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The presence of stochasticity in biology engenders the question of the role of such random-
ness. While stochasticity may be an artifact of biochemical interactions, it could also be an actively
regulated aspect of life. Here I investigate how noise may be encoded within the molecular interac-
tions of a biochemical network and then examine how those consequences propagate to higher levels
of organization including isogenic populations of cells and host-pathogen interactions. I particularly
look into how this variability impacts the ability of populations to respond to their environments. |
conclude that stochasticity is selectable property of life that adds robustness to biological processes

during periods of uncertainty.
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Chapter 1

Introduction

“Life is like a box of chocolates. You never know what you’re ganna to get.” Forest

Gump in Forest Gump (1994)

Given the immense knowledge we have gained about biology over the last century, are we
any closer to being able to understand life? Despite being able to decode the basic blueprints of life,
genomes, our ability to predict how biology functions is severely limited. While we understand why
an apple falls to the ground on earth or how a plane can take flight, we have little ability to predict
the future activities of our own cells or even bacteria. The complexity of biology not only presents
a difficult system to understand, but also prevents us from knowing the entire state of the system.
This uncertainty may also be an aspect inherent in the principle of life. While we may not currently
use such principles in our current engineering methods, it would be more unusual for biology not
to take advantage of such an inherent part of life rather than not. Despite not having complete
information about the system to make an absolute prediction, we can still predict the likelihood of
various outcomes. I will explore this stochastic aspect of biology from the scale of molecules to

interactions between species.

What does it mean to be able to predict life? Given the initial state of an organism and it’s
environment, a prediction would be able to able to give the future state of the organism. That is for

a set of environmental variables, E, and internal state variables, O, we would like to predict a future



distinguishable state, a phenotype, W, at a time, ¢. The organism can then be imagined as a function

f of the environment, internal state, and time mapped to a phenotype:
F(E,0,1) =¥ (1.1)

If a single outcome ¥ can be written based on the variables, then the system could be called deter-
ministic. There are two main problems with trying to address a biological system in this manner.
First, it is difficult to identify all the possible environmental and state variables that may affect the
future outcome W. Additionally, even if all the variables were known it would be difficult to be
able to measure all of them. A measurement of all the variables will likely destroy the environment
and the organism making a prediction of the future state no longer relevant. This introduces some
uncertainty into the study and predictability of life. Even without this uncertainty, however, it may

still be difficult to predict the phenotype of an organism at a future time point.

1.1 Chaos

One way to generate diverse phenotypes within a mostly homogeneous environment is to
take advantage of very small differences within that environment. If small changes can determinis-
tically lead to vastly different outcomes, then the biological system is called chaotic. These changes
may not be external to a biological system, but could be in internal variable such as the number of
ribosomes present in the cell or even the present locations of a molecule of mRNA. That is for a
small change in the environment € or difference in the initial state of an organism or cell 0 that a

very different outcome ¥ is achieved:
f(E+€0+60,t) =Y, (1.2)

In this way, the phenotype after some time, ¢, is highly sensitive to variation in the environment.

Variation in the environment could thus result in result in variability of a population.



1.2 Stochasticity

Stochasticity occurs when we can predict the outcome of events better by probability of
one event occurring out of many events rather than a certain outcome as in the deterministic case.
That is rather than one outcome being possible given a set of parameters, we can better describe the

process as follows:

Pr(¥,|E,O,r)

Pn(E,O,t) (1.3)

where Y pu(E,0,1) = 1 (1.4)

The result is better described as a distribution over the set of possible outcomes, {\¥, }, where the
probability of each outcome, Pr(W,|E,O,t) is conditional on the external and internal parameters
as well as time. For example, when flipping an evenly weighted coin with two sides, heads and
tails, the predicted outcome is that we have an equal chance of the coin landing with heads or tails
up. That is to say there is a 50% probability of heads being the outcome and 50% probability of
tails being the outcome. Because of this uncertainty, this outcome is non-deterministic. It cannot
be determined ahead of time what the outcome will be for sure. Perhaps, if we had information
on exactly how the coin was flipped, which side started up, and all the atmospheric conditions then
we could make an accurate and certain prediction, but obtaining this information or controlling the
conditions is likely beyond the time or resources available for such an event. If a large number of
coins were flipped, perhaps a million coins, then the outcome of the set of coins tends to become
deterministic. The larger the set of coins, the number of coins with heads should be about half of the
coins flipped. While we still have limited information and predictability on an individual coin, the
outcome of the population of coins becomes more certain. This is referred to as the Law of Large

Numbers in probability theory.



The act of flipping a coin can be related to biological systems as will be discussed later
in this dissertation in detail. The main concept though is that within a living organism, cell, or a
compartment thereof there are often small numbers of molecules whose interactions determine the
observable phenotypes. As with flipping a few coins, the outcome of these interactions can be better
described stochastically than deterministically. Other phenotypes are determined by larger numbers

of proteins or cells, however, so stochasticity is not always a given.

1.3 Heterogeneity

Variation within life is a simple fact even appreciated by Forest Gump. While we appre-
ciate this intrinsic variability in life as much as we enjoy different flavors in a box of chocolates,
this variability also confounds our study of biology. Rather than merely being an impediment to
research, this variability may also be an important part of how cells function. Variability is a func-
tion of scale. Viewed from a different scale, heterogeneous mixtures become homogeneous or vice
versa. The study of biology now spans scales from the molecular to the ecological. Observing how
variation at the molecular level might affect variation at the ecological level could be critical to our

understanding of life.

We can describe variation over a certain region, I', as a distribution. This distribution is
can be defined as a frequency or probability of finding a certain phenotype ¥, of the set all possible
phenotypes within region I'.

P(¥,I) = pa() (1.5)
Y eul) = 1 (1.6)
n

We can then define homogeneity and heterogeneity more precisely. If for any two regions of a

similar scale I" and I” within a larger region, Q, the frequencies of finding a certain state, \¥,,, are



the same, then we can say that Q is homogeneous for, ¥/, in regions of the scale of I". This can be
stated as follows:

Q is homogeneous at the scale of I" if and only if

P(¥,I) = P, ) ¥V I,I, ofsimilar scale

If the distribution of the two regions are significantly different, then € is heterogeneous at the scale
of I'. For example, one operational region of life is the cell. It provides a natural compartment that
creates a physical separation between different copies of life. For a population of cells as Q, we can

then discuss cellular heterogeneity or homogeneity.

If there is apparent heterogeneity at a certain scale, is this due to a stochastic process or
a deterministic one? A true stochastic process can only be clearly established through elimination
of all possible deterministic causes through precise control or measurement of all conditions that
may affect the outcome. As noted above, a deterministic but chaotic process could produce many
results with just the slightest of variations. However, there is an effective limit on the amount
that can be known for the system not just for the research biologist but also for the biochemical
processes that are attempting to respond to an environment. While an experimentalist is limited by
the available measurement techniques, the cell is limited by biochemical sensors and their reliability.
Meanwhile, by employing the Law of Large Numbers, we may be able to turn stochastic processes
into deterministic systems. However, this still does not offer conclusive proof of stochasticity. In a
complex system, we may simply be drowning out other inputs by increasing the relative contribution
a single input. I thus approach stochasticity on an empirical basis aware of the possibility of hidden

variables that may fully determine the system.



1.4 Bet-Hedging

Stochasticity therefore is a formalism for dealing with the unknown. When the parameters
are uncertain or the outcome is uncertain based on known parameters, then stochasticity may be
mechanism to deal with an uncertain future by creating heterogeneity. This is called bet-hedging.
Rather than betting on a single outcome, a community of organisms may do better betting on mul-
tiple outcomes since failure of part of a population is often desirable to the possible demise of the
entire population. There is an illustrative analogy of this to gambling. For a game of chance such as
roulette where a number (1 through 38) and color (red or black) are randomly chosen, placing all of
one’s wealth on a single number or color could end an evening of risk taking thrills. Spreading the
bet between many or all possibilities would allow a greater chance for another round of betting to
take place. Bet-hedging through stochasticity is a mechanism to ameliorate risk. The continuity of

life in the face of risks is a basic tenet of our understanding of life.

1.5 Genetic Regulatory Networks and other Biochemical Networks

Biological organisms integrate information about their environment through signalling net-
works involving proteins and nucleic acids among other functional molecules. These biological
molecules form complex webs of interactions with each other that can be organized into signalling
cascades and networks. In particular, a genetic regulatory network (GRN) involves how genes en-

coded in deoxynucleic acids, DNA, affect how other genes are transcribed, activated, or repressed.

A genetic regulatory network is a set of interactions between genes in which the genes
regulate the activity of each other. The activity of a gene describes how many gene products are pro-
duced such as RNA transcripts that are copied from the gene by RNA polymerase. The interaction is

directional in that one gene, the regulator, may affect the activity of another gene, the target, but not



vice versa. These genetic interactions also have a sign. An interaction is positive, or activating, if the
activity of the target gene increases when the interaction is present. In contrast, it is negative when
the activity of a gene decreases in the presence of the interaction. These networks are the biologi-
cal mechanism that an organism uses to interpret their environment and function. There exists few
copies of genes within a particular biological cell, usually one in prokaryotes, two in eukaryotes, and
perhaps more during cell replication. Given that the number of copies of these genes are countable,

it seems likely that biological activity concerning these genes may be stochastic.

A biochemical network is generalization of a GRN where the interactions may not in-
volve regulation at the level of transcription, but rather consist of direct interactions between gene
products. An example is the degradation of a protein by another protein called a protease. Another
example is the activation of a G-protein through the enzymatic exchange of GDP for GTP by another
protein. As in GRNs, small numbers of molecules in these networks may also produce stochastic

effects.

1.6 Natural Selection

Natural selection is the process in which organisms that have more advantageous traits
are able to reproduce more than organisms with less beneficial traits. Natural selection allows for
properties that positively affect the survivability, or fitness, of an organism in it’s environment to be
propagated to future generations. Selectable properties must be able to affect fitness of an organism,
while also being encoded in such a way that is inheritable by the next generation. For example,
the organism that competes the most successfully for food while avoiding death will continue to
reproduce in an ecological system. Meanwhile those organisms that cannot sustain themselves will

not be able to reproduce and will perish. The ability to sense nutrients is a critical property that



can encoded in the amino acid sequence and structure of a protein. This allows that property to be

selectable.

Since heterogeneity generated by stochasticity allows organisms to mitigate risk and certain
biochemical networks involving low number of molecules may be subject to stochasticity, perhaps

stochasticity is a trait that can be selected for in natural environments.

1.7 Hypothesis

I propose that stochasticity is a biological property that can be selected for by the environ-
ment of an organism. Therefore, I hypothesize that stochasticity is encodable within an inheritable
network of biochemical interactions and that stochasticity allows biological processes to be robust

in uncertain environments.

1.8 Approach

I will first examine how the numbers of molecules within a cell serve as the origin of molec-
ular stochasticity, or noise. Furthermore, how noise might be encoded and controlled via networks of
interactions will be discussed in Chapter 2. Bacteria will be used as a model for noise due to the rel-
ative simplicity compared to more complex organisms and the ability to experimentally manipulate
and observe noise in Chapters 2 and 3. Further examples of how stochasticity affects communities
of bacteria and host-pathogen interactions will be shown in Chapters 4 and 5. In the penultimate
chapter, Chapter 6, I propose a set of experiments to address directly whether stochasticity is a se-
lectable property. In this way, I hope to address the origins and consequences of stochasticity from

the molecular scale up to an ecological community of organisms.



Chapter 2

Molecular basis of stochasticity encoded in genetic regulatory
network architecture

2.1 Preamble

If variability and the stochasticity that generates it is critical to life, then there must be a way
for this variability to be encoded. While genetics encodes proteins and other functional molecules,
I demonstrate that the interactions between those molecules is how stochasticity may be encoded.
Encoding stochasticity is critical to for it to play a role in biology. Without a way for stochasticity
to be purposefully inherited, then natural selection and thus evolution of stochasticity would not be
possible. In this chapter, I examine how a simple but common network motif called a feed-forward

loop might encode stochasticity.

2.2 Abstract

Genetic circuits that regulate distinct cellular processes can differ in their wiring pattern
of interactions (architecture) and susceptibility to stochastic fluctuations (noise). Whether the link
between circuit architecture and noise is of biological importance remains, however, poorly under-
stood. To investigate this problem, we performed a computational study of gene expression noise
for all possible circuit architectures of feed-forward loop (FFL) motifs. Results revealed that FFL
architectures fall into two categories depending on whether their ON (stimulated) or OFF (unstim-

ulated) steady states exhibit noise. To explore the biological importance of this difference in noise



behavior, we analyzed 858 documented FFLs in Escherichia coli that were divided into 39 func-
tional categories. The majority of FFLs were found to regulate two subsets of functional categories.
Interestingly, these two functional categories associated with FFLs of opposite noise behaviors. This
opposite noise preference revealed two noise-based strategies to cope with environmental constraints
where cellular responses are either initiated or terminated stochastically to allow probabilistic sam-
pling of alternative states. FFLs may thus be selected for their architecture-dependent noise behavior,

revealing a biological role for noise that is encoded in gene circuit architectures.

2.3 Introduction

Cellular processes are typically regulated by genetic circuits with particular architectures
of interactions among genes and proteins. However, it is not well understood whether different ar-
chitectures of genetic circuits generate distinct properties that can be subject to selective pressures.
For example, selection of circuit architectures can be driven by the requirement to generate bio-
logically important dynamic behaviors such as oscillations [1]. However, other selective pressures
must also exist because natural genetic oscillators, such as circadian clocks and cell cycle circuits,
can differ in architecture [2, 3, 4, 5, 6]. Furthermore, a recent study in Bacillus subtilis showed
that the dynamics of a natural cellular differentiation circuit could be reconstituted by a synthetic
circuit with an alternative architecture but with differences in variability (noise) and physiology
[7]. These and other studies suggest that gene circuit architectures can encode distinct properties
such as susceptibility to noise that could be critical to the physiological process that they implement
[3,8,9,10, 11, 12, 13]. Systematic comparisons of alternative architectures could therefore reveal
different properties supported by distinct topologies and help uncover the biological importance of

gene circuit architecture.
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Feed-forward loops (FFLs) constitute an ideal gene circuit motif for studying the relation-
ship between circuit architecture and biological function because of their simple architecture and
well characterized functional roles in organisms such as Escherichia coli [2] and Saccharomyces
cerevisia [14]. In a FFL circuit, a transcription factor A regulates a second transcription factor B and
both can regulate expression of the output gene C (Fig.2.1 A and E). Therefore, expression of the
FFL output gene C represents the integration of the activities of A and B transcription factors. There
are a total of eight possible FFL architectures because the regulatory links among A, B, and C can
either be positive (activation) or negative (repression). Examples of all possible FFL architectures
have been identified and shown to regulate a multitude of cellular processes in a diverse range of
organisms ranging from bacteria to human cells [15, 16]. The large body of knowledge on FFLs
makes this motif an appropriate model system to study the link between circuit architecture and

biological function [4].

Continuous simulations based on ordinary differential equations have suggested that dis-
tinct FFL architectures can differ in their dynamics. In particular, differences have been observed
between two types of architectures classified as coherent and incoherent FFLs based on whether the
net sign of direct and indirect (through B) regulatory links from A to C are the same or opposite,
respectively [2]. For example, it has been shown that coherent FFL architectures can serve as delay
elements where the expression of the output gene C is delayed with respect to the activation of the
input transcription factor A [2]. Compared to coherent FFLs, incoherent circuits in turn have been
shown to have an accelerated output response to input, where the maximum expression of the output
gene C is lower and thus reached sooner upon activation of A [17]. Therefore, continuous simula-
tions have revealed that differences in the architectures and logics of FFLs can give rise to divergent

dynamics.
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While continuous simulations can predict gene circuit dynamics, they do not account for
the stochastic behavior that is inherent to the biochemical reactions comprising FFLs. Stochastic
fluctuations can alter the dynamics of genetic circuits and even induce qualitatively distinct behav-
iors [6, 18, 19, 20]. For example, probabilistic interactions among small numbers of molecules can
generate stochastic bursts of gene expression. Single-cell and single-molecule measurements have
characterized these bursts and implicated transcription and translation processes as possible sources
[21, 22, 23]. Perhaps more importantly, recent studies have shown that gene expression bursts can
serve a biological function [13, 24, 20]. Stochastic fluctuations have also been shown to depend on
the architecture of genetic circuits [7, 25, 26]. Additionally, recent studies have begun to show that
distinct FFL architectures can differ in behavior at the stochastic regime [27]. For example, it has
been suggested that coherent FFLs amplify circuit-extrinsic noise at the C output, while incoherent
FFLs attenuate such noise [26]. Furthermore, an analytical study has shown that the most abundant
coherent FFL exhibits the lowest noise amplitudes of all FFL architectures [27]. In contrast, the
most abundant incoherent FFL architecture exhibits the highest noise amplitudes [27]. It is how-
ever unclear if all possible FFL architectures differ in stochastic behavior and, more importantly, if

differences in noise behavior are of biological importance.

To systematically investigate the relationship between FFL architecture, noise, and func-
tion, we performed discrete stochastic simulations for all possible three-component circuit architec-
tures and three logic gates (AND, OR, and XOR). We found that all FFL circuit architectures could
be classified into two categories according to how susceptible their ON and OFF steady states were to
noise, independent of their logic gates. This noise behavior of FFL architectures is coupled to circuit
function. In particular, these data show that FFLs with high noise in their OFF state preferentially

regulate rare stochastic processes in E. coli such as the generation of antibiotic-resistant persister
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cells [28]. In contrast, cellular processes that are typically in high demand, such as anaerobic respi-
ration, are found to be regulated by FFLs with high noise in their ON state. While FFLs with higher
noise in their OFF state can stochastically initiate rare cellular responses, FFLs with higher noise in
their ON state can stochastically terminate cellular processes that are in high demand. These results
suggest that specific FFL architectures may be selected based on their distinct noise behaviors to

allow sampling of alternative cellular states and cope with environmental constraints.

2.4 Results
2.4.1 Two Incoherent FFLs Differ in Their Susceptibility to Gene Expression Bursts

In order to begin analyzing if there were any noise differences, we selected two FFLs
that seemed to perform a similar function: 011 (I4) and 101 (I1). Both of these incoherent feed-
forward loops have the input gene directly activating the output gene, but indirectly they inhibit the
output gene. The main difference is that the order of activation and repression differ in the indirect
interactions between input and output genes. Alon et al. previously described differences in the

dynamics of these two networks in response to ON and OFF steps.

We began by investigating a pair of FFL circuits with similar architecture (Fig.2.1A and
2.1E). In both circuits, the input node A transcriptionally activates output node C directly and also
represses C indirectly through node B. Since the direct and indirect regulatory pathways have op-
posite signs (direct activating and indirect repressing), both circuits are traditionally classified as
incoherent FFLs [2]. The only difference in architecture between these circuits is therefore the op-
posite order of sequential activation and repression reactions comprising their respective indirect
pathways. We refer to circuits with such alternative architectures as isocircuits. For easier com-

parison, we adopt here a three digit binary nomenclature that classifies FFL circuits based on the
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Figure 2.1: The 011 (I4) and 101 (I1) Incoherent FFLs Reveal Two Noise Behaviors. Stochastic
simulations reveal two noise behaviors in incoherent FFLs. AD and EH pertain to the FFL circuits
011 (A) and 101 (E), respectively. The logic of integration for the regulation of the output node C is
a Boolean AND gate. B, C, F, and G show time traces of C molecule numbers expressed from the
C output promoter as obtained from stochastic simulations based on the Gillespie algorithm [29].
B and F show data for C expression obtained in the OFF steady state (unstimulated state of A). C
and G depict data for the ON steady state (stimulated state of A). D and H show the mean durations
of high gene expression bursts of C obtained from simulations and precisely defined by the time
(seconds) the C promoter remains in the high expression state as determined by the binding state of
transcription factors A and B.
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signs of interactions between A-B, B-C and A-C nodes respectively, where 1=activating and O=re-
pressing (Fig. 2.1A and 2.1E). Despite similarities between the isocircuits, circuit 101 occurs more
frequently in E. coli than its isocircuit partner 011 (165 versus 53 circuits, respectively). Therefore,
a systematic comparison of isocircuits could reveal the biological importance of the architectural

difference between them.

To investigate the differences between these isocircuits we constructed discrete stochastic
models and simulated them using the Gillespie algorithm [29, 30]. Simulations described produc-
tion and degradation of mRNA and proteins of A, B and C species as discrete reactions and also
accounted intrinsically for the stochastic behavior of binding and unbinding events of A and B tran-
scription factors to the C promoter. For simplicity, we first considered here an AND logic for the
regulatory input of A and B into the C promoter. Using these simulations we studied the behavior of
the incoherent FFL isocircuits 011 and 101. The dynamics of the isocircuits during transitions be-
tween ON and OFF steady states (as defined by whether input A was absent or present, respectively)
are consistent with previous literature and ODE simulations [2, 14, 16, 17]. However, when the
circuits remained at OFF (Fig. 2.1B and 2.1F) or ON (Fig.2.1C and 2.1G) steady states, stochastic
simulations revealed that both circuits were subject to stochastic bursts in C promoter expression
(Fig.2.1B, 2.1C, 2.1F and 2.1G). These bursts are particularly prominent with slow binding kinet-
ics of transcription factors to C promoter, but also occur with fast binding kinetics (see Methods
Section 2.10.5). Simulations allowed us to precisely determine the amount of time each circuit re-
sides stochastically in the C promoter state(s) that gives rise to high expression bursts. Therefore,
we define here burst noise as the amount of time spent in the high expression state, which in turn
determines the duration and amplitude of the observed C promoter expression bursts. We note that

multiple binding or unbinding events of A and B to the C promoter can lead to the high expression
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state from several equivalent low expression states. Therefore, C promoter expression bursts do not
necessarily correspond to a single binding/unbinding event, but rather transitions between different
expression levels. Even though each isocircuit displayed gene expression bursts, circuit 011 dis-
played burst noise in both the ON and OFF states, while circuit 101 exhibited higher noise, but only

in the OFF state (Fig.1D and 1H).

What causes differences in C promoter expression bursts between the isocircuit steady
states? In both circuits, bursts are generated by transient access to a high expression state of the
C promoter due to stochastic binding and unbinding events of A and B transcription factors to
the C promoter (Fig. 2.1). However, the amount of time spent in the high expression state of the C
promoter is dictated by circuit architecture and is thus distinct between the two circuits. For example,
in circuit 011, exit from the high expression state occurs by unbinding of either A or B. However,
in circuit 101, exit from the high expression state occurs either by unbinding of A or binding of
B. Binding reactions dependent on the concentration of the transcription factor and thus their rates
can differ in ON and OFF steady states. Unbinding reactions on the other hand, are concentration
independent. Therefore, differences in circuit architectures give rise to differences in noise behavior
that can be defined by the mean durations of C promoter expression bursts in the ON and OFF
steady states as described above (Fig.1D and 1H). Global parameter sensitivity analysis showed that
these differences in noise behavior between isocircuits are consistently observed for a broad range
of parameter values (2 fold change) as long as high concentrations of A and B transcription factors

can effectively repress C promoter expression.
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2.4.2 All Possible FFL Architectures Fall into Two Distinct Categories of Noise Behavior

Do architecture-dependent differences in noise profiles observed among isocircuit members
101 and 011 generally hold for all possible FFL architectures and even different logic inputs into the
C promoter? To address this question we systematically performed discrete stochastic simulations
for all possible eight FFL architectures and three binary input logics (AND, OR and XOR) for a
total of 24 systems. Together, these simulations showed that the difference in noise profiles, taken
as the proportion of mean burst duration in the ON state, observed between isocircuits 101 and 011
exists for all isocircuit pairs (Fig. 2.2). The percent noise of C promoter gene expression in the ON
state appears to depend on circuit architecture, but surprisingly does not correlate with logic gates
(Fig. 2.2). Regardless of logics, each isocircuit pair contains one circuit that has higher noise in its
OFF steady state and one that does not. Global parameter sensitivity analysis once again showed
that these results do not critically depend on parameter values. Together, these data suggest that
architecture, but not logics at the C promoter, dictates the steady state noise profile of the output
node C of FFLs. The steady state noise behavior of FFLs was observed to correlate with whether
node A activates or represses node B. Specifically, simulations of all possible FFL circuits showed
that when B is activated by A, noise in the OFF state is higher (Fig. 2.2). In contrast, for FFL
circuits where B is repressed noise is similar in both the ON and OFF states. These results reveal a
simple principle that appears to underlie the differences in steady state noise behavior of isocircuits
and FFLs in general. When node A activates node B, the concentrations of A and B are correlated.
Therefore, when the circuit is in the OFF steady state, both A and B are at low molecule numbers
and thus subject to stochastic fluctuations. High noise in A and B in the OFF state in turn gives rise
to higher noise in C promoter expression (Fig. 2.1F). Concurrently, when the circuit is in the ON

state, A and B are at high concentrations and thus both are less noisy, which is again reflected in
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Figure 2.2: FFL architecture determines noise behavior irrespective of logic gate. Shown are results
from discrete stochastic simulations for all possible FFL circuit architectures and three Boolean
logic gates (AND, OR, and XOR) for the regulation of the C output promoter. Each FFL is labeled
according the three-digit binary nomenclature described in the main text as well as the standard
classification. FFL architectures are paired as isocircuits and grouped according to the standard
coherent and incoherent FFL classification [2]. Rectangles above each FFL circuit depict the pro-
portion (%) of mean noise in the ON state divided by the total noise in the ON plus OFF states color
coded according to the scale on the right. The amount of noise in ON and OFF states corresponds to
durations of C promoter expression bursts as defined in Fig. 2.1. The noise pattern correlates with
whether node B is activated or repressed by node A. Activation of B by A is associated with higher
noise in the OFF state (left member of each pair), whereas repression of B by A is associated with
higher noise in the ON versus OFF state (right member of each pair).
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shorter durations of C promoter expression bursts (Fig. 2.1G). Therefore, in these circuits the OFF
state will be noisy and the ON state will be quiet. However, in circuits where node A represses B,
the concentrations of A and B vary oppositely. This inverse correlation in concentrations gives rise
to an inverse correlation in noise of A and B. As a result, when the circuit is either in the ON or
OFF state, only one of the two regulatory inputs into the C promoter is noisy while the other one
is not. This inverse correlation distributes the noise across the ON and OFF states such that both
states exhibit noise (Fig. 2.1B and 2.1C). Therefore, the mode of regulation of node B by A and not
logics of C promoter regulation appears to dictate noise behavior at steady state, emphasizing the
importance of FFL architecture.

2.4.3 Functional Profiles Discriminate Among FFL Architectures with Opposite Noise Be-
haviors

To determine if the distinct noise profiles of FFL isocircuits are of biological importance,
we analyzed the well characterized and extensive data set of E. coli FFLs associated with various
functional categories. This functional data set is comprised of 858 examples of FFLs grouped into 39
functional categories, obtained from the publicly available E. coli databases EcoCyc [31] and Regu-
lonDB [32]. This data set contains examples of functional categories such as DNA synthesis that are
regulated by all FFL architectures, as well examples such as biotin synthesis where only a specific
FFL architecture (000) is assigned to it. Another difference among distinct FFL architectures and
isocircuit members is that they vary in abundance. For example, while circuit 101 is more common
(164 examples) and regulates a larger number of functional categories [20], its isocircuit counterpart
011 is less abundant (53 examples) and regulates fewer distinct functional categories [15] (Fig. 2.3).
Therefore, each FFL architecture has a unique functional profile based on the number and categories

of cellular functions assigned to it. Differences in these functional profiles suggest a relationship
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between FFL architectures and their biological functions. Next we asked if the differences in func-
tional profiles of FFL architectures are related to the differences in their steady state noise behavior.
Specifically, we clustered all eight FFLs by functional categories (rows) and circuit architectures
(columns), to determine which FFL architectures have similar functional profiles (Fig.2.3). Hier-
archical clustering segregated FFL architectures into two groups with four circuits each (p j 0.001
by Pearson G-test of Independence) using complete linkage and a Euclidean metric. Interestingly,
FFLs within the same group exhibited similar noise behavior in stochastic simulations (Fig.2.3). In
particular, FFLs with higher noise in the OFF state were grouped into one cluster and circuits with
noise in their ON state formed the other. Therefore, clustering of functional profiles discriminated
FFLs according to their architectures, since FFLs where node A activates B generate higher noise in
the OFF state compared to those where A represses B (Fig.2.2). These results suggest that the func-
tional profiles of FFLs contain information about the architecture-dependent noise behavior of these
circuits at steady state. FFLs architectures are commonly classified based on whether the sign of
direct and indirect pathways are the same (coherent FFLs) or opposite (incoherent FFLs). However,
clustering of the functional data set did not discriminate circuits according to this classification. To
investigate this issue further, we tested the robustness of clustering by analyzing how random pertur-
bations to FFL functional profiles affect clustering (Fig.2.4A). Specifically, we repeatedly eliminated
random subsets of functional categories and measured average clustering distances (linkage) among
FFLs with opposite noise behavior and compared them to average distances among circuits with
similar noise behavior (Fig.2.4A). A ratio greater than one was obtained 81% of the time, which
indicated that distances among FFLs with similar noise profiles were consistently closer. Clustering
of FFL circuits according to noise appears to be robust to random elimination of functional cate-

gories (Fig.2.4A). We then applied the same method to compare average clustering distances across
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Figure 2.3: Functional profiles segregate FFLs according to architecture-dependent noise behav-
ior. Matrix representation of the abundance (log color scale) of each FFL architecture for a given
functional category in E. coli arranged according to two-dimensional hierarchical cluster analysis.
Columns represent distinct FFL architectures, whereas functional categories are shown in rows. The
dataset is comprised of a collection of 858 FFLs identified in E. coli and categorized into 39 distinct
classes of biological functions according to the publicly available E. coli databases EcoCyc and Reg-
ulonDB. Dendrograms obtained from clustering were color coded to emphasize distinct clusters of
FFL architectures (red and green) and three distinct groups of functional categories, orange (group
1), gray (group 2), and magenta (group 3). The FFL architecture clusters correspond to the predicted
noise profiles shown in Fig. 2.2 and are accordingly colored green and red. For easier comparison,
the noise results shown in Fig. 2.2 are depicted underneath respective circuit architectures.
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and within incoherent and coherent FFLs. Functional profiles systematically failed to cluster coher-
ent/incoherent FFLs, as only 35% of iterations gave a ratio greater than one (Fig.2.4A). Together,
these data show that functional profiles reliably segregate FFLs according to architecture-dependent

noise, suggesting that this property is of biological importance.

2.4.4 Demands on Biological Processes Correlate with FFL Noise Behaviors

Cluster analysis more specifically revealed three groups of functional categories that di-
verged in their preference for FFL architectures with distinct noise profiles (p ; 0.001) (Fig.2.3 and
2.4B): Group#1 was enriched for FFL architectures with high noise in their ON states. Group#2 did
not display a preference based on noise behavior. Finally, group#3 preferred FFL architectures that
generate higher noise in their OFF state. Even though group #1 and #3 combined only constitute
18% of all functional categories, they are associated with 70% of the categorized FFLs. Therefore,
we find that the number of FFLs is not evenly distributed across functional categories. Together,
these results show that most of the FFLs identified in E. coli are involved in the regulation of a few
functional categories that in turn appear to select for circuits based on their architecture-dependent

noise properties.

What accounts for the enrichment of FFL architectures with specific noise profiles in func-
tional groups #1 and #3? Many FFLs associated with these functional groups contain an interacting
pair of global and functionally specific transcription factors, consistent with the hierarchical orga-
nization of gene regulatory circuits [4]. Specifically, many FFLs in group#l contain the global
regulator fnr (fumarate nitrate reductase) as their A node and a more specific transcription factor
narL (nitrate reductase) as their B node, that together regulate E. coli metabolism under anaerobic

conditions [33, 34]. An example of such a FFL circuit is shown in Fig.2.4C, where fnr regulator is
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Figure 2.4: Robust clustering of FFL functional profiles reveals two noise-based cellular strategies.
(A) Barchart of the percent of bootstrap samples (total = 100,000) that cluster according to noise
(blue) or the traditional coherent/incoherent classification (gray) (SI Appendix Section 2.2.7). (B)
Reduced matrix representation of the cluster analysis result and color coding depicted in Fig. 2.3.
(A). Shown are the mean abundances of the two clusters of FFL circuit architectures and the three
clusters of functional categories indicated in Fig. 2.3. Functional group 1 (orange) is comprised of
categories associated with anaerobic metabolism and contains 30% (259/858) of FFLs. Functional
group 2 (gray) contains, among others, housekeeping genes and the most number of functional cat-
egories (32/39), but contains only 54% (467/858) of FFLs. Functional group 3 (magenta) contains
5/39 functional categories and 62% (477/858) of FFLs that are in general related to stress responses.
(C) Representative time traces from simulations depicting predicted stochastic termination and ini-
tiation expression patterns of genes dcuB (Top) and glpT (Bottom), respectively, according to the
FFL architecture shown (Right).
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active in the absence of oxygen and represses narL, and together these transcription factors regulate
dcuB, the C4-dicarboxylate transporter necessary for anaerobic growth. Discrete stochastic simu-
lations predict that the repression of narL (node B) by fnr (node A) gives rise to a noisy ON state
expression of dcuB (node C) (Fig.2.4C). Noise in the ON state can result in the stochastic termination
of dcuB expression during anaerobic growth (Fig.2.4C). This propensity for stochastic termination
could permit occasional sampling of aerobic respiration that could be beneficial if environmental
conditions unexpectedly change. Additionally, the noisy ON state of FFLs associated with group#1
could provide a mechanism to modulate the expression level of downstream targets of fnr and narLL
possibly through frequency modulation of stochastic bursts [35]. Therefore, enrichment of FFL ar-
chitectures that give rise to noisy ON states may be a result of functional requirements associated
with anaerobic respiration processes that make up functional group#1. Most FFLs in group#3 are
associated with known stochastic processes in E. coli that respond to stress and give rise to het-
erogeneity. While group#1 and group#3 both exhibit a preference for FFL architectures based on
noise, they do so in an opposite manner. In particular, the functional categories comprising group#3
are enriched for FFL architectures where node A activates node B and thus gives rise to high noise
in the OFF state of node C. Concurrently, group#3 FFLs share a pattern where a global regulator
such as IHF (integrative host factor) positively regulates a more functionally specific transcription
factor such as fis (factor for inversion stimulation). Together, IHF (node A) and fis (node B) regulate
genes such as glpT (glycerol-3-phosphate transporter) (node C) that have been implicated in the
generation of resistance to antibiotics like fosfomycin (Fig.2.4C) [36]. IHF has also been identified
in a screen for genes involved in the stochastic generation of antibiotic resistant persister cells [28].
In FFLs with this architecture, expression of glpT is predicted to be noisy in the OFF state, giving

rise to stochastic bursts of glpT expression. Together, these data reveal that group#3 is comprised
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of biological processes associated with stress responses that can be initiated in a stochastic manner
even in the absence of stress stimuli. Consistent with this finding, the architecture of FFLs enriched
in group#3 exhibit higher noise in their OFF state that can facilitate stochastic activation and thus
sampling of alternative stress responses at the single-cell level. Such probabilistic behavior at the
single-cell level has been shown to be a beneficial strategy under unpredictable environmental con-
ditions and may thus explain the preference of group#3 functions for FFLs with high noise in the
OFF state [7, 13, 36, 37, 38]. Functional categories comprising group#2 exhibit a lack of preference
for FFLs architectures according to noise. Even though group#2 contains 82% of functional cate-
gories, only 54% of FFLs are associated with this group. FFLs within group#2 may of course have
been selected for based on properties other than noise. However, the low number of FFLs contained
within group#2 suggests that noise behavior is at least one of the important properties underlying
FFL function. If noise behavior is not critical for the operation of biological processes contained
within group#2, perhaps FFLs are a less preferred circuit motif. Interestingly, the functional cate-
gories comprising group#2 are among others, associated with housekeeping processes such as cell
division and amino acid synthesis. These basic biological processes are not known to benefit from
stochastic behavior. Together, the three groups of functional categories suggest that most FFLs are
selected for based on their noise properties by cellular processes that may benefit from stochastic

fluctuations. zo

2.5 Discussion

The comprehensive analysis presented here reveals a general trend regarding the preference
of biological processes for FFL architectures based on their noise profiles. However, the following

points have to be considered: 1) there may be additional unaccounted regulatory inputs into FFLs

25



other than the three nodes considered here. Such additional regulatory inputs could alter the noise
behavior of any given FFL circuit. 2) it is important to note that FFLs do not exist in isolation. Genes
can be shared among FFLs and there can be cross-regulation between individual circuits. 3) robust
clustering of FFLs according to noise does not imply that other differences among FFL architec-
tures cannot be of functional importance. It is therefore striking that functional profiles containing
information on biologically relevant properties robustly cluster FFLs consistent with architecture-
dependent noise behavior. Stochastic behavior thus appears to be at least one of the important

biological properties of FFLs.

Many gene regulatory circuits contain pathways comprised of consecutive activation and
repression reactions similar to those in FFLs. Therefore, the noise behavior of other gene regulatory
circuits may also be determined by the order of regulatory links with opposite actions. Specifically,
noise in target gene expression that is governed by a net negative linear cascade of transcription
factors will depend on whether this regulation is mediated by the repression of an activator or the
activation of a repressor. Regulation will therefore either be mediated by a high concentration of
repressor, or a low and thus noisy concentration of activator. For example, the order of activation
and repression reactions comprising a net negative feedback loop of a bacterial differentiation circuit
has been shown to dictate stochastic fluctuations in circuit dynamics [7]. Therefore, in instances
where gene expression is regulated by a net negative cascade of transcription factors with opposite
regulatory modes, noise of gene expression may depend on the order of activation and repression

reactions.

Susceptibility to stochastic bursts of gene expression may of course not be the only func-
tionally relevant property of FFLs that gives rise to clustering according to architectures. We con-

sidered another possible explanation for the observed clustering pattern known as demand theory
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[39, 40]. Demand theory predicts that depending on the organisms native environment, genes in
high demand are regulated by activators whereas genes in low demand are regulated by repressors.
Since functional groups#1 and #3 display opposite clustering preferences where node A either re-
presses or activates B respectively, demand theory would predict that node B is in low demand in
group#1 while it is in high demand in group#3. Group#1 FFLs are involved in anaerobic metabolism
and thus expected to be in high demand in the native environment of E. coli such as the mammalian
colon. However, transcriptional regulators corresponding to node B such as narLL and nikR are more
often repressed than activated in group#1 FFLs. FFLs in group#3 on the other hand are involved
in stress responses and thus expected to be in low demand assuming that E. coli is well adapted to
its environment. In particular, stress response regulators that correspond to node B such as baeR,
HN-S, and fis should be in low demand and thus expected to be repressed according to demand
theory. However, these transcriptional regulators are found to be activated in group#3 FFLs. There-
fore, rather than demand theory, the noise behavior of circuit architectures is more consistent with

clustering of FFLs.

Stochastic bursts of gene expression have been demonstrated to be physiologically impor-
tant for the many systems such as lambda and Lac repressors as well as the differentiation of Bacillus
subtilis cells into the state of competence [6, 20, 41, 42, 43, 44, 45]. Consistent with these findings,
FFL architectures that generate stochastic bursts of gene expression appear to be favored by E. coli
stress responses such as the stochastic generation of antibiotic resistant persister cells [28, 46]. In
addition to stochastic initiation, our results also suggest that some cellular processes such as anaer-
obic metabolism of E. coli, may prefer the ability to stochastically terminate their response. These
data indicate a possible new relationship between the default state of a cellular process and the noise

behavior of the associated FFLs. Depending on whether the default state of the cellular process
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is active (ON) or inactive (OFF), FFLs with higher noise in ON or OFF steady states can enable
sampling of alternative states by stochastic termination or activation respectively. These findings
suggest a possible a link between the demand on a cellular process, and the type of noise generated
by the associated FFL architecture. Furthermore, these results suggest that particular architectures
of FFLs may have been selected for their inherent noise properties to cope with distinct environmen-
tal constraints. It may thus be possible to decode functional properties and selection pressures from

architectures of gene regulatory circuits.

2.6 Methods

2.6.1 Programming Language and Statistical Computing Environment R

Version 2.9.1 of R from The R Foundation for Statistical Computing ISBN 3-90051-07-0
was used as distributed in the Debian GNU/Linux package r-base version 2.9.1-2. R was used to run

stochastic simulations and analyze data.

2.6.2 Stochastic Simulation Software: GillespieSSA

Version 0.53 of the GillespieSSA package for R by Mario Pineda-Krch was used for

stochastic master equation simulations [47].

2.6.3 Feed Forward Loop Simulations

The simulation environment was constructed in R as a wrapper around GillespieSSA. The
three components of the FFLs, A, B, and C, each were modeled as genes with corresponding tran-
scriptional promoters and translated protein species. The protein products for A and B then served
as transcription factors for downstream genes as shown in Fig. 2.1. Transcription and translation

were modeled explicitly as a single step with propensity determined by the binding state of tran-
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scription factors to the promoter as opposed to using a cis regulatory input function. Transcription

factor binding was modeled with a Hill coefficient of 2.

2.6.4 Databases: RegulonDB and EcoCyc

Genetic transcriptional network information was downloaded from RegulonDB [32] from
the Regulatory Network Interactions section of datasets as NetWorkSet.txt, Version 6.3, released on
January 30, 2009. Genetic regulatory interactions were consistent with EcoCyc [31] due to data
sharing between the two databases. We excluded ambiguous or unknown interactions from our

analysis, but did not exclude microarray or electronically inferred interactions.

2.6.5 Gene Annotation

Genes in FFLs were identified using FANMOD [48]. Functional annotation and grouping
was based on that of Ma et al. [49]. Further gene classification was done with the assistance of
EcoCyc. All genes involved in a feed-forward loop were annotated, and analysis was done both by

considering three annotations per feed-forward loop (Fig. 2.3).

2.6.6 Cluster Analysis

With R, hierarchical clustering was applied to both functional categories and FFL types
using a Euclidean distance metric and complete linkage based on the abundance of the number of

FFLs. Bootstrap resampling analysis was done using the boot package available from CRAN [50].

2.7 Impact on Literature

Biological feed-forward loops may not solely involve genes and protein transcription fac-

tors, but could also include other molecules such as a miRNA that can also modulate gene activity,
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involve only proteins, or even be networks of neurons within the central nervous system. In this
work, we specifically examined the effect of architecture, or topology, on stochastic gene expres-
sion by quantifying bursts of transcripts produced by transcription factor binding and unbinding.
We found that the topology of the FFLs affected the copy number of regulatory transcription factor
molecules available. This created differences in the noise profiles in the ON and OFF states of the

networks corresponding to stimulated or unstimulated expression of the input transcription factor.

An article that also involved feed-forward loops also investigated another implementation
that used microRNAs for post-transcriptional control along with transcriptional control as in a tra-
ditional GRN [51]. There they saw that the 101 (I1) FFL was significantly more noisy as measured
by the coefficient of variation and attributed the difference to binding and unbinding of transcription

factor, Lacl, as was examined in this work.

Other research took note of the differences in the noise profiles in the ON and OFF states
[52, 53] and noted the importance of correlation or anti-correlation in transcription factor copy
numbers [54]. Correlation and anti-correlation of molecule copy numbers is quite general and can
introduce state-dependent noise into other biochemical networks. If there are degeneracies in net-
work implementations, the use of correlated or anti-correlated relationships may have significance
with regard to the required noise properties for a particular function [55]. Furthermore, Koh et al.
noted how different stochastic profiles related to architecture may affect evolution if they control a

selectable trait such as persistence in E. coli [56].

The extent of influence on stochastic properties by network topology should not be over-
stated, however. Other parameters such as binding kinetics could have a significant impact upon the
output of a network. Lok-Hang So et al showed in a survey of 20 different bacteria promoters that

transcriptional burst size was gene-independent and rather had a strong dependence on mean expres-
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sion level [57]. In particular, the gene expression level was modulated by use of the transcriptional
off rate, k,sr. Essentially this means that higher expression is achieved by having longer bursts of

expression while lower expression occurs when bursts are kept short in duration.

There the authors argued that gene-independence also implied that transcriptional noise was
also independent of topology since the coefficient of variation did not depend on what transcription
factors affected a particular gene’s promoter. The supplemental material should be noted in that
15 of the 20 promoters studied were mutational variants of each other which weakens the gene and
topology independence argument. Furthermore, the effect of topology on noise in this work on FFLs
was via the copy number of transcription factors affecting the final output gene. High molecular copy
number could extend a positive transcriptional burst in the case of activation or shorten it in the case
of repression by modulating the apparent k, s rate of a gene. Low copy number would effect positive
transcriptional bursts in the opposite manner. In fact, the noise measurement used here in this FFL
study was mean burst duration based upon transcription factor binding state. Burst duration from the
view of gene activity may not be able to resolve two binding state fluctuations in quick succession.
If I examine the 011 (I4) and 101 (I1) FFLs shown in Figures 2.1 and 2.9 I observe that the 011 FFL
has many bursts in quick succession during the ON state that could be considered a single burst.
Additionally, the extended time traces in Figure 2.9 show that the 011 FFL in the ON state has a
higher mean expression level to correspond. The other states seem to have mean expression levels
that correspond with their mean burst durations. While mean burst duration and mean expression

may be linked, this does not necessarily exclude the effect that topology may have on both.

Several reviews noted the joint impact that this work and work in the lab by Cagatay et
al.[7, 58, 59]. Cagatay demonstrated that an alternate circuit topology that switched the order of

repression and activation in a negative feedback loop produced deterministic behavior in contrast to
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the stochastic behavior observed in the original circuit. As with the feed-forward loops, the deter-
ministic synthetic circuit involved high copy numbers of the molecules that suppressed stochastic
behavior when stimulated. This work on FFls demonstrated that the relationship between architec-
ture and copy number could be generalized to predict noise behavior. Research on the synthetic

alternate circuits with different noise properties is continued in Chapter 3.
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2.8 Materials and Methods
2.8.1 Computational Environment
28.11 R

Version 2.9.1 of The R from The R Foundation for Statistical Computing ISBN 3-90051-
07-0 was used. The Debian GNU/Linux package r-base version 2.9.1-2 was used. R is also available
directly from CRAN, http://cran.r-project.org. R was used to both run stochastic simulations and

analyze data.

2.8.1.2 GillespieSSA

Version 0.5-3 of the GillespieSSA package for R by Mario Pineda-Krch was used for com-

putational simulations and downloaded from CRAN as noted above.

2.8.1.3 Feed Forward Loop Simulations

The simulation environment was constructed in R as a wrapper around GillespieSSA. The
three species A, B, and C each had corresponding transcriptional promoter and translated protein
species. Promoter complexes with regulatory proteins bound were simulated as a distinct and dis-
crete species and not as genetic regulatory functions. Additional versions of the simulation were
conducted to include mRNA transcripts and post-translationally activated protein units. These addi-

tional simulations are included here, but are were not included in the simulation as published.

2.8.2 Informatics

2.8.2.1 RegulonDB

Genetic transcriptional network information was downloaded from RegulonDB from the
Regulatory Network Interactions section of datasets as NetWorkSet.txt Version 6.3 released on Jan-

uary 30th, 2009.
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2.8.2.2 EcoCyc

Genetic regulatory interactions were confirmed using EcoCyc.

2.8.2.3 Data Processing

Subsequent text processing was done using GNU Awk and GNU Sed. All genes involved
were mapped to a unique positive integer for use in FANMOD. A three column tab delimited file
was created listing the number of the gene that encodes the regulator, the number of the gene being

regulated, and the color of the regulation modality (induction or repression).

2.8.24 FANMOD

FANMOD, a tool for fast network motif detection was downloaded from http.//theinfl.informatik.uni-
Jjena.de/” wernicke/motifs/index.html and was downloaded on January 30th, 2009. The version used

was last updated on December 23rd, 2006.

2.8.2.5 Annotation

Functional annotation and grouping was based on that of Ma et al. in Ma2004. Additional
genes were categorized by referencing EcoCyc. All genes involved a feed forward loop were an-
notated and analysis was done both by considering three annotations per feed forward loop and by

examining the the annotations for the A, B, and C specie classes individually.

2.8.2.6 Cluster Analysis

Hierarchical clustering was done using a Euclidean distance metric and complete linkage

based on the raw abundance.
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2.8.2.7 Bootstrap Methods

Bootstrap analysis was used to both evaluate the robustness of clustering and to identify
functional subsets that were able to achieve various clustering patterns. Bootstrapping involved
taking randomly weighted subsets of functional categories and evaluating the ratio of the mean ex-
ternal distances between each cluster and the mean internal distances within each cluster. Bootstrap

analysis was done using the boot package available from CRAN.

2.9 Feed Forward Loop Nomenclature
2.9.1 Coherent / Incoherent Nomenclature

The naming scheme introduced by Mangan et al. split feed forward loops into two groups:
coherent and incoherent. Coherent indicates that the direct and indirect regulation of C, the output
node, by A, the input node are the same, whereas incoherent indicates that the type of regulation is
different. The naming scheme then numbers the four coherent and four incoherent loop in a mostly

arbitrary manner: C1-C4, I1-14.

2.9.2 Binary Nomenclature

Rather than continuing to use the coherent and incoherent nomenclature which places em-
phasis on presumed comprehensibility of the circuits, we internally chose to use a binary nomencla-
ture that describes the actual structure of the feed forward loop. We opted to later use this nomen-
clature in writing because we found this naming system made it easier in our own discussions to see

patterns.

The binary nomenclature indicates the type of relationship between the three species. The

first digit indicates if A represses (0) or induces (1) B. The second digit indicates the regulation of
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Coh /1Inc \ Binary H Binary \ Coh/Inc ‘

Cl 111 000 12
C2 010 001 C4
C3 100 010 Cc2
C4 001 011 14
I1 101 100 C3
12 000 101 I1

I3 110 110 I3

14 011 111 Cl

Table 2.1: Table to translate between coherent and incoherent nomenclatures introduced by Alon et
al. and binary nomenclature introduced here

C by B. The final digit indicates the direct regulation of C by A.

2.9.3 Translation Table

To facilitate the use of the binary nomenclature with prior literature we offer the following
table as a translation. Whether a loop is coherent or incoherent can be derived from the binary

nomenclature by a boolean relationship.

From the binary nomenclature it is possible to determine whether a loop is coherent or
incoherent. Considering 0 to be FALSE and 1 to be TRUE, a coherent loop is one where the equality
of the first two numbers is reflected by the third number. For example, in the 001 loop, the first digit,

0, equals the second digit, 0, and the third digit, 1, indicates that this equality is TRUE.

From the coherent and incoherent nomenclature it is impossible to determine the binary
nomenclature completely without a reference. Interestingly, an even numbered circuit (C2, C4, 12,
I4) indicates that A represses B, whereas an odd numbered circuit (C1, C3, I1, I3) indicates that A
activates B. This is convenient because our work shows that the regulation of B by A is important in

determining the distribution between the state where A is ON versus where A is OFF.
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2.10 Stochastic Modeling

2.10.1 Coupled Transcription-Translation Simulations

The simulations included in the paper assumes that transcription and translation are coupled
as in prokaryotes or in some circumstances in eukaryotics (i.e. nuclear ribosomes). These simula-
tions therefore do not address whether the bursts are necessarily transcriptional in nature (a single
promoter state change generates many mRNA transcripts from which many proteins are translated)
or translational in nature (a single promoter state changes produces one or few mRNAs which are
translated into many proteins). Transcription and translation are simulated as a single step with a
single rate constant dependent on the activity of the state such that the number of proteins created is

proportional to the time spent in a particular promoter state.

In considering all of the sixteen possible boolean integration schemes for the effect of A
and B on C, only the AND, OR, and XOR boolean gates were relevant. The remaining schemes
were either trivial such as TRUE, C is always active regardless of the binding state of A and B to
its promoter region, or already represented in a different feed forward loop, such as NAND (NOT

AND) which would turn a 111 loop into a 100 loop.

2.10.1.1 Reactions

deg\de bﬂd bﬂd bLnd

= 0 A+B, = AB, A+C, = AC, A+BC, = ABC,
trans unbind unbind unbind
deg_ra\lde bﬂd bi&d

= 0 B+C, = BC, B+AC, = ABC,
trans unbind unbind
degrade

=

trans
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Figure 2.5: Mechanism of Burst Initiation for the andO11 and and101 FFLs. The elevated pro-
moter binding states indicates the transcriptionally active state. Bursts are initiated by an unbinding
(dashed arrows) or binding (solid arrows) of transcription factors A or B depending on the circuit
architecture as indicated by the arrows pointed to the active binding state. The burst duration is due
to the amount of time it takes for one of two binding or unbinding events to take place as indicated
by the arrows oriented downwards.
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2.10.1.2 AND Boolean Logic Gate

The AND Logic Gate functions such that only one state is the transcriptionally-active pro-
moter state. For the 111 loop, this means that both A and B must be bound for active transcription
to occur. The main difference between the possible AND Logic gate schemes is whether the active

state is achieved by transcription factor binding, unbinding, or a combination of both.

2.10.1.3 OR Boolean Logic Gate

The OR Logic Gate is similar to the AND logic gate in that only one of the four transcrip-
tional states are different than the other three. In this case, however, there is only one transcriptionally-
inactive state. For the 111 loop, this is the state where neither A nor B are bound to the promoter for

C.

2.10.1.4 XOR Boolean Logic Gate

The XOR logic gate can be thought of as a subtraction of the AND logic gate from the
OR logic gate. That is for the 111 loop, the promoter is only transcriptionally active if either A or
B are bound but not both. This arrangement is different than the other two because any stochastic
binding or unbinding event will result in a change of the transcriptional activity of the C promoter.
Furthermore, with XOR integration logic, two states are transcriptionally-active and two states are
transcriptionally-inactive. Also, XOR logic causes two of the FFLs to degenerate to be exactly the
same loop. The 100 loop is transcriptionally active if either A or B are not bound but at least one

must be bound. This is equivalent in every way to the 111 loop with XOR logic.
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2.10.2 Noise Analysis

In order to analysis and quantify the noise, we focused on measuring noise relating to
bursts as opposed to that coming from birth-death processes surrounding the mean. We initially
investigated using the coefficient of variation, a standard measure of noise, as a metric but found
the the C.V. was more apt for normally distributed noise. We subsequently turned to metrics more
closely associated with properties of the burst. As others have found [23], the duration of bursts
approximates a exponential distribution. More precisely, we found that each of the four distinct
promoter states had dwell times that followed exponential distributions, and that the dwell times of
burstable states were linear combinations of exponential distributions. The exponential distribution
is described by the parameter which represents the mean dwell time in agreement with prior work

[23].

Many binding states may have the same transcription activity. Therefore, the mean dwell
time for a transcriptional state is not equivalent to the mean dwell time for an individual binding

state.

In order to justify the use of the mean dwell time we recognized that dwell time and burst
amplitude, the difference between the maximum and minimum protein levels during the transcrip-
tional state change, were linearly related when the starting protein level was not near full saturation

or depletion.

To compare different circuits we choose to use the proportion of the mean burst amplitude
in the ON state versus the sum of the means in the ON and OFF state. This allowed us to develop
a scale where a value near 0% indicates greater deviations in protein levels in the OFF state and a
value near 100% indicates greater deviations from bursts in the ON state. To illustrate this scale we

mapped this proportion to a Red-Yellow-Green color gradient as seen in the manuscript.
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An intermediate visualization of this proportion can be seen in the following figure. The
portion of the bar extending to the left from zero in the negative direction indicates the mean burst
amplitude in the OFF state over the sum of the means in the ON and OFF state. The portion of the
bar extending to the right right from zero in the positive direction indicates the analogous proportion
for the ON state. The absolute width of the bar should equal unity. Bars extending further to the
negative direction (left) are colored red whereas bars extending to the positive direction (right) are

colored green.

2.10.3 Uncoupled Transcription-Translation Simulations

In the simulation time traces presented in the article, transcription and translation is cou-
pled as would be expected in prokaryotic systems where transcription and translation are occurring
simultaneously. While there is some evidence that this may be true in some cases for eukaryotic
systems, eukaryotic systems present situations where coupling of transcription and translation may
not be true. To explore this, we can explicitly simulate the transcription of mRNA and its translation
as distinct processes. We find that the applicability of stochastic bursts due to transcription factor

binding and unbinding is dependent on the relative speed of transcription versus translation.

2.10.4 Post Translational Regulation

While post translation regulation is out of the scope of this work, we can hypothesize
on ways similar effects could occur. The key aspect of stochastic transcriptional regulation is the
single discrete nature and subsequent amplification of the signal. Similar effects could be done by
activation of other enzymatic cascades which only require one or few molecules to be active, but

would have large effects.
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Noise Distribution Based on Amplitude
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Figure 2.16: Noise is measured here by mean burst amplitude. The proportion of noise in the OFF
state is indicated by negative deviations of the bar, whereas the proportion of noise in the ON state
is indicate by positive deviations of the bar. The total width of the bar is equal to unity. The bars are
colored according to a red-yellow-green color gradient as used in the article.
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2.10.5 Parameter Choice and Variation

Parameters were set to arbitrary time units with the first order degradation rate constant
being 0.8 protein / time unit. The time units are approximately on the scale of minutes. The equilib-
rium constants, ratios of kinetics parameters, were chosen such that the range of transcription factor
concentration between ON and OFF states would result in changes of transcriptional activity while
the kinetics of binding and unbinding were selected to be within an order of magnitude of transcrip-
tion as described. The first order degradation and dilution rate constant of a protein was set to 0.8 per
minute corresponding to a protein half-life of 0.87 minutes. Protein production (transcription and
translation) was set such that an active promoter would produce approximately 200 to 300 proteins
per minute and that an inactive promoter would produce 10 proteins per minute. Independent bind-
ing kinetics were simulated with a Hill coefficient of 2 to account for dimerization or non-specific
binding. Kinetics were such that at high concentration of transcription factors ( 250), binding would
occur about 10 times per minute, whereas at low concentrations binding would occur less than one
time per minute ( 0.1) on average. Binding is psuedo first order due to the single copy nature of the
promoter. Thus bursts due to binding of transcription factor are rare if the concentration is much
less than the dissocciation constant. Hill binding kinetics were implemented using the following
propensity rate law: P(binding) = kping ([A] /n)". That is to say that a molecule A binding functions
as n molecules binding cooperatively. The concentration of the DNA promoter is left out since this

is modeled as unity.

The overall binding, unbinding, degradation, and transcription-translation constants were
varied individually and in combination by increasing and decreasing parameters by 1.2-fold and

2-fold.

52



Mean Burst Duration ON, seconds

60

40

20

o and000

o andl110
o
oO
o
[¢]
o o
o
°° ° o
) o
o o
o
%0 )
o o °
5 € o oo ©
§ 000 © o o
P °%b S, X oo o
o o o
f 0%@0 °°g°®° ° 0% oo °
T T T T
0 20 40 60

Figure 2.17: Parameter Variation of the and000 and and110 isocircuits
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Figure 2.18: Parameter Variation of the and001 and and111 isocircuits
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Figure 2.19: Parameter Variation of the and010 and and100 isocircuits

Mean Burst Duration OFF, seconds

55




Mean Burst Duration ON, seconds

60

40

20

o and011

o and101
(o]
o
[ele)
o
o 0?9;'8%% s o ©
o o
[¢]
oo [¢]
o By
Og@??@;n ° o
N 008 Z° . ° °
8 ° > ° o
@® wgoi@wo &8
I I I I
0 20 40 60
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Name \ Value H Name \ Value \ Comment ‘

Transy 240 Degradey | 0.8 Transcription & Translation, Degradation of A
Transp 284 Degradep | 0.8 Transcription & Translation, Degradation of B
Transc 336 Degradec | 0.8 Transcription & Translation, Degradation of C
Transpysa | 10 Basal Transcription & Translation

Bind 0.0006 || Unbind 24 Protein-Promoter Binding / Unbinding

Hill 2 Hill Coefficient for Binding

Table 2.2: Rate constants used in the simulation: Unit time is based upon the average time for one
protein to degrade when only one is present. Transcription rate constants are used for unimolecular
rate equations with the units as the average number of proteins produced per unit time per active pro-
moter. Degradation rate constants are used with unimolecular rates with the units of average number
of proteins degraded per unit time per total protein concentration. Basal transcription rate constants
are in units of average number of proteins basally produced per unit time. Binding rate constants
are bimolecular with units average number of complexes formed per unit time per promoter regions
present per binding protein present. This is effectively unimolecular since the number of promoter
regions is unity and constant. Unbinding rate constants are unimolecular with units average number
of complexes dissociated per unit time per complexes present. This is effectively constant when a
complex is present since the number of a DNA-protein complex is either unity of when present or
zero when absent.

2.10.6 Priming of Transitions Between ON and OFF states

A significant implication of large stochastic bursts during steady state is that this may ac-
celerate the transition of output between ON and OFF states. Dynamic behaviors when switching
between ON and OFF states include pulse generation and accelerated response curves. Bursts of
gene expression can stochastically accelerate the response by placing the output of the network
closer to the new canonical output after the signaling change before a signal change has even oc-

curred. For pulse generators this would create an extended plateau before the pulse dissipates.

2.11 Bioinformatics

2.11.1 Network Information

Network information was downloaded from RegulonDB. Awk and sed were used to mod-

ify the initial table for a format appropriate for FANMOD. This involved numbering the species and
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Figure 2.21: A stochastic burst of gene expression can accelerate the transition between OFF and
ON states. In blue, the And0O1 FFL has a stochastic burst of gene expression that primes and
accelerates the transition shortly before an OFF to ON signaling transition at 20 minutes. In red,
the And001 FFL does not have a burst of gene expression and transitions to the ON signaling state
normally without priming.
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removing autoregulation. FANMOD was used to discover and type the FFLs by extracting informa-
tion from the dump file. The assignment of the FFL nodes A, B, and C was not done automatically
by FANMOD. Assignment was done by counting the number of receiving interactions since the
number of interactions for A, B, and C would be 0, 1, and 2 respectively. Unlike prior analyzes of

FFLs filtering for microarray or electronically inferred interactions was done conducted.

Categories were assigned based on a hierarchial analysis[49] of the E. Coli transcriptional

regulatory network and summaries from EcoCyc.

2.11.2 Chi-Square Testing

Chi-square testing can be done by analyzing the the FFL loop classifications and functional
categorizations as a contingency table. Expected values for a random distribution can be calculated

by product of the two marginals for a loop-function cell of interest divided by the total observations.

2.11.3 G-Tests

For sparse contingency table groupings as is manifested without grouping loop classes or
functions the chi square test are not valid. The G-test can be applied as a maximum likelihood

statistical significance test in place of the chi-squared test.

2.11.4 Bootstrap Resampling Analysis

Bootstrap resampling was applied to determine the robustness of clustering by resampling
the functional categories. This involved selecting a sample of 39 categories from the original 39
categories with replacement. A ratio of the average of the distances within a FFL cluster to the
average distances between the two FFL clusters was determined the quality of clustering. A ratio

of one would indicate that the distances between FFLs within a cluster and between clusters were

59



Total Abundance 258 83 43 136 165 53 51 69

Hexose PTS,PEP glyonylate shunt ]
Response o oxidative conditons

Response o allylating agents

ANA, 1A, DNA synth, dehychogenase

Adopentose (C5)usage

)
=0
[l

(=1

Arginine usage, urea cycle
Heat shock response

Purine, pyrimidine, methionine synthesis
Conjugation, Chemotaxis

Ca dicarboxylate uptake

Gluconate usage

o=

Amino acid usage

—

—

o

g

]

O

[ m—
Flagelamotiity [

—

i]

g

0

]

o

—

]

—

]

a

0

(m]

Celldivision
Glutamine, proline use
Glucosamine, mannose use
Glycerol phosphate use
Maltose use

Rhamnose use

O oo Uuuu

0o =o

Ox. phos, Glycolate,fatty acid use
Nucleosides use

ron, nickle uptake

Galactose use

a
=

Nitrate and nitrite reductase
pH regulation

Drug, acid resistance; Bofilm production
Sorbitol and Glycogen metabolism
Alternate sugar use (ex. Lactose)

Biotin synthesis

Sulfur metabolism

Functional Categories

il

=10

Hexuronide use
DNA recombination and repair, UV resist,
Pathogenesis

Quorum Sensing

arcA regulated

[}

frrequiated [0
hnsreguiated [
T

hup
ihf regulated

T

.
.

|

ir

1
2
20
3

QAbundance
111(C1) 001 (C4) 100(C3) 010(C2) 101(11) 011(14) 110(03) 000 (12)

(
A A A
'
L

—>
O —® 4>
0O F—® b—>

I
boL

A F—w
Ae—® —

C

coherent incoherent

Figure 2.22: Bargraph representation of FFL abundances categorized by type and by functional
category.
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equal. Higher ratios greater than one would indicate that the FFLs were more closely related in terms
of functional profile distribution, whereas ratios less than one would indicate the lack of clustering.

The percent of samples that clustered were those with ratios greater than one.
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Chapter 3

Stochasticity as an Arbiter of Robustness for Genetic
Competence in Bacillus Subtilis

3.1 Preamble

Does noise have a physiological purpose? Previously, we saw that feed-forward loops with
different stochastic properties segregated into different functions possibly based upon the demands
put upon those functions by the environment. Subsequently, though it has been difficult to find
feed-forward loops that fit into the needed kinetic requirements for substantial differences to occur
and that can be isolated for study. The competence circuit in Bacillus subtilis, however, has known
stochastic properties and can actually be seen as a feed-forward loop that controls itself. The input
and the output node are the same gene. The direct regulation is an positive autoregulatory feedback
loop, while the indirect relationship is a negative feedback loop. I will thus use this system to

examine some of the concepts proposed in the previous chapter.

3.2 Introduction

In order to examine the effect of molecular copy number, I will examine a known stochastic
system with a more deterministic analog. Competence in Bacillus subtilis allows the bacterium to
integrate exogenous genes or alleles into it’s genome through homologous recombination. This
mechanism permits horizontal gene transfer to occur. A synthetic analog of the native competence

machinery was also recently created by Cagatay et al [7]. Working along the same principles as
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the feed-forward loops, the two functional molecules of the competence control circuit can either
be correlated or anti-correlated. The native circuit is anti-correlated such that noise is more evenly
spread between the vegetative and competence states. In the synthetic circuit, the two components

are correlated making the active competence state much more deterministic.

This is most clearly seen in the duration of competence. The native circuit has a highly
variable duration based on the rate of competence initiation. The synthetic circuit however has a
very well defined duration due to a stable limit cycle. In a previous experiment, it was found that
the native competence circuit was more successful at integrating exogenous DNA at different DNA
concentrations than the synthetic circuit. In this work, I modify the native and synthetic circuit such
that we could control induction of ComK directly. In particular, we used an IPTG inducible promoter
derived from the Lac operon in E. coli. When IPTG is added, LacI unbinds from the promoter region

and permits expression from the operon.

3.3 Results

3.3.1 Creation of a Tunable Synthetic Competence Circuit

In order to create a synthetic competence circuit that is tunable in a stress-like manner, we
first need to reconfigure the original synthetic organism. The original SynEx created by Cagatay

modified the PY79 strain of Bacillus subtilis with the following chromosomal alterations:

[ Locus | Construct Antibiotic Resistance
AmyE PuyperspankcomsS Spectinomycin
SacA PromGrpox1mecA*P | Chloramphenicol
AsrfA,comS | Peomgefp Neomycin / Kanamycin

A SynExSlow variant was also created:

[ Locus | Construct Antibiotic Resistance
AmyE PuyperspanikcomsS Spectinomycin
SacA PromGrpox1mecA*P | PeomgecomsS | Chloramphenicol
AsrfA,comS | Peomgefp Neomycin / Kanamycin
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In order to create ComK tunable versions of these strains we needed to replace the tunable
PhyperspanikcomS with an internally controlled promoter for the ribosomal gene rpsD. Then we also

needed to add in PuyperspankcomK. This created the SynExK variant:

[ Locus | Construct Antibiotic Resistance
AmyE PiyperspankcomK Spectinomycin
SacA PromGrpox1mecA*P | Chloramphenicol
AsrfA,comS | Peomgefp Neomycin / Kanamycin
GItA P, pspcomS Phleomycin

and the SynExKSlow variant:

’ Locus \ Construct \ Antibiotic Resistance
AmyE PryperspankcomK Spectinomycin
SacA PromGKbox1 mecA™P Chloramphenicol
AsrfA,comS | Pomgefp Neomycin / Kanamycin
GItA P,pspcomsS, PeomgecomS | Phleomycin

These two new strains now are resistant to four antibiotics and have comS expressed from
a ribosomal promoter providing for a basal level of expression. ComK in these strains can also be
induced by IPTG in order to trigger competence. Since stress signals are usually integrated at the

comK promoter, IPTG is in effect acting as a proxy for stress.

To study the native competence circuit, two strains were used. The first strain is a variant

from a previous study [13].

’ Locus \ Construct \ Antibiotic Resistance ‘

AmyE | Puyperspank comK Spectinomycin
SacA | Peomc cfp, Peoms yip | Chloramphenicol

The second strain was constructed so that it could be differentiated from the SynEx strains

in a co-culture:

Locus | Construct Antibiotic Resistance

AmyE Phyperspank comK Spectinomycin
SacA PeomG yIp, Prpsp mCherry | Chloramphenicol
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3.3.2 Synthetic Competence has a Smaller Dynamic Response Range

In order to examine how the two strains responded to increasing amounts of artificial stress,
I captured time-lapse micrographs of populations of both strains at single cell resolution. The native
competence circuit had previously been characterized [13]. In that prior study, the native compe-
tence circuit was observed to transition from an excitable state, then an oscillatory state, and finally
a monostable state stuck with high ComK expression when the IPTG level was increased. The tran-
sition from the excitable to the oscillatory state occurred around 3 uM IPTG while the high comK

monostable state was achieved at 100 uM IPTG.

In comparing the two competence circuits at different levels of artificial induction we found
the ability of the synthetic circuit to exit from competence was compromised at moderate IPTG
concentrations of 3 uM IPTG. Rather than entering an oscillatory state as in the native circuit, it
was found that the SynExKSlow circuit was already stuck in the high ComK competence state with
induction by 3 uM IPTG (Fig 1). Furthermore, cells of the SynExKSlow strain were elongated due

to inhibition of ftsZ ring formation necessary for division.

3.4 Materials and Methods
3.4.1 Sterlini-Mandelstrom Resuspension Media

Sterlini-Mandelstram Resuspension Medium was used during time-lapse microscopy and
followed the protocol as in references [60, 61]. The actual protocol used consists of making two salt
solutions: A and B. Solution A consists of 0.089 g of FeCl36H,0, 0.830 g of MgCIl,6H,0 and 1.979
g MnClh4H>0 in 100 mL of filtered water. Solution A is filter sterilized (not autoclaved) and stored
at 4 °C. Solution B consists of 53.5 g NH4Cl, 10.6 g Na»SO4, 6.8 g KH,PO4, and 9.7 g NH4NO3.

Solution B is then also filter sterilized and stored at 4 °C. Sporulation salts are made by combining
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Figure 3.1: A and B) Illustration of the population based competence response to increasing con-
centrations of IPTG for the Native (A) and SynExKSlow (B) strains. Time-lapse micrographs of
the Native (C) and SynExKSlow (D) strains with 0, 0.75, 1.5, and 3 uM IPTG in low melting point

agarose pads.
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adding 1 mL of Solution A and 10 mL of Solution B to filtered water for a total 1 L. This solution is
then autoclaved. The final Resuspension media is created by combining 93 mL of sporulation salts,
2 mL of 10% v/v L-glutamate, 1 mL of 0.1M CaCl,, and 4 mL of 1M MgSO4 on the day of the

experiment.

3.4.2 One-Step Transformation Media

One-step transformation media consists of 6.25 g of K;HPO43H,0, 1.5 g of KH>PO4, 0.25
g of trisodium citrate, 50 mg of MgS0O47H,0, 0.5 g of NaxSO4 at pH 7.0, 125 uL of 100 mM FeCl3,
5 uL of 100 mM MnSOg4, 1 g of glucose, and 0.5 g of glutamate added into filtered water for a total

of 250 mL. The media is filter sterilized using 0.2 micron Millipore filters.

3.4.3 2xYT Medium

2xYT recovery medium consists of 16.0 g of Tryptone, 10.0 g of Yeast Extract, 5.0 g of
NaCl added to filtered water to a total volume of 1L. The media is then filter sterilized using 0.2

micron Millipore filters.

3.44 Time-Lapse Microscopy

Cells of Bacillus subtilis were prepared by streaking the cells from glycerol stocks onto LB
agar plates containing the appropriate antibiotic for maintenance. Single colonies were then selected
from the plates and grown in LB broth for three to four hours at 37 °C until an OD of 1.6 to 1.8 is
reached.Agarose pads are made by pouring 6 mL of 0.8% w/v Low-Melting Point Agarose in Re-
suspension medium onto a glass coverslip. Another glass coverslip is placed on top of the agarose
pad, and it is left to congeal while the culture is grown. Before the deposition of cells, the glass

coverslip is removed. Cells are imaged by dropping 2 uL. drops of culture in resuspension media on
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pre-heated low melting point agarose pads. The pads were cut into squares with a Smm edge. After
the pads were dried for one additional hour, the pads flipped over and placed on a glass-bottom
dish. The dish was then sealed with parafilm. Images of the culture were then obtained at 100X
magnification on an Olympus IX-82 system ImagePro software from MediaCybernetics along with

customized macros.

3.4.5 Plasmid construction

Template plasmids with homologous recombination arms for the Bacillus subtilis chromo-
somal loci were modified through restriction enzyme digest and ligation of DNA inserts. The inserts
were created by polymerase chain reaction using primers from Integrated DNA Technologies while

using genomic DNA or other plasmids as templates.

3.4.6 Strain construction

The PY79 strain of Bacillus subtilis was modified through homologous recombination
through use a One-Step Transformation protocol by inducing competence. 50 ng of plasmid DNA
was replicated in TOP10 E. coli cells (Invitrogen, Life Sciences, Inc) and purified using a MiniPrep
spin column (Sigma-Aldrich). The DNA was then mixed with culture growing in minimal salts for
thirty minutes and then subsequently were rescued using 2xY T rich medium. Positive colonies were

then selected on LB agar plates containing selective concentrations of antibiotics.

3.5 Discussion

In this study, I constructed a strain of Bacillus subtilis that was tunable using an inducible
promoter and contained a synthetic competence circuit that had exhibited competence durations

with less variation. This more deterministic strain, SynExKSlow, was compared with a tunable
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version of the Native circuit. While strains containing both circuits eventually reached a monostable
high ComK state, the SynExKSlow strain appeared to reach this state at a lower concentration of
IPTG than the strain containing the Native competence circuit. At the same concentration of IPTG,
the Native circuit was known previously to enter and exit competence consecutively in a manner

resembling oscillations.

One possibility is that the stochastic properties of the Native competence circuit allowed
for this strain to exit competence despite sufficient artificial induction to re-enter the competence
state. By making the competence circuit less stochastic in the SynExKSlow circuit due high copy
numbers of both ComK and MecA, perhaps the ability to exit competence was no longer present.
Perhaps then by making the competence circuit more deterministic, I also removed the ability for

the circuit to respond gradually to increasing stimulus.

Another possibility is that the ability of MecA to assist in the degradation of ComK is lim-
ited at high concentrations. However, the ClpXP protease is known to be highly robust. Additionally,

a concentration of 3 uM IPTG is not a very high induction level.

The differences in response to IPTG concentration between tunable strains containing ei-
ther the Native competence circuit or the SynExKSlow competence circuit may be related to dif-
ferences in their susceptibility to stochastic effects based upon copy number. These differences,
however, may also have consequences for the ecological fitness of the two strains. In Chapter 6, I

propose a set of experiments to examine the relative fitness of these two strains.
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Chapter 4

Localized Cell Death Focuses Mechanical Forces During 3D
patterning in a Biofilm

4.1 Preamble

The Bacillus subtilis strain NCBI 3610 forms complex structured populations of bacteria
called biofilms. These communities of bacteria appear to be subject to stochastic effects manifested
in a dynamic and spatially heterogeneous cell death pattern (CDP). While the initial phase of cell
death appears to be mechanistically related to wrinkles by creating mechanical instability, the later
stages of cell death also appear correlated with the rugose quality of these biofilms. This pattern as
well as the localization phenomena in the next chapter show how stochastic systems can retain their
spontaneity but also be cued by initial or external factors. In this work, I collaborated with a team of
researchers to explore this complex system to draw biological and physical insights into how spatial

heterogeneity can lead to the development of these macroscopic structures.

4.2 Abstract

From microbial biofilm communities to multicellular organisms, 3D macroscopic struc-
tures develop through poorly understood interplay between cellular processes and mechanical forces.
Investigating wrinkled biofilms of Bacillus subtilis, we discovered a pattern of localized cell death
that spatially focuses mechanical forces, and thereby initiates wrinkle formation. Deletion of genes

implicated in biofilm development, together with mathematical modeling, revealed that ECM pro-
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duction underlies the localization of cell death. Simultaneously with cell death, we quantitatively
measured mechanical stiffness and movement in WT and mutant biofilms. Results suggest that
localized cell death provides an outlet for lateral compressive forces, thereby promoting vertical
mechanical buckling, which subsequently leads to wrinkle formation. Guided by these findings, we
were able to generate artificial wrinkle patterns within biofilms. Formation of 3D structures facili-
tated by cell death may underlie self-organization in other developmental systems, and could enable

engineering of macroscopic structures from cell populations.

4.3 Introduction

Populations of Bacillus subtilis can form communities called biofilms. These biofilms
consists of the bacteria themselves in addition to extracellular material that they secrete including

polysaccharides and amyloid.

Self-organization in space and time is a fundamental developmental process, defined by
the autonomous formation of 3D macroscopic structures by replicating cell populations [62, 63, 64].
Such 3D pattern formation underlies the development of all multicellular organisms and cellular
communities, and appears to be governed by two principal processes. First, genetic programs con-
trol cellular processes, such as growth, death, and differentiation. Second, 3D structure formation
involves macroscopic movement of cell populations that are determined by mechanical properties
and physical forces [65]. Recent studies have investigated each of these processes separately in
different biological systems [66, 67, 68, 69]. However, insight into the direct interplay between cel-
lular and mechanical processes that drives development requires simultaneous measurement of both

processes, and thus constitutes a major challenge.

Compared with multicellular organisms, microbial biofilms are simpler systems for in-
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vestigating the interaction between cellular and mechanical aspects of 3D self-organization during
development. Interestingly, these microbial communities still exhibit diverse cellular behaviors and
complex spatial organization [70, 71, 72, 73, 74]. For example, biofilms can develop from a single
cell and give rise to complex 3D wrinkle structures that are visible to the naked eye, comprising
billions of cells [70, 71, 75] (Fig. 4.1A). Aside from replication, bacterial cells can also exhibit
other behaviors, such as genetically controlled cell death [70, 76, 77] and excretion of ECM com-
ponents [70, 74, 78, 79, 80, 81]. In fact, one of the defining features of any biofilm is that cells are
embedded within an ECM composed of diverse molecules, such as polysaccharides and amyloid
fibers [79, 80, 81]. The ECM is required for wrinkle formation and appears to provide the biofilm
with resilience against environmental extremes as well as mechanical support [70, 80, 81, 82]. It is
also conceivable that replicating cells within the ECM can generate forces by pushing against each
other, whereas cell death could provide an outlet for such forces. However, the interplay between
mechanical forces and cellular processes, such as cell growth and death, and their role during biofilm

development remains unclear.

Here, we investigated the spatiotemporal dynamics of cell death and mechanical processes
during self-organization of Bacillus subtilis cells into wrinkled biofilms. Specifically, we combined
quantitative measurements of cell death, movement, and mechanical properties to analyze develop-
ment of WT and mutant biofilms. These measurements were obtained with fluorescence time-lapse
microscopy, tracking of fluorescent beads embedded within biofilms, and atomic force microscopy
(AFM) nanoindentation, respectively. Our findings suggest that lateral mechanical forces build up
during biofilm growth and expansion, and are then focused in space by localized cell death, thus
triggering vertical buckling and subsequent wrinkle formation. The formation of wrinkle structures

facilitated by cell death may constitute a population-level stress response of biofilms. These insights

73



could allow the engineering of desired macroscopic structures from cellular populations in the future

and provide exciting opportunities at the interface between synthetic biology and material sciences.

4.3.1 Contributions

Experimental analysis of biofilms was initiated by Munehiro Asally, PhD, in the supervi-
sion of Professor Giirol Siiel. I contributed to the design, analysis, and writing of the manuscript
including conception of the mechanical model, quantification of results, and interpretation of the
data. While my initial interest was in the apparent stochasticity of the cell death pattern, my quanti-
tative and physical expertise contributed to extracting information from the microscopy images and
connecting those observations to a physical mechanism of wrinkle formation. Electron microscopy
and other supporting research was performed by Andra Robinson which helped confirm the actual
death of cells. Pau Rue and Professor Jordi Garcia-Ojalvo contributed and designed the mathemat-
ical model. Yingjie Du, Zhenxing Hu, and Professor Hongbing Lu measured load-displacement

curves and analyzed stiffness measurements.

Particle tracking using the ImageJ Mosaic suite of plugins also required modification in or-
der to scale with the large number of fluorescent beads tracked. An earlier prototype of deformation
measurements was developed by a Summer Undergraduate Research Fellowship student, Helen Wu,
who studied at Harvey Mudd College. Her worked laid the foundation for the convergence maps

that colocated with the cell death pattern.

This work was originally published as “Localized cell focuses mechanical forces during
3D patterning in a biofilm” in the Proceedings of the Natural Academcy of Sciences in 2012. Please

see Prior Publications for the full citation.
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4.4 Results
4.4.1 Early Cell Death and Wrinkles Colocalize

Multicolor fluorescence and transmission EM imaging of biofilms indicated that cell death
and wrinkles are spatially correlated. We imaged cross-sections of B. subtilis biofilms that contained
fluorescent reporters for dividing cells and death (Fig. 4.1 B and C). In particular, we used expres-
sion of CFP from the promoter of the cell division operon ftsAZ as a reporter for cell density [83]
(Fig. 4.1C, gray). At the same time, we measured cell death using Sytox Green, a commercially
available fluorescent marker of cell death (Fig. 4.1C, green). This high-affinity nucleic acid stain
only penetrates permeabilized cells and has been established as a specific reporter for cell death in
various systems, including B. subtilis [84, 85] (Fig. S1 A and B). Importantly, this reporter does not
affect biofilm formation (Fig. S1C). Cross-sections of biofilms revealed that cell death is localized at
the bottom of biofilms, and more specifically at the center of folded wrinkle structures (Fig. 4.1C).
Transmission EM confirmed the presence of dead cells at the bottom of wrinkle interfaces (Fig. 1D).
These findings are consistent with at least two scenarios, namely, that wrinkle formation results in

the death of cells or that cell death occurs first and perhaps facilitates wrinkle formation.

To discriminate between these possible scenarios, we began by measuring the spatiotem-
poral dynamics of cell death during B. subtilis biofilm development using fluorescence time-lapse
microscopy. Unexpectedly, measurements uncovered a striking heterogeneous distribution of cell
death that occurs before wrinkle formation (Fig. 4.1 EG). A similarly heterogeneous cell death pat-
tern (CDP) is generated even when the biofilm is started from a single cell (Fig. S1E). Together,
these data suggest that the replicating cell population during biofilm development gives rise to a

heterogeneous CDP that may be genetically controlled.
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Figure 4.1: Localized pattern of cell death correlates with the site of wrinkles in biofilms. (A)
Three-day-old B. subtilis biofilm structure. The dashed square indicates the region of interest in this
study. (B) Schematic of the microscope setting for fluorescent and bright-field imaging of a biofilm
(depicted in gray). Dashed lines indicate the direction of observation. (C) Cross-section fluorescence
image of a 30-h-old biofilm wrinkle, pseudocolored (PftsAZ-CFP in gray and a cell death reporter
Sytox in green). (D) Transmission electron (TEM) micrograph of a sectioned biofilm wrinkle shows
dead cells (black arrow) in the wrinkle interior (white box in C depicts observed location). (E) Film
strip shows biofilm morphology observed from above the colony. (F) Film strip shows CDP during
early (22 h) development of biofilm, imaged from below. Brightness and contrast are individually
adjusted for each time point. (G) Early (dark green) and late (light green) CDPs detected by a
correlation-based clustering analysis (SI Materials and Methods) of Sytox time-lapse images.
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4.4.2 Deletion of ECM Genes Reduces Spatial Heterogeneity of Cell Death

To identify genetic control of the CDP, we deleted 32 genes involved in eight diverse aspects
of biofilm development and analyzed the resulting CDPs quantitatively (Fig. 4.2 AF). Specifically,
we analyzed at least three movies for each mutant strain and generated overlaid images representing
a simplified history of when and where cell death occurred (Fig. 4.1G, Fig. 4.5, and SI Materials
and Methods). We then quantified the spatial complexity (heterogeneity) of this CDP. In particular,
we calculated the perimeter-to-area ratio (, where P is the perimeter and A is the area) for all CDPs
S0 as to assign a numerical value to their complexity (Fig. 4.2A and SI Materials and Methods). This
ratio is equal to unity for a perfect circular pattern and has a higher value for more complex patterns
(WT CDP = 2,337 4+ 623, n = 12). This analysis allowed us to identify the connection between gene

activities and the spatiotemporal heterogeneity of the CDP (Fig. 4.2A).

The most pronounced change in the CDP phenotype is generated by deletion of genes im-
plicated in ECM production. These genes appear to be required to generate localized cell death.
Specifically, five gene deletion strains generated CDPs with statistically significant (P ; 0.01) de-
creased spatial heterogeneity. Three of those genes, srfA, spoOA, and sinl, are known to regulate,
among others, matrix production through cell-to-cell signaling and transcriptional regulation. The
other two genes, tasA and epsH, are directly involved in production of the ECM. In particular,
the tasA gene expresses an extracellular protein that forms amyloid fibers within the matrix [79],
whereas the epsH gene is necessary for synthesis of polysaccharides that comprise the biofilm ECM
[71]. Deletion of the epsH gene resulted in a CDP with the lowest spatial heterogeneity, where cell
death occurred globally and homogeneously (Fig. 4.2F). Consistent with our findings (Fig. 4.2 AF),
colony wrinkle morphology has been shown to diminish with matrix deficiency [71, 74, 86, 79].

Here, we further show that these mutant biofilms also exhibit reduced CDP heterogeneity before
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deficiency in wrinkle morphologies becomes evident. These results demonstrate that expression of

matrix components contributes to the heterogeneity of the CDP in both space and time.

We also identified gene deletions that reduced cell death without changing the spatial
pattern. Specifically, deletion of two environmental stress-dependent toxin genes (spolISAB and
ndoAl) reduced cell death by 25 + 7% (Fig. 4.2C and Fig. S3), suggesting that death occurs due to
build-up of local biochemical stress [87, 88, 89, 90]. The notion of local biochemical stress-induced
death is furthermore supported by the following results: (i) Cell death is first observed at regions
of initial high cell density (Fig. S1D), and (ii) cell death is heterogeneous and highly localized in
space (Fig. 4.1F). Together, these data imply that biochemical stress builds up locally during biofilm
development, and thereby gives rise to the observed CDP. Furthermore, this mutant strain with re-
duced cell death also generated biofilms with visibly diminished wrinkle morphology (Fig. 4.2C).
Reduction of cell death thus appeared to have an unfavorable consequence on wrinkle formation,
even though the spatial pattern of death was unchanged from WT (Fig. 4.2A). Altogether, the gene
deletion results imply that localized cell death may contribute to wrinkle formation during biofilm

development.

4.4.3 Population Model Illustrates Effect of ECM on Cell Death Localization

Recently, we have observed a spatially heterogeneous pattern of cell death in Bacillus sub-
tilis biofilms. The heterogeneity manifests itself as localized areas of cell death and I was able to

quantify this localization by examining the perimeter to area ratio of the localized regions.

We asked if a mesoscopic mathematical model of population growth, based on our findings
described above, could account for the complex CDP. Similar to previous theoretical approaches

to microbial pattern formation [91], our model is based on a system of coupled partial differential
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Figure 4.2: Gene deletion analysis reveals that ECM production is required for the CDP. (A) KO
strains are categorized and listed by their functions. The CDP heterogeneity (perimeter squared over
the area) of the late CDP (light green) is graphed for each deletion strain (mean + SD). Asterisks
and black shading indicate P values (**P < 0.01; ****P < 0.0001) evaluated using Tukeys Hon-
estly Significant Difference test. Representative clustered CDP images as in Fig. 4.1G (Left) and
colony morphology (Right) of WT (B), AspolISAB/ndoAl (C), AsrfA (D), AabrB (E), and AepsH
(F) strains. The scale for BF is as indicated in B. (G) Schematic of the mathematical model in
which local cell density is governed by density-dependent growth and death and the ECM maintains
density by preventing expansion (details are provided in SI Text). The CDPs are generated by the
mathematical model. Simulations with (H) and without (I) matrix production are processed using
the same correlation-based clustering analysis as experimental data.
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equations that determine local cell density as a function of space and time (Fig. 4.2G and SI Text).
This phenomenological model makes the following four simple assumptions that were based on
and constrained by experimental observations (the parameters are listed in Table S1): (i) Local cell
density is increased by heterogeneous growth, based on experimental measurements of the spatial
distribution of metabolically active cells (Fig. S4C); (ii) cell death occurs when density exceeds
the carrying capacity, due to build-up of local biochemical stress, as supported by the experimental
observations detailed above; (iii) increase in local cell density by cell replication is counteracted by
the tendency of high density to spread out in space; and (iv) expression of ECM counteracts the
expansion of local cell density, consistent with comparative measurements in WT and epsH deletion

strains (see Fig. S7TA).

The model accounts for the basic spatiotemporal dynamics of the WT CDP (Fig. 4.2H),
and it does so robustly with respect to parameter variation (Fig. S5 and SI Text). Additionally,
when matrix production is turned off in the model, the simulations generate a homogeneous CDP
similar to that observed in the epsH deletion strain (Fig. 4.2I). Simulations approximating dilute
starting culture conditions are also consistent with experimental observations (Fig. S4 G and H and
SI Text). Therefore, this population-level model accounts for the observed heterogeneity of the CDP,

and thereby provides a conceptual explanation for how the ECM can promote a localized pattern.

4.4.4 Displacement Measurements Track Wrinkle Formation

In addition to its role in localized cell death presented here, the matrix is required to gener-
ate wrinkled biofilms [71, 79, 82]. To determine quantitatively where and when wrinkle formation
occurs, we measured movement within the biofilm. Specifically, we tracked movement of fluores-

cent beads mixed in with the starting culture to measure wrinkle formation dynamics quantitatively
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(Fig. 4.3A). We determined the trajectories of beads that were displaced by movement within the de-
veloping biofilm (Fig. 4.3B). From these trajectories, we calculated the corresponding velocity vec-
tor field of movement (SI Materials and Methods). The resulting data identified local areas at which
the velocity field exhibits convergence (or negative divergence) (Fig. 4.3C), which corresponds to
velocity vectors pointing toward each other (Fig. 4.3B). Furthermore, we observe disappearance of
beads from the focal plane at convergence centers (Movie S1). Together with the convergence of
lateral movement, these results suggest that the biofilm is pushed in the z dimension, and thus may

be undergoing vertical buckling (Fig. 4.3D).

We investigated if vertical buckling could lead to the formation of wrinkles. To test this
prediction, we calculated what the 3D wrinkle pattern would look like based on the measured con-
vergence pattern (Fig. 4.3E). Specifically, we used the magnitude of convergence to assign wrinkle
height in the z dimension. We then compared the simulated results with experimentally determined
3D topographies of wrinkle patterns in biofilms that were obtained using stereomicroscopy (Fig.
4.3F). As predicted, we find that the convergence pattern overlaps in space with the experimentally
observed wrinkle (Fig. 4.3G). These findings support the idea that wrinkles form through vertical

buckling within the biofilm.

4.4.5 Mechanical Stiffness Slows Down Wrinkle Formation Rate

Furthermore, upon examination of displacement within the biofilm we found that the dis-
placement field indicated the formation of three dimensional wrinkles in the biofilm. Furthermore,
we found that early areas of cell death corresponded to the location of the wrinkles. Later of areas
of cell death occurred more sporadically throughout the biofilm but were only present when the

wrinkles formed.
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Figure 4.3: Movement reveals that wrinkle formation in the biofilm is generated by mechanical
buckling. (A) Fluorescent beads (black) mixed with cells from the beginning of biofilm formation
are shown in an inverted fluorescence image. (B) Movements of beads during biofilm formation are
tracked, and their trajectories are shown as black arrows and dots. (Scale bar: 50 m.) (B and C)
Convergence (negative divergence) field (red) of the interpolated vector field calculated from bead
trajectories. Convergence images obtained from movements in the time window are indicated in C.
(D) Schematic of the hypothesis shows convergence resulting in buckling and wrinkle formation. (E)
Three-dimensional surface plot predicted from a convergence field after spatial averaging. (F) Three-
dimensional surface plot of the same biofilm as in E observed from above using stereomicroscopy
in the same orientation as in E. (G) Areas from E (red) and F (gray) above the respective thresholds
represent wrinkle locations merged in two dimensions. (H) Load-displacement curves of WT, AstfA,
and AabrB obtained by AFM nanoindentation. The faded lines indicate actual measurements results,
and the thick lines represent their mean curves. The stiffness (Youngs modulus: tensile stress divided
by tensile strain) of each biofilm strain is calculated using these load-displacement curves. The
maximum convergence rate determined from each convergence time trace (Fig. S6C) (I) and the
wrinkle width (J) are plotted against stiffness (Youngs modulus) for WT, AsrfA, and AabrB (mean
+ SEM).
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Generation of wrinkles by buckling suggests that wrinkle formation would depend on the
mechanical properties of the biofilm, which are, at least in part, governed by the ECM. This hy-
pothesis is consistent with studies that have shown ECM production to be necessary for wrinkled
biofilm formation [71, 79, 82]. To investigate the possible role of mechanical forces in wrinkle for-
mation, we turned to material sciences studies of wrinkling in the bonded, thin-layered films that
are commonly used in optical coatings and electronic devices, such as microprocessors. We used
these studies because, as the name implies, biofilms constitute thin biological films composed of
bacterial cells that are embedded within an ECM. Material sciences studies have shown that the
stiffness (Youngs modulus) of such thin films determines the width of the wrinkle pattern (i.e., how

far wrinkles are apart) as well as its formation rate [92, 93].

To test whether this prediction also applies to biofilms, we used AFM nanoindentation
measurements to determine mechanical stiffness accurately. We used AabrB and AsrfA strains sug-
gested to generate biofilms with varying stiffness (stiffer or softer relative to WT) due to differences
in ECM production. In particular, the abrB gene product is a well-characterized repressor of ECM
production [94]; therefore, its deletion is expected to generate a stiffer biofilm. In contrast, activity
of the srf operon promotes ECM production [95]; thus, its deletion is expected to generate a softer
biofilm. Unfortunately, biofilms formed by the epsH mutant were too soft (j3 kPa) to measure with
our experimental AFM setup, but we obtained reproducible measurements for the abrB and srfA
mutant strains. We quantified the mechanical stiffness (Youngs modulus) of these biofilms using
AFM nanoindentation (Fig. 4.3H). As expected, the abrB deletion strain generated the most rigid
biofilm (49.6 &+ 3.7 kPa, n = 16) followed by WT (25.0 &£ 2.5 kPa, n = 19) and the srfA deletion
strain (8.1 £ 1.1 kPa, n = 17) (Fig. 4.3H and Fig. S6 A and B). For all three strains, we then quanti-

fied convergence of bead movements during biofilm formation (as described above) to determine the
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rate of wrinkle formation. Consistent with theoretical predictions developed for layered thin films,
we find a negative correlation between mechanical stiffness and the rate of wrinkle formation in
biofilms (Fig. 4.3I). Furthermore, we find a positive correlation between stiffness and the width of
the wrinkle pattern (Figs. 2 B, D, and E and 3J), which is also consistent with predictions [92, 93].
Together, these results demonstrate that the mechanical stiffness of the biofilm, at least in part de-
termined by the ECM, is a key property that determines wrinkle formation pattern and dynamics

during biofilm development.

4.4.6 Cell Death Colocalizes with Convergence of Displacement Field

Next, we simultaneously measured bead trajectories and the CDP, which revealed that con-
vergence of movement and localized cell death overlap in space but are separated in time. Specifi-
cally, localized cell death (18 h) occurs first and is then followed by convergence (2035 h). Magnified
images clearly show that convergence within the velocity field is directed toward the center of the
preceding region of cell death (Fig. 4.4 AC). As expected, convergence was not observed in the
epsH deletion strain, which undergoes global and homogeneous cell death (Fig. S7A). Therefore,
localized cell death not only precedes convergence of movement (Fig. 4.4D) but, more specifically,
appears to focus the velocity field in space. Further analysis confirms that the CDP is predictive
of the convergence pattern that emerges with a time delay of 6 4= 0.8 h (based on cross-correlation
analysis, n = 6) (Fig. 4.4E). We note that facilitation of wrinkle formation by localized cell death is
more pronounced in stiffer biofilms, which would either require larger forces or longer time scales
to undergo buckling (Fig. 4.4F). These data suggest that regions of cell death provide a localized
outlet for mechanical forces. Therefore, wrinkle formation appears to be initiated by localized cell
death, which spatially focuses lateral forces, and thereby promotes vertical buckling of the biofilm

(Fig. 4.4G).
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4.4.7 Initiation of Cell Death Leads to Local Wrinkles

To test our finding that cell death facilitates wrinkle formation, we introduced an artificial
pattern of cell density and death to generate synthetic wrinkle patterns (Fig. 4.4H). Specifically, we
manually applied cells to the agar plate over the typical starting culture to generate local regions
of higher cell density. As expected, these regions of high cell density gave rise to local cell death,
which, in turn, generated a matching wrinkle pattern (Fig. 4.4H). Using this approach, we were
able to generate large wrinkles within the biofilm reliably at arbitrary sites of our choosing (Fig. S7
C and D). In addition, direct induction of buckling by local mechanical perturbation of the biofilm
generated artificial wrinkles (Fig. S7 E and F). These results further suggest that localized cell death
provides an outlet for build-up compressive forces and focuses them in space, thereby resulting
in buckling and consequent wrinkle formation. Self-assembly of the bacterial biofilm can thus be

controlled through these principles to engineer synthetic wrinkle structures.

4.5 Discussion

Another study subsequent discovered that these wrinkles created capillary like channels by

which nutrients could be distributed throughout the biofilm.

In this study, we show that death is nonuniform in space and time during biofilm forma-
tion, and appears to give rise to mechanical forces that can generate macroscopic 3D structures.
Specifically, our quantitative description of the direct interaction between cellular and mechanical
processes reveals that localized cell death and wrinkle formation comprise an ordered and controlled
process during biofilm development. Any microbial biofilm that exhibits cell growth and death in
combination with production of an ECM would be subject to mechanical forces like those charac-

terized here. Furthermore, we note that the nucleation of wrinkle formation by cell death suggests
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Figure 4.4: Localized cell death facilitated mechanics of wrinkle formation. Magnified view of lo-
calized cell death at 18 h (A), velocity field (arrows) and convergence (red) of the same location (B),
and merged image of convergence (red, 2035 h) and cell death outline (green, 18 h) (C). The scale
for AC is as indicated in A. (D) Average speed of fluorescent beads in the AepsH strain subtracted
from that of the WT strain (black line: Speed wt SpeedAepsH) (n = 3). The Sytox intensity (green)
is shown for WT. The individual time traces for WT and AepsH are provided in Fig. S4A. AU, arbi-
trary unit. (E) Cross-correlation curve (between cell death and convergence) of localized cell death
regions analyzed with individual biofilms. The calculated time delay (= 6 £ 0.8 h, mean + SEM,
n = 5) is the temporal offset that gives the maximum cross-correlation value between cell death
and convergence. (F) Ratio of high-convergence regions that spatially correlate with local early cell
death, measured for the WT, AsrfA, and AabrB strains (mean + SEM, n = 3). (G) Cross-sectional
images and schematic of the wrinkle formation process (green: cell death, light blue: agar medium).
(H) Artificial smiley face CDP (Upper) created by painting higher cell density areas and a matching
wrinkle pattern (Lower).
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that partial killing of bacterial cells in biofilms can enhance wrinkle formation. This notion could
explain why increased wrinkle formation is observed in biofilms that experience greater cell death as
a result of treatment with an antimicrobial agent [96]. It is possible that partial killing of bacteria in
biofilms enhances their resilience against environmental extremes through increased wrinkle forma-
tion, because wrinkling contributes to higher resistance against liquid wetting and gas penetration
[75]. Therefore, we suggest that localized cell death constitutes a community-level stress response

to enhance biofilm resistance under unfavorable conditions.

Mechanical forces arising from cell death reported here for biofilm development can poten-
tially provide a conceptual framework for observations made in other biological systems, including
multicellular organisms. For example, recent work has suggested that apoptosis facilitates dorsal
closure during Drosophila embryogenesis [97]. Similar to the buckling of the biofilm triggered by
local cell death, dorsal closure in Drosophila appears to be aided by the buckling of surrounding
tissue toward the site of apoptosis. Even though the mechanism of cell death may differ, in both
cases, localized cell death appears to focus mechanical forces in space to drive macroscopic move-
ment. Therefore, utilization of localized cell death as a means to focus and direct mechanical forces
spatially may be a general mechanism underlying the generation and alteration of macroscopic 3D
structures during development. Furthermore, it may be possible to test and enhance our understand-
ing of development in natural systems by attempting to design and engineer synthetic 3D patterns
rationally from living organisms [64, 72, 73]. Synthetic self-organization through control over lo-
calized cell death could also serve as a tool to generate mechanical forces and perturb biological

systems to investigate the interplay between cellular and mechanical processes directly in biology.
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4.6 Materials and Methods
4.6.1 Strains and Growth Conditions

Table S2 lists the B. subtilis strains used in this study. All strains were routinely grown
in LB or LB agar plates at 37 C. When appropriate, antibiotics were supplemented in LB at the
following concentrations: 100 g/mL ampicillin, 8 g/mL neomycin, 300 g/mL spectinomycin, and
5 g/mL chloramphenicol. All strains were derived from the undomesticated WT B. subtilis strain

NCIB3610.

4.6.2 Strain Constructions

Strains were created by a standard method using chromosomal integration vectors after
sequence confirmation. All transformations of the NCIB3610 strain were performed by a standard
one-step transformation procedure [98]. For the deletion constructs, plus-strand regions of target
genes were amplified from NCIB3610 by PCR using specific primers. Amplified fragments were
cloned into B. subtilis chromosomal integration vector pER449 (a kind gift from the laboratory of
Wade Winkler, University of Maryland, College Park, MD). The resulting target deletion constructs
were confirmed by direct sequencing and integrated into the chromosome of NCIB3610 by homol-
ogous recombination. The plasmid pSac-Cm (ECE174; Bacillus Genetic Stock Center) was used
for integration to the sacA locus. Chromosomal integrations were confirmed by colony PCR using

specific primers.

4.6.3 Biofilm Formation

B. subtilis strains were picked from overnight growth on LB plates and cultured in LB
at 37 C. Saturated culture was grown in MSgg [5 mM potassium phosphate (pH 7.0), 100 mM 3-

(N-morpholino)propanesulfonic acid (pH 7.0), 2 mM MgCl2, 700 M CaCl2, S0 M MnCl2, 100 M
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FeCl3, 1 M ZnCl2, 2 M thiamine, 0.5% glycerol, 0.5% glutamate] for 1 h and was then spotted on an
MSgg plate (MSgg medium supplemented with 1.5% agar, 3 mm thickness, dried overnight) and in-
cubated at 30 C (10). For the fluorescent bead tracking, cell culture was mixed with beads (3.6 103
per colony) (FluoSpheres Carboxylate-Modified Microspheres, 1.0 m, Yellow-Green Fluorescent;
Invitrogen) before plating on MSgg. Mixing the beads was confirmed not to affect the biofilm for-
mation. When appropriate, Sytox dead cell stain (Invitrogen) was supplemented into MSgg medium,
with a final concentration of 0.5 M and 1 M for Sytox Green and Blue (Invitrogen), respectively.
For cross-section images of biofilm, colonies were manually sliced by razor and imaged by a Retiga

2000R digital camera (QImaging) via an SZX10 fluorescent stereomicroscope (Olympus).

4.6.4 EM Image

An overnight culture of WT B. subtilis was spotted onto MSgg agar plates and incubated at
30 C for 20 h. Bacterial colonies were fixed with 2.5% glutaraldehyde in 0.1 M sodium cacodylate
buffer, postfixed in 1% buffered osmium tetroxide, en bloc-stained in 4% uranyl acetate, dehydrated
with a graded series of ethanol, and embedded in EMbed-812 resin (EMbed). Thin sections (80 nm)
were cut on an EM UC6 ultramicrotome (Leica) and stained with 2% uranyl acetate and lead citrate.
Images were acquired on a Tecnai G2 Spirit transmission electron microscope (FEI) equipped with

a LaB6 source and operating at 120 kV.

4.6.5 Time-Lapse Microscopy

Time-lapse movies were obtained with custom software for automated image acquisition
and microscope control. B. subtilis strains were applied onto a 1.5% agar pad made with MSgg
medium supplemented with Sytox Green or Blue. Time series of images were acquired by an

ORCA-ER digital camera (Hamamatsu) via an IX71 fluorescence microscope (Olympus) every 40
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min at 30 C. Cells were diluted 50-fold in dDW before application onto the pad for the single-cell
movies. Biofilm movies were made from the bottom using an objective lens (MPLFLN 2.5/0.08;
Olympus) with a long working distance. Collected images were processed with ImageJ (National

Institutes of Health, http://imagej.nih.gov/ij/) [99] and MATLAB (MathWorks).

4.6.6 Three-Dimensional Surface Topology Measurement

To measure the height of the B. subtilis biofilm (4-d-old) structures, we used an OPM-
1 stereomicroscope (Zeiss) that is based on a binocular vision system, also known as 3D digital
image correlation [100]. After determining the relative positions of the two cameras and intrinsic
parameters, the shape of the specimen was reconstructed from the point correspondences using
triangulation. Classic camera calibration approaches typically start from the ideal pinhole camera
model, to which the parametric of the distortion functions are added to account for the distortion of
each optical element. A 0.2-mm square-dimension chessboard (Texas Industrial Optics, Inc.) was
used as the calibration board. To generate the mapping function, a flat glass slide with random paint
speckles was imaged at fixed translations during in-plane motions on a 6-df stage (Optics Edmunds).
Biofilm images were taken with the light source behind the biofilm to avoid the decorrelation effect

of light coming from the observing side.

4.6.7 Stiffness Measurement

From nanoindentation measurements, Youngs modulus of the biofilm was calculated by

fitting the load-displacement curve with the Hertz model [101]. The Hertz model for indentation

2E,&*

depth by a conical indenter is F' = TI—v)

tan(a), where F is the loading force, v is Poisson’s ratio

(assusmed to be 0.3), d is the indentation depth, o is the half-angle of a conical indenter, and E, is

2 ,
the reduced modulus. Youngs modulus of the sample can be obtained by E% =1 E:}l + 12:% where
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E; and E; are the moduli of the indenter tip and sample, respectively, and v; and v, are Poissons
ratio of the indenter tip and sample, respectively. Nanoindentation measurements were conducted
on an MFP-3D stand-alone AFM machine (Asylum). A conical tip with a half-angle of 30 °and
a spring constant of 0.32 N/m was used for nanoindentation. All measurements were conducted
in 100% glycerol at room temperature. The indentations were performed in the center area of 7-
d-old biofilms. Two rounds of measurements were performed to verify the consistency of these
tests. Igor Pro-6.22 (Igor) and its Asylum subroutine installed on the AFM machine were used to do

nanoindentation elastic analysis. Statistical analysis was performed using GraphPad Prism.

4.7 Supplement and Supporting Information

Additional details including a movie of beads converging are located at the following URL:
http://www.pnas.org/content/suppl/2012/09/20/1212429109.DCSupplemental

My specific contributions to the supplement are included below.

4.7.1 Clustering-Based Image Analysis of the CDP

To analyze the pattern of several movies, we developed a correlation-based technique to
group together areas of the microscope field that varied similarly over time relative to the mean. In
particular, we were interested in spatiotemporal variations in the CDP as observed by Sytox fluo-
rescence. Initial examination of the CDP revealed that certain areas of the CDP would demonstrate
fluorescence at different times in the movie and that many of the fluorescence areas were highly
localized. We quantified this phenomenon in both time and space. It is important to note that our
primary interest was in the fluorescence of each pixel relative to the mean fluorescence of Sytox in
the microscope field over time. The mean fluorescence increased sharply and then exponentially

decreased in a smooth, pulse-shaped curve (Fig. 4.5A). Despite this smooth behavior, it was clear
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that fluorescence, and thus cell death, was not occurring uniformly within the bacteria colony. To
measure this heterogeneity, we sought to identify deviations from the mean behavior of the field and
to identify areas that deviated in a correlated fashion in time. For each time-lapse microscopy frame
of the Sytox signal, we first subtracted the mean fluorescence intensity at each time point from each
pixel at that time point. Pixels with a value greater than the mean would have a positive value, and
those with intensity less than the mean would have a negative value (Fig. 4.5B). This would also
mean that areas of high initial fluorescence intensity would decrease in value if the entire microscope

field increased uniformly in value.

Using this method we were able to see which areas were brighter or dimmer than the mean
fluorescence over time. To segment these areas, we employed k-means clustering analysis using
a Pearson correlation-based metric (1 — r). Pixels that were more correlated in time were located
closer together with regard to the clustering. The k-means clustering requires that the number of
clusters be determined. We arbitrarily chose to identify seven clusters based on empirical results
that showed this would sufficiently segment the areas into localized regions (Fig. 4.5E). From the
seven clusters, we could then evaluate the mean value of the relative intensity to the frame (Fig.
4.5F). From this analysis, we could separate areas of high Sytox intensity earlier in the movie from
localized clusters later in the movie. Notably, we observed that some clusters had high relative Sytox
intensity earlier in the movie, corresponding to high initial cell density, and that other clusters had
high relative Sytox later in the time-lapse sequence, showing a clear temporal separation (Fig. 4.5 C

and D).

We conducted clustering analysis first on the entire time-lapse sequence, which produces
clusters dominated by the intense earlier fluorescence from Sytox. This initial clustering analysis is

used to identify earlier CDPs. An additional round of clustering to segment the late Sytox pattern
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was restricted to a shorter time span starting at the inversion time point described below for a period

of 16.7 h. The late Sytox pattern clusters are quantified (Fig. 4.5) and summarized in Fig. 4.2A.

In examination of the time-lapse microscopy, this clear temporal separation was usually
marked by a period of uniform Sytox fluorescence intensity throughout the frame, which was iden-
tifiable by a minimum coefficient of variation (SD divided by the mean) between 16 and 23 h (Fig.
4.5F). We used this temporal inversion point to divide the clusters into early and late Sytox patterns
by evaluating if the maxima of the mean relative Sytox intensity in a cluster occurred before or after

this inversion point (Fig. 4.5 F and G).

The early clusters were further filtered such that maxima were greater than 0. Similarly,
the maxima of the late clusters were further filtered such that they occurred after the minima and
were greater than 3.1 arbitrary fluorescence units above the mean frame fluorescence. This threshold
was altered to adapt to microscopy conditions of a particular time-lapse series. Once the patterns
were identified using the correlation-based clustering analysis, we then wanted to distinguish the
patterns quantitatively. We noticed that many of the patterns consisted of many small localized

areas, whereas others were uniform throughout the field and connected.

To quantify these patterns, we used the reciprocal of the isoperimetric quotient [102]: the
perimeter squared divided by the area (Fig. 4.5G). For a circular disk, this ratio is 4; thus, we
normalize this value by 4, such that a circular disk has an isoperimetric quotient of 1. We used the
reciprocal as a metric rather than the quotient such that this metric would increase as the perimeter
increases relative to the area. This quotient was applied for the total perimeter and total area of the
entire cluster. All the areas and all the perimeters of all the disconnected objects within each cluster
were summed together before finding the isoperimetric quotient for each cluster. To determine a

final value for the late CDP, the quotients for all the clusters meeting the late pattern criteria were
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then summed together and colored red (Fig. 4.5H).

4.7.2 Displacement Vector Map

Time-lapse images of fluorescent beads embedded into B. subtilis biofilm were processed
through the subtract background function in ImageJ (National Institutes of Health), and fluorescent
particles were tracked using the ImageJ plug-in, MOSAIC [103]. The particle linker was modified
to track a large number of fluorescent beads from the source code available under the GNU General
Public License. The modifications were directed toward optimizing processor and memory use
without changing the basic algorithm. Particle trajectories were then processed with MATLAB
(MathWorks) to create a velocity field on a regular lattice through interpolation as a function of

time. The divergence field was then calculated from this vector field.

4.8 Literature Impact Review

In this chapter, I along with my collaborators on this project identified a cell death pattern
created mechanical instability leading to mechanical wrinkling of the biofilm. This mechanism
appeared different than previous descriptions of biofilms being built-up to create ridges [104]. The
function of these wrinkles was not well known at the time. Wilking et al. suggested shortly after
publication of this work that the wrinkles create channels through which liquid transport occurs with
the help of evaporative forces [105]. Together with the mechanics and cell death pattern, the biofilm
seems like a multicellular community where programmed cell death facilitates the construction of a

liquid distribution system.

Indeed Fig. 4.4 suggests that biofilm engineering may be possible as noted in the accom-

panying commentary of the work [106]. While much of the related biofilm engineering work is
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Figure 4.5: Cluster Analysis of Late Cell Death Pattern (Originally Fig. S2 in Asally et al.) (A)
Fluorescent time trace of mean Sytox intensity (black line) + SEM (shaded area) from 12 time-
lapse images. AU, arbitrary unit. (B) Shown in dark and light green are time traces depicting the
average deviation of the two main image pixel clusters from the global Sytox signal (black line, also
shown in A). The mean (solid line) SEM (shaded areas) was determined from 12 WT Sytox time-
lapse images. (C) Spatial location of each of the dark-green and light-green image clusters shown
in B. (D) Merged image of the dark-green and light-green pixel clusters shown in C. (E) Late Sytox
pattern correlation-based k-means clustering of a WT colony. Each cluster is shown in a different
color. (F) Mean intensity deviation of each cluster from the mean intensity of each frame is plotted
vs. time using the same color as in A. (G) Reciprocal of the isoperimetric quotient is calculated
for each individual cluster. Clusters are filtered based on their maxima according to the criteria in
B. (H) Final summary metric for the CDP is the sum of quotients selected for the late clusters. All
the individual late clusters are colored in light green and combined with the early clusters analyzed
similarly in dark green.
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directed towards fighting biofilms to fight infection for antibiotic purposes [107] or in municipal
infrastructure. This work was awarded the “Bill Characklis Poster Award for Excellence in Engi-

neering in Biofilm Research” at the ASM 6th Conference on Biofilms held in Miami, Florida [108].

Additional, directly resulting from this work, my collaborators in mechanical engineering
advanced the use of stereo microscopy to measure the wrinkling deformation process in three di-
mensions [109]. This was an extension of my work in tracking fluorescent beads embedded into the

biofilm.

While I and my collaborators focused on buckling in three dimensions, Rudge et al. dis-

covered that buckling also allows for the creation of fractal patterns in two dimensions [110].

The interdisciplinary nature of this work brought together researchers from several fields

and has inspired novel research in various areas.

4.9 Epilogue

The biochemical mechanisms concerning the cell death pattern remains unclear but is the
subject of active research in the Siiel lab and others. Certainly, the localization of cell death to con-
fined areas and the ability to generate these areas from a single microcolony suggests an underlying

stochastic mechanism that is amplified in a spatially limited manner.

Furthermore, it is not clear if the relation between cell death and wrinkling is general mech-
anism to generate rugose biofilms in other species or whether it is a specific to Bacillus subtilis.
Recent results have shown that rugose biofilms in Escherichia coli UTI89 are related to iron depen-
dent superoxide resistance implying a possible cell death related connection [111]. Related work
also demonstrated that redox imbalances may play a critical role in the development of biofilms of

Pseudomonas aeruginosa [112].
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Chapter 5

Stochasticity in Host-Pathogen Interactions

5.1 Introduction

Interactions between pathogens and their hosts can be quite complex since two physiologies
are now involved. Can a network of biochemical interactions be isolated such that stochasticity is

analyzable?

Robert Orchard in the laboratory of Neal Alto studied a protein called Map expressed by
Enteropathogenic Escherichia coli (EPEC). This protein is injected into a mammalian epithelial
cell within the gut during early pathogenesis. Map contains a WxxxE motif making it part of a
family of guanine-nucleotide exchange factor (GEF) proteins that activate Cdc42 activity leading to
actin polymerization. In this particular case, Map produced filopodia around the bacteria initiating
the infection. These filopodia would then serve to retain the bacteria on the surface of epithelium

allowing for further pathogenesis to progress.

5.1.1 Contributions

Experimental research of Map and the polarization of filopodia was conducted by Robert
C. Orchard under the supervision of Professor Neal Alto. I developed the mathematical model with
the advice of Professor Giirol Siiel and by consulting with the expertise of Lani Wu and Steven

Altschuler. I also assisted in the interpretation of results, the creation of figures, and writing of the
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original manuscript published in the journal Cell'.

5.2 Biochemical Characterization

In order to better understand how this bacterium worked, Robert Orchard expressed Map
ectoptically in mammalian cells without the use of EPEC. To his surprise, localized pockets of

filopodia formed on the surface of the cells without any stimulation or cue.

Robert then began to characterize the biochemistry of this 203 residue protein. The guanine-
nucleotide exchange factor domain occupied residues 37 through 200. Upon expressing this domain
in isolation, Robert found that the GEF activity alone was necessary but not sufficient to recreate
the phenotype of localized filopodia (Figure 5.1). No localized filopodia formed with the GEF do-
main alone. However, upon disabling the active site of the guanine-nucleotide exchange factor by
mutating glumate to alanine at residue 78, he found this also eliminated the filopodia. The last
three residues of tyrosine, arginine, and leucine were also found to be necessary. When residues 1
through 200 were expressed without the last three residues, foci of filopodia again failed to form.
These three residues formed a ligand for a PSD-95/Disc Large/Z0O-1 (PDZ) domain. Therefore,
both the catalytic activity of MapGEF as well as the PDZ ligand were necessary for Map to form

localized filopodia.

To better understand the function of the PDZ domain ligand, Robert explored the function
of association with the PDZ domain of Ezrin binding protein 50 (Ebp50). Ebp50 is known to as-
sociate with membrane bound proteins as well as an actin bound protein called Ezrin. Which of

these interactions allowed for filopodia to form in small foci? The actin binding relationship turned

1Reprinted from Cell, Volume 148, Orchard, R.; Kittisopikul, M.; Altschuler, S.; Wu, L.; Siiel, G.M. & Alto, N. Identifi-
cation of F-actin as the Dynamic Hub in a Microbial-Induced GTPase Polarity Circuit, Pages 803-815, with permission from
Elsevier under license number 3164720976383.
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Figure 5.1: Biochemical characterization of Map. A) The 203 residues of the full Map construct
produces localized foci of filopodia. Deletion of either the last three residues, TRL, or disabling the
catalytic activity of Map through mutation (E78A) eliminates the localization phenotype. B) GST
pulldown of Cdc42 shows that the E78 A mutant can no longer bind Cdc42 while MapGEF (residues
37-200) can. C) MapGE-F retains catalytic activity
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out to be the most significant. Fusions of the MapGEF with the PDZ domains of Ebp50 did not
produce filopodia. Palmitolyzation of MapGEF, allowing for direct association with the membrane,
produced filopodia along the entire surface of the cell. However, fusion of MapGEF with the actin
binding domain (ABD) of Ezrin reproduced the localized filopodia seen with the full Map construct

(Figure 5.2). How was actin association able to produce this phenotype?

One possibility was that association with actin allowed the MapGEF to be actively moved
away from the membrane as new actin polymers were added near the membrane. Indeed, Robert
was able to see Map molecules cascade away from the membrane down straight actin filaments by
labeling a portion of them with a fluorescent dye. However, this would not allow for localization of
the filopodia. Such a mechanism would decrease the membrane associated concentration of Map at
a rate proportional to the concentration. This meant that concentrated areas of Map present at foci

would experience greater removal of Map than areas with few Map molecules.
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Figure 5.2: Function of the PDZ Ligand. A) Map has binding partners that relate it to both the
membrane and actin filaments. B) Synthetic constructs of the GEF domain fused with various bind-
ing domains in (A). C) MapGEF fused with PDZ or palmitolyzed do not reproduce the localized
filopodia seen naturally. Fusion of MapGEF with the Actin Binding Domain (ABD) of Ezrin does
reproduce the localized filopodia. D) Natural localization of filopodia to EPEC. E) Map-ABD and
Actin co-localize while catalytic and binding mutants do not show co-coalization of Map and Actin.
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Figure 5.3: Model description and validation. A) The positive feedback model involves F-actin,
Map, and Cdc42. F-actin attaches and detaches from the membrane. Map binds and unbinds F-actin.
Cdc42 is activated, diffuses, and is hydrolyzed. Active Cdc42 then encourages the polymerization
of more F-actin. B) The model shows localization to discrete foci. C) Deletion of GEF activity or
D) Map binding to F-actin results in the lack of discrete foci. E) Turning off of actin polymerization
results in rapid decay of localized foci (top) as opposed to the unperturbed model (bottom). F) Ex-
perimental validation of the model by addition of LatrunculinB that disrupts actin polymerization as
in (C). Washing out of LatB restores the foci of filopodia. G) Population study of three experiments
showing the effect of LatB.
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Another possibility is that association with actin allowed for positive feedback loop to be
created. Perhaps the association of MapGEF with actin allowed for local activation of Cdc42. This
resulted in increased local additional polymerization of actin leading to more recruitment of Map in
that local area as opposed to locations further away. In order to explore this possibility a detailed

model was created as detailedi n the next section.

5.3 Model Description
5.3.1 Introduction

I seek to understand if the proposed molecular interactions between Map, actin, and Cdc42
are sufficient to explain the development of localized areas of filopodia on the membrane of eukary-
otic cells expressing Map. Notably, the foci of filopodia appear to form both spontaneously and in

response to a cue.

5.3.2 Overview

I model the association and dissociation of Actin and Map to and from the membrane
associated compartments as well as the spatial distribution of a membrane diffusible species, Cdc42

(Figure 5.3A).

Actin is represented in the model by discrete actin filaments. These are actin polymers
which can associate and dissociate from the membrane. Association occurs spontaneously but is

also enhanced by Cdc42 signaling due to increased actin polymerization.

Map is a discrete guanine nucleotide exchange factor for Cdc42 in the model. It activates
Cdc42 by exchanging GDP for GTP. Map associates to the membrane by binding to actin filaments

through an actin binding domain (ABD) from Ezrin. Map is removed from the membrane through
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two mechanisms. One is simply unbinding from an actin filament. Unbinding represents any event
by which Map is no longer able to function as a GEF for Cdc42. This may include the removal of
Map to the cytosol. Another is detachment of an actin filament from the membrane to which Map
molecules are bound. When an actin filament detaches, a proportional amount of Map is removed

in the relevant compartment.

Activated Cdc42 is modeled as a continuous concentration that can diffuse along the mem-
brane. Cdc42 is activated by Map. It is inactivated via hydrolysis by GAPs that are not explicitly
simulated. Cdc42 is able to diffuse laterally within the membrane and in this way provides for lateral
communication of molecular signaling along the membrane. Activated Cdc42 signals to a number of
downstream effectors which leads to actin polymerization and thus encourages further actin filament

association to the membrane.

For the purposes of simulation, I divide the cell into many small compartments along the
inner surface of the plasma membrane and a cytosolic region that is functionally away from the
membrane. Each membrane surface compartment represents a small volume along the membrane
of a cell that contains a discrete number of actin molecules, a discrete number of Map molecules,
and a concentration of Cdc42. Actin and Map move between the membrane surface compartments
and further into the cytosolic region of the cell, but are only active along the membrane. In contrast,
Cdc42 is the only species that directly moves from one membrane surface compartment to another
through diffusion. I model the association and dissociation of Actin and Map to and from the
membrane associated compartments as well as the spatial distribution of a membrane diffusible

species, Cdc42.

Actin is represented in the model by discrete actin filaments. These are actin polymers

which can associate and dissociate from the membrane. Association occurs spontaneously but is
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also enhanced by Cdc42 signaling due to increased actin polymerization.

Map is a discrete guanine nucleotide exchange factor for Cdc42 in the model. It activates
Cdc42 by exchanging GDP for GTP. Map associates to the membrane by binding to actin filaments
through an actin binding domain (ABD) from Ezrin. Map is removed from the membrane through
two mechanisms. One is simply unbinding from an actin filament. Unbinding represents any event
by which Map is no longer able to function as a GEF for Cdc42. This may include the removal of
Map to the cytosol. Another is detachment of an actin filament from the membrane to which Map
molecules are bound. When an actin filament detaches, a proportional amount of Map is removed

in the relevant compartment.

Activated Cdc42 is modeled as a continuous concentration that can diffuse along the mem-
brane. Cdc42 is activated by Map. It is inactivated via hydrolysis by GAPs that are not explicitly
simulated. Cdc42 is able to diffuse laterally within the membrane and in this way provides for lateral
communication of molecular signaling along the membrane. Activated Cdc42 signals to a number of
downstream effectors which leads to actin polymerization and thus encourages further actin filament

association to the membrane.

For the purposes of simulation, I divide the cell into many small compartments along the
inner surface of the plasma membrane and a cytosolic region that is functionally away from the
membrane. Each membrane surface compartment represents a small volume along the membrane
of a cell that contains a discrete number of actin molecules, a discrete number of Map molecules,
and a concentration of Cdc42. Actin and Map move between the membrane surface compartments
and further into the cytosolic region of the cell, but are only active along the membrane. In contrast,
Cdc42 is the only species that directly moves from one membrane surface compartment to another

through diffusion.
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5.3.3 Assumptions

10.

11.

. Map binds to actin filaments that associate with the cellular membrane.

Map acts as guanine nucleotide exchange factor (GEF) for Cdc42.

. Activation of Cdc42 by Map increases the likelihood of actin filament attachment by encour-

aging actin polymerization.

Polymerization of actin provides more binding partners for Map.

. Unactivated Cdc42, bound to GDP, is assumed to be in excess such that the rate of Cdc42

activation by Map does not inversely depend on the active Cdc42 concentration.

. Cdc42 diffuses laterally along the membrane.

Cdc42 signaling zones induced by ectopically expressed Map occur spontaneously.

. Cdc42 signaling zones can be induced by by seeding Map (as when injected by a Type 3

secretion system) or by seeding Actin (through contact with a Fibronectin bead.

The number of binding sites for Map on an actin filament is not limiting.

Associated Map molecules are removed from the membrane when an actin filament detaches

from the membrane.

The total amount of Map and actin filaments are considered to be constant over the course of

the simulation.
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Table 5.1: Variables used in the model

| Variable | Description | Units
t Time sec
X Membrane position 60nm
M(r) MapGEF in the cytosol molecules
m(t) = m(x,t) | Map near the membrane molecules
At Unattached actin filaments filaments
a(t) =a(x,t) | Actin filaments attached to the membrane | filaments
c(t) = c(x,r) | Active Cdc42 on the membrane uM
Table 5.2: Parameters used in the model
| Parameter | Units | Description
kon sec 1 Attachment rate of actin fila-
ments to the membrane
korf sec! Detachment rate of actin fila-
ments from the membrane
kpind sec ] fz'lamenf1 Binding rate of ABD to actin
Kunbind sec™] Unbinding rate of ABD to actin
ke s sec TuM molecule™" | Catalytic rate of Cdc42 activa-
tion through GTP exchange
knydro sec1 GAP mediated hydrolysis rate
of Cdc42
D sec T um? Diffusion constant of Cdc42 on
the membrane
ks sec T uM T Cdc42 mediated actin filament
attachment

5.3.4 Variables

Time is simulated in discrete and constant time steps such that events are relatively rare
for each time step. A spatial aspect along the membrane is introduced by dividing the membrane
into many compartments identified by x. a(¢),m(t),and ¢(¢) describe the amount of Actin, Map, and
Cdc42 functionally associated with each membrane surface compartment at position x, respectively.

A(t) and M(¢) describe the amount of Actin and Map not functionally associated with the membrane.
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5.3.5 Parameters

kon and k,ry represent the spontaneous association and dissociation of actin filaments to the

membrane, independent of Cdc42.
* kping and ky,ping define the binding and unbinding rates of Map to an actin filament.

* kger and kpyqro describe the activation of Cdc42 by Map and the deactivation of Cdc42 by

GAPs, respectively.
* D describes the diffusion of Cdc4?2 laterally along the membrane.

* kyp represents active recruitment of actin filaments in a Cdc42 dependent fashion.

5.3.6 Physical Basis for Parameters
5.3.6.1 Dimensions of the Cell and Compartments

I estimated the 2D circumference of the cell as 60 ym. Approximating the cell as a disc
gives a radius of 9.55 um (which is within 10.5 +2.2um)? [113, 114]. The depth of the volume
near the membrane by which Map can signal to Cdc42 is approximated as 60 Angstroms or 6 nm as

estimated from structural information?.

Since the membrane is divided up into 1000 compartments, each compartment spans 60

nm. The volume of each compartment, Veompartment is therefore 60 x 60 x 6nm? = 2.16 x 10* nm?>.

Since a nm? = 10~2%L, each compartment thus has a volume of 2.16 x 10~29L. Therefore a

molar concentration in a compartment represents a density of 1 mol /L x 6.022 x 10?3 molecules /mol x

2BioNumbers ID 103788. [113], Original reference [114]
3Figure 4A in the main text
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2.16 x 1072°L = 1.30 x 10* molecules per compartment. Thus, a 1 mM concentration in a compart-
ment corresponds to about 13 molecules in that compartment. For the purposes of the stochastic
description and simulation, we will describe actin and Map in terms of quantized units of molecules

per compartment which corresponds to increments of 77 uM.

1 mM can also be converted into an area density in that 1 mM corresponds to about 13
molecules per 3600 nm> of membrane or 1 molecule per 277 nm> on average. Thus we can estimate
that half of the average distance is the radius of a circle with area 277 nm?. From ntr? = 277nm?,r =
9.39nm or a mean intermolecular distance of 18.8 nm. The distance scales with the square root of

the molecular concentration.

5.3.6.2 Diffusion Constant of Cdc42

The most directly relatable physical constant to the dimensions of the cell is the diffusion
constant of Cdc42. This has been measured to be 0.036 um? /sec in S. cervisiae and estimated be
about ten times faster in H. sapiens due to prenylation [115]: 0.36 um?/sec . This corresponds to

the simulation unit of 100 compartments* /sec. The diffusion constant is used as per Section 5.3.12.

5.3.6.3 Association and Dissociation Rate of Actin Filaments

To calibrate the association rate of actin filaments, I use the binding kinetics of Arp2/3 to
WASP. The Kp has been measured to be 0.25uM while the k, s has been measured to be 0.6sec™!
[116]. This yields a calculated k,, rate of 2.4 uM ~lsec™!. For the simulation, I use an effective rate
of 0.19 sec™! or 1.9 x 10~*sec™! per compartment for 1000 compartments. This also considers the
effective amount of WASP per compartment to be approximately six. The rate used dictates that
24% of the available actin filaments in the simulation will be associated to the membrane in the

absence of feedback at steady-state conditions.
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5.3.6.4 Binding of Map to Actin

The binding rates of Map to Actin are derived from Kp of 500 nM for the Ezrin Actin
Binding Domain (ABD) and Actin. In the natural system, Map is associated with Ezrin and its ABD
through scaffolding proteins. In the constructed system, Map is tethered directly to an ABD derived

from Ezrin. kpjng is setto 1 filament ' sec™" and kyuping to0 6.5 sec™! per 1000 compartments [117].

5.3.6.5 Activation and Hydrolysis of Cdc42

The estimated k., of Map is 5-19 sec” ! and the estimated K)y is 6-14 uM [118, 119]. I thus
estimate the k. to be 10 sec™! and the Ky to be 10 uM. The effective simulation constant for kg, r
is 77 uM /molecule/sec incorporating both the k., and Ky, values since I do not simulate inactive
Cdc42. The catalyzed hydrolysis rate has a k., of 2103.9 min~! or about 35 sec™1 [120]. Assuming

0.1 uM GAP present, this leads to a simulated rate of 3.5sec” !

5.3.6.6 Feedback Term: Cdc42 to Actin polymerization

The feedback term, ky;, is a difficult term to relate as its physical basis depends on a number
of species that signal between Cdc42 and the actin polymerization machinery that are not modeled
here. This term was determined on an empirical basis based upon the mean number of filopodia foci

observed in parameter variation studies. The rate is 0.012 uM~!'sec™!.

5.3.6.7 Number of Foci and Width of Foci

The number and width of Cdc42 signaling zones that form foci of filopodia are measured
in conjunction with this work. The number is dependent on how many positive feedback loops
can be initiated spontaneously before the available supply of Map and actin filaments is depleted.

The number is thus dependent on the k., and kg, rates. High k,, rates increase the spontaneous

109



association of actin filaments to the membrane and thus increases the number of foci. High kg, rates
increases the rate at which such an association recruits more actin filaments in competition with
other spatially distinct sites. Thus high kg, will eventually decrease the number of foci since foci
that form earlier will attract more molecules. This is examined in a parameter variation study as

shown in the supplementary figures and discussed below in Section 5.3.13.

Another consideration for the number of foci is the ability to spatially distinguish them,
which is a function of foci width. The width of the foci is determined by how far an activated
Cdc42 molecule can diffuse before hydrolysis inactivates it. Hydrolysis subjects active Cdc42 to
exponential decay with a temporal half-life of /n(2)/knyar,. Diffusion distributes active Cdc42 in

space with a standard deviation of v/2Dt.

In order to analyze foci, a low threshold (2 uM) is first used to determine when the Cdc42
concentration exceeds a certain value indicating the beginning and end of focus. The number of
compartments for which the concentration exceeds this value is considered the width of the focus.
A higher threshold (100 uM) is then used to further screen the maxima of potential foci for areas
where Cdc42 is intensely concentrated. In summary, foci of filopodia are first distinguished by a

low threshold and then only counted if their maxima exceed a high threshold.
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5.3.7 Conservation of Map and Actin

My = M(r)+;m(x,r) (5.1)
Ar = A(t)-i-;a(x,t) (5.2)
M) = MT—Zx;m(x,r) (5.3)
Alr) = Ar—;aw) (5.4)

For the purposes of the simulation, the total amount of Actin and Map available in the cell are
considered to be fixed. Essentially, I assume that production and degradation of Actin and Map
remain constant and that the cell is at or near steady state conditions for these two species. The total
number of Actin and Map is thus the sum of the amount that is in equivalent compartments along
the inner surface of the membrane and the amount of molecules not functionally associated with the

membrane.

5.3.8 Partial Differential Equations

The following is a deterministic approximation of the model. Actin and Map are simulated
stochastically as discrete molecules in the next section. Cdc42 is actually modeled as a continuous

variable that represents the concentration of Cdc42 near the membrane.

da

g = (kon —l—kfbc) (A) —koffa 5.5)
om
g = kpinaMa— (kunbind + koff)m (5.6)
dc

5 = FKeeym—knaroc+ DV?c (5.7)

Actin is added in an intrinsic (k,, term) and Cdc42 dependent manner (ks term) based upon the

number of actin filaments not associated with the membrane. Actin is removed by an intrinsic,
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Table 5.3: Expressions used in the stochastic model

’ Expression \ Description
Pam(t) = Prla(x,t) = a,m(x,t) = m] | Probability of having a Actin and m Map at time ¢
W () Transition propensity to a Actin and m Map at time t
Dam = d’ﬁdi';’(t) Time derivative of the probability

linear rate dependent on the amount of actin in each membrane surface compartment (ks term).

Map binds to actin in each membrane surface compartment in such a way that binding
sites are not consumed significantly (kp;,y term). Map can also unbind from actin in a manner
proportional to the amount of Map on the membrane (k,;ping term). Molecules of Map can also
leave the membrane through the loss of an actin filament described by the k, s term for actin. A

proportional amount of Map is thus removed from the membrane: k,rra” = kofrm.

Cdc42 is activated by Map (kger term) and hydrolyzed at a linear rate that is assumed to
be catalyzed by GAPs ( kjyay, term). Cdc42 is also able to diffuse along the membrane and thus

accounts for communication between the different membrane surface compartments.

5.3.9 Stochastic Description

Actin and Map are actually simulated as discrete molecules upon which stochastic Poisson

processes act.

Wam = koff(a + 1)pa+1,m — (kon + kfhc)pam
+  (kunbina +kogr)(m~+1)pams1 — kpina@Pam (5.8)
pam = Wam - Wa,m—l - Wa—l,m - Wa—l,m—l (59)

¢(x,1) is governed by Equation 5.7. Equation 5.9 is the master equation that describes the stochastic

evolution of Map and Actin.
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5.3.10 Simulation

The simulation implements the above by simulating Map and Actin events as a Poisson

random processes and Cdc42 deterministically according the PDE in a specific order:

1. Remove actin as per the k, 7y term

* Remove Map proportionally with actin k, ¢ events

2. Remove Map due to unbinding from actin, kyping term

3. Add Map due to binding with actin, kp;,,q term

4. Hydrolyze Cdc42 according to exponential decay, kpyqr term

5. Activate Cdc42 deterministically with respect to Map, kg s term

6. Diffuse Cdc42 along the membrane, D diffusion term

7. Add actin by nucleation on the membrane, k,, and k), term

Time progresses according to constant, discrete timesteps chosen to minimize the number of events

per iteration of the simulation.

5.3.11 Implementation

Iimplemented a fixed time increment simulation in MATLAB that simulates actin filaments
and Map stochastically while treating Cdc42 deterministically. The stochastic events are determined
by using a Poisson pseudo-random number with a mean propensity according to the corresponding

rate law and time increment.
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With this scheme it is possible for more actin or Map to be removed from a compartment
than present. This is minimized by using small time increments. In case of such a rare situation, I
explicitly cap the amount of a species that can be removed from a membrane surface compartment
to the amount present. Similarly, for events where more of a species is moved to a membrane surface
compartment from the cytosolic compartment I randomly cancel the excess number of moves. This

error correction code is rarely used and does produce warnings when run.

The deterministic terms affecting Cdc42 are integrated per term in a fixed sequence. Hy-
drolysis is evaluated as an exponential decay. Cdc42 activation occurs deterministically based upon
the presence of Map in a compartment. Cdc42 diffusion is calculated based on convolution with a

Gaussian kernel as described below.

5.3.12 Note on Diffusion of Cdc42

Cdc42 is able to diffuse laterally between nearby membrane surface compartments. This is
simulated by convolution with a Gaussian kernel. The Gaussian kernel is the Green’s function of of
the 1D diffusion equation[121]. The 1D diffusion equation is represented here:

dc
=~ = DV? 5.10

pm c (5.10)
Where D represents the diffusion constant expressed in um? /sec . The Gaussian kernel has standard

deviation 6 = v2Ddt. dt is the small time interval used for each iteration of the simulation. Thus,

the kernel is expressed as

1 2
G(x,dt) = exp(— 5.11
(xh) = o exp(- ) (5.11)
The solution to the diffusion equation (5.10) is the convolution of the Cdc42 with this kernel:
~+oo
clx,t—19) = G(x—y,t —19)c(y,t0)dy (5.12)

—o0
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However, I note that Eqn. 5.10 is not the solution to the full Cdc42 equation (Eqn. 5.7). Use of
the convolution for diffusion in this case is thus an approximation which is only valid for small

timesteps.

Depending on dt the standard deviation, 6, may become less than the physical span of
one compartment. Thus the simulation provides a facility by which Cdc42 may be monitored at
higher spatial resolution than for Map or actin. For interaction with Map or actin the high spatial
resolution Cdc42 distribution is converted to a distribution with the lower resolution of the original

compartments.

5.3.13 Parameter Variation
5.3.13.1 Non-dimensional steady-state equation

I used a parameter variation study to examine how the parameters k,, and kg, affected the
number of foci that formed. More specifically, I nondimensionalized the parameters by considering
the ratios of the k,, and feedback parameters relative to k, sy parameter. This is justified by dividing

equation 5.5 through by k¢ and Ar:

1 da kon kyp A a

1 da _ AYELRL (5.13)
koffAT ot koff koff AT) Ar
t
alt) = Lealr) (5.14)
Ar
1 da k()n kfb
= = (XL P000-a)—-a (5.15)
kogf dt (kOff Koy =9
1 dog kon kfb kgef Olys
_ My (1—og) —o (5.16)
kopy d org " Fogt Ry KJAT + g 1)1 00) = 0
- 0 (5.17)

Where N is the number of compartments, C is the Cdc42 concentration averaged over the

compartments on the membrane (the steady state formula for this is derived below) and K is the

115



Figure 5.4: Compuational modeling of Map-induced polariity. A) Frequency histogram displaying
the correlation between the number of Cdc42 signaling zones for Map (purple) and MapABD (cyan)
expressing cells (in 3 independent experiments and over 400 cells) and the number of corresponding
activity peaks generated computationally from 1000 individual cells (red). See Section 5.3.6.7. (B)
Graph showing the average widths of Cdc42 signaling zones determined in vivo and in silico. 55
protrusions from 23 cells were used to calculate the mean width of Cdc42 signaling zones induced
by Map in vivo. 33 protrusions from 8 simulations were used to calculate the mean width of Cdc42
signaling zones induced by Map in silico. (C) Kymograph analysis of a simulation in which the
distribution of Cdc42-GTP (top), Map (middle), and F-actin (bottom) is monitored over time (x
axis) in the 60mm virtual cell (y axis). The green asterisks mark Cdc4?2 signaling zones that persist
through the entire 10 min simulation; whereas the red asterisks mark Cdc42 signaling zones that
disappear during this time frame. These results are consistent with the longevity and dynamics of
Cdc42 signaling zones observed in Map expressing cells (Figure 2A). (D) A parameter scan in which
kon/koff (y axis) and g (effective feedback; x axis) were varied. The mean number of Cdc42-GTP
polarity sites (left) and the average Cdc42 activity peak width (right) were counted (color bars).
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effective dissociation constant for Map-actin binding:

1

c(t) = NZc(t) (5.18)
X

k = funvind tkoss (5.19)
kpina

The effective feedback scaling factor, v, is thus:

kpp k
= b el oy (5.20)
kaff khydro
d k
such that 0% — (Lon % (1) — s = 0 (5.21)

dt Koy | VKJA7 + s

The actual steady state amount of actin on the membrane still depends on K. However, I
can estimate the amount of actin on the membrane assuming total binding, kping >> kunbing + kogr

such that K ~ 0:

kOVl

korr
k()n

kory

k()n
koss v

kon 1
Fopr TYTN

0 = N(

+9) (1 — Otgs) — Otgs (5.22)

kon
+Y)*N0Lss(m +y+1) (5.23)

%

N

(5.24)

The main difference between the k,, parameter and 7 is that k,, applies equally to all
membrane associated compartments, while 7y is is modulated by the state of each compartment. &,
affects the initialization of polarity at a compartment. 7Y describes the strength at which a focus
develops once initiated. The rate constants here are scaled for each compartment which is why the
1/N term is present (e.g., ko is the sponteaneous binding rate for a single compartment whereas
Nk,, is the spontaneous binding rate for the entire membrane). I directed the parameter variation

efforts on understanding how k,, and 7y affect the number of prominent foci.
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5.3.13.2 Derivation of total steady state active Cdc42

Equation 5.16 is derived at steady state at conditions by first evaluating Map at steady state:

am

dr

1 oM
Kunbind +kofs Ot

Meq
My

Mipemb _ My — M,

My My

_kbindM(AT - A) + (kunhind + koff) (MT - M)

kpina

——————M(Ar —A)+ (M7 — M)

kunhind + koff

—M(Ar —A) + (M7 — M)

Mr—(1+ (A —A)M
0

/(1 + (A —4)
K/(K+(Ar —A))

(Ar —A)/(K+(Ar —A))

Olgs
K/AT —+ Ol

(5.25)

(5.26)

(5.27)

(5.28)

(5.29)

(5.30)

(5.31)

(5.32)

(5.33)

Once I have the steady state amount of Map on the membrane, I then also derive the total steady

state concentration of Cdc42 on the membrane:

ac
dt

5.3.13.3 Parameter variation results

kgef(MT - M) - khydroc

0

k
fgef (M7 — M)
khydro

kge f s
khydm K / AT ~+ Olgs

Mr

(5.34)

(5.35)

(5.36)

(5.37)

I varied k"ﬁ and v, effective feedback, as explained above with Equation 5.16. The results

of the effects on number of polarity sites, foci, and foci width are shown in Figure 5.4. y was varied
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by changing the kg, term. Ten simulations were run for each pair of parameters using a time step
of 10~* seconds for 10* timesteps. This equates to a simulation time of one second. As expected,
the number of actin filaments associated with the membrane increased directly with either k%”f or Y.
I also then counted the number of foci formed as discussed above in Section 5.3.6.7. Distinct and
prominent foci formed at low levels of k,,, and increased in number with . In this parameter regime,

few foci are initiated but those do form are able to become prominent.

At high levels of k,, relative to k,rr prominent foci failed to form since many foci are
initiated but they fail to become prominent or distinct. At very high levels of y not shown in the pa-
rameter variation, the number of foci begin to decrease as one or two foci quickly become prominent

and out-compete subsequent foci that may be initiated later.

At k,, =0, no foci were initiated and thus no actin filaments associated with the membrane.
At kk% x 1000 = 1 about half of the actin filaments are associated with the membrane. The factor of
1000 is multiplied since the k,, rate is always evaluated for 1000 compartments on the membrane,

whereas k, ¢ only applies to compartments which have actin associated with them.

Foci width increases with k,,, and decreases slightly with y. The widths increase with k,,
is mostly due to an increased likelihood of two foci being close together in space. The two foci
are counted as one foci with greater width. The slight decrease in width with increasing 7y is due
to greater feedback intensity at the center of foci which are more concentrated in the middle. Foci
width are mainly dependent on the diffusion constant, D, and the hydrolysis rate, kx40, as explained

above in Section 5.3.6.7.

Map accumulated on the membrane in significant numbers because of high binding affinity

as derived from the literature. The amount of active Cdc42 mainly increases with k,,. With higher
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kon active Cdc42 is more evenly spread out over the membrane. This prevents GAPs from reaching

Vinax and thus decreases hydrolysis in total, allowing for more Cdc42 overall.

Overall, the parameter variation shows that distinct foci of filopodia form with a low to
intermediate spontaneous association rate, k,,, and a high effective feedback rate, v, dependent on

kgp and Cdc42 dynamics relative to the spontaneous dissociation rate, k, .

5.3.14 Ten minute simulation

The ten minute simulation shown in Supplemental Figure SC was done by running the
simulation at a time step of 6 x 10~* for 10° timesteps yielding a total simulation time of 600
seconds or 10 minutes. Three foci spontaneously form at the beginning of the simulation. The foci

are shown to be dynamic over this timespan, but are relatively stable.

5.3.15 Distribution of Number of Foci

To determine the distribution of the number and width of foci as shown in Supp. Figure
A and B, 1000 simulations were run with the parameters detailed above with a time step of 10~

seconds.

5.4 Model Validation

The model above derived many parameters from prior physical measurements not including

in this study. The positive feedback loop model generates a number of testable predictions including:

1. The positive feedback loop can be activated by any of three molecular species: MapGEF,

Cdc42, or actin.

2. Eliminating a reaction of the feedback loop would cause the foci to disappear.
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3. The number of the filopodia foci present should follow the predicted distribution.

4. The width of the filopodia foci is predicted.

5.4.1 Activation of Filopodia through Actin Stimulation

An unanswered question about the MapGEEF system is that in the natural system where Map
is injected into the mammalian cell via a Type 3 secretion system only a single focus of filopodia is

typically seen. The ability to cue a focus, however, is not contradictory to the model.

If actin polymerization were initiated at a particular location along the membrane, the
model predicts that a foci would be encouraged to form at that location. In order to test this model,
Robert Orchard proceeded to introduce fibronectin coated beads into a population of transfected
cells (Figure 5.5). The fibronectin is known to stimulate integrins which would encourage actin
polymerization. Indeed, upon contact of the beads with the membranes of the transfected cells,
filopodia formed at the location and the foci persisted after the bead moved to other locations along

the membrane.

Perhaps then this method of cueing a focus is used by the bacterium in order to reinforce

the cue at the site of injection. EPEC could stimulate integrins in a similar manner.

5.4.2 Disruption and Rescue of Foci Using LatrunculinB

Another prediction of the model is that if the feed forward loop were disrupted then the foci
would no longer be able to form in a localized fashion. A drug called LatrunculinB is able to inhibit
the polymerization of actin. When Robert Orchard introduced the drug to cells with foci, those foci
then disappeared. Upon subsequent washing out of the drug, the filopodia then returned in localized

foci.
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Figure 5.5: Cueing of the model and experimental system. A) Localization occurs when actin
is seeded along the membrane. B) Localization does not occur without positive feedback. C)
Schematic of fibronectin bead stimulation experiment. Fibronectin stimulates actin polymerization
seeding the positive feedback loop. D) Localized filopodia triggered by fibronectin bead contact.
E) Fibronectin bead stimulation of filopodia requires actin binding. F) Cells expressing Map and
eGFP-ABD show actin polymerization during time-lapse microscopy. G) Cells expressing eGFP-

Map shows localized recruitment of Map to sites where the fibronectin beads contacted the cell
surface.
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5.5 Discussion

What is the role of stochasticity in this system? Upon ectopic expression filopodia form
on the membrane in stochastic and localized manner. Yet, the system is also cueable in that any
stimulation of the positive feedback loop would encourage the formation of a focus at that location

(Figure 5.6).

This system seems to allow for the localized foci and the cue to evolve independently. That
is the formation of local pockets of filopodia is not dependent on a particular cue and the cue can
be any mechanism that eventually influences one of the three key molecular species. The ability of
the system to partially function in the absence of a cue is another example of robustness in the low

information state.
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Figure 5.6: Summary of Map model. 1) EPEC adheres to the cell membrane of an epithelial cell.
2) F-actin filaments attach to the membrane in response to integrin stimulation. 3) Map is secreted
into the cytoplasm of the host cell via a Type-3 secretion system. 4) Map is associated to F-actin
filaments through Ebp50 and Ezrin. 5) Guanine-nucletide exchange activity of Map activates Cdc42
in a G-protein dependent manner. 6) Cdc42 encourages actin nucleation. 7) Positive feedback occurs
through the creation of local binding sites for the Map-Ebp50-Ezrin complex.
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Chapter 6

Is stochasticity a selectable property?

6.1 Introduction
6.1.1 Background

Is stochasticity an evolutionary selectable trait? Probabilistic outcomes have been noted in
biological systems from the molecular scale up to communities of organisms or even between cells
of different organisms. Stochasticity has allowed a population of cells to have many possible phe-
notypes given a single microenvironment. This property diversifies the population and may allow
parts of the population to be better adapted to future unknown circumstances. In other situations,
such diversification is not useful and is in fact harmful to critical biological processes that require
development along a strict genetic program. For example, embryogenesis of humans and other mul-
ticellular organisms follows a developmental program that allows for structured differentiation at
programmed intervals and is largely not subject to stochasticity. It seems then that stochastic diver-
sification of phenotypes is beneficial to some processes while it is deleterious to others. However,
it is unclear if such differences are great enough to affect the ecological fitness of an organism. In
order for organisms to evolve networks of interactions that are or are not stochastic then stochasticity

must be a selectable, encodable property that confers a fitness advantage.

Horizontal gene transfer (HGT) is a phenomena that occurs in many organisms that allows
them to better adapt to their environments. In Bacillus subtilis, a gram positive rod shaped bacterium,

HGT is conducted through a transient phenotype called competence. Competence is stochastically
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activated and exited permitting a portion of a population to enter competence for varying durations.
While previous work has demonstrated that stochasticity may allow for greater HGT efficiency for
varying concentrations of exogenous genes, it is unclear whether this could affect the fitness and

furthermore the evolution of an organism.

The development of antibiotic resistance is one such way that bacteria can adapt to their
environments. Meanwhile, it also poses a significant problem for human healthcare where the use

of antibiotics has become a common treatment to fight dangerous infections.

6.1.2 Problem

Can encoded stochasticity of horizontal gene transfer affect the ability of Bacillus subtilis

to evolve antibiotic resistance?

6.1.3 Hypothesis

Stochastic expression of competence in Bacillus subtilis will confer a greater advantage
when less information about stressful conditions is known to the organism than when more informa-
tion is interpretable by an organism. In contrast, deterministic expression of competence will confer

advantage when information about the environment is greater.

6.1.4 Approach

We will compare a strain containing the native competence circuit of Bacillus subtilis with
a strain containing a synthetic, less stochastic competence circuit (SynEx). Information will be
provided to each strain through an inducible promoter that will be indicative of the severity of a

stressful condition, the concentration of antibiotic.
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6.2 Aims

6.2.1 Aim 1: Determine if there is a pre-existing fitness advantage between the native and
SynEx strains without antibiotic challenge.

The construction of strains of Bacillus subtilis requires a series of gene additions and dele-
tions through synthetic biology which may make one more ecologically more fit than the other even
without a selection factor such as antibiotic challenge. In order to determine this, I propose measur-
ing the growth of each strain and directly competing them within a well-mixed liquid culture. We
will use a chemostat or turbidostat to determine the relative fitness of each strain. Should the strains
differ significantly then modifications will be made to attempt to put their relative fitness levels on
parity.

6.2.2 Aim 2: Compete native and SynEx strains directly within an environment containing
antibiotics to determine if low or high information environments favors either strain.

In order to encourage the development of antibiotic resistance in the native and SynEx
strains of Bacillus subtilis we will challenge them with antibiotics in a type of turbidostat called a
morbidostat. The morbidostat attempts to maintain the concentration of bacteria at a certain level by
modulating the concentration of antibiotic present rather than modulating the flow rate as in a tradi-
tional turbidostat. Along with the antibiotics, I propose to also induce competence using IPTG either
in or out of phase with the antibiotic. The IPTG inducer will provide a cue to enter competence that
will be interpreted stochastically or deterministically by the native and SynEx strains respectively.

6.2.3 Aim 3: Use high throughput sequencing analysis to determine if HGT is more effective
in either strain towards the development of antibiotic resistance.

The development of antibiotic resistance in either the native or SynEx strains could have

developed fully spontaneously rather than being assisted by the use of horizontal gene transfer. The
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accumulation of spontaneous mutations within a single lineage is a possible mechanism to develop
antibiotic resistance. Another mechanism using HGT would be for spontaneous but complemen-
tary mutations to occur in different lineages but then be merged within a single lineage through
horizontal gene transfer. Meanwhile, there may be multiple possible mutations that could achieve
similar overall functionality. Since it is not known before hand where these mutations might occur,
high throughput gene sequencing will be required to locate the mutations that occur. The patterns
of mutations will then be analyzed for evidence of HGT by comparing the likelihood of similar

spontaneous mutations occurring in multiple lineages.

6.3 Research Strategy

In order to examine stochasticity in an evolutionary context we will examine a phenotype,
competence, that is known to be stochastic but that also may have impact on the ability of an or-
ganism to adapt to a toxic environment containing antibiotics. This can be accomplished through
synthetic biology since the phenotype can be triggered in an analogous but alternate manner that
is similar but not stochastic. This has been implemented in the SynEx strain containing a more
deterministic competence circuit. While this strategy does not evolve stochastic or deterministic

properties de novo, it attempt to address whether stochasticity is selectable via competition.

One way that stochasticity can help an organism adapt is through bet-hedging. By diver-
sifying the phenotypes of a population within an environment the organism is not depending on a
single phenotype. Rather each phenotype might be each adapted better for a possible future environ-
mental condition. This bet-hedging strategy only seems useful if the future environmental condition
is uncertain. If an organism can accurately predict a future environmental condition then it makes

more sense to solely prepare for that condition alone rather than partially committing part of the
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population to the best possible phenotype. This research proposal seeks test this through the use
of an inducible promoter Pyyperspank that is used with a lactose inducer or an analog such as IPTG.
The concentration of this inducer will be a surrogate for environmental cues and thus will be the
interpretable information that B. subtilis could use. The inducible promoter will be used to drive the
expression of ComK, the master regulator of competence in B. subtilis. This information can then
be used to convey when a stressful environment is approaching allowing the bacterial population to

enter into competence in anticipation.

The information conveyed by the inducer does not have to be completely accurate or useful,
however. In fact, it could also be detrimental. As with natural environmental cues, the information
being conveyed may not fully determine a future state or may even be unreliable. Thus the amount
of information of the inducer can be varied by altering the correlation of the inducer with a stress-
ful condition. In this way, we can create environments that either contain high or low information
about impending antibiotic concentrations. If the inducer and antibiotic had a strong positive cor-
relation, then the engineered strains could use this to enter competence at higher frequency. The
difference between the strains would be whether they interpreted the information stochastically or

deterministically.

6.4 Significance

The development of antibiotic resistance among pathogenic microorganisms is a severe
health risk that could hamper the ability to treat infections. While the specific mutations that might
permit resistance could be rare, the ability to transfer mutations or genes between lineages or species
may significantly accelerate the ability of microorganisms to adapt to new antibiotics. This research

would provide a way to study that phenomena in non-pathogenic bacteria with a well defined and
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innate horizontal gene transfer and homologous gene recombination mechanism.

Furthermore, this study will explore the relationship between external environmental cues,
stochasticity, and impact of stochasticity on evolution. Organisms must be able to interpret their
environment in order to adapt to changing circumstances. The inability to adapt would decrease
fitness of an organism. While adaptation may just involve changing phenotypes, it could also involve
a mechanism such as horizontal gene transfer in order to acquire new abilities. HGT, however, is
risky since exogenous genes are not guaranteed to be beneficial. In fact, since many of them may be
sourced from dead cells, many of the of the genes of genetic alleles present may not offer a complete

solution.

By understanding how bacteria adapt to the environments including the role of HGT and
HGR in the development of antibiotic resistance, better strategies of antibiotic dosing can be devel-

oped.
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Chapter 7

Conclusions

In this work, I have shown how stochasticity can be encoded within a biochemical net-
work and delved into examples of how stochasticity plays a role at different scales of biology from
transcription factors to biofilms. Additionally, I have proposed how stochasticity encoded within a
network may be selected for by using information within the environment. In the example of feed-
forward loops, I have shown how analogous circuits may provide the flexibility needed to select
between regulatory networks that are more stochastic or deterministic in their behavior. Further-
more, | have provided bioinformatic evidence that certain physiological functions may use certain
network patterns dependent on their noise requirements. These principles were further extended to
the biochemical network governing genetic competence in B. subtilis where an analogous, synthetic
circuit encodes different noise properties than the natural one. In that example, it is shown that the

natural circuit has a wider dynamic response range that may be a tradeoff for being more stochastic.

Expanding in scale, I explored how the biofilms of B. subtilis NCBI 3610 and the interaction
between EPEC and mammalian host cell are subject to stochastic phenomena but are also cueable.
In the case of biofilms, heterogeneity in the cell death pattern generated by stochasticity appears to
create mechanical instabilities allowing for the creation of liquid channels in wrinkles. Yet the initial
density of cells is able to strongly influence the initial cell death pattern. During the pathogenesis of
EPEC, localized pockets of filopodia are created around the infecting E. coli. In the absence of the

bacteria themselves, however, foci of filopodia are spontaneously formed. The ability to cue these
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systems allows them to be responsive to external inputs. In both cases, localization is necessary for
the patterns to be functional. In the Bacillus biofilm, localization allows for the mechanical forces
to converge to a specific location. In the case of the filopodia, localization allows for the use of a
limited number of Map molecules. Stochasticity in these cases allows for the localization to occur
independent of a cue, possibly allowing for a cue to evolve separately from the interactions necessary

to create localization. Thus stochasticity allows for robust localization regardless of cueing.

In the competence networks and cueable systems, the biochemical networks involved were
processing environmental information. Stochasticity in that processing is advantageous in low in-
formation or uncertain environments. For the competence circuit, a bet-hedging strategy allows for
the population of Bacillus to anticipate an uncertain future environment by not committing the entire
population to a certain stress response. However, a more deterministic circuit may be more advan-
tageous where a stressful environment appropriate for genetic competence is more certain. For the
cueable systems, the cues contain information and the response to the cues are more deterministic.
The stochastic properties occur in the absence of a cue, or when information from the environment

is low. Stochasticity is thus advantageous in low information environments.

Since the advantage of stochasticity is related to the information content of the environ-
ment, stochasticity may then be selectable in low information environments while deterministic
responses are selectable in high information environments that are interpretable. For environmen-
tal signals that are clear and reliable, a deterministic response could take greater advantage of the
circumstances than a stochastic response. Returning to the example of the roulette wheel referred
to in the introduction, consider the situation where the operator has rigged the roulette wheel and is
giving a hint that the ball may land on black. If the operator is consistently a reliable source of infor-

mation, then always following that hint would be a good betting strategy. However, if the operator
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is unreliable, then it may be a better strategy to continue to hedge your bets. Interestingly, cueable
systems allow for a default strategy of being stochastic in the relative absence of information while

being deterministic when information is detected above a threshold.

In conclusion, organisms may take advantage of stochastic biochemical networks when
faced with uncertainty in their environments. In that situation, stochasticity may allow for bet-
hedging resulting in a robust adaptation to the environment. This improves the fitness of the or-
ganism. Additionally, since the stochastic property is encodable in the network of biochemical
interactions that are in turn encoded in the genome, stochasticity may be a selectable property based
on information in the environment. Being responsive to a cue, however, allows stochastic networks
to act determininistically when given information and robustly in the absence of information. A fully
deterministic system, however, does not allow for bet-hedging in the absence of information and is
therefore not robust in that circumstance. Stochasticity thus allows for robustness when information

is not detectable or otherwise not reliable.
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