt is the simulation timestep in seconds. Nutrient accumulation was
cut-off after a certain time; for the cases in the main figures, this was 13 minutes i
characterization of the effect other times are described below. For each phenotype, the
performance was the average ligand accumulation of all replicates (  Figure 2 63061 left).

To calculate colonization performance, each cell replicate was first awarded an arrival time
in minutes upon its first crossing of r = R. If it failed to cross in 15 min, its arrival time was
infinity. Since we define performance as a quantity to be maximized rather than minimized,
the performance of each replicate was defined as the reciprocal of the arrival time in min o1,
infinite arrival time resulted in zero performance. The replicates of each phenotype were then
averaged together to get the performance as a function of phenotype ( Figure 28302 left).

Replicate cells began at a single point on the spherical shell r =ro, where ro is the distance
away that the source appears to the cells. Simulations in both tasks were performed for 15
minutes for several values of ro (Figure 20381,2 left). For all subsequent analysis, the
heatmaps were smoothed and resampled at higher resolution in phenotype space ( 20301,2
right ). Performance was first smoothed over the original cell parameter mesh using a Gaussian
kernel. A resampled parameter mesh was created on a 200 x 200 grid within the existing range
of cell parameters. The performance values at the new grid points we  re interpolated from the
smoothed performance heatmaps using spline interpolation. The same procedure was used for
the fitness landscapes described later, but importantly all fitness calculations were performed

on original unsmoothed raw data, then smoothi ng was applied, so we did not smooth twice.
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To find the specialist in each environments, the top performing phenotype on the high -
resolution parameter grid was screened out ( Figure 283081,2, diamonds). To plot the Pareto
front for two environments, we scatt ered the performance of all values of adaptation time and
Ypss (for a given Yrot) on the high -resolution grid to obtain a cloud in chemotactic performance
space. We then screened out phenotypes which were not outperformed in environment 1 and
not outperfor med in environment 2 to form the Pareto front.

Changing time limits was explicitly considered in the Results for the colonization case. For
foraging, reducing the time limit has little effect on sources that are nearby, but for far sources,
it limits the  success of high tumble bias dramatically, exaggerating the trends observed in the
far cases (Figure 208303). In this regime, time is a key parameter since the cells must explore
to reach the front of the source before foraging it appreciably. As such, limit  ing the time has a
disproportionate effect on these phenotypes.

As a result of these disproportionate effects in far environments, trade  -offs become
stronger when time is restricted ( Figure 2 85). For the same four examples of two -environment
near ofar trade -offs, reducing the time consistently increases the curvature of the Pareto front.
When 3 minutes are given, the transition of trade  -offs from weak to strong occurs at a much
more similar pair of environments. Therefore, if the environment has frequent tur nover
events, for example caused by turbulence that equilibrates the gradient, it strengthens trade -
offs substantially.

In the cases shown in the Results section, L1 was 100 mM for foraging and 10 mM for
colonization. If L1 is reduced (Figure 203064), the colonization case is relatively unaffected,
except that the trend in farther sources become exaggerated because cells have to explore
longer before finding a detectable signal. There are more substantial changes to the foraging
case. For farther sources esp ecially, the preferred phenotypes switch to having high tumble
bias. In these cases, exploration reduces the chances of the cells to see ligand because they
became too spread out; rather, staying in one place and waiting for the diffusing nutrient front

to arrive bec ame the preferred strategy.
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As we derived in equation ( 2620), the dynamic range of CheY -P depends on YT, which sets
the asymptotic value of CheY -P. In cells with low Ytot, phosphotransfer is hindered, reducing
information transfer from the kin  ase to the motor and thus deteriorating performance. Cell
performance is limited by low Yrot, but once it is high enough to reach the linear regime
between kinase activity and CheY -P concentration, additional CheY does not add much benefit
since the dynami c range of CheY -P activity will then become limited by the number of kinases.

We see in our simulations ( Figure 238305) that, above about Yot = 10591 molecules/cell, the
performance does not appreciably change because this condition of linearity is met. From this,
we conclude that there is no trade -off on Yot apart from the cost of protein synthesis, and that
cells should express enough CheY to reach the Pareto front. Beyond that, there is minimal
increase in performance. In our analysis of the Pareto fr onts, we used Yot = 29469 mol./cell for
all cells; the results do not change significantly if the next higher or lower levels of Ytot are
used instead.

Calculating fitness from performance

Fitness was assigned based on perfo rmance via a selection functio n. The fitness of each
individual simulation trajectory was  calculated, then all trajectories of a given phenotype were
averaged together to produce the fitness of a given phenotype. This is clearly distinct from
calculating the f it neawmgepdforneaace.NVe psectnisoprogedueedics
create fitness landscapes which were then smoothed and resampled exactly as we did with the
performance heatmaps.

Fitness was calculated on a single -cell (i.e. single -replicate) basis. For Figure 2 86, in the

\ n oL
foraging case, our metabolic formula was f = 8]- ‘(K /Ncol.) 8 where K is the amount of

nutrition require d for survival and n is the dependency; for colonization, our time -limit model
was f =H (TL -Tarr_) , where T is the time limit, and H is the Heaviside step function.

For Figure 287, for the foraging case, different levels of nutrition  were associated with

discrete transitions to different physiological states. Below a survival threshold  Tsunive, the
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individual dies, resulting in an outcome of 0 to signify no progeny. If the nutrition i s above a
higher division threshold  Tuauvide, the individual gives rise to 2 progeny. Nutrition in between

the two thresholds results in survival of the individual, or an outcome of 1 progeny. This model
can be witten as: f =H(Ng -Tuuwe) M(Ne Tiue). For colonization, if success

depends on arrival time within a certain time limit K, but that dependency n is not absolute

(i.e. infinite), this was described by a sigmoidal function like the Hill equation:

f(v)=1 5 &
c T

I O: O

arr.
For each selection function and for each environment, the approach described above was
used to create a lookup table for fithess as a function of phenotype. In order to calculate
population fitness below, we first calculate d the fitness of individual cells that are initially
defined only by their levels of chemotaxis proteins. In o rder to find Ypss, we solve the system
of Egs. (205,7,8,9,10). To find adaptation time we use the definitions in Eqs. (  2011,12,13). Yot
is given as one of the protein levels. Given these three phenotypic parameters, we interpolate
on the lookup table for any combination of task, environment, and selection function to give

the corresponding fitness of that phenotype.

Optimization of gene expression parameters under trade-offs

To optimize population fitness, we first defined a general expression for populat ion fitness
beginning with the fithess of a single phenotype. Chemotaxis is hon  -deterministic, hence, in
each environment g, an individual phenotype X had a distribution of performance V, or
pP(V | X, 9), where X is a vector of adaptation time, tumble bias, and CheY -P dynamic range.
Fitness was a function of single -cell performance f(V). To calculate the fitness of a phenotype

in a given environment, we took the expected value of its fithess over its distribution of

performance < f >X o= Nf (V) p(Vl X, g) dV. This should not be confused with the fitness of

Kg): f(fp(V% 9 av).

the average performance f (<V>
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We assume for simplicity that populations encounter challenges sequentially, all cells in
the population experience each challenge simultaneously and in the same way, populations
must survive t hrough all environments , and individuals do not directly inherit phenotypes

Hence, within a given environment, a population consisting of many cells with different

phenotypes has fitness equal to the average of its constituent cells < f >P o= ﬁ:’(‘)< f>4 dx

X9

, Where P(X) is the popu lation distribution of phenotypes. Following this, population fitness

from one environment to the next is multiplicative. In the long term this results in a geometric

mean across environments, weighted by the probability of encountering each environment:

F= exp( ﬁlog( ( ﬁpyg)h @ )dg) , (2526)

where h(g) is the distribution of environments. This formula is consistent with previous
derivations (Haccou & lwasa, 1995 ) but has been extended to include stochastic performance
of individual cells and a distinction between fitness and performance

While equation ( 2626) provides a general solution, in the specific cases analyzed in this
study, the populations consist of a finite num ber of different phenotypes and for simplicity we
show cases that compare two discrete environments g1 and gz with occurrence probability h

and (1 0 h). As such, the discrete calculation of population fitness becom es:

° hy N o (®-h)
aNpor f 0 Nea f

F= @" X% 5 g , (2827)
cx1 Npop g N pop

where 0indexes the cells in the population, Nypop is the number of cells in the population, and

fX'g is the fitness of the phenotype of cell din environment g determined using a look -up table

constructed from simulation data as described above

The trade -off problem itself is thus parameterized by:  h, g1, g2, and the form and parameters
of f(V) that gave rise to the look -up table. For example, in the case of foraging these are the
nutritional requirement K and the dependency n; for colonization there is only the time limit

TL. These we collectively call ed the trade -off parameters.
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The population gene expression parameters generate a list of individuals with different
phenotypes as described above. We can optimize the fithess of the population as a whole
(Figure 209,10) by first calculating population fitness F (Eq. (2027)) for a set of trade -off
parameters. We then used MATLAB®s pattern search optim
fitness formula, allowing only the gene expression parameters  Po, E, and S to vary, but not the
trade -off parameters, the biochemical parameters, or any other parameters. The noise
parameters E and S initially had a lower constraint set to 0.04 and 0.02 respectively  (Figure
209), then were changed to reflect biological m easurements (Figure 2810) as described below,
and h was 0.8. From this we obtained the optimized population parameters for strong and
weak trade -offs (performed separately). For each type of ecological task, the strong and weak
trade -offs are between the same pair of near and far environments, with the same form of
selection function, but each has a different set of selection function parameters.

Since there is always some irreducible noise in biology, we used experimental observations
to provide lower bou nds for the noise parameters in our model. For a limit on the intrinsic
component, we took the wildtype level of intrinsic noise, which we obtained by fitting the model
to wildtype data (described above). Multiple studies have described the advantage of re  duced
intrinsic noise in chemotaxis , so we assume wildtype cells are likely to be functioning at or
near the minimum intrinsic noise. In order to apply this constraint, we ensure that the

intrinsic noise scaling parameter and mean protein levels are constr ained within the
optimization algorithm such that the condition hPe, 2 ﬁ“P(‘JM is maintained.

There is also a lower bound on the minimum total protein noise, defined as the coefficient
of variation squared, measured in single E. coli cells to be about 0.09 for proteins with a mean
expression level of above 100 copies per cell (Taniguchi et al., 2010 ). This constraint in practice
acts more on extrins ic noise than on intrinsic noise since in our case the latter is typically fairly
low. To enforce this constraint computationally, we ensure that Po, E, and S of Eq. (282 through
2018) are chosen by the optimization such that the squared coefficient of var iation of every

protein is above 0.09. This typically has the effect of keeping S above about 0.09, depending on
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Po and E. Increases in global expression levels of up to approximately 3 fold are observed for
different strains and growth media  (Li & Hazelbauer, 2004 ), and using mutations in figM,
increases up to 7 fold are possible (Kollmann et al., 2005 ). Hence, we set our upper limit of

mean expression levels at 5 fold to work within that range.
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Receptor Parameters

angle Gamma distribution
scale parameter

Name Description Type Value Reference
& Basal energy of receptor Fixed 6 keT (Shimizu et al., 2010 )
cluster
a Receptor energy change per Fixed -1 keT (Shimizu et al., 2010 )
methyl group addition
K?XR Tar ol meAsp diss. constant Fixed 18.2 uM (Shimizu et al., 2010 )
K'(I'):R Tar onl meAsp diss. constant Fixed 3000 uM (Shimizu et al., 2010 )
K?gR Tsronl meAsp diss. constant Fixed 104 uM (Endres & Wingreen, 2006 )
KggR Tsronl meAsp diss. constant Fixed 10° uM (Endres & Wingreen, 2006 )
NTar Number of Tar receptor Fixed 2 (6%) (Shimizu et al ., 2010), (Li
dimers & Hazelbauer, 2004 )
NTsr Number of Tsr receptor Fixed 4 (0%) (Shimizu et al., 2010 ), (Li
dimers & Hazelbauer, 2004 )
Signaling Parameters
Name Description Type Value Reference
Kr Catalytic rate of CheR Fitted 350 st this study
Kr Equilibrium constant of Fitted 300 pM this stu dy
CheR activity
Kpo Catalytic rate of CheB Fitted 266 st this study
Kb Equilibrium constant of Fitted 200 uM this study
CheB activity
ap CheA autophosphorylation Fitted 125s1 this study
rate
as Rate of CheB Fixed 15 uyM-1 st Stewart, Jah reis, and
phosphorylation by CheA Parkinson, 2000 (Stewart,
Jahreis, & Parkinson,
2000)
ds CheB Fixed 0.5s1 Stewart, 1993 (Stewart,
autodephosphorylation rate 1993), (Kentner & Sourjik,
2006)
av Rate of CheY Fixed 50 uM-1 st this study
phosphorylation by CheA
dz Rate of CheY Fixed 5uM-tst this stu dy
desphosphorylation by CheZ
Motor Parameters
Name Description Type Value Reference
70 Basal switching frequency Fixed 1.3st (Sneddon et al., 2012),
Cluzel et al., 2000 (Cluzel
et al., 2000)
01 Transition energy of motor Fixed 40 keT (Sneddon et al., 2012),
Cluzel et al., 2000 (Cluzel
et al., 2000)
Ko Dissociation constant of Fixed 3.06 nv (Sneddon et al., 2012),
CheY-motor interaction Cluzel et al., 2000 (Cluzel
et al., 2000)
Simulation Parameters
Name Description Type Value Reference
v Cell speed Fixed 20 nm st (Sneddon et al., 2012),
(Berg & Brown, 1972 )
Dror Rotational diffusion Fixed 0.062rad st | (Sneddon et al., 2012),
(Berg & Brown, 1972 )
Krot Post-tumble redirection Fixed 4 (Sneddon et al., 2012),
angle Gamma distribution (Berg & Brown, 1972 )
shape parameter
Grot Post-tumble redirection Fixed 18.32 (Sneddon et al., 2012),

(Berg & Brown, 1972 )
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D Diffusion coefficient of Fixed 550 mm2 st (Lewus & Ford, 2001 )
methyl -aspartate
k Nutrient pickup rate Fixed 1004 This study
nmol/nM/s
Gene expression parameters
Name Description Type Value Reference
<T> Population mean receptors Population 15000 mol./ (Li & Hazelbauer, 2004 )
per cell (Tar + Tsr) variable, fixed cell
during fitting
<A> Population mean CheA Population 6700 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
<W> Population mean CheW Population 6700 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
<R> Population mean CheR Population 140 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
<B> Population mean CheB Population 240 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
<Y> Population mean CheY Population 8200 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
<Z> Population mean CheZ Population 3200 mol./ (Li & Hazelbauer, 2004 )
proteins per cell variable, fixed cell
during fitting
X Conversion between Fixed 833 this study
mol./celland M for nmM/mol./cell
proteins
Ars Translational coupling Fixed 0.485 (Lovdok et al., 2009 )
coefficient between CheR
and CheB
Asy Translatio nal coupling Fixed 0.210 (Lovdok et al., 2009 )
coefficient between CheB
and CheY
Avz Translational coupling Fixed 0.250 (Lovdok et al., 2009 )
coefficient between CheY
and CheZ
E Intrinsic noise scaling Population 0.125 this study
coefficient variable, fitted
during fitting
S Extrinsic noise scaling Population 0.26 this study
coefficient variable, fitted
during fitting
Table 201. Parameter Values and Variables.

*Values in paratheses were used when directly comparison to Shimizu(04l to

reflect the Tsr knockout mutation used in that study.
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Clonal cells contain subpopulations with

different chemotactic performance =5

Introduction

Individual Escherichia coli bacteria exhibit substantial differences in chemotactic behavior
despite shari ng the same genetically encoded machinery. This has been experimentally
characterized in cells that are immobilized, either on the surface of a glass slide (Cluzel,
Surette, & Leibler, 2000 ; Park et al., 2010 ; Spudich & Koshland, 1976 ) or in an optical trap
(Mears, Koirala, Rao, Golding, & Chemla, 2014 ). In freely -swimming wildtype cells interacting
with their environment , however, it is unkn own how this variability affects chemotactic
performance in a gradient, either on a single-cell basis or on the population as a whole.
Predictions about such outcomes are made in Part 2, but must be tested experimentally.

In this Part , we characterize the consequences of phenotypic diversity for population
performance first by using the classic capillary assay and then by tracking cells in a
microfluidic chemoattractant gradient.  As cells explore the environment and climb a gradient,
we find that a clonal wildtype population segregates in space and time into behaviorally
distinct subpopulations . Some subpopulations explore and climb the gradient faster than
others. When the gradient is reversed, however, and cells are challenged to localize near a
source, different subpopulations perform best . Following simulation results in  Part 2, these
results support the existence of neardéfar trade -off in E. coli chemotaxis, which may be a type
of the canonical exploration dexploitation trade -off widely discussed in the co ntext of foraging
of patchy environments (Eliassen, Jorgensen, Mangel, & Giske, 2007 ; Krakauer &
Rodriguez Girones, 1995; Seymour, Marcos, & Stocker, 2009 ; Stocker, Seymour, Samadani,

Hunt, & Polz, 2008 ; Taylor & Stocker, 2012 ).
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In order to test the underlying role of chemotaxis protein copy number, we constructed a
strain in which CheR was expressed under inducible control. By tuning the mean expression
level of CheR, we found that cells with low CheR climb ed shallower gradients faster, whereas
higher levels produce better performance in steeper gradients.  Additionally, capillaries filled
with higher concentration of attractant selected for subpopulations with higher CheR than
capillaries with lower concentrations. This 0 st e e p tnadescffds also consistent with
theoretical predictions from Part 2 and with recently published models (Dufour, Fu,
Hernandez -Nunez, & Emonet, 2014 ). In total, our result that wildt ype populations contains
different cells that are specialized to different tasks provides experimental support for our
theoretical claim that behavioral heterogeneity may provide robustn ess in fluctuating

environments.

Results

Single-cell capillary assay exerts selection on protein level

To test cell performance we first tried Adl| er 6s <capill ary assay. This as:c
presenting an attractant -filled capillary tube to a well of cells in buffer and counting the
number of cells that swim into the capilla ry over a certain time (Mesibov & Adler, 1972 )
(Figure 301A). This can be modif ied to a high -thr oughput version performed on 96 -well plates
of cells (Bainer, Park, & Cluzel, 2003 ; Park, Guet, Emonet, & Cluzel, 2011 ) (Figure 381B). We
validated our use of this assay by demonstrating a specific response to the amino acid
aspartate (Figure 381C) after calibrating the counting of cells (Figure  301DE).
We presented cells with capillaries containi  ng a dilution series of aspartate and constructed
a dosedresponse curve that followedt he trend of Adl er 6 s3820)aatHoyghf i ndi ngs (F
substantial day -to-day variability was observed. To see if cell phenotype plays a role in
capillary assay perf ormance, we used a strain that is deleted for CheR on the chromosome and
expresses a YFP-CheR fusion from an inducible promoter on a low -copy plasmid (NB: This is

not the same strain we use later, which expresses mCherry -CheR from a single -copy
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chromosomal promoter). When we raised the mean expression level of CheR in the population
with increasing levels of the inducer isopropylthiogalactopyranoside (IPTG), we found that  this
resulted in substantially different average performance, with an intermediate ind uction level
performing optimally (Figure  302B). The fact that performance tapers off at high and low YFP -
CheR is consistent with expectations since these cells would have very low or very high tumble
bias, respectively.

To continue this analysis at the single-cell level, we used an intermediate level of CheR
induction and presented the same population with many separate capillary attractant
concentrations. Following the red arrow in the flow chart in Figure 301B, instead of counting
the cells, we expelled the cells that successfully entered the capillary onto agarose pads and
imaged fluorescence levels in single cells at 100 X magnification . We then compared the
original distribution of YFP -CheR expression to the distributions in the winning
subpopulations ( Figure 382CD, two full experiment replicates).

Although replicates of the assay look slightly different, some trends in the winning
distribution of CheR relative to the original distribution can be observed as a function of
capillary attractant condition. For the highest concentration of aspartate in the capillary
(Figure 302CD, 10 mM, magenta lines), high expression levels of YFP -CheR are more common
than in the seed distribution, whereas lower concentrations of aspartate in the capillary result
in winning populations with distributions of YFP  -CheR shifted to lower levels. Finally , in
capillaries filled with buffer only , which contained cells that only entered due to chance, the
winning distribution had a YFP-CheR distribution that was most down -shifted, wh ich as we

show later (Figure 3d8) corresponds to a population with much longer runs.
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Figure 3081. Quantification of high -throughput capillary assay performance

A. Schematic of capillary assay. Cells (red ovals) in a well with buffer ( wide cylinder) swi m into a
capillary ( narrow cylinder) filled with attractant (blue color) . B. Flow chart of high -throughput capillary
assay procedure. Black: method for traditional cell counting. Red: method for measuring single -cell
distributions . C. High throughput ¢ apil lary assay response of RP437 cells, n = number of wells on 96 -
well plate with that conditon.  D. Calibration curve of growth kinetics in plate reader for use as a
quantification method for high throughput capillary assay (8 wells per condition) . E. Verific ation of
agreement between growth -kinetics quantification method in D (black points) with traditional CFU

counting (red points). In this figure, error bars represent +/ & standard error o f the mean (SEM).
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Figure 3082. Effect of variability in YFP -CheR exp ression on capillary assay performance

A. High -throughput c apillary a ssay response of RP437 cells to several dilutions of aspartate on one
plate, 12 wells per condition . Blue and purple series are different experiments on different 96 -well plates.
Inner er ror bars are +/ 8 SEM, outer error bars are +/ 9 standard deviation. B. High -throughput c apillary
assay response to either buffer (gray) or 1 mM aspartate (red) of IPTG -inducible YFP -CheR expressing
cells grown in different concentration of IPTG.  Single plat e, 668 wells per condition . Error bars are +/ 8
SEM C. Distributions of YFP -CheR fluorescence (normalized to cell area) in subpopulations of cells that
successful entered capillaries with different chemoattractant conditions (different colors) compared to
the seed population (black) on a single plate . Gray: autofluorescence of wildtype cells in identical imaging

conditions . n = number of cells measured (Note: number of cells measured is not correlated with number

of cells in capillary). Error bars are +/ 8 4/;, . D. Replicate of C.
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These findings show that different levels of CheR produce different performance on average
and that different conditions can select for different subpopulations of CheR expression. The
trends are roughly cons istent with simulation predictions from Part 2 and recent modeling
work (Dufour et al., 2014 ), wherein steeper gradients or nearby strong sources require higher
tumble bias and shorter adaptation time compared to shallower gradients or farther s ources.
High tumble bias and short adaptation time are both produced by elevated CheR, and the
converse by reduced CheR. This assay was not replicable enough to explore this potential
agreement in greater detail (Figure 302A blue versus purple, Figure 302C versus D), so we
continued pursuit of this topic in a microfluidic platform that offered more precise control of

the cell s® microenvironment.

Microfluidic measurements of chemotactic behavior of cells and populations

We created a microfluidic device to tr ack individuals within a clonal population as they
performed chemotaxis in different gradient conditions (Figure 3083). The main chamber of the
device in which cells were tracked was 10 mm across by 1 mm wide by 10 um deep. These
dimensions ensured that cel Is were always in the focal plane of a 10 X objective and were in an
essentially one -dimensional environment. In order to accurately track the spatiotemporal
evolution of the population, the design had to be such the gradient was constant in time, cells
were not pushed by flows, and all cells began the assay at the same location.

The first two constraints were satisfied by a source d&sink gradient system in which
circulation of buffer on one side and chemoattractant on the other were separated from the
main ch annel by thin hydrogel barriers (Figure 383, gray regions). These membranes , made of
poly(ethylene glycol), prohibited bulk flow that would push cells, but allowed chemoattractant
to diffuse across and, after equilibration, form a stable gradient. We used a non-metabolizable
attractant, alpha -methyl -aspartate, and mixed it with fluorescein dye to allow the gradient to
be visualized via fluorescence microscopy . Fluorescein and meAsp have similar diffusion
coefficients (5x10310 vs. 5.5x10310 m2sd1) (Lewus & Ford, 2001 ). To meet the third constraint,

cells were loaded behind a pressure -actuated gate (Figure 303B , blue line), which pinched off
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the first 0.1 mm of the main chamber, detaining the population at one end of the device until
the assay was begun.

At the start of the assay, the pressure -actuated gate was lifted and an automated
acquisition program was simultaneously initiated. One  -minute movies were captured a t 10X
magnification across the device in locations spaced ~1 mm apart, scanning from origin to end
repeatedly in a raster pattern  over several hours (Figure 384A), to image the expansion of the
population. Before and after each movie, a fluorescence image was captured to measure the
gradient profile ( Figure 383A).

We performed particle tracking on each movie (Methods), which yielded a trajectory for

each individual cell (Figure 304B). To characterize individual cell behavior, we calculated

tumble biasbyassi gning each frame in a cellds trajectory
The tumble bias of each cell was then the fraction of the trajectory spent tumbling. By
arranging this data by stage position and acquisition time (Figure 304D), this procedure

furnished us space 6time distributions of cel | density , tumble bias, and methyl -aspartate

concentration .

Clonal populations segregate spatiotemporally into distinct subpopulations

We first performed the assay without chemoattractant to measure the baseline ex ploration
behavior of wildtype bacteria. The evolution of cell density across the device over time
demonstrates population diffusion (Figure 3 d5E). The tumbling probability was higher near
the start point of the device, with the expanding diffusive front b eing composed of low tumble
bias cells (Figure 3 85F). This demonstrates spatial separation of the population by tumble bias
over time. Indeed a distribution of tumble bias was observed in the assay (Figure 3 085G), with
the mean position of low tumble bias ¢ ells progressing faster from the origin due to diffusion
than the mean position of high tumble bias cells (Figure 3  d5H). Therefore, in the absence of a

gradient, the fraction of wildtype cells that have low tumble bias explore the farthest.
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Figure 3083. Characterization of chemotaxis phenotypes in a gradient

A. Gradient of methyl -aspartate (meAsp) and fluorescein in a microfluidic device measured via
fluorescence microscopy. After a 6 hr equilibration, 3 hrs of measurements are shown superimposed,
demonstrating high stability of the profile . During each experiment, s everal 1.3 mm-long images are
acquired across the main chamber at 10X magnification through a YFP filter set . After background
subtraction, correction for the illumination field, and calibrati on to maximum fluorescein concentration,
the intensity is averaged across the non -gradient dimension to obtain 1 -D profiles of the gradient. These
profiles are arranged according to the stage position and time . B. Schematic of the pre -experiment device
setup, approximately to scale. H ydrogel barriers (gray) separate continuous flow of buffer  and attractant
to allow gradient establishment by diffusion and to prevent cross  -flow in the main channel . Then cells
(white ovals) are loaded behind a pressure-actuated control valve gate (blue bar) . C. To start the
experiment, the stream of cells into the main chamber is first shut off with pressure gates, and then c ells
are released into main channel simultaneously by lifting the large pressure gate, allowing themto  drift
up the gradient (red color) by chemotaxis without flow . Note: gradient profile in A was measured by A.

J. Waite .
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Figure 3064. Acquiring and processing data from the microfluidic gradient experiment.

A. Cells are released into the gradient ( see Figure 383), then a motorized stage scans the chamber,
taking 1 min movies at 10X magnification in phase contrast spaced 1.2 mm apart. The movies consist of
1.3 mm square frames captured at 8 per second. BOE Example of data from an experiment wherein
wildtype RP437 cells are exposed to a gradient from 0 to 1 mM meAsp over 10 mm over several hours
(see also Figure 305 IJKL ). B&C. Example of data from the first movie of the experiment . From each
movie, cell tracks were extracted (B), giving the mean position of ¢ ells (C) and tumble bias (shown in
Figure 3 05J). Positions were binned in spatial stripes  perpendicular to the gradient to calculate the cell
density across the frame (D). E. Many density measurements as in D are taken across the device over
time and assembled on a space and time coordinate system using the X-position of the stage and the time
at which the movie was taken . Each vertical strip comes from one movie. F. Additional space and time
points are interpolated from the data in E to achieve a smooth ky  mograph to better visualize the cell

density as the population climbs the meAsp gradient . Regions with fewer than 10 cells were omitted .
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Figure 3085. (Opposite page) Performance of different phenotypes in different environments.

Comparison of wildtyp e performance int hree environments: no gradient (ESH); 0.1 mM/mm gradient
of meAsp (I0L) with cells beginning at 0 mM;  80.1 mM/mm gradient with cells beginningat1 mM  (AdD).
A, E, | . Kymographs of cell density along the device over time demonstrate diffu  sion (E), gradient -
climbing (1), and localization at a source ( A). Kymographs were generated by interpolating between  raw
measurements as shown in Figure 304. B, F, J. Average tumbling probability across x and time
determined by analyzing run and tumble st ates of all trajectories. Only locations with  at least 10 cells
were included. C, G, K. Tumble bias distributions of the populations. Only tracks longer than 15 sec were
included to reduce error. D, H, L . Performance of populations and subpopulations. Mean position over
time of the entire population (black dashed line and black circles) or of the same population separated
into subpopulations by tumble bias (solid colored lines and circles) . Each time point contains data from
one pass of the stage. Error bar s indicate +/8 2xSEM. For EAH, only the first 5 mm of the 10 mm main
chamber was scanned. For 16L and AdD, 8 mm and 3 mm were scanned, respectively. In each column,

two experimental replicates were combined. Note: Diffusion experiment in E&H performed by A. J. Waite .

When we performed the assay with a chemoattractant gradient going from 0 to 1 mM
methyl -aspartate across the device, the distribution of cell density moved up the gradient
faster than in the no -gradient case (Figure 3 85I). As in the diffusion case, the population
separated spatially into different subpopulations of tumble bias (Figure 3 05J), with low tumble
bias cells at the front. Accordingly, tracking the mean position of low tumble bias cells over
time demonstrates the fastest grad ient climbing performance (Figure 3 095L).

We hypothesized that the apparent separation of cells by tumble bias was more due to
stable underlying phenotypic diversity in the steady  -state tumble bias rather than a transient
response of cells with the same tum ble bias to differences in the local gradient. Simulations of
diversified versus non -diversified populations support this hypothesis (Figure 3  96). We used
the virtual wildtype population from Part 2, which has a distribution of steady -state tumble

bias across cells, and simulated its performance in the gradient and geometry of our
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microfluidic device (Methods). We then treated the simulated trajectories as if they were
experimental measurements and calculated tumble bias based on the observed tumble
probabi lity within discrete time and space windows.

Different tumble probability was observed across the simulated device similarly to the
experiment (Figure 3086A). Simulating a population of cells with a single phenotype instead of
the wildtype distribution res ulted in a very homogeneous probability of tumbling  observed
across the experiment, comparing unfavorably with the data (Figure 306B). This implies that
the observed diversity of tumbling probability in space and time can be plausibly accounted
for by unde rlying phenotypic diversity rather than by differential response of identical cells in
different regions.

These two cases demonstrate that wildtype populations are behaviorally heterogeneous and
that there exist subpopulations with differential performanc e. However, they also apparently
suggest that low tumble bias is the superior strategy both with and without a gradient. This
seemed to be unlikely to be true at extremely low tumble bias, since at zero tumble bias, cells
are known to be non -chemotactic. T o directly measure the performance of non -tumbling cells,
we performed the assay with a mutant that is deleted for the response regulator CheY, without
which they are permanently running (Figure 3087). A gradient was not used since cells not
expressing CheY are non-chemotactic (Sourjik & Berg, 2000 ).

The progress of the mean position over time of these cells was inferior to even the worst
(i.e. highest) tumble bias subpopulation among wildtype cells climbing a gradient. The opposite
was observed relative to the diffusing wildtype population, however, with non  -tumbling cells
performed at least as well as the best (i.e. lowest) tumble bias subpopulation. This identifies a
key distinction that tumble bias can be reduced to zero for optimal diffusion, but a no n-zero

tumble bias is required for optimal gradient climbing.
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Figure 3086. Simulations of diverse or non -diverse populations in a microfluidic device

A. Simulation of virtual wildtype population in microfluidic gradient environment. Apparent tumble
bias was calculated in the same way as the experiment: the probability of observing tumbles within a
given space and time window . The distribution of phenotypes was slightly biased toward lower tumble
bias because the model is based on single motor data and having multiple motors tends to slightly
increase tumble bias. B. Same as A, but using a homogenous population consisting of a si ngle phenotype
with the mean tumble bias and adaptation time  of the wildtype population . Note: Simulations were run

by D. Chawla.

Another fundamental chemotactic task is to hold position near a source . To test this we
reversed the direction of the gradient, with cells beginning at 1 mM methyl -aspartate and
concentration tapering to O at the other end of the device. When placed in this negative
gradient, the cell density was much more tightly constrained to the source than in the diffusion
case, with no cells moving past 1 mm over the assay (Figure 385A). Despite the close -packing
of cells, we still observed phenotypic se paration of phenotypes (Figure 385B), behavioral
variability (Figure 385C), and differential performance (Figure 385D), albeit on a 10 -fold
smaller length -scale. The rank order of performance by tumble bias was reversed relative to
the other two cases, however, with the highest tumble bias cells maintaining mean position
closest to the source. This suggests a trade -off between exploration for new sources and

exploitation of sources once found.
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Figure 347. Diffusion of non -tumbling cells  compared to wildtype drift an d diffusion.

The thick purple line is the average position versus time of VS100 cells, a strain deleted for CheY
which does not tumble , in no gradient. For comparison, the thick dashed black line is the mean position
versus time of wildtype RP437 cells in a 0.1 mM/mm gradient of meAsp, with thick colored lines (except
purple) that are cells of the same population binned on tumble bias as indicated. The thin lines are the
same as the thick lines, except for the no -gradient case . Error bars are +/ 8 2xSEM. Dif fusion and drift
lines come from the same data from Figure 3 95, E and | respectively, with different binning to show finer

resolution near zero tumble bias .

Tuning protein levels changes behavior and gradient-specific performance

Changes in protein conce ntration are known to change tumble bias and adaptation
timescale (Kollmann, Lovdok, Bartholome, Timmer, & Sourjik, 2005 ; Korobkova, Emonet,
Vilar, Shimizu, & Cluzel, 2004 ; Park et al., 2010 ), and theoretical work described in Part 2
suggests that the observed diversity in these parameters may be due to unde rlying
stochasticity in the levels of proteins . For example, the adaptation enzyme CheR controls not
only the rate of adaptation, but also the steady -state activity of the receptors. Hence variability

in CheR is implicated as a factor underlying chemotactic diversity. We constructed a strain
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that was deleted for native CheR and expressed CheR fusedto mCherry from the chromosomal

lac operon. By growing the cells with lower or higher levels of the lac inducer IPTG,

populations had lower or higher distributions o f tumble bias (Figure 388D). For a higher IPTG
level, the tumble bias distribution was very close to that of the wildtype population, with a
lower IPTG level resulting in a population that was shifted toward zero tumble bias .

We sought to use this strain a nd the wildtype strain to establish a mapping between protein
concentration, tumble bias, and drift velocity in different gradients. To do so, we needed a
device that could measure the steady -state velocity of cells climbing a wide range of gradients.
We created a device that had a large source chamber, a large sink chamber, and a 1 mm long
by 1 mm wide by 100 um deep bridge between them over which a gr adient was established
(Figure 388AB). Cells were loaded uniformly throughout the device and cell flux was imaged
across the bridge and quantified using p hase-differential microscopy (Colin, Zhang, & Wilson,
2014). By repeating the experiment with different concentrati  ons in the source, different
steepness of the gradient was achieved, and drift velocity was measured in each case. Here the
gradient steepness was defined in terms of the change in receptor free energy in order to
linearize the relationship between gradien t steep and drift velocity ( Figure 388C, Methods).
In order to correct for differences in cell speed between experiments, the gradient steepness
and drift velocity were appropriately adjusted by the cell speed (Methods). Linear regression
was performed to extract the relationship between gradient steepne ss and drift velocity
(Figure 308E). In all cases, steeper gradients elicited higher drift velocity from the same
population.

Reflecting their identical distributions of tumble bias, the gradient dperformance
relationship of the high CheR induction cells matched that of the wildtype cells. This
relationship was significantly differe nt in low CheR induction cells . Importantly, the
performance line of low CheR cells crosses that of high CheR and wildtype cells.  As such, low
CheR cells had higher performance in shallow gradients whereas high CheR and wildtype cells

had higher performance in steep gradients.
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Figure 3088. CheR expression affects phenotypic distribution and chemotactic performance.

A. Two-chambered PDMS devices were used to generate stable, linear gradients of different
steepness. Movies were captured of swimming cells (100 s at 10X and 100 fps) in the gradient region
(gray dashed box). B. Gradient steepness determined by averaging images of fluores cein, taken before

and after the video . C. Cartoon diagram of drift velocity, Va, cell speed, vo, and perceived gradient,
bf (C) , via nonlinear chemoreception of the meAsp gradient. D. Induction of mCherry -CheR expression

(red) in TE230 cells with 10 uM IPTG result sina very low tumble bias distribution . Increasing inductio n
to 100 puM (light blue) shifts the tumble bias distribution up to overlap with the wildtype distribution
(black). E. ¢ D M(Colin et al., 2014 ) was used to determi ne population drift velocity. Cell speed was used
to normalize drift velocity and  adjust the perceived gradient in ord er to combine experiments. Cells with
wildtype tumble bias (black) or TE230 induced to a similar distribution (blue) perform better in steep
gradients, while TE230 induced to have lower tumble bias than wildtype (red) perform better in shallow

gradients . Lines: weighted linear regression . Error on points: 2xSEM . Note: Data gathered by A. J. Waite.
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