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ABSTRACT
THE EFFECT OF PROTEOLYTIC QUEUES ON ANTIBIOTIC TOLERANCE AND
PERSISTENCE CELLS POPULATION IN ESCHERICHIA COLI
ALAWIAH ABUALRAHI
2019
A major contributing factor to the abundance of antibiotic-resistant microorganisms and
failed antibiotic treatment is survival due to antibiotic tolerance and persistence. Antibiotic
tolerance is a widespread phenomenon that enables cells to survive treatment without
carrying a resistance gene. This phenomenon renders antibiotic treatments less effective
and facilitates antibiotic resistance. We are particularly interested in proteases, responsible
for degradation of proteins, because of their known relationship to tolerance and
persistence. Here, we examine the effects of proteases and antibiotic survival using
queueing theory, in which one type of customer competes for processing by servers, that
has traditionally been applied to systems such as computer networks and call centers. The
biological queueing theory principally assumes that there are limited processing resources
in a cell. Using synthetic systems engineered to form proteolytic queues, we can now
examine tolerance/persistence in a new manner. In this work, we demonstrated in E. coli
that the overproducing of protein engineered to be digested by the protease ClpXP can form
a proteolytic queue, and this queue results in an increase in antibiotic tolerance ~80 and
~60 fold with ampicillin and ciprofloxacin, respectively. The proteolytic queue had no
apparent effect on bacterial persistence levels. Furthermore, we showed that the queueing
at the other two major proteases, ClpAP and Lon, have a slight effect on tolerant cell
population.
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Chapter 1
Literature Reviews

1.1. Introduction
The discovery of antibiotics about 90 years ago that selectively target human and
animal pathogens was a great advance in human health. However, antibiotic resistance is a
growing problem for both human health1 and livestock production2. For example,
Salmonella infections in the US alone lead to annual economic losses of about 1.3 billion
dollars, and, in 2005, the poultry industry lost approximately one million birds, mainly due
to bacterial infections2. The US Department of Agriculture (USDA) Economic Research
Service (ERS) estimates that foodborne illnesses annually cost over $15 billion3. Bacterial
infections lead to other economical loses in all industries, such as employees missing work
due to infections, and product infection in the agricultural industry. In 2013, the Center for
Disease Control (CDC) estimated that over 2 million Americans had antibiotic-resistant
bacterial infection over the course of that year4. Due to the wide impact of antibiotic
resistance, the phenomenon has become a growing concern worldwide, as antibioticresistant organisms continue to arise and propagate5. In this work, we focus on bacterial
tolerance and persistence to antibiotic treatment with the long-term goal to produce new
drugs to prevent both of them.

Persister and tolerant cells are subpopulations commonly found in bacteria that
precipitate antibiotic resistance; tolerant cells can survive the duration of a transient
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antibiotic treatment several times above the minimum inhibitory concentration (MIC)
without a resistance mechanism6. MIC is the lowest concentration of the antibiotics, which
inhibits visible growth of bacteria. The persistent state is a dormant (metabolically inactive)
state that enables many bacterial species to maintain a subpopulation (about 1/10,000 to
1/1,000,000) of cells in the harsh changes in the environment including antibiotic
treatment7-9.

Bacterial persistence is considered a major contributing factor to chronic bacterial
infections7, 10-12, and has been identified in nearly all major bacterial pathogens10, 13. A
major reason why persister cells are so hard to study is that they are genetically
indiscernible from the vegetative (non-persister) population and not evident with common
clinical tests13, 14. Furthermore, repeated treatment with antibiotics without killing of the
population can have traumatic effects such as increased persistence and resistance levels
in a bacterial population15. Persister cells that survive antibiotic treatment can acquire
antibiotic resistance genes from their neighbors11, 12, or mutate resulting in resistance.

Though our knowledge of the mechanism of persistence is limited, even with over 70
years of research, we do know of a few important components involved. One group of
proteins related to tolerance/persistence I explored specifically during graduate school are
proteases, proteins that degrade other proteins. In addition to proteases, toxin-antitoxin
(TA) systems16-19 are protein networks that have been shown to play a role in the persister
state, and I study them briefly in Chapter 4. Because our understanding of persister and
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tolerant cell is poorly understood and it has been studied using traditional approaches, here
we take a new approach.

1.2. Overview
1.2.1. Escherichia coli
In this work, we used E. coli to study tolerance and persister cells. E. coli cells are
normally rod-shaped, and they are gram-negative facultative bacteria (can grow in aerobic
and anaerobic conditions). E. coli is of particular importance to human and animal health
because they are commonly found in the human and agriculturally important animals such
as cows, sheep, and goats. For human and animal health, most E. coli strains are nonpathogenic; however, some can cause serious diseases such as diarrhea, urinary tract
infections, respiratory illness and pneumonia, and other illnesses20, 21. For example, E. coli
0157 h7 can cause deadly infections leading to kidney failure22. E. coli infections are often
acquired by contaminated foods and water or by touching animals carrying E. coli without
washing hands well. Unfortunately, E. coli infections from feces material23 is still prevalent
around the world due to the lack of sanitary waste removal. In this study, we used a nonpathogenic lab strain of E. coli as a model, and we kill susceptible cells by using antibiotics.

1.2.2. Antibiotics
In this study, we used specific antibiotics to isolate persister cells from non-persister
cells. In the first half of the 19th century, the discovery and production of antibiotics has
been argued as one of medicine’s greatest achievements24. Alexander Fleming discovered
the first antibiotic, penicillin25-27, and in the 1950 to 1960, many new antibiotics were
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discovered; about 50% of the antibiotics that we use today were discovered in this period26,
28

. Antibiotics have been used to control infectious diseases and lower human morbidity

and mortality29. For instance, the average life span in the USA was only 56 years in the
1920s before antibiotics were used, but now the average life span in the USA is nearly 80
years due to in part antibiotic treatment30. During surgery, antibiotics are used as a means
to prevent potential infections. Moreover, antibiotics are particularly important for
immune-compromised individuals to prevent infections, e.g. for patients receiving
chemotherapy treatments, chronic diseases such as diabetes, and many more30.

1.2.3. Mechanisms of antibiotic action against bacterial cells
Most antibiotics target the cellular processes of mRNA translation, RNA transcription,
DNA replication, and cell wall synthesis (Fig. 1.1). Below, I briefly describe the
mechanisms of the antibiotics used in this work: ampicillin (Amp), ciprofloxacin (Cip),
and chloramphenicol were used in tolerance and persistence experiments, while
chloramphenicol and kanamycin (Km) were used to maintain plasmids in E. coli.

5

Fig. 1.1 Targets of common antibiotics used to kill bacteria.
1.2.3.1. A brief description of the antibiotics used in this work:

1.2.3.1.1. Ampicillin (Amp)
The major antibiotics we used to treat E. coli population in this work was Ampicillin
(Amp). Amp, like all β-lactams, interferes with steps in homeostatic cell wall
biosynthesis31. Treatment with a cell wall synthesis inhibitor like Amp first causes a change
in cell form and size, induce cellular stress responses, and then cell lysis31, 32. Many grampositive and some gram-negative pathogenic bacteria can be treated with Amp33. The
amino group in Amp permits it to permeate the external membrane of gram-negative
bacteria, and there it acts as an inhibitor of transpeptidase, which is needed for bacterial
cell wall formation, and leads to cell lysis finally34.
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Amp is used throughout this work to quantify persister and tolerant cell levels, but we
used other classes of antibiotics to be sure that we were not quantifying an Amp-specific
bacterial response.

1.2.3.1.2. Kanamycin (Km)
Kanamycin (Km) is effective in treating many bacterial infections such as tuberculosis35,
36

, and it works against most gram-negative bacteria37. The mechanism of action for Km is

well understood: it leads to bacterial cell death by binding to the bacterial 30S ribosomal
subunit, which causes a misreading of t-RNA, and then the bacteria are incapable of
synthesizing new proteins needed for growth and cell maintenance31.
Here we use a Km selective marker in E. coli to maintain plasmids containing Km
resistance38-40. We introduced synthetic gene constructs using a few plasmids (Table 1.1.).

1.2.3.1.3. Chloramphenicol (Cm)
Chloramphenicol (Cm) is used to treat different infections such as bacterial meningitis,
cholera, typhoid fever, and the plague41. A benefit of Cm is that it is active against both
gram-positive and gram-negative bacteria31. It prevents cell growth by inhibiting protein
translation; it binds the bacterial ribosomes, blocking translation, and thus inhibiting
bacterial growth42. Specifically, Cm targets the 50S subunit of the bacterial ribosome and
then inhibits the translation by interacting with the central loop of the 23S rRNA to blocks
peptidyl transferase activity43, 44. Here we use Cm for tolerance/persistence assays and as a
selective marker to maintain plasmids in E. coli (Table 1.2.3.).
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1.2.3.1.4. Ciprofloxacin (Cip)
Ciprofloxacin (Cip) is a wide-spectrum antibiotic of the fluoroquinolone (contain a
fluorine atom in their chemical structure) class, and it works against both gram-positive
and gram-negative bacteria45. It functions on inhibition topoisomerase (DNA gyrase)
enzymes such as type II topoisomerase and topoisomerase IV46. Cip inhibits the relaxation
of supercoiled DNA and promotes the breakage of double-stranded DNA. As a result of
that Cip will inhibit cell division46. Here we use Cip for tolerance/persistence assays (Table
1.2,3).

Table 1.1 Plasmids used in this work with their antibiotic section’s marker and important
functional units.
Plasmid

Antibiotic

sections Functional units

marker
p24KmNB8347

Km

[Plac/ara promoter cfp T1] [T1] [colE1
origin] [KmR, T0]

p24KmNB8247

Km

[Plac/ara promoter cfp-LAA T0] [T1]
[colE1 origin] [KmR, T0]

p24KmNB7847

Km

[Plac/ara promoter cfp-TS linker-MarAn20
T1] [T1] [colE1 origin] [KmR, T0]

p24KmNB0747

Km

[Plac/ara promoter RepA70-cfp T1]; [colE1
origin] [KmR, T0]
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p24KmAA83

Km

[Plac/ara-1 (A27) promoter cfp T1], [Plac/ara-1
(A27) promoter] [T1 cfp] [colE1 origin]
[T0, KmR]

p24KmAAR

Km

[Plac/ara promoter rpoS T1] [colE1 origin]
[KmR, T0]

p31CmNB0247

Cm

[PLteto-1 promoter yfp T1]; [T1]; [p15A
origin, t0] [CmR]

p31CmNB9547

Cm

[PLteto-1 promoter yfp-LAA T0] [T1]
[p15A origin, t0] [CmR]

Table 1.2 Strains used in this work, their antibiotic section markers, and important
functional units.

Strains

Antibiotic

sections Functional units

marker
DH5alphaZ1

Streptomycin

laciq, PN25-tetR, SpR, deoR, supE44, Delta
(lacZYA-argFV169), Phi80 lacZDeltaM15,
hsdR17(rK- mK+), recA1, endA1, gyrA96, thi1, relA1.

JM109

endA1, recA1, gyrA96, thi,
mk+), relA1, supE44,

Δ

hsdR17

(rk–,

(lac-proAB),

[F´ traD36, proAB, laqIqZΔM15].
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1.2.4. Antibiotics resistance
Antibiotics constituted a great development in saving millions of lives of humans and
animals. However, typically, after two to three years of antibiotic being on the market,
antibiotic-resistant pathogens evolve48. This is a growing problem for human and animal
health (and economically), because very few new antibiotics are being introduced on the
market49.
In a bacterial population, there are two types of bacteria: non-susceptible and
susceptible. Susceptible bacteria are killed by the antibiotic, while non-susceptible bacteria
are not. Non-susceptible bacteria may not contain the target for the antibiotic; for example,
Mycoplasma is not a target of β-lactams such as Amp and penicillin, because these
antibiotics target cell wall formation and mycoplasma is a cell wall-free bacteria50. Some
non-susceptible bacteria are able to avoid the antibiotic by switching to an alternative
mechanism to the target of the antibiotic51. Other non-susceptible bacteria can degrade or
alter the structure of an antibiotic making it less or not effective at all51, 52. Another simple
method the bacteria can use to resist antibiotics is by pumping them outside of the cell
using efflux pumps, resulting in the antibiotic not reaching its target53. There are multiple
mechanisms that bacteria cells use to stop or minimize the efficient of antibiotics, and I am
specifically interested in the mechanisms they use, which does not require acquisition of
new genes or mutation of existing DNA.
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1.2.3.1. Antibiotic resistance mechanisms
Bacteria including E. coli become resistant to antibiotics in two ways: by a genetic
mutation (chromosomal mutations) or acquiring DNA (e.g. horizontal gene transfer
(HGT)) from the environment30, 51, 54.

1.2.4.1.1. Genetic mutations can lead to resistance
Bacteria can become antibiotic-resistant by genetic mutations. Mutations of DNA
underlie the evolution of all life; through natural selection, new DNA sequencings are
selected based on their environment and preexisting DNA. Because pathogenic bacteria
often have short generation times (here we use doubling time as a metric of growth),
mutations can appear quickly; mutations such as those related to antibiotic resistance55.
Mutations that allow for resistance to many antibiotics are well-documented, such as those
for rifampicin, fusidic acid, or streptomycin55.
Bacteria can have multiple mechanisms to survive antibiotic treatment. Some cells will
pump the antibiotic out, while others reduce the permeability of the membrane that
surrounds the cell so that the antibiotic is less likely to enter the cell 51. In both cases, the
antibiotic is still active, and the cell is minimizing the effect of the antibiotic. However, the
negative effect of the antibiotic on the cell can be dissipated by the inactivation of the
antibiotic. Some cells produce enzymes that degrade the antibiotic, while others using
enzymes to modify the antibiotic by adding various chemical groups so that it is no longer
functional56,52,57 (Fig. 1.2).

11

Efflux pumps

Outside pumps

Decreased uptake

Inactivating enzymes

Target alterations

DNA

Fig. 1.2 Antibiotic resistance strategies in bacteria.

1.2.4.1.2. Acquisition of antibiotic resistance gene(s)
Bacteria can become resistant to antibiotics by acquiring antibiotics resistance genes
from their environment without mutations and not through vertical transfer (VT). VT is the
passing of DNA to offspring, while horizontal gene transfer (HGT) is the movement of
DNA from one organism or virus to another. Resistant genes are transferred by the
acquisition of a plasmid, a transposon, a virus, or by transformation (naked DNA
acquisition). Conjugation (often referred to as bacterial mating) of plasmid DNA is a
common method in which antibiotic resistance genes are shared58,51. What adds to the
growing problem of antibiotic-resistant pathogens is that acquisition (or through mutation)
of a resistance gene can lead to resists to more than one of antibiotics23 or increase the
tolerance to other antibiotics.
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1.2.4. Tolerance and persistence.

1.2.4.1. Relationship between resistance and tolerant/persister cells
Tolerance and persistence allow for a greater probability of antibiotic resistance
developing in a population, and I have decided to focus on these topics in my Master’s
program. It is crucial to study tolerance/persistence to fight the growing antibiotic-resistant
problem (Fig. 1.3). One study that investigated the evolution of antibiotic resistance in
bacterial populations undergoing common antibiotic treatments, concluded that antibiotic
tolerance raises over time and precedes antibiotic resistance59. Another study measured the
effect of frequent treatment of a population with antibiotics. They found that frequent
treatments with antibiotics cause the development of populations with higher persistence
and resistance levels13.

Fig. 1.3 When antibiotics are removed before all persister cells are killed, persisters will
repopulate the environment (e.g. human organs or site of infection). The persister
population gives more time for the population to evolve antibiotic resistance through
mutation or acquisition through DNA exchange from the environment13, 59.
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1.2.4.2. Lifestyle of persister
Persister cells participate in the growth of antibiotic resistance. Even though persister
population is a small fraction of the whole population, they are the main reason why nonresistant bacteria survive antibiotic treatment14. Persistence arises from non-inheritance
while antibiotic resistance results from alterations in genetic material. Persisters exist
because of phenotypic diversity that is naturally present in bacterial populations (Fig. 1.4).
Not only do persisters survive antibiotic treatment, but their survival increases the
possibility that antibiotic-resistance genes evolve or are acquired60.
Despite advances in persistence research over the last 70 years, only a few drugs target
persisters (none of which are used regularly for human or animal diseases) We hypothesize
that in order to develop new persister-drugs we need to take new approaches.

1.2.5.2.1. Mechanisms of Persistence
Knowing metabolic mechanisms for persistence will help us to understand and study
persisters. Although persistence was discovered in 1944, the mechanisms by which cells
enter/exit persistence and persister metabolism are poorly understood, and vigorously
debated in the scientific community. Various studies have shown that protein synthesis is
slowed in persisters because of slower rates of both transcription and translation compere
to vegetative (non-persister) cells7. Other metabolic processes such as oxidative
respiration61 and antibiotic efflux62 have been implicated as regulators of persistence, but
this is disputed7, 61-64, and has not been resolved. To complicate matters more, up until very
recently the terms persistence and tolerance defined differently by various groups6. As I
describe below, we use a clear distinct definition for both.
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Fig. 1.4 Persister cells are still alive under environmental stress.

1.2.4.3. Bacterial tolerance
Tolerant cells are a subpopulation that can survive the duration of a transient antibiotic
treatment several times above the minimum inhibitory concentration (MIC) for a shortterm without changes in their DNA7. In other words, an antibiotic tolerant cell is able to
survive during antibiotic treatment without carrying a resistance factor; they can regrow
after removal of the antibiotic.
Both tolerance and persistence increase survival in the presence of an antibiotic. So far,
most studies focus on a qualitative understanding of the molecular mechanisms, and the
persistence and tolerance terms are often interchangeable. However, persistence affects
only a subpopulation of cells for a much longer time than tolerance6 (see Chapter 2, Fig.
2.1). In this study, we study persister/tolerant populations of E. coli bacteria, which make
up a small fraction of the population.
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1.2.6. Methods to study and isolation persister and tolerant subpopulations

1.2.6.1. Traditional persister assays
The most used method to study persister/tolerant cells is the traditional agar plate assay6,
7

. In this method, a bacterial population is treated with an antibiotic to kill susceptible

(vegetative cells, non-persisters) cells, and the antibiotic is removed before the entire
population is killed. The persister/tolerant cells form colonies that can be counted on an
agar plate; the total number of colonies before and after treatment are compared, and the
%survival is then calculated (Fig. 1.5). In this work, we used the traditional persister assays
to study persister/tolerance cells.

Fig. 1.5 Method of persister isolation.

1.2.6.2. Fluorescence Activated Cell Sorting (FACS) of “persisters”
A popular alternative method to isolation “persister” is Fluorescence Activated Cell
Sorting (FACS). Many studies analyzed the fluorescent protein mCherry induction in
persister cells, and displayed no noticeable mCherry fluorescence until the cell came out
from “persistence” (started growing), then allowing transcription/translation to ramp up65,
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and the low protein biosynthesis levels of persisters has been a fundamental principle of
using FACS to sort and separate persisters from the population66. Though FACS is a useful
method to monitor different types of cells, it could be argued that levels of false positive
and false negative persisters could offset the results (thus persisters are in quotes in this
section). Using this method cells are classified as persister only by lowered fluorescence,
which is a disadvantage because there are many conditions that cells may have low
fluorescence proteins like died or dying cells67. Additionally, in this method, they don’t let
the persister cells grow after removal of the antibiotic, which is essential to demonstrate
that cells are definitely persisters66.

1.2.6.3. Microfluidic devices and microscopy are used to measure persister/tolerant
cells.
The third method to study persister cells uses microfluidic devices. Microfluidic
technology in combination with microscopy is an excellent method to measure persistence
and tolerance to antibiotics. Antibiotics can be added to cell populations for a set time, then
removed, and the tolerance and persister cells can be identified. Using the images taken
during such experiments, the lifestyle of cells can be tracked. This includes tracking many
phenotypes (e.g. cell size and shape) and different physical differences (e.g. cell location
in a microenvironment, phase of growth (dividing or not dividing), etc.) The microfluidic
devices allow researchers to mimicking cellular microenvironments like a host and
provides quantitative results at the single-cell level. Microfluidic devices have been used
in persister research, due to the feature of applying single-cell tracking to identify persister
cells in the pretreatment population59, 62, 65, 68.
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We did not use microfluidic devices in the course of my research, but future work related
to my projects are currently being carried out. I did not use them because the fundamentals
of queueing-tolerance was easily determined using the traditional agar plate assays. In
addition, low persister levels can be a challenge to track in bacteria because 1,000s of cells
need to be imaged at a time to identify persisters in a population at 1,000 magnification
(e.g. 1/1,000,000 would require several million cells to be imaged over time).

1.2.7. Bacteria life cycle
Persister/tolerant cell formation is related to the bacteria life. A typical bacteria life cycle
includes different phases: the first phase is lag where bacteria are maturing, they have an
active metabolism, but not dividing; the cellular metabolism is adapting to the new habitat.
When the bacteria population has adapted to their environment, they can enter the second
phase called log or exponential where the bacteria grow and divide, and the doubling of
the population is typically quicker in this phase than any other phase. In addition, the cell
population is more homogenous in log phase than other phases of growth69. Bacteria will
enter stationary phase when the environment is limited by such things as nutrient and space,
or if there is a shift in the environment such as a change in temperature or pH. In late log
or early stationary phase the population of cells is shifting from log to stationary phase
resulting in a more heterogeneous population than log phase. The bacteria become less
metabolically active, and the number of the dividing bacteria is nearly equal to the number
of those dying. The stationary population is heterogeneous70, 71 and this heterogeneity is
directly related to persister formation. After the bacteria stay under extreme stress in the
stationary phase, there is a rapid death of cells (called death phase). The dying bacteria

18
release nutrients into the environment which enable other bacteria to regrowth and stay in
the long-term stationary phase for a long time72 (Fig. 1.6). In this work, we study
persister/tolerance cells in the stationary phase culture of E. coli because many pathogens
are more pathogenic or become pathogenic in stationary phase due to the environmental
conditions14, so the number of the persister/tolerance cells are higher in this phase than in
log phase73. Empirically, it is much easier and more quantitative to study microbes in
stationary phase due to the growth rate more stable in this phase than in the log phase.

Fig. 1.6 Bacteria growth curve consist of lag phase, logarithmic phase, stationary phase,
death phase, long-term stationary phase. In this work, we started with cultures in stationary
phase to normalize the starting cultures and because this is typical in persistence work65.
When treating cultures with antibiotics, we determined that 1/100 dilution in fresh rich
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media allows the population to switch from stationary to log phase in a reasonable amount
of time. This is important because most antibiotics are most effective when cells are
dividing. Due to the slower rate of the growth and division in the stationary bacteria,
treating the cultures with antibiotics like ampicillin will kill the cells that are dividing,
which is a small fraction of the population.

1.2.8. Protease and chaperone
Persister cells are affected by protease activity17, 74. Proteases and their chaperons are
vital elements in the cells. Chaperones are proteins that refold or unfold proteins for
degradation75. They play an important role in the stabilization of unfolded proteins by
preventing them from unspecific binding while they are in the process of folding76.
Misfolded proteins are often unfolded by chaperones and sent to proteases for degradation.
Other proteins are degraded by proteases included proteins that are no longer needed, such
as sigma factors, or proteins only needed for a short time77. Proteases allow for the
recycling of amino acids, which is especially important when nutrients are limited78 (Fig.
1.7). There are more misfolded proteins to degrade in stationary phase than in log phase79;
however, there is less transcription in the stationary phase than in the log phase79. In this
work we study the role of proteases, which have an important role in the population of
tolerance and persister cells.
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Fig. 1.7 Proteases as limited resources.

1.2.8.1. Proteases are used to do this study
The ClpP protease is responsible for at least 70% of protein degradation in E. coli 80.

1.2.8.1.1. ClpXP
ClpXP is a AAA+ protease, consists of two components, ClpX and ClpP. ClpX is a
chaperone, a hexametric ring that recognizes and binds to the degradation tags of proteins
and unfolded the tertiary structure of the peptide tags by using the energy from ATP
hydrolysis. ClpX transfers unfolded proteins to ClpP tetradecamer chamber (proteases)81.

1.2.8.1.2. ClpAP
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The ClpAP protease ATP-dependent and mainly was found to degrade starvation
proteins. ClpAP includes two heterologous proteins ClpA has two ATP binding sites and
stimulates the ATPase activity, and ClpP has the proteolytic active site to degrade the
proteins target for degradation80.

1.2.8.1.3. Lon
Like Clp proteases, Lon is an ATP-dependent protease responsible for the removal of
abnormal and mutant proteins by degrading them. They also target specific proteins such
as short-lived regulatory proteins including some antitoxins82. Lon consists of a AAA+
ring-shape that surrounds the degradation chamber83. The AAA+ ring of the Lon proteases
recognize the abnormal proteins and then translocate the unfolded polypeptide chain into
an internal degradation chamber84.

1.2.9. Synthetic biology
Though there are different definitions of synthetic biology, I classify it as a new and
expanding area of biological research and technology that links science to engineering
using a multiple discipline approach. For diverse applications, synthetic biologists engineer
complex artificial biological systems to investigate natural biological situations or to
produce a product for industrial or medical applications. Synthetic biologists engineer
simple genetic circuits with reduced complexity and increased controllability compared to
natural systems, and when combined with quantitative data, these circuits can be developed
to mimic natural systems85. My definition synthetic biology is multi-discipline made up of
different fields of study such as chemistry, biology, computer science, and engineering.
This cross-disciplinary approach allows us to go from idea to creation quickly, and, in
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general, a higher likelihood of success compared to one perspective. The primary goal of
synthetic biology is to design and build biological systems that give a desired behavior. In
other words, the goal of synthetic biology is to make biology easier to engineer by
designing and building new biological functions and systems not found in nature86. There
are several examples of a redesign of existing, native biological systems for useful purposes
e.g. golden rice, biofuels, and bio-chemicals86, 87.
Synthetic biology utilizes the basics underlying natural systems to build and design
new biological networks, which improves our understanding of natural networks. As
synthetic biology moves forward and the tools for redesigning biological networks
improve, so does our capability to engineer organisms with highly complex behaviors. In
this work, we used a synthetic biology approach to study persister/tolerance cells by
producing fluorescent proteins tagged to the different tags to form a queue at the major
proteases.

1.2.10. Synthetic gene network
The objective of synthetic biology is to re-engineer molecular elements of the cell to
harness the power of biology. There are many important applications of synthetic biology
in biotechnology and medicine88. The goal is to advance our understanding of gene
networks and organisms so that we can one day have the engineering capacity for life as
we have for electrical devices such as digital circuits89.
For nearly 20 years, there have been important activities directed to develop synthetic
gene networks that mimic the working of natural systems. The advancement of synthetic
biology and the quick development of the tools used to redesign biological networks
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continues to improve our qualification to engineer organisms with complicated behaviors
found in natural systems. Diverse architectures have been explored, such as toggle
switches, binary logical circuits, and negative and positive autoregulatory networks90-92.
Recently, synthetic circuits have been developed that are regulated at the transactional and
degradational level by proteases, while most synthetic networks are regulated at the
transcriptional level93, 94.
Through the previous years, there have been various successful efforts on improving a
synthetic oscillatory network controlled at the gene regulation level95. These networks
involved only two or three components, and mathematical modeling was instrumental in
the process of designing and analyzing the network structure and developing the theory
behind the network’s ability to drive periodic behavior. These successes in building
networks capable of complex dynamic behavior validate the synthetic biology approach
and demonstrate the power of computational modeling for understanding and predicting
biological behavior.

1.2.10.1. Basics of synthetic genetic circuits related to this work
In this work, we used simple synthetic genetic circuits to probe persister/tolerant cell
populations. We used plasmids that have a Plac/ara-1 promoter, which is a fusion of the lac
promoter and arabinose (ara-1) promoter96. The LacI repressor inhibits expression by
blocking the operator. The operator is responsible for the transcription of a gene to RNA,
so when the operator blocked by LacI repressor, the proteins will not be produced. The
chemical inducer isopropyl b-D-1-thiogalactopyranoside (IPTG) was used as an inducer
by binding to the LacI protein, and thus removing it from the DNA and allowing for
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transcription. In our experiments, IPTG induced the production fluorescent proteins cyan
fluorescent protein (CFP). To further control this system and produce high level of the
target protein, arabinose is added as an inducer. Arabinose binds to the transcription factor
AraC, and together they induce expression of the cyan fluorescent protein (CFP) gene (Fig.
1.8.A). One benefit of using this system is that LacI blocks the ability of the arabinoseAraC complex to induce expression unless IPTG is added. This gives us excellent control
and tunability of the system.
We used another promoter, PLtet-196, which is repressed by the TetR protein, blocks the
operator. Doxycycline (Dox) is a chemical inducer that binds the TetR repressor, thus
releasing it from the DNA, and allows for expression of the target gene (YFP) (Fig. 1.8.B).

A.
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B.

Fig. 1.8. A. Basic model of the Plac/ara-1 promoter used to control CFP production, and the
B. PLtet-1 promoter used to control YFP production.

1.2.11. Queueing theory
There are powerful theoretical connections between a large class of processing
pathways in biological systems and queueing theory. Queueing theory, the study of waiting
lines (in which one type of customer competes for processing by servers), has traditionally
been applied to systems such as computer networks and call centers97,

98

(Fig. 1.9).
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Queueing theory has newly been applied to biological systems based on computational
models and synthetic biology principles. It was found that traditional queueing regimes
neatly organized the qualitative statistical properties of a system in which one or more
proteins compete for an enzyme99. In the so-called underloaded regime (where enzymatic
processing is able to maintain with the arrival of new proteins), the coupling between
different kinds of proteins was weak. However, different kinds of proteins highly induced
one another by effectively competing for degradation in the overloaded regime (where
enzymatic processing is incapable of maintaining with the inflow of new proteins). The
transition between these regimes takes place at the balance point where there is a strong
statistical phenomenon called correlation resonance, which is a massive correlation
(approaching a correlation equal to one) reliably arising via critical protein competition.
These results were expanded to a substantially wider class of models that included large
processing networks100, and later it was explained that these results were not sensitive to
diverse competing enzymes (e.g. proteases) in the cell98.
In this work, we synthetically induce the expression of fluorescent proteins linked to
various tags to study the effect of proteolytic queueing on persistence and tolerance
population at different proteases.
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Fig. 1.9 Queueing theory, the study of the waiting lines. The difference between the amount
of time when there are multiple services and waiting line and when there are only one
service and long waiting line.

1.2.12. Toxin-antitoxin (TA) systems
Persisters survive antibiotic treatment because of reduced metabolic activity compared
to susceptible cells; particularly slower protein biosynthesis presumably caused by toxins
in toxin-antitoxin (TA) systems; high concentrations of a toxin in the absence of its cognate
antitoxin slows translation and increases persistence101. TA systems are genetic systems
consisting of a toxin and an antitoxin. The toxin is a protein, while the antitoxin is either a
small RNA or a proteins102. Natural networks of TA systems consist of several low copy
number genes that may interact to gate and otherwise regulate persistence.
TA systems have been introduced into eukaryotic cells (normally do not contain TA
systems), and the toxin caused slowed growth well the antitoxin neutralized the toxin
(normal growth)103. While TA systems have primarily been studied as a way to trigger
persistence in bacteria, they have also been used to genetically engineer yeast, human cell
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lines, and other eukaryotic cells for various studies, including antiviral applications103. In
Chapter 4, we analyzed 16 type II TA systems at the transcriptional level.

1.2.13. The role of proteases in persister
Many studies have shown that proteases, such as Lon and ClpP, have an important role
in persistence16, 17. Traditional methods of studying proteases and their effects depend on
gene knockouts and overexpression; those methods can harmfully affect cell physiology
and slow growth109-110. For example, clpP knockouts have growth defects80, 104, while a
drug that targets persisters (ADEP4), activates the protease ClpP and lowers persister
levels105.
Researchers who used traditional methods in studying persistence has shown that
protease activity influences persister levels17, 74, 105, 106. One hypothesis in this area is the
degradation of antitoxins by proteases (e.g. ClpXP) results in a cumulation of toxins
stochastically so that a small number of cells switch into and the persistence state106.
However, the latest results question this hypothesis and the role of TA systems in
persistence remains controversial107, 108. This hypothesis is mostly relying on the fact that
antitoxins are more labile than their cognate toxins16, 108. Because of that, free toxins are
present when the amount of antitoxin is lower than the amount of toxin. When toxins are
at a higher level than antitoxins the resulting free toxin activity triggers persistence109, 110.
Proteases have a main role in this process because antitoxins are degraded faster than
toxins, which leads to an excitable system111 (Fig. 1.10). However, the network structure
of TA systems means that individual systems are integrated with the larger system; at the
proteolytic level, TA proteins from multiple different TA systems are degraded by the same
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protease16 (Table 1.3). Moreover, proteases supply an important level of protein regulation
over the cell, and the role of proteolytic regulation in persistence worth further study. In
this work, we study the effect of ClpXP, Lon, ClpAP proteases on the survival of cells, and
quantify tolerant and persister cells.

Fig. 1.10 Toxin-antitoxin (TA) systems. Antitoxins are degraded by proteases at a faster
rate than toxin. So, when the number of toxins are higher than antitoxins the persister cell
number increases.

Table 1.3 Protein degradation tags47 targeted to proteases known to degrade TA system
proteins (antitoxins) found in E. coli16. Note that degradation by different proteases may
occur under different conditions (e.g. MazE is only known to be degraded by Lon during
amino acid stress16, 112). Protease: Primary protease target.
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Proteas Tag

Tag description

TA systems (A/T)
YefM/YoeB, DinJ/YafQ,
RelB/RelE, MazE/MazF,

Lon

MarAn20 N terminus region of MarA
HigA/HigB, HipB/HipA,
MqsA/MqsR, HicB/HicA
Target for cellular ATP-dependent

ClpXP

LAA

DinJ/YafQ, MqsA/MqsR
proteases

ClpAP

RepA70

C terminus region of RepA

MazE/MazF

1.3. The objective of this study
The purpose of this study, using a synthetic biology approach and queueing theory of
proteases, was to examine the effect of overloading proteases (i.e. slowing protein
degradation) on cell survival during antibiotic treatment. We focused on proteolytic
queueing because it does not measurably affect growth rate47, 97, 98, 113, and does not disrupt
protein networks dependent on these proteases. While the traditional method of knockouts
and overexpression affects growth (thus persistence), and disrupts cellular networks, which
could affect persistence.
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Chapter 2
Proteolytic queues at ClpXP increase antibiotic tolerance
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2.1. Introduction
The discovery of penicillin in the 1920s led to a new age of human and animal medicine
as many antibiotics were quickly identified and developed, but the subsequent explosion
of antibiotic treatments and applications has simultaneously driven microbial evolution and
the development of widespread resistance48, 114. Cell survival of antibiotic treatment due to
antibiotic tolerance and persistence11,

115

is a significant contributing factor to the

abundance of antibiotic-resistant microorganisms. Persistence is a physiological state that
enables cells to survive antibiotic treatment via temporary changes in phenotype, such as
slowed growth and biosynthesis, rather than genotype (e.g. antibiotic resistance)116.
Although persistence has been studied for over 70 years, there has been a lack of specificity
in the literature between antibiotic tolerance and persistence63, 116. Recently, a consensus
statement that was released after a discussion panel with 121 researchers defined antibiotic
persistence as a tolerant subpopulation of cells that result in a distinct phase of population
decay116. We use population decay to differentiate between tolerance and persistence in
this work (Fig. 2.1).
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Fig. 2.1 Examples of population decay in typical (black), high persistence (blue) and high
tolerance (red) populations. A shift in tolerance can be distinguished from a change in the
number of persisters. For example, a high persistence population can initially have the same
decay rate as a typical population but have higher survival because of more persisters
(dotted blue line). A high tolerance population can have the same persister level as a typical
population but have a shift in the initial decay rate (dotted red line). b. A simple model of
proteolytic queueing. When native proteins have low competition for the protease, there is
no queue. Induction of synthetic tagged proteins competes with the native proteins for the
protease and overloads the protease, which results in a proteolytic queue (bottleneck).
The widespread nature of persistence suggests that similar mechanisms exist to trigger
the persistent state in prokaryotes. These mechanisms include many common systems, e.g.
toxin-antitoxin (TA) systems and proteases. Although the precise role of TA systems in
persistence is unclear, toxins in TA systems can trigger persistence when at a higher level
than their cognate antitoxin109, 110, 117. Within the cell, the ratio of toxin to antitoxin is
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regulated during protein production118-120 and through degradation by proteases16,

121

.

Proteases, such as Lon and ClpP, are largely responsible for protein degradation and cell
maintenance77, 122. They provide an essential level of protein regulation throughout the cell,
including degradation of RpoS (a transcription factor that responds to stress)123 and tagged
polypeptides (incomplete proteins) synthesized by stalled ribosomes that have been
rescued by the trans-translation system124. In E. coli, ssrA (tmRNA) and smpB are the
primary genes responsible for trans-translation, a cellular mechanism for recovering stalled
ribosomes. A tmRNA molecule acts as a tRNA by binding to the A-site of a stalled
ribosome. The ribosome is then transferred to translate the protein-coding region of the
tmRNA, which adds an amino acid tag to target the polypeptide for degradation by
ClpXP124. While ssrA is not essential in E. coli, ssrA knockouts cause growth defects,
increase susceptibility to certain antibiotics125, and affect persistence18, 126. Proteases and
related chaperones are also consistently identified as persister related genes in gene
knockout experiments17,
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and transcriptome analysis128. Indeed, a drug that targets

persisters, acyldepsipeptide (ADEP4), activates the protease ClpP and lowers persister
levels105. While most published articles focus on methods that reduce persister levels,
conditions that increase their levels are integral to understanding the causative mechanisms
of action and developing new drugs. As many persister studies incidentally examine
antibiotic tolerance63, 116, it follows that some of the above mechanisms may play a role in
antibiotic tolerance.
Synthetic biology takes advantage of these mechanisms to develop new cellular circuits.
For example, synthetic oscillators require rapid degradation of proteins, which is
accomplished using the ssrA degradation tag97, 129, 130; the ssrA degradation tag is the amino
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acid sequence, AANDENYALAA124, which we abbreviate to LAA throughout. Previous
work establishes that multiple circuits can be coordinated by overproduction of a common
degradation tag to target proteins to a protease98, 113. When a protease is overloaded, protein
species compete for degradation; the enzyme is unable to keep up with the influx of new
proteins99. This phenomenon can be explained by queueing theory, in which one type of
customer competes for processing by servers, which has traditionally been applied to
systems such as computer networks and call centers. Limited processing resources in a cell
(e.g. proteases) cause biological queues47, 97 (Fig. 1b). The queueing effect at the protease
ClpXP is essential in allowing for oscillation of the highly used synthetic oscillator (often
called Stricker oscillator or dual-feedback oscillator)130, 131. Variations of this oscillator
have been used in different strains of E. coli98, 113, 130, 132, and in Salmonella typhimurium133,
demonstrating that the queueing at ClpXP is not specific to one strain or species. The
coupling of otherwise independent synthetic systems via proteolytic queueing
demonstrates that queueing affects protein degradation and thus provides a tunable method
of studying proteolytic degradation with little effect on cell growth47, 97, 98, 113 compared to
gene knockouts and overexpression of proteases77, 80, 134.
We set out to test the hypothesis that proteolytic queueing at the ClpXP complex effects
survival of E. coli during antibiotic treatment. Previous studies have used knockout mutants
to affect protease activity in E. coli, but these studies yielded mixed results17, 66, 126, 135. The
variability between results of knockout mutations could be due to differences in growth
rates, which would modulate antibiotic efficacy. Proteolytic queueing is preferred over
protease knockouts when probing antibiotic efficacy because protease knockouts often
result in growth defects77,

134

, but proteolytic queueing does not noticeably affect cell
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growth or death47, 97, 98, 113, even in stationary phase (Fig. 2.2). Our results show that during
antibiotic treatment, degradation plays a role in cell survival and the effect is tunable using
queue formation. Proteolytic queueing at ClpXP increases antibiotic survival and analysis
of population decay with and without a queue demonstrates that queueing specifically
increases antibiotic tolerance. We hypothesize that the queue is affecting the degradation
of one or many regulatory molecules within the cell that cause downstream effects and
enhance antibiotic tolerance. These results demonstrate that proteolytic queueing provides
a new method to probe antibiotic tolerance and persistence.

Fig. 2.2 Induction of untagged CFP and CFP-LAA tag has no apparent affect growth
in MMB+ media. Colony-forming unit (CFU/ml) of induced and uninduced cultures over
48 hours. n≥3. Error bars represent the standard deviation. Y-axis is in logarithmic scale.

36
2.2. Proteolytic queueing affects tolerance
2.2.1. Proteolytic queueing affects tolerance
At the beginning, we were working in the exponential phase, but we got confusing
results due to the variables in the growth rate bacteria in this phase, so we moved to the
stationary phase in order to get clear results. Cultures were grown to stationary phase and
incubated for 24 hours prior to dilution into fresh media containing ampicillin to quantify
persistence (see Methods). A proteolytic queue was induced via the production of a ssrA
tagged fluorescent protein, CFP-LAA, expressed under an IPTG inducible promoter,
Plac/ara-1. No apparent change in growth was observed by induction (Fig. 2.2) as reported
previously98, 113. The effects of queue formation on antibiotic survival are shown as the
percentage of the population that survived ampicillin treatment (Fig. 2.3). When CFP alone
(the no degradation tag control) was overexpressed during ampicillin treatment, there was
no significant effect on persister levels (p > 0.2, Fig. 2.3a). Queue formation
(overexpression of CFP-LAA) during ampicillin treatment led to a 25-fold increase in
survival after three hours in a concentration-dependent manner (Fig. 2.3b; p<0.0001, n ≥
12).
When a queue was induced for 24 hours prior to ampicillin treatment the surviving
population at three hours was over 80-fold higher than the uninduced population, only if
induction was maintained during ampicillin treatment. However, if the inducer was
removed during ampicillin treatment, the initial 24 hours of queueing had a minimal effect
on survival at three hours (p>0.01, Fig. 2.3c). These results indicate that survival was
affected by queue formation rather than CFP itself, and that the size of the queue (level and
length of induction) determines the size of the effect. To confirm that these results are due
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to induction during antibiotic treatment, we waited one hour into ampicillin treatment
before inducing expression of the fluorescent protein. As we previously observed,
induction of untagged CFP had no apparent effect on persister levels (Fig. 2.3d), while
quantification of fluorescence after ampicillin treatment confirmed that CFP was produced
(Fig. 2.3e). Overexpression of CFP-LAA for two hours of ampicillin treatment still
increased cell survival compared to the uninduced and untagged CFP populations (Fig.
2.3d). We did further testing to confirm this effect is not specific to glycerol as a carbon
source or ampicillin as the antibiotic. When glucose was the carbon source rather than
glycerol, survival still increased due to CFP-LAA induction (Fig. 2.3f), which
demonstrates that the effect is not directly related to the carbon source. We then tested the
effects of queueing against the antibiotic ciprofloxacin, because ciprofloxacin targets DNA
gyrase136 while ampicillin targets the cell wall31. CFP alone caused a slight increase in
survival (Fig. 2.4a), however the CFP-LAA tag leads to a 60-fold increase in survival (Fig.
2.4b).

2.2.2. Chloramphenicol inhibits the synthetic queue
Neither ampicillin nor ciprofloxacin directly affect production of the fluorescent protein
(i.e. target transcription or translation) and thus should not prevent queue formation. On
the other hand, an antibiotic that affects protein production should prevent queue
formation, and therefore CFP-LAA induction would not affect survival in the presence of
such an antibiotic. We found this to be the case when testing the effects of queueing on the
survival of cells treated with chloramphenicol. Chloramphenicol is an antibiotic that
inhibits protein translation by binding to bacterial ribosomes and inhibiting protein
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synthesis, thereby inhibiting bacterial growth42. Induction of CFP-LAA does not increase
survival of antibiotic treatment. when treated with chloramphenicol alone (Fig. 2.5), but
chloramphenicol is not bactericidal, so we co-treated cultures with both ampicillin and
chloramphenicol. The overall percent survival with chloramphenicol is much higher than
with ampicillin alone, which is consistent with the literature137. As expected, co-treatment
with ampicillin and chloramphenicol had no apparent effect on cell survival, supporting
that even when CFP-LAA was induced the queue could not form if translation was blocked
(Fig. 2.3c).
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Fig. 2.3 Proteolytic queueing affects survival of cells treated with the antibiotic
ampicillin. a. Induction of untagged CFP during antibiotic treatment has no significant
effect on survival (p>0.2). b. Induction of CFP-LAA during antibiotic treatment causes an
increase in persistence. c. CFP-LAA was induced (+) with 100 µM of IPTG or not induced
(-). Induction before ampicillin lasted 24 h in stationary phase prior to antibiotic treatment.
Queueing only affects survival if the queue is maintained during ampicillin treatment. d-e.
Expression of CFP or CFP-LAA was induced with IPTG one hour into the three-hour
antibiotic treatment. Induction of CFP alone (no queue) had no significant effects on
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survival. Induction of CFP-LAA increased survival (d). Population fluorescence was
measured for untagged CFP after antibiotic treatment, demonstrating that CFP is being
produced via induction (e). f. Induction of CFP-LAA during antibiotic treatment causes an
increase in persistence with glucose as a carbon source rather than glycerol, demonstrating
that it is not a solely a specific carbon source.

Fig. 2.4 Proteolytic queueing effects in the presence of ciprofloxacin and
chloramphenicol. a. Induction of untagged CFP during ciprofloxacin treatment increases
survival less than 4-fold. b. Induction of CFP-LAA during ciprofloxacin treatment
increases survival over 50-fold. c. Induction of CFP-LAA during ampicillin and
chloramphenicol treatment has no apparent effect on persistence (p>0.7). X-axis labels
correspond to Fig. 2. Error bars represent SEM. n≥3. *p<0.05. **p<0.01.
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Fig. 2.5 Induction of CFP-LAA does not increase survival of chloramphenicol.
Cultures were treated with chloramphenicol, an antibiotic that inhibits translation, after a
1/10 dilution into fresh media from stationary phase. Induction of CFP-LAA via IPTG had
no significant change in persistence compared to the uninduced cultures (p>0.7; n ≥ 3).
Note that the % survival with chloramphenicol is much higher than ampicillin (alone),
which is consistent with the literature137. Error bars represent SEM.

2.2.3. Proteolytic queueing affects population decay
To gain further insight into the relationship between proteolytic queueing, tolerance and
persistence, we measured how a proteolytic queue affects population decay by measuring
survival for up to 8 hours of ampicillin treatment. Our results show a typical biphasic curve
indicative of persister cells in the uninduced population. When the population is induced
24 hours prior to and during antibiotic treatment this curve shifts as the rate of population
decay slows compared to uninduced cultures. The addition of the inducer exclusively

42
during antibiotic treatment takes a similar effect between two and three hours into
treatment. If the queue is induced 24 hours prior to antibiotic treatment, but the queue is
not maintained (i.e. the inducer is removed during antibiotic treatment) the effect of the
queue dissipates between one to two hours. There is no apparent difference between
induced and uninduced cultures after 8 hours, which suggests there is little to no effect on
persistence (Fig. 2.6a).

2.2.4. Computational modeling supports queueing-tolerance
Based on the in vivo results, we considered a computational model of population decay
during antibiotic treatment modified from Kussel et al.138. In our model, the persister
population (P) has a lower death rate than the susceptible population (N), where the death
rates are represented by µp and µn respectively. We estimated µp and µn based on the
experimentally determined decay rate of the uninduced population before and after two
hours and set the initial persister population to 0.2% of the total population (Fig. 2.6b).
Normal (susceptible) cells enter persistence at rate α, and persister cells return to the normal
state at rate β. The rates α and β were set relative to µn based on the relationship between
these values in Kussel et al138. Our base model closely resembles population decay as
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measured in experimental tests. We use the model to determine whether the increase in
overall population survival due to queue formation can be attributed to an increased rate of
entering persistence (α) or increased
tolerance

(i.e.

decreased

µn).

Exploration of these parameters using
stochastic simulations shows that
increasing the rate at which normal
cells become persisters (α) shortens
the first phase of population decay and
increases the number of persisters
(Fig. 2.6c). Decreasing the rate of
normal cell death (µn) lengthens the
first phase of population decay but has
little to no effect on the number of
persisters (Fig. 4d)

Fig. 2.6 Time of queue formation
influences survival. a. Stationary
phase cells were diluted 1/100 into
fresh media containing ampicillin (100
µg/ml) and sampled every hour for 8 h
(n ≥ 3). Symbols (-/+) correspond to
Fig. 2c. Error bars represent SEM.
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Asterisks indicate p-value (compared to no induction (black)) *p<0.05, **p<0.01,
***p<0.001, ****p<0.0001. There is 100% survival at time zero, because percent survival
is determined based on the surviving CFU/ml compared to the CFU/ml at time zero. b-d.
Stochastic model of population decay with antibiotic treatment. b. Reactions for the model
(left) and baseline rates used for the simulations (right) unless stated otherwise (red lines
below). Normal cell division (ω) was set to zero as dividing cells die during ampicillin
treatment. c. Increasing the rate of entering persistence (α) increases cell number during
the second phase of population decay. d. Decreasing the rate of normal cell death (µn)
causes the first phase of population decay to lengthen.

2.3. Discussion
Proteolytic queueing is an integral component of native systems that has great potential
for applications outside of synthetic biology. Here we show that queueing provides a
tunable method to interfere with protease degradation and affect antibiotic tolerance.
Increasing antibiotic tolerance in response to queueing was independent of the carbon
source (glycerol or glucose) and antibiotic class (β-lactam or fluoroquinolone). When we
prevented queue formation using chloramphenicol, adding IPTG did not affect survival of
ampicillin. While CFP production alone slightly increased survival for ciprofloxacin, we
suspect that high production of CFP with no apparent method of removal (besides cell
division; minimal degradation) causes cell stress and affects survival, especially since high
levels of fluorescent proteins can cause oxidative stress139, 140, which is known to increase
persistence141-143. However, because CFP-LAA is removed via degradation (indicated by
lower fluorescence than CFP-untagged), the effects seen via overexpression of CFP should
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be less prominent during CFP-LAA overexpression. The results we describe here would
not have been identified in a clpP knockout, because clpP knockouts have growth defects80
and any increase in tolerance would have been difficult to differentiate from this effect.
In some cases, the change in survival at three hours might be interpreted as a change in
persistence; however, the shift in decay rates (as described in Fig. 1a) clearly demonstrates
that queueing increases antibiotic tolerance rather than persistence. Furthermore, the
effects caused by adding or removing the inducer during antibiotic treatment suggest that
the change in antibiotic tolerance is due to an active response to the queue, which must be
maintained to affect survival. Although persistence does not appear to be affected by the
proteolytic queue at ClpXP, further overloading ClpXP is possible. Alternatively, the
synthetic queue may not form in persister cells due to slowed translation and transcription.
Our model supports that antibiotic tolerance is being affected rather than persistence, as
altering survival of the ‘normal’ population more closely resembles the effects of
proteolytic queueing than altering the rate of switching into persistence.
Queueing at ClpXP is likely affecting the proteome of the cell, either directly or
indirectly, and pleiotropic effects on protein content and gene regulation could be limiting
antibiotic efficacy. We suspect that queue formation increases the intracellular
concentration of one or multiple protein species causing a regulatory cascade. When
considering proteins both degraded by ClpXP and related to persistence, TA systems are
unlikely to be the causative factor, because decreasing degradation should increase
antitoxin levels and decrease survival rather than increase survival as we observe.
Regulatory proteins are possible candidates for the causative factor in queueing effects on
tolerance. Increased concentrations of these regulatory proteins due to slowed degradation
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could be causing downstream effects that lead to increased tolerance. In a similar vein,
computational modeling has shown that altering degradation of MarA (a regulatory protein
related to antibiotic tolerance) leads to increased coordination of downstream genes144.
Such proteins include RpoS and DksA (both degraded by ClpXP), which have been
implicated in persistence126, 143, 145 and may be involved in tolerance. These and other
regulatory proteins could be the cause of queueing-tolerance, as well as a yet unidentified
protein(s).
We have tested the effect of RpoS protein under the same conditions as proteolytic
queueing to see if we could replicate the phenotype by overexpression of RpoS. Our results
show that RpoS protein is not responsible for an increase in the number of tolerant cells
(Fig. 2.7).
The increase in antibiotic tolerance due to queue formation at ClpXP may be specific to
overexpression of the LAA-tag, especially when considering that the number of LAA
tagged proteins naturally increases during stress. The number of proteins with LAA tags
increase during heat shock146, and queue formation at the proteases is likely a consequence
of the increasing cellular traffic. If the native LAA tag is removed from SsrA while
maintaining the ribosome rescue function, the survival of ampicillin treatment decreases in
E. coli126. As the LAA tag could be a measurement of environmental stress, cells may have
evolved to increase tolerance in response to increased queueing via LAA. Since ribosome
rescue and proteolytic queueing are common across species, stress signaling via proteolytic
queueing could be a general mechanism to regulate survival related genes. Identifying the
key regulatory proteins in bacterial tolerance then understanding how these proteins
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interact are of great interest because they provide potential targets for killing bacterial
pathogens, and proteolytic queues are a new method to explore these regulatory elements.
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Fig. 2.7. A. p24kmAAR plasmid has RpoS gene under Plac/ara-1 promoter. B. Induction of
RpoS proteins during ampicillin treatment with glycerol as a carbon source (p<0.05). C.
Induction of RpoS proteins during ampicillin treatment with glucose as sole a carbon
source. Error bars represent SEM. n ≥ 3.

2.4. Materials and Methods
2.4.1. Strains and Plasmids
All strains are derived from E. coli DH5αZ1, and contain plasmids with the synthetic
circuits, p24KmNB82 (CFP-LAA) and p24KmNB83 (untagged CFP) as described in
REF47 (Fig. 2.8). DH5αZ1 was derived from E. coli K12 (arguably the most studied
bacteria strain147), it is used by many in synthetic biology and outside the field148-152, this
strain has previously been used to study persistence/tolerance or mechanisms related to
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them (e.g. toxin-antitoxin systems)65, 153, 154, and our previous queueing experiments used
these derivitives47.
The cultures were grown in modified MMA media155, which we will refer to as MMB.
MMB media consists of the following: K2HPO4 (10.5 mg/ml), KH2PO4 (4.5 mg/ml),
(NH4)2SO4 (2.0 mg/ml), C6H5Na3O7 (0.5 mg/ml) and NaCl (1.0 mg/ml). Additionally,
MMB+ consists of MMB and the following: 2 mM MgSO4 x 7H2O, 100 µM CaCl2,
thiamine (10 µg/ml), 0.5% glycerol and amino acids (40 µg/ml). Cultures grown on glucose
as the carbon source included 0.5% glucose instead of glycerol. Strains containing the
plasmid p24Km and derivatives were grown in MMB+ kanamycin (Km, 25 µg/ml) or on
Miller’s Lysogeny broth (LB) agar plates + Km (25 µg/ml). All cultures were incubated at
37ºC and broth cultures were shaken at 250 rpm.

A.
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Fig. 2.8. A. cfp-tagged to LAA under Plac/ara-1 promoter in the synthetic genetic circuit. B.
cfp alone cloned in the plasmid p24KmNB83 components47.

2.4.2. Quantification of persistence
Persisters were quantified by comparing colony-forming units per milliliter (CFU/ml)
before antibiotic treatment to CFU/ml after antibiotic treatment. The procedure for
quantifying persister levels is based on previous research12,

65, 156

(Fig. 2.9). Briefly,

overnight cultures were diluted 1/100 into fresh media and grown until they reach between
OD600 0.2-0.3. A reduced volume of culture (20 ml) was aliquoted into a 125 ml flask and
grown for 16 hours to enter stationary phase. Once in stationary phase, cultures were
divided into two flasks with 0.2% arabinose, one flask of each replicate was also treated
with 100 nM IPTG to induce expression under Plac/ara-1. Arabinose was added to both
induced and uninduced cultures to maintain consistency (Fig. 2.10). All flasks were
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incubated for 24 hours before taking samples for plating and antibiotic treatment; cells
were diluted 1/10065, 156 into glass tubes, treated with 10X the MIC of ampicillin (100
µg/ml) (Fig. 2.11) or 100X MIC of ciprofloxacin (1 µg/ml) at 37°C and shaken at 250 rpm
for select time periods, 3 hours unless otherwise stated. Ampicillin solutions were stored
at -80°C and only thawed once to reduce variability125, 157. When indicated, samples were
treated with chloramphenicol (5 µg/ml); cultures treated with chloramphenicol alone were
diluted 1/10. Samples for quantification of CFU/ml were kept on ice and diluted using cold
MMB before plating on LB/Km (25 µg/ml) agar plates. Cultures treated with ciprofloxacin
were centrifuged at 16,000 x g for 3 minutes then washed with cold MMB to dilute
ciprofloxacin before taking samples for quantification. LB agar plates were incubated at
37ºC for 40-48 hours, then scanned using a flatbed scanner59, 158. Custom scripts were used
to identify and count bacterial colonies159 then calculate CFU/ml and persister frequency.
Colonies were tested periodically for resistance, and we found no resistance in >350
colonies tested (Fig. 2.12).
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A
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B.

Fig. 2.9. A. Persister essay flow chart. See Methods for details. B. Pictures from the lab
while I was doing persister assay and scanning the plates to use Fiji ImageJ program to
count the colonies.
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Fig. 2.10 The addition of arabinose had no apparent effect on the tolerance/persister
level during ampicillin treatment. Both IPTG and arabinose are inducers for CFP
untagged and CFP-LAA tagged proteins. IPTG induces expression, arabinose alone does
not induce expression, but arabinose can enhance expression when used in combination
with IPTG. The effect of adding arabinose (0.2%) on tolerance/persistence to ampicillin
was tested with CFP-LAA. Adding arabinose does not have a significant effect on survival
of cells after 3 hours of ampicillin treatment (p>0.3). Error bars represent SEM. n ≥ 3.
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Fig. 2.11 Determination of Minimal Inhibitory Concentration (MIC) for ampicillin.
Exponential phase cultures were treated with different concentrations of ampicillin. The
MIC was determined to be 10 µg/ml (p <0.03 compared to zero). Error bars represent the
standard deviation.

Fig. 2.12 Testing the ampicillin resistance.
Testing colonies for resistance, we found no resistance in 380 colonies tested.
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2.4.3. Quantification of CFP
Cells were grown and treated with ampicillin as described in quantification of
persistence above. After antibiotic treatment, 300 µl of cell culture was added to individual
wells in a 96-Well Optical-Bottom Plate with Polymer Base (ThermoFisher) for
fluorescence measurement using FLUOstar Omega microplate reader. The excitation and
emission (Ex/Em) used for CFP measurement was 440/480. Readings were measured after
four minutes of shaking to decrease variability between wells. Background fluorescence
(mean fluorescence of MMB media) was subtracted from the raw reads. Fluorescence
values were normalized by CFUs as determined by quantification of persistence, which
was carried out simultaneously. Mean and SEM for fluorescence was determined across
four biological replicates and three technical replicates.

2.4.4. Computational modeling
Our model is modified from Kussel et al.138 where P is the persister population and N
is the susceptible population (Fig. 4b). Initial species counts P and N were set to 99800 and
200 respectively for all simulations, which we based on the percent survival of uninduced
cultures. The death rate of N (µn) and P (µp) and the rate of entering (α) and exiting (β)
persistence were set as shown in Fig. 4b unless otherwise stated. The rate of susceptible
cell division (ω) was set to zero, as normal cells cannot divide without lysis during
ampicillin treatment68. All simulations were performed using a custom implementation of
the Gillespie algorithm160 in Python leveraging optimizations made possible by the Cython
library161. Libraries from the SciPy stack162 were used for analysis.
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2.4.5. Statistics
All data is presented as mean ± SD or SEM of at least 3 biological replicates as
appropriate163. Statistical significance for populations with the same number of replicates
(n) was determined using one-way f-test to determine variance (p<0.001 was considered to
have significant variance) followed by a Student’s t-test (no variance) or a Welch’s t-test
(significant variance). Populations with different n values were compared using a Welch’s
t-test. All statistical tests were run in Python using libraries from SciPy on groups with at
least three biological replicates.

2.4.6. Data availability
The data that supports the findings of this study are available from the corresponding author
upon reasonable request.

2.4.7. Code availability
Code used for model simulations is available on GitHub at
https://github.com/ctogle/mini_gillespiem. Code used for colony counting is available on
GitHub at https://github.com/hdeter/CountColonies.
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2.5. Data not included in the manuscript

1.00E+10
1.00E+09
1.00E+08

CFU/ml

1.00E+07
1.00E+06
1.00E+05
1.00E+04
1.00E+03
1.00E+02
1.00E+01
1.00E+00
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

Time (h)

Fig. 2.13 Death curve for E. coli treated with ciprofloxacin. Y-axis: colony forming
units (CFU/ml). X-axis: time from 0 to 4 hours. Error bars represent the standard
deviation. N=3.
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Fig. 2.14 Number of the survival cells under treatment with ciprofloxacin for 4 hours.
Error bars represent the standard deviation. N=3.
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Chapter 3
The effect of proteolytic queuing at Lon and ClpAP proteases and using highly
expressed tagged proteins on the tolerance/persistence
3.1. Introduction
Persistence is a rare phenotypic switch that allows bacteria to be resilient against several
factors, including antibiotics138. Antibiotic tolerance is a widespread phenomenon that
enables cells to survive treatment without carrying a resistance gene164. This phenomenon
makes antibiotic treatments less effective and increases antibiotic resistance 164. Persistence
is affected by multiple systems, such as toxin-antitoxin165 (TA) and proteases activity16.
Proteolytic degradation is a crucial cellular process for recycling proteins and
coordinating cellular activity. The traditional method of studying persistence and tolerance
was to construct gene knockout or overexpression strains; however, these methods can
result in harmful effects on the cell physiology and slow growth77, 134. Proteolytic queueing
provides a new tool to affect proteolytic activity and probe natural systems without
significantly growth rate47, 97, 98, 113.
In the previous chapter, we explored the role of proteases in antibiotic tolerance, shortterm population survival of antibiotics, using queueing theory (i.e. the study of waiting
lines) by using a synthetic system. The queue was formed by overproducing CFP-LAA
which overloaded ClpXP proteases. The results demonstrated that overloading the ClpXP
protease by CFP-LAA during treatment with ampicillin and ciprofloxacin results in an
increase in antibiotic tolerance 80- to 60-fold, respectively, in an E. coli population. This
tolerance-queueing effect was observed with two different types of antibiotics and carbon
sources, and different times of induction of the queue.
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In this chapter, the effect of queueing on tolerance or persistence at the other two major
proteases, ClpAP and Lon, is tested. We synthetically caused a proteolytic queue by
inducing expression of fluorescent proteins linked to RepA70 (tag RepA70, derived from
a linker and a truncated version of the protein RepA166) and MarAn20 (MarA is degraded
by Lon167 and 20 amino acids from the N-terminal of MarA47 was used to engineer the
MarAn20 tag) at the medium level to examine the effect of proteases activity on the
tolerance and persister population.
Previous work established that strong proteolytic queueing was formed when the
expression of LAA was at medium and high-levels47 (Fig. 3.1). However, previous work
showed that a strong proteolytic queue formed when using RepA70 and MarAn20 tagged
proteins only when these proteins were produced at high levels (not medium levels like
LAA tagged proteins)47. I first tested the effect of proteolytic queueing on persistence and
tolerance by overproducing LAA, RepA70, and MarAn20 tagged proteins a medium levels
(Table 3.1).

Fig. 3.1 Schematic diagram of proteolytic queuing at ClpXP induced by LAA tagged
fluorescent proteins (YFP-LAA and CFP-LAA). During low production of LAA tagged

62
proteins, no queue forms (underloaded). During higher production of LAA tagged protein,
queues forms (overloaded)47.
Table 3.1 Degradation tags and protease primarily responsible for their degradation47.
Tags

Major Proteases

Minor Proteases

LAA

ClpXP

ClpAP, Lon

MraAn20

Lon

No

RepA70

ClpAP

ClpXP

3.2. Materials and Methods.
3.2.1. Strains and Plasmids
All strains are derived from E. coli DH5αZ1, and contain plasmids with the synthetic
circuits, p24KmNB78 (CFP-marAn20), p24KmNB07 (CFP-RepA70), p24KmNB83
(untagged CFP), p24KmNB82 (CFP-LAA), p31CmNB02 (untagged YFP), and
p31CmNB95 (YFP-LAA) as defined in REF47. The cultures were grown in modified MMA
media155, which we referred to as MMB (see Chapter 2 Methods). Strains including the
plasmid p24Km and derivatives were grown in MMB+ kanamycin (Km, 25 µg/ml) or on
Miller’s Lysogeny broth (LB) agar plates + Km (25 µg/ml). Strains including the plasmid
p31Cm and derivatives were grown in MMB+ chloramphenicol (10 µg/ml) on Miller’s
Lysogeny broth (LB) agar plates + chloramphenicol (10 µg/ml). Broth cultures were shaken
at 250 rpm. Cultures were incubated at 37ºC.
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3.2.2. Quantification of persistence
See methods as described in Chapter 2 to quantify the persister and tolerant cells.

3.3. Results
3.3.1. The effect of proteolytic queueing at Lon and ClpAP proteases on tolerance and
persister population.
We used E.coli strains derived from DH5αZ147 that contain p24KmNB78 (CFPmarAn20), p24KmNB07 (CFP-RepA70) (Fig. 3.2). Stationary phase cultures were
incubated for 24 hours and then diluted into fresh media containing ampicillin to quantify
persister cells (see Methods Chapter 2). A proteolytic queue was produced through the
production of the CFP tagged with MarAn20 and CFP tagged with RepA70, which were
expressed under an IPTG inducible promoter, Plac/ara-1. Our results indicate that the
induction of proteolytic queuing by CFP-MarAn20 or CFP-RepA70 during three hours of
ampicillin treatment had a little effect on the tolerant population (Fig. 3.3.4).
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Fig. 3.2. A. The p24kmNB78 plasmid contains cfp linked to a marAn20 tag under an IPTG
inducible promoter Plac/ara-1. B. The p24kmNB07 plasmid contains cfp linked to a repA70
tag under Plac/ara-1 promoter.
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Fig. 3.3. A. Induction of CFP-untagged has no apparent effect on the survival of cells
during three hours of ampicillin treatment, p>0.23. B. The induction of CFP-MarAn20
during antibiotic treatment has a minor, but significant, effect on resulting in an increase
in the tolerant population. p<0.05. Error bars represent SEM. n ≥ 3.
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Fig. 3.4 Inducing CFP-RepA70 under IPTG promoter during ampicillin treatment has a
slight, but significant, effect on the tolerance population. Error bars represent SEM. p<0.05.
n ≥ 3.

3.3.2. The PLteto-1 promoter did not function as expected during stationary phase and
is not ideal for work with tolerant and persister population
We used a set of synthetic circuits in the E. coli DH5αZ147 (a common strain used in
synthetic biology and outside the field148-152); the same strain used in Chapter 2. Using the
same protocol as optimized in Chapter 2, we tested the effects of proteolytic queueing at
different proteases on tolerance to antibiotics. A proteolytic queue was produced through
the production of the CFP tagged with LAA which was expressed under an IPTG inducible
promoter (Plac/ara-1), and YFP tagged with LAA which was expressed under dox inducible
promoter (PLteto-1) (Fig. 3.5). Previously, this strain was used to study proteolytic
queueing47. Our result indicates that when CFP-LAA and YFP-LAA were overexpressed
using both IPTG and Dox inducers during three hours of ampicillin treatment, the queue
was formed and leads to ~155-fold increase in the survival cells (Fig. 3.6). Furthermore,
when CFP-LAA and YFP-LAA induced for 24 hours before ampicillin treatment, there
was ~273-fold increase in the survival cells because of the queue formation (Fig. 3.7).
However, when we induced either CFP and YFP alone for three hours during ampicillin
treatment or 24 hours before ampicillin treatment, we found the survival cells population
were increased 56.8-fold and 187-fold, respectively (Fig. 3.8,9).
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PLtetO-1 Promoter

Plac/ara-1 (A27)

RBS

I1-I2 (AraC binding site)
-35

Cm resistence gene

Km

lacO (symmetrical Lac operator)

yfp

-10
transcriptional start site

p31CmNB02

p24KmNB83

2836 bp

3342 bp

lac operator
RBS
cfp

t0 terminator

T0 terminator

T1 Terminator

T1 terminator
p15A origin

T1 Terminator
ColE1 rep origin

rrnB T1 terminator

Fig. 3.5. A. The p24kmNB82 plasmid produces CFP-LAA under the control of the Plac/ara1

promoter, while the p31CmNB95 generates YFP-LAA under the control of the PLteto-1

promoter. B. The p24kmNB83 produces CFP-untagged under the control of the Plac/ara-1
promoter, while p31CmNB02 produces YFP-untagged under control of the PLteto-1
promoter.
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Fig. 3.6 Induction of CFP-LAA and YFP-LAA for three hours during antibiotic treatment.
Tolerant population increased by 7.4-fold and by 56.5-fold when Dox and IPTG were
added separately. But when both inducers were added, the survival cells increased by ~155fold. Error bars represent standard deviation. Symbols (- -) mean without adding inducer,
(+ -) adding IPTG inducer, (- +) adding dox inducer, (+ +) adding IPTG and dox inducer.
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Fig. 3.7 Induction of CFP-LAA and YFP-LAA for 24 hours before antibiotic treatment.
Cultures induced with only Dox, only IPTG, or both. Error bars represent standard
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deviation. Symbols (- -) mean without adding inducer, (+ -) adding IPTG inducer, (- +)
adding dox inducer, (+ +) adding IPTG and dox inducer. n ≥ 3.
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Fig. 3.8 Induction of CFP and YFP alone during ampicillin treatment. Error bars represent
SEM. Symbols (- -) mean without adding inducer, (+ -) adding IPTG inducer, (- +) adding
dox inducer, (+ +) adding IPTG and dox inducer. n ≥ 3.
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Fig. 3.9 Induction of CFP and YFP alone for 24 hours before ampicillin treatment. Error
bars represent standard deviation. Symbols (- -) mean without adding inducer, (+ -) adding
IPTG inducer, (- +) adding dox inducer, (+ +) adding IPTG and dox inducer. n ≥ 3.

3.4. Design new plasmids for high-level production of tagged proteins without the
PLteto-1 promoter
Recently results from Prajakta Jadhav suggest that the PLteto-1 is active in the stationary
phase. In other words, Dox does is not functioning as expected in stationary phase unless
high concentrations are used. High concentrations of Dox (which is an antibiotic)
negatively affects bacteria growth rates (unpublished results from Prajakta Jadhav). To
work around this problem, I designed new synthetic circuits that have two copies of the
fluorescent protein (CFP) genes with different tags under two different Plac/ara-1 promoter.
Firstly, two primer sets were designed for cloning and screening (Table 3.2) (Fig. 3.10. A).
Following the cloning steps (Fig. 3.11), the cloning failed. New plasmid primers were
designed (Table 3.2) (Fig. 3.10. B) and future researchers will be tasks to finish this project.

Table 3.2 Primers. Caps are highlighted in blue. Restriction enzyme sites (AvrII and MluI
for first primers designed) and (AvrII and PciI for second primers designed) are in bold.
The template annealing sequence is underlined. Annealing Temperature: AT. AA0F refers
to the forward primer and AA0R refers to the reverse primer with respect to the
transcription direction of the cfp gene. Future experiments will involve using these newly
designed plasmids to test tolerance and persistence levels at the three major proteases in E.
coli.
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Primer

Primers sequence 5’ to 3’

AA01F

TCCCCTAGGCTGTGTGGAATTGTGAGCGGA 65

Cloning

AA01R

AGCACGCGTACCATGGGAT

65

Cloning

AA02F

GGATCCCATGGTACGCGTAC

59.7

Amplify

AA02R

GTAAGCGGCAGGGTCGGAAC

59.7

Amplify

AA03F

AAAACATGTCTGTGTGGAATTGTGAGCG

65

Cloning

AA03R

TCCCCTAGGGTTCACCGACAAACAACAG

58.3

Cloning

AA04F

TCCTGAGTAGGACAAATC

49.7

Amplify

AA04R

TTGGACTCAAGACGATAG

49.7

Amplify

AT (oC) Function

A.
AA01F
lac operator (mutated A27; normal is T27)
p24KmNB83 (concatenated sequence 1)

Plac/ara-1 (A27)
I1-I2 (AraC binding site)

Km

-35
lacO (symmetrical Lac operator)
-10
lac operator

T0 terminator

transcriptional start site

p24kmAA83

RBS

4546 bp

cfp
T1 Terminator
ColE1 rep origin

AA01R
Mlu I (1339)

Ligation
AAO3R

rrnB T1 terminator

T1 Terminator

Cap
cfp

Ligation
Avr II (1456)

AA03F
lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35
lacO (symmetrical Lac operator)
-10
lac operator
transcriptional start site
RBS
p24KmNB83 Copy PCR Product (concatenated sequence
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AA01F2
Plac/ara-1 promoter
Km

RBS
cfp

T0 terminator

LAAn tag

P24kmAA82

t0 lambda terminator (starts gac)

4680 bp

AA02F
AA0R2
ColE1 rep origin

Ligation
Mlu I (1395)

AA02R
Avr II (2794)

AA0R2

Ligation

t0 lambda terminator (starts gac)

AA01F2

LAAn tag

Plac/ara-1 promoter

cfp
AA01 FR-2 (concatenated sequence 2) (reversed)
RBS
AA01F3
lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35

Km

lacO (symmetrical Lac operator)
-10
lac operator

T0 terminator

transcriptional start site
RBS

p24kmAA78

ColE1 rep origin

cfp

4715 bp

AA02R

TS linker

Avr II (2829)

marAn20

Ligation

T1 Terminator

lac operator (mutated A27; normal is T27)

AA02F

AA01F3

AA01R3

Plac/ara-1 (A27)

Ligation
Mlu I (1413)

I1-I2 (AraC binding site)
-35

AA01R3

lacO (symmetrical Lac operator)

T1 Terminator

-10

marAn20

transcriptional start site

TS linker
cfp
AA01 FR-3 (concatenated sequence 2) (reversed)
RBS
lac operator
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AA01F4
lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35
Km

lacO (symmetrical Lac operator)
-10

T0 terminator

lac operator

ColE1 rep origin

transcriptional start site

AA02R

RBS

p24kmAA07

Avr II (3054)

RepA70

4940 bp

Ligation

cfp

AA01F4

AA02F

lac operator (mutated A27; normal is T27)

AA01R4

Plac/ara-1 (A27)

Ligation
Mlu I (1525)

I1-I2 (AraC binding site)
-35

AA01R4

lacO (symmetrical Lac operator)

cfp

-10
transcriptional start site

AA01 FR-4 (concatenated sequence 2) (reversed)
RepA70

lac operator
RBS

B.

AA03F
lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35

Km

lacO (symmetrical Lac operator)
-10

T0 terminator

lac operator

AA04R

transcriptional start site

rep origin

RBS

p24KmAA83

Pci I (2882)

cfp

4678 bp

Ligation

T1 Terminator

lac operator (mutated A27; normal is T27)

rrnB T1 terminator

Plac/ara-1 (A27)

AA04F

I1-I2 (AraC binding site)

Ligation
Avr II (1456)

-35
lacO (symmetrical Lac operator)

AA03R
-10

rrnB T1 terminator

transcriptional start site
lac operator
RBS

T1 Terminator
cfp
AAK83 (concatenated sequence 2) (reversed)
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Plac/ara-1 promoter

Km

RBS

cfp
T0 terminator

p24KmAA82

LAAn tag

4790 bp

AA04R

t0 lambda terminator (starts gac)

ColE1 rep origin

T1 terminator

Pci I (2994)

AA04F

Ligation

Ligation
Avr II (1512)

AA03F
Plac/ara-1 promoter

AA03R
RBS

T1 terminator
t0 lambda terminator (starts gac)
LAAn tag
cfp
AAK82 (concatenated sequence 2) (reversed)
lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35

Km

lacO (symmetrical Lac operator)
-10

T0 terminator

lac operator

AA04R

transcriptional start site

rep origin

RBS

p24KmAA78

Pci I (3030)

cfp

4826 bp

Ligation

TS linker

AA03F

marAn20

lac operator (mutated A27; normal is T27)

T1 Terminator

Plac/ara-1 (A27)

rrnB T1 terminator

I1-I2 (AraC binding site)

AA04F
-35

Ligation
Avr II (1530)

lacO (symmetrical Lac operator)
-10

AA03R

transcriptional start site

rrnB T1 terminator

lac operator

T1 Terminator

RBS

marAn20
TS linker
cfp
AAK78 (concatenated sequence 2) (reversed)

75

lac operator (mutated A27; normal is T27)
Plac/ara-1 (A27)
I1-I2 (AraC binding site)
-35
Km

lacO (symmetrical Lac operator)

T0 terminator

-10

AA04R

lac operator

rep origin

transcriptional start site

Pci I (3254)

RBS

Ligation

RepA70

P24kmAA07

AA03F

cfp

5050 bp

lac operator (mutated A27; normal is T27)

rrnB T1 terminator

Plac/ara-1 (A27)

AA04F

I1-I2 (AraC binding site)

Ligation
Avr II (1642)

-35
lacO (symmetrical Lac operator)

AA03R
-10

rrnB T1 terminator

transcriptional start site
lac operator

cfp
AAK07 (concatenated sequence 2) (reversed)

RBS
RepA70

Fig.3.10.A. Newly designed plasmids that include two copies of cfp-untagged
(p24kmAA83), two copies of cfp-LAA tag (p24kmAA82), two copies of cfp-MarAn20
(p24kmAA78), and two copies of cfp-RepA70 tag (p24kmAA07). AA01F refers to the
forward, AA01R refers to the reverse primer used for colony PCR. AA02F refers to the
forward, and AA02R refers to reverse primers used for screening. B. Redesign of the four
plasmids using new primers set AA03F as a forward and AA03R as a reverse primer used
for colony PCR. AA04 F as a forward screening primer, and AA04R as a reverse screening
primer.
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Fig. 3.11 Cloning steps.
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3.5. Discussion
Mid-level expression of CFP-MarAn20 and CFP-RepA70 tags, which are degraded by
Lon and ClpAP proteases, respectively, did increase tolerance population, but only slightly.
This result was not surprising, since we knew from previous study that a queue was formed
at these two proteases only when the tagged proteins were highly expressed, while
queueing at ClpXP with LAA-tagged proteins occurs with mid-level expression47. Even
though we used plasmids that have been used to study highly proteolytic queueing47; we
faced a problem with the PLteto-1, which appeared to be active in stationary phase without
induction.
I started this project, and I was unable to complete it during my Master's program.
However, I have laid the groundwork for future researchers.
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Chapter 4
Transcriptional analysis of stress response mechanisms at different growth phases
in
E. coli.

The purpose of this project was to analyze the amount of toxin and antitoxin during
bacteria different growth phases. I set out to test the hypothesis that the ratio of
toxin:antitoxin (T:A) (as previously mentioned in Chapters 1 and 2) would be depended on
growth phase. If so, we predict the T:A ratio would change so that in the toxin relative to
antitoxin would be higher in stationary phase compared to log phase due to increased
degradation of antitoxin in stationary phase. We know that TA systems are related to
bacteria persistence, and persistence increases during stationary phase, so analysis of their
transcription or translation would allow us to test this hypothesis.
I used the publicly available RNA-sequencing (RNA-seq) datasets168 to quantify
transcription rates during different growth phases. However, I was unable to continue this
project due to the lack of valuable transcriptomics data, especially due to the lack of deepsequencing of RNA-Seq (TA systems are often produced at low levels). My labmate
(Heather Deter) is currently working on RNA-Seq experiments to provide more data.
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Chapter 5
Conclusion and Future Study
5.1. Future Study
In this work, the expression of the LAA, MarAn20, and RepA70 tagged proteins were
at a medium level, so we are planning to test higher level of LAA, MarAn20, RepA70
tagged proteins expression. Because we know from previous a study that proteolytic
queueing was only observed for MarAn20 (Lon target) and RepA70 (ClpAP target) tagged
proteins when they were highly expressed47.
In this work also, we did not indicate which protein(s) responsible for increase tolerance
due to the overloading of ClpXP, but we do give many possible candidates that may be
involved. Future work will be tested the effect of candidates (e.g. DksA and Fnr
transcription factors or other regulatory proteins) that could be the reason for queueingtolerance. Our long-term goal is to make new drugs based on identify proteins that increase
or decrease during queueing. To this future, experiments will likely involve analyzing
population of cells at the single-cell level (e.g. microfluidic devices).
5.2. Conclusion
This work demonstrates that proteolytic queueing is a novel approach to study bacterial
antibiotic persistence and tolerance without affecting the growth rate of bacteria. Our
results clearly indicated that overloading the ClpXP protease with LAA-tagged proteins
results in significant increase in tolerance, while untagged proteins do not. We observed
the effect of proteolytic queueing in tolerant population in two different types of antibiotics
(ampicillin and ciprofloxacin) and carbon sources (glycerol and glucose), and various times
of induction of the queue.
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RpoS, a global regulator of several genes, is degraded by ClpXP and has previously
been demonstrated to participate in persistence. I set out to test if this protein is the reason
behind increased tolerance during proteolytic queueing at ClpXP. So, we tested the effect
of sigma factor RpoS, which is one of the major regulatory proteins in the stationary phase
degraded by ClpXP protease169. Our result showed that RpoS is not responsible for the
tolerance. Future research will require looking at other proteins (e.g. DksA) and their
relationship to queueing-tolerance and ClpXP degradation.
I also looked at the effect of proteolytic queueing at different proteases. The
overexpression of RepA70 and MrnA20 linked to the CFP protein targeted two the other
main proteases ClpAP and Lon, respectively, showed an increase in antibiotic survival,
which needs further exploration. This worked demonstrated queueing-tolerance only in E.
coli (one strain of E. coli), and future work may involve studying this phenomenon in many
different bacteria.

81
References:
1. Tartari, E.; Pires, D.; Pittet, D., Fighting antibiotic resistance is in your hands: May 5,
2017. Lancet Infect Dis 2017, 17 (5), 475.
2. Wernicki, A.; Nowaczek, A.; Urban-Chmiel, R., Bacteriophage therapy to combat
bacterial infections in poultry. Virol J 2017, 14 (1), 179.
3. Economic Research Service (ERS), U. S. D. o. A. U. Cost Estimates of Foodborne
Illnesses. https://www.ers.usda.gov/data-products/cost-estimates-of-foodborne-illnesses.
4. Prevention, U. S. D. o. H. a. H. S. C. f. D. C. a., Antibiotic Resistance Threats in the
United States, 2013. 2013, 114.
5. Pires, D.; de Kraker, M. E. A.; Tartari, E.; Abbas, M.; Pittet, D., ‘Fight Antibiotic
Resistance—It’s in Your Hands’: Call From the World Health Organization for 5th May
2017. Clinical Infectious Diseases 2017, 64 (12), 1780-1783.
6. Balaban, N. Q.; Helaine, S.; Lewis, K.; Ackermann, M.; Aldridge, B.; Andersson,
D. I.; Brynildsen, M. P.; Bumann, D.; Camilli, A.; Collins, J. J.; Dehio, C.; Fortune,
S.; Ghigo, J.-M.; Hardt, W.-D.; Harms, A.; Heinemann, M.; Hung, D. T.; Jenal, U.;
Levin, B. R.; Michiels, J.; Storz, G.; Tan, M.-W.; Tenson, T.; Van Melderen, L.;
Zinkernagel, A., Definitions and guidelines for research on antibiotic persistence. Nature
Reviews Microbiology 2019.
7. Wood, T. K.; Knabel, S. J.; Kwan, B. W., Bacterial persister cell formation and
dormancy. Appl Environ Microbiol 2013, 79 (23), 7116-21.
8. Harms, A.; Maisonneuve, E.; Gerdes, K., Mechanisms of bacterial persistence during
stress and antibiotic exposure. Science 2016, 354 (6318), aaf4268: 1-9.
9. Martins, B. M.; Locke, J. C., Microbial individuality: how single-cell heterogeneity
enables population level strategies. Curr Opin Microbiol 2015, 24, 104-12.
10. Fauvart, M.; De Groote, V. N.; Michiels, J., Role of persister cells in chronic
infections: clinical relevance and perspectives on anti-persister therapies. J Med
Microbiol 2011, 60 (Pt 6), 699-709.
11. Michiels, J. E.; Van den Bergh, B.; Verstraeten, N.; Michiels, J., Molecular
mechanisms and clinical implications of bacterial persistence. Drug Resist Updat 2016,
29, 76-89.
12. Rowe, S. E.; Conlon, B. P.; Keren, I.; Lewis, K., Persisters: Methods for Isolation
and Identifying Contributing Factors--A Review. Methods Mol Biol 2016, 1333, 17-28.

82
13. Van den Bergh, B.; Michiels, J. E.; Wenseleers, T.; Windels, E. M.; Boer, P. V.;
Kestemont, D.; De Meester, L.; Verstrepen, K. J.; Verstraeten, N.; Fauvart, M.;
Michiels, J., Frequency of antibiotic application drives rapid evolutionary adaptation of
Escherichia coli persistence. Nat Microbiol 2016, 1, 16020.
14.

Lewis, K., Persister cells. Annu Rev Microbiol 2010, 64, 357-72.

15. Van den Bergh, B.; Michiels, J. E.; Wenseleers, T.; Windels, E. M.; Boer, P. V.;
Kestemont, D.; De Meester, L.; Verstrepen, K. J.; Verstraeten, N.; Fauvart, M.;
Michiels, J., Frequency of antibiotic application drives rapid evolutionary adaptation of
Escherichia coli persistence. Nature Microbiology 2016, 1 (5), 16020.
16. Muthuramalingam, M.; White, J. C.; Bourne, C. R., Toxin-Antitoxin Modules Are
Pliable Switches Activated by Multiple Protease Pathways. Toxins (Basel) 2016, 8 (7).
17. Wu, N.; He, L.; Cui, P.; Wang, W.; Yuan, Y.; Liu, S.; Xu, T.; Zhang, S.; Wu,
J.; Zhang, W.; Zhang, Y., Ranking of persister genes in the same Escherichia coli genetic
background demonstrates varying importance of individual persister genes in tolerance to
different antibiotics. Front Microbiol 2015, 6, 1003.
18. Liu, S.; Wu, N.; Zhang, S.; Yuan, Y.; Zhang, W.; Zhang, Y., Variable Persister
Gene Interactions with (p)ppGpp for Persister Formation in Escherichia coli. Front
Microbiol 2017, 8, 1795.
19. Radzikowski, J. L.; Schramke, H.; Heinemann, M., Bacterial persistence from a
system-level perspective. Curr Opin Biotechnol 2017, 46, 98-105.
20.

Nataro JP, Kaper JB, Diarrheagenic Escherichia coli.1998.

21.

Kitano, H., Biological robustness. Nat Rev Genet 2004, 5 (11), 826-37.

22. Lim, J. Y.; Yoon, J.; Hovde, C. J., A brief overview of Escherichia coli O157:H7
and its plasmid O157. J Microbiol Biotechnol 2010, 20 (1), 5-14.
23. De la Rubia, M. A.; Riau, V.; Raposo, F.; Borja, R., Thermophilic anaerobic
digestion of sewage sludge: focus on the influence of the start-up. A review. Crit Rev
Biotechnol 2013, 33 (4), 448-60.
24. van Hoek, A. H.; Mevius, D.; Guerra, B.; Mullany, P.; Roberts, A. P.; Aarts, H.
J., Acquired antibiotic resistance genes: an overview. Front Microbiol 2011, 2, 203.
25. Clardy, J.; Fischbach, M. A.; Currie, C. R., The natural history of antibiotics. Curr
Biol 2009, 19 (11), R437-41.
26. Gould, K., Antibiotics: from prehistory to the present day. J Antimicrob Chemother
2016, 71 (3), 572-5.

83

27. Fleming, A., On the antibacterial action of cultures of a penicillium, with special
reference to their use in the isolation of B. influenzae. 1929. Bull World Health Organ
2001, 79 (8), 780-90.
28. Davies, J., Where have All the Antibiotics Gone? Can J Infect Dis Med Microbiol
2006, 17 (5), 287-90.
29. Aminov, R. I., A brief history of the antibiotic era: lessons learned and challenges
for the future. Front Microbiol 2010, 1, 134.
30. Ventola, C. L., The antibiotic resistance crisis: part 1: causes and threats. P T 2015,
40 (4), 277-83.
31. Kohanski, M. A.; Dwyer, D. J.; Collins, J. J., How antibiotics kill bacteria: from
targets to networks. Nat Rev Microbiol 2010, 8 (6), 423-35.
32. Vakulenko, S. B.; Mobashery, S., Versatility of Aminoglycosides and Prospects for
Their Future. Clinical Microbiology Reviews 2003, 16 (3), 430-450.
33. Kaushik, D.; Mohan, M.; Borade, D. M.; Swami, O. C., Ampicillin: rise fall and
resurgence. J Clin Diagn Res 2014, 8 (5), ME01-3.
34. Anthony, K. L. a. M., <The Effects of Ampicillin on the Growth of Escherichia
coli.pdf>.
35. Bashir, K. M.; Cho, M. G., The Effect of Kanamycin and Tetracycline on Growth
and Photosynthetic Activity of Two Chlorophyte Algae. Biomed Res Int 2016, 2016,
5656304.
36. Pedersen, L. C.; Benning, M. M.; Holden, H. M., Structural Investigation of the
Antibiotic and Atp-Binding Sites in Kanamycin Nucleotidyltransferase. Biochemistry-Us
1995, 34 (41), 13305-13311.

37. Basak, K.; Majumdar, S. K., Utilization of carbon and nitrogen sources by
Streptomyces kanamyceticus for kanamycin production. Antimicrob Agents Chemother
1973, 4 (1), 6-10.
38. Dons, A. W. J. M., Selective agents and marker genes for use in transformation of
monocotyledonous plants.
39. Sunao Takeshita, M. S., Mari Toba, Wakako Masahashi and Tamotsu HashimotoGotoh Hjgk-copy-number and low-copy-number piasmid vectors for Z~cZacomplementation and chlorampbenicol-or kanamycin-resistance selection

84
40. Nakano, M. M.; Mashiko, H.; Ogawara, H., Cloning of the kanamycin resistance
gene from a kanamycin-producing Streptomyces species. J Bacteriol 1984, 157 (1), 7983.
41. Wiest, D. B.; Cochran, J. B.; Tecklenburg, F. W., Chloramphenicol toxicity
revisited: a 12-year-old patient with a brain abscess. J Pediatr Pharmacol Ther 2012, 17
(2), 182-8.
42. Hong, W.; Zeng, J.; Xie, J., Antibiotic drugs targeting bacterial RNAs. Acta Pharm
Sin B 2014, 4 (4), 258-65.
43.

D, V., Inhibitors of protein synthesis. March 23, 1974.

44.

S Douthwaite, Interaction of the antibiotics clindamycin and lincomycin. 1992

45. Card, R. M.; Mafura, M.; Hunt, T.; Kirchner, M.; Weile, J.; Rashid, M. U.;
Weintraub, A.; Nord, C. E.; Anjum, M. F., Impact of Ciprofloxacin and Clindamycin
Administration on Gram-Negative Bacteria Isolated from Healthy Volunteers and
Characterization of the Resistance Genes They Harbor. Antimicrob Agents Chemother
2015, 59 (8), 4410-6.
46. Sanders, C. C., Ciprofloxacin In Vitro Activity, Mechanism of Action. 01 May
1988.
47. Butzin, N. C.; Mather, W. H., Crosstalk between Diverse Synthetic Protein
Degradation Tags in Escherichia coli. ACS Synth Biol 2018, 7 (1), 54-62.
48. Baker, S.; Thomson, N.; Weill, F. X.; Holt, K. E., Genomic insights into the
emergence and spread of antimicrobial-resistant bacterial pathogens. Science 2018, 360
(6390), 733-738.
49. Wernicki, A., The End of the Golden Age of Antibiotics? Journal of Veterinary
Science and Animal Husbandry 2013, 1 (1).
50. Chernova, O. A.; Medvedeva, E. S.; Mouzykantov, A. A.; Baranova, N. B.;
Chernov, V. M., Mycoplasmas and Their Antibiotic Resistance: The Problems and
Prospects in Controlling Infections. Acta Naturae 2016, 8 (2), 24-34.
51. Munita, J. M.; Arias, C. A., Mechanisms of Antibiotic Resistance. Microbiol Spectr
2016, 4 (2).
52. Stewart, P. S., Mechanisms of antibiotic resistance in bacterial biofilms. Int J Med
Microbiol 2002, 292 (2), 107-13.
53. Soto, S. M., Role of efflux pumps in the antibiotic resistance of bacteria embedded
in a biofilm. Virulence 2013, 4 (3), 223-9.

85

54. Davies, J.; Davies, D., Origins and evolution of antibiotic resistance. Microbiol Mol
Biol Rev 2010, 74 (3), 417-33.
55. Woodford, N.; Ellington, M. J., The emergence of antibiotic resistance by
mutation. Clin Microbiol Infect 2007, 13 (1), 5-18.
56. Dever, L. A.; Dermody, T. S., Mechanisms of Bacterial Resistance to Antibiotics.
JAMA Internal Medicine 1991, 151 (5), 886-895.
57.

<How Antibiotic Resistance Happens - The Pew Charitable Trusts.pdf>.

58. Martinez, J. L.; Baquero, F., Mutation frequencies and antibiotic resistance.
Antimicrob Agents Chemother 2000, 44 (7), 1771-7.
59. Levin-Reisman, I.; Ronin, I.; Gefen, O.; Braniss, I.; Shoresh, N.; Balaban, N. Q.,
Antibiotic tolerance facilitates the evolution of resistance. Science 2017, 355 (6327), 826830.
60. Windels, E. M.; Michiels, J. E.; Fauvart, M.; Wenseleers, T.; Van den Bergh, B.;
Michiels, J., Bacterial persistence promotes the evolution of antibiotic resistance by
increasing survival and mutation rates. ISME J 2019, 13 (5), 1239-1251.
61. Orman, M. A.; Brynildsen, M. P., Inhibition of stationary phase respiration impairs
persister formation in E. coli. Nat Commun 2015, 6, 7983.
62. Pu, Y.; Zhao, Z.; Li, Y.; Zou, J.; Ma, Q.; Zhao, Y.; Ke, Y.; Zhu, Y.; Chen, H.;
Baker, M. A.; Ge, H.; Sun, Y.; Xie, X. S.; Bai, F., Enhanced Efflux Activity Facilitates
Drug Tolerance in Dormant Bacterial Cells. Mol Cell 2016, 62 (2), 284-94.
63. Kim, J. S.; Wood, T. K., Persistent Persister Misperceptions. Front Microbiol 2016,
7, 2134.
64. Prax, M.; Bertram, R., Metabolic aspects of bacterial persisters. Front Cell Infect
Microbiol 2014, 4, 148.
65. Gefen, O.; Gabay, C.; Mumcuoglu, M.; Engel, G.; Balaban, N. Q., Single-cell
protein induction dynamics reveals a period of vulnerability to antibiotics in persister
bacteria. Proceedings of the National Academy of Sciences of the United States of
America 2008, 105 (16), 6145-9.
66. Shan, Y.; Brown Gandt, A.; Rowe, S. E.; Deisinger, J. P.; Conlon, B. P.; Lewis,
K., ATP-Dependent Persister Formation in Escherichia coli. MBio 2017, 8 (1).

86
67. Orman, M. A.; Henry, T. C.; DeCoste, C. J.; Brynildsen, M. P., Analyzing
Persister Physiology with Fluorescence-Activated Cell Sorting. Methods Mol Biol 2016,
1333, 83-100.
68. Balaban, N. Q.; Merrin, J.; Chait, R.; Kowalik, L.; Leibler, S., Bacterial
persistence as a phenotypic switch. Science 2004, 305 (5690), 1622-5.
69.

CULTURES, J. M., THE GROWTH OF BACTERIAL CULTURES.

70. Schaechter, M., A brief history of bacterial growth physiology. Front Microbiol
2015, 6, 289.
71. Finkel, S. E., Long-term survival during stationary phase: evolution and the GASP
phenotype. Nat Rev Microbiol 2006, 4 (2), 113-20.
72. Pletnev, P.; Osterman, I.; Sergiev, P.; Bogdanov, A.; Dontsova, O., Survival
guide: Escherichia coli in the stationary phase. Acta Naturae 2015, 7 (4), 22-33.
73. Lewis, K., Persister cells, dormancy and infectious disease. Nature Reviews
Microbiology 2007, 5 (1), 48-56.
74. Cameron, D. R.; Shan, Y.; Zalis, E. A.; Isabella, V.; Lewis, K., A Genetic
Determinant of Persister Cell Formation in Bacterial Pathogens. J Bacteriol 2018, 200
(17).
75. Saibil, H., Chaperone machines for protein folding, unfolding and disaggregation.
Nat Rev Mol Cell Biol 2013, 14 (10), 630-42.
76.

FINK, A. L., Chaperone-Mediated Protein Folding. 1999.

77. Gottesman, S., Proteases and their targets in Escherichia coli. Annu Rev Genet
1996, 30, 465-506.
78. Lopez-Otin, C.; Bond, J. S., Proteases: multifunctional enzymes in life and disease.
J Biol Chem 2008, 283 (45), 30433-7.
79. Leszczynska, D.; Matuszewska, E.; Kuczynska-Wisnik, D.; Furmanek-Blaszk,
B.; Laskowska, E., The formation of persister cells in stationary-phase cultures of
Escherichia coli is associated with the aggregation of endogenous proteins. PLoS One
2013, 8 (1), e54737.
80. Weichart, D.; Querfurth, N.; Dreger, M.; Hengge-Aronis, R., Global role for
ClpP-containing proteases in stationary-phase adaptation of Escherichia coli. J Bacteriol
2003, 185 (1), 115-25.

87
81. Glynn, S. E.; Nager, A. R.; Baker, T. A.; Sauer, R. T., Dynamic and static
components power unfolding in topologically closed rings of a AAA+ proteolytic
machine. Nat Struct Mol Biol 2012, 19 (6), 616-22.
82. Rogers, A.; Townsley, L.; Gallego-Hernandez, A. L.; Beyhan, S.; Kwuan, L.;
Yildiz, F. H., The LonA Protease Regulates Biofilm Formation, Motility, Virulence, and
the Type VI Secretion System in Vibrio cholerae. J Bacteriol 2016, 198 (6), 973-85.
83. Vieux, E. F.; Wohlever, M. L.; Chen, J. Z.; Sauer, R. T.; Baker, T. A., Distinct
quaternary structures of the AAA+ Lon protease control substrate degradation. Proc Natl
Acad Sci U S A 2013, 110 (22), E2002-8.
84. Rotanova, T. V.; Botos, I.; Melnikov, E. E.; Rasulova, F.; Gustchina, A.;
Maurizi, M. R.; Wlodawer, A., Slicing a protease: structural features of the ATPdependent Lon proteases gleaned from investigations of isolated domains. Protein Sci
2006, 15 (8), 1815-28.
85. Colaprete, A., Carbon dioxide clouds in an early dense Martian atmosphere.
Journal of Geophysical Research 2003, 108 (E4).
86.
43.

Benner, S. A.; Sismour, A. M., Synthetic biology. Nat Rev Genet 2005, 6 (7), 533-

87. Andrianantoandro, E.; Basu, S.; Karig, D. K.; Weiss, R., Synthetic biology: new
engineering rules for an emerging discipline. Mol Syst Biol 2006, 2, 2006 0028.
88. Maeda, Y. T.; Sano, M., Regulatory dynamics of synthetic gene networks with
positive feedback. J Mol Biol 2006, 359 (4), 1107-24.
89. Ellis, T.; Wang, X.; Collins, J. J., Diversity-based, model-guided construction of
synthetic gene networks with predicted functions. Nat Biotechnol 2009, 27 (5), 465-71.
90. Isaacs, F. J.; Hasty, J.; Cantor, C. R.; Collins, J. J., Prediction and measurement of
an autoregulatory genetic module. Proc Natl Acad Sci U S A 2003, 100 (13), 7714-9.
91. Tyson, J. J.; Chen, K. C.; Novak, B., Sniffers, buzzers, toggles and blinkers:
dynamics of regulatory and signaling pathways in the cell. Curr Opin Cell Biol 2003, 15
(2), 221-31.
92. Guet, C. C.; Elowitz, M. B.; Hsing, W.; Leibler, S., Combinatorial synthesis of
genetic networks. Science 2002, 296 (5572), 1466-70.
93. Gao, X. J.; Chong, L. S.; Kim, M. S.; Elowitz, M. B., Programmable protein
circuits in living cells. Science 2018, 361 (6408), 1252-1258.

88
94. Danino, T.; Mondragon-Palomino, O.; Tsimring, L.; Hasty, J., A synchronized
quorum of genetic clocks. Nature 2010, 463 (7279), 326-30.
95. Atkinson, M. R.; Savageau, M. A.; Myers, J. T.; Ninfa, A. J., Development of
genetic circuitry exhibiting toggle switch or oscillatory behavior in Escherichia coli. Cell
2003, 113 (5), 597-607.

96. Lutz, R.; Bujard, H., Independent and tight regulation of transcriptional units in
Escherichia coli via the LacR/O, the TetR/O and AraC/I1-I2 regulatory elements. Nucleic
acids research 1997, 25 (6), 1203-10.
97. Cookson, N. A.; Mather, W. H.; Danino, T.; Mondragon-Palomino, O.;
Williams, R. J.; Tsimring, L. S.; Hasty, J., Queueing up for enzymatic processing:
correlated signaling through coupled degradation. Mol Syst Biol 2011, 7, 561.
98. Butzin, N. C.; Hochendoner, P.; Ogle, C. T.; Hill, P.; Mather, W. H., Marching
along to an Offbeat Drum: Entrainment of Synthetic Gene Oscillators by a Noisy
Stimulus. ACS Synth Biol 2016, 5 (2), 146-53.
99. Mather, W. H.; Cookson, N. A.; Hasty, J.; Tsimring, L. S.; Williams, R. J.,
Correlation resonance generated by coupled enzymatic processing. Biophys J 2010, 99
(10), 3172-81.
100. Mather, W. H.; Hasty, J.; Tsimring, L. S.; Williams, R. J., Factorized timedependent distributions for certain multiclass queueing networks and an application to
enzymatic processing networks. Queueing Syst 2011, 69 (3-4), 313-328.
101. Maisonneuve, E.; Gerdes, K., Molecular mechanisms underlying bacterial
persisters. Cell 2014, 157 (3), 539-48.
102. Chan, W. T.; Espinosa, M.; Yeo, C. C., Keeping the Wolves at Bay: Antitoxins of
Prokaryotic Type II Toxin-Antitoxin Systems. Front Mol Biosci 2016, 3, 9.
103. Yeo, C. C.; Abu Bakar, F.; Chan, W. T.; Espinosa, M.; Harikrishna, J. A.,
Heterologous Expression of Toxins from Bacterial Toxin-Antitoxin Systems in
Eukaryotic Cells: Strategies and Applications. Toxins (Basel) 2016, 8 (2), 49.
104. Yoo, S. J.; Seol, J. H.; Kang, M. S.; Ha, D. B.; Chung, C. H., clpX encoding an
alternative ATP-binding subunit of protease Ti (Clp) can be expressed independently
from clpP in Escherichia coli. Biochemical and biophysical research communications
1994, 203 (2), 798-804.
105. Conlon, B. P.; Nakayasu, E. S.; Fleck, L. E.; LaFleur, M. D.; Isabella, V. M.;
Coleman, K.; Leonard, S. N.; Smith, R. D.; Adkins, J. N.; Lewis, K., Activated ClpP

89
kills persisters and eradicates a chronic biofilm infection. Nature 2013, 503 (7476), 36570.
106. Gelens, L.; Hill, L.; Vandervelde, A.; Danckaert, J.; Loris, R., A general model
for toxin-antitoxin module dynamics can explain persister cell formation in E. coli. PLoS
Comput Biol 2013, 9 (8), e1003190.
107. Goormaghtigh, F.; Fraikin, N.; Putrins, M.; Hauryliuk, V.; Garcia-Pino, A.;
Udekwu, K.; Tenson, T.; Kaldalu, N.; Van Melderen, L., Reply to Holden and
Errington, "Type II Toxin-Antitoxin Systems and Persister Cells". MBio 2018, 9 (5).
108. Ramisetty, B. C.; Ghosh, D.; Roy Chowdhury, M.; Santhosh, R. S., What Is the
Link between Stringent Response, Endoribonuclease Encoding Type II Toxin-Antitoxin
Systems and Persistence? Front Microbiol 2016, 7, 1882.
109. Moll, I.; Engelberg-Kulka, H., Selective translation during stress in Escherichia
coli. Trends Biochem Sci 2012, 37 (11), 493-8.
110. Soo, V. W.; Cheng, H. Y.; Kwan, B. W.; Wood, T. K., de novo synthesis of a
bacterial toxin/antitoxin system. Sci Rep 2014, 4, 4807.
111. Curtis T. Ogle, William H. Mather, Proteolytically Coordinated Activation of ToxinAntitoxin Modules. 2017.

112. Aizenman, E.; Engelberg-Kulka, H.; Glaser, G., An Escherichia coli chromosomal
"addiction module" regulated by guanosine [corrected] 3',5'-bispyrophosphate: a model
for programmed bacterial cell death. Proceedings of the National Academy of Sciences of
the United States of America 1996, 93 (12), 6059-63.
113. Butzin, N. C.; Hochendoner, P.; Ogle, C. T.; Mather, W. H., Entrainment of a
Bacterial Synthetic Gene Oscillator through Proteolytic Queueing. ACS Synth Biol 2017,
6 (3), 455-462.
114. Durao, P.; Balbontin, R.; Gordo, I., Evolutionary Mechanisms Shaping the
Maintenance of Antibiotic Resistance. Trends Microbiol 2018.
115. Fisher, R. A.; Gollan, B.; Helaine, S., Persistent bacterial infections and persister
cells. Nat Rev Microbiol 2017, 15 (8), 453-464.
116. Balaban, N. Q.; Helaine, S.; Lewis, K.; Ackermann, M.; Aldridge, B.;
Andersson, D. I.; Brynildsen, M. P.; Bumann, D.; Camilli, A.; Collins, J. J.; Dehio, C.;
Fortune, S.; Ghigo, J. M.; Hardt, W. D.; Harms, A.; Heinemann, M.; Hung, D. T.;
Jenal, U.; Levin, B. R.; Michiels, J.; Storz, G.; Tan, M. W.; Tenson, T.; Van
Melderen, L.; Zinkernagel, A., Definitions and guidelines for research on antibiotic
persistence. Nat Rev Microbiol 2019.

90

117. Ronneau, S.; Helaine, S., Clarifying the Link between Toxin-Antitoxin Modules
and Bacterial Persistence. Journal of Molecular Biology 2019.
118. Deter, H. S.; Jensen, R. V.; Mather, W. H.; Butzin, N. C., Mechanisms for
Differential Protein Production in Toxin-Antitoxin Systems. Toxins (Basel) 2017, 9 (7).
119. Overgaard, M.; Borch, J.; Jorgensen, M. G.; Gerdes, K., Messenger RNA
interferase RelE controls relBE transcription by conditional cooperativity. Mol Microbiol
2008, 69 (4), 841-857.
120. Kasari, V.; Mets, T.; Tenson, T.; Kaldalu, N., Transcriptional cross-activation
between toxin-antitoxin systems of Escherichia coli. BMC microbiology 2013, 13, 45.
121. Janssen, B. D.; Garza-Sanchez, F.; Hayes, C. S., YoeB toxin is activated during
thermal stress. Microbiologyopen 2015, 4 (4), 682-97.
122. Baker, T. A.; Sauer, R. T., ClpXP, an ATP-powered unfolding and proteindegradation machine. Biochim Biophys Acta 2012, 1823 (1), 15-28.
123. Ranquet, C.; Gottesman, S., Translational regulation of the Escherichia coli stress
factor RpoS: a role for SsrA and Lon. J Bacteriol 2007, 189 (13), 4872-9.
124. Janssen, B. D.; Hayes, C. S., The tmRNA ribosome-rescue system. Advances in
protein chemistry and structural biology 2012, 86, 151-91.
125. Luidalepp, H.; Hallier, M.; Felden, B.; Tenson, T., tmRNA decreases the
bactericidal activity of aminoglycosides and the susceptibility to inhibitors of cell wall
synthesis. RNA Biol 2005, 2 (2), 70-4.
126. Amato, S. M.; Brynildsen, M. P., Persister Heterogeneity Arising from a Single
Metabolic Stress. Current biology : CB 2015, 25 (16), 2090-8.
127. Wang, W.; Chen, J.; Chen, G.; Du, X.; Cui, P.; Wu, J.; Zhao, J.; Wu, N.;
Zhang, W.; Li, M.; Zhang, Y., Transposon Mutagenesis Identifies Novel Genes
Associated with Staphylococcus aureus Persister Formation. Front Microbiol 2015, 6,
1437.
128. Wu, S.; Yu, P. L.; Wheeler, D.; Flint, S., Transcriptomic study on persistence and
survival of Listeria monocytogenes following lethal treatment with nisin. J Glob
Antimicrob Resist 2018, 15, 25-31.

129. Butzin, N. C.; Mather, W. H., Synthetic genetic oscillators. Reviews in Cell Biology
and Molecular Medicine 2015.

91
130. Stricker, J.; Cookson, S.; Bennett, M. R.; Mather, W. H.; Tsimring, L. S.; Hasty,
J., A fast, robust and tunable synthetic gene oscillator. Nature 2008, 456 (7221), 516-9.
131. Butzin, N. C.; Mather, W. H., Synthetic Genetic Oscillators. In Reviews in Cell
Biology and Molecular Medicine, Wiley-VCH Verlag GmbH & Co. KGaA: 2016.
132. Mondragon-Palomino, O.; Danino, T.; Selimkhanov, J.; Tsimring, L.; Hasty, J.,
Entrainment of a population of synthetic genetic oscillators. Science 2011, 333 (6047),
1315-9.
133. Prindle, A.; Selimkhanov, J.; Danino, T.; Samayoa, P.; Goldberg, A.; Bhatia, S.
N.; Hasty, J., Genetic Circuits in Salmonella typhimurium. ACS synthetic biology 2012, 1
(10), 458-464.
134. Thomsen, L. E.; Olsen, J. E.; Foster, J. W.; Ingmer, H., ClpP is involved in the
stress response and degradation of misfolded proteins in Salmonella enterica serovar
Typhimurium. Microbiology 2002, 148 (Pt 9), 2727-33.
135. Harms, A.; Fino, C.; Sorensen, M. A.; Semsey, S.; Gerdes, K., Prophages and
Growth Dynamics Confound Experimental Results with Antibiotic-Tolerant Persister
Cells. MBio 2017, 8 (6).
136. Hooper, D. C.; Wolfson, J. S.; Ng, E. Y.; Swartz, M. N., Mechanisms of action of
and resistance to ciprofloxacin. Am J Med 1987, 82 (4A), 12-20.
137. Kwan, B. W.; Valenta, J. A.; Benedik, M. J.; Wood, T. K., Arrested protein
synthesis increases persister-like cell formation. Antimicrob Agents Chemother 2013, 57
(3), 1468-73.
138. Kussell, E.; Kishony, R.; Balaban, N. Q.; Leibler, S., Bacterial persistence: a
model of survival in changing environments. Genetics 2005, 169 (4), 1807-14.
139. Ganini, D.; Leinisch, F.; Kumar, A.; Jiang, J.; Tokar, E. J.; Malone, C. C.;
Petrovich, R. M.; Mason, R. P., Fluorescent proteins such as eGFP lead to catalytic
oxidative stress in cells. Redox Biol 2017, 12, 462-468.
140. Kalyanaraman, B.; Zielonka, J., Green fluorescent proteins induce oxidative stress
in cells: A worrisome new wrinkle in the application of the GFP reporter system to
biological systems? Redox Biol 2017, 12, 755-757.
141. Cohen, N. R.; Lobritz, M. A.; Collins, J. J., Microbial persistence and the road to
drug resistance. Cell Host Microbe 2013, 13 (6), 632-42.
142. Wang, T.; El Meouche, I.; Dunlop, M. J., Bacterial persistence induced by
salicylate via reactive oxygen species. Sci Rep 2017, 7, 43839.

92
143. Trastoy, R.; Manso, T.; Fernandez-Garcia, L.; Blasco, L.; Ambroa, A.; Perez
Del Molino, M. L.; Bou, G.; Garcia-Contreras, R.; Wood, T. K.; Tomas, M.,
Mechanisms of Bacterial Tolerance and Persistence in the Gastrointestinal and
Respiratory Environments. Clin Microbiol Rev 2018, 31 (4).
144. Rossi, N. A.; Mora, T.; Walczak, A. M.; Dunlop, M. J., Active degradation of
MarA controls coordination of its downstream targets. PLoS Comput Biol 2018, 14 (12),
e1006634.
145. Radzikowski, J. L.; Vedelaar, S.; Siegel, D.; Ortega, A. D.; Schmidt, A.;
Heinemann, M., Bacterial persistence is an active sigmaS stress response to metabolic
flux limitation. Mol Syst Biol 2016, 12 (9), 882.
146. Morgan, G. J.; Burkhardt, D. H.; Kelly, J. W.; Powers, E. T., Translation
efficiency is maintained at elevated temperature in Escherichia coli. J Biol Chem 2018,
293 (3), 777-793.
147. Hobman, J. L.; Penn, C. W.; Pallen, M. J., Laboratory strains of Escherichia coli:
model citizens or deceitful delinquents growing old disgracefully? Molecular
microbiology 2007, 64 (4), 881-5.
148. Mazumder, M.; Brechun, K. E.; Kim, Y. B.; Hoffmann, S. A.; Chen, Y. Y.;
Keiski, C. L.; Arndt, K. M.; McMillen, D. R.; Woolley, G. A., An Escherichia coli
system for evolving improved light-controlled DNA-binding proteins. Protein
engineering, design & selection : PEDS 2015, 28 (9), 293-302.
149. Qian, F.; Pan, W. Q., [Inducible expression of MSP1 gene of Plasmodium
falciparum by a tetracycline-controlled promoter]. Zhongguo Ji Sheng Chong Xue Yu Ji
Sheng Chong Bing Za Zhi 2000, 18 (4), 193-6.
150. Forster, A. H.; Beblawy, S.; Golitsch, F.; Gescher, J., Electrode-assisted acetoin
production in a metabolically engineered Escherichia coli strain. Biotechnol Biofuels
2017, 10, 65.
151. Wentzel, A.; Christmann, A.; Adams, T.; Kolmar, H., Display of passenger
proteins on the surface of Escherichia coli K-12 by the enterohemorrhagic E. coli intimin
EaeA. Journal of bacteriology 2001, 183 (24), 7273-84.
152. O'Brien, S. P.; DeLisa, M. P., Functional reconstitution of a tunable E3-dependent
sumoylation pathway in Escherichia coli. PloS one 2012, 7 (6), e38671.
153. Mok, W. W.; Patel, N. H.; Li, Y., Decoding toxicity: deducing the sequence
requirements of IbsC, a type I toxin in Escherichia coli. The Journal of biological
chemistry 2010, 285 (53), 41627-36.

93
154. Kaspy, I.; Rotem, E.; Weiss, N.; Ronin, I.; Balaban, N. Q.; Glaser, G., HipAmediated antibiotic persistence via phosphorylation of the glutamyl-tRNA-synthetase.
Nat Commun 2013, 4, 3001.
155. Miller, J. H., Experiments in molecular genetics. Cold Spring Harbor Laboratory:
Cold Spring Harbor, N.Y., 1972; p xvi, 466 p.
156. Joers, A.; Kaldalu, N.; Tenson, T., The frequency of persisters in Escherichia coli
reflects the kinetics of awakening from dormancy. J Bacteriol 2010, 192 (13), 3379-84.
157. Nickolai, D. J.; Lammel, C. J.; Byford, B. A.; Morris, J. H.; Kaplan, E. B.;
Hadley, W. K.; Brooks, G. F., Effects of storage temperature and pH on the stability of
eleven beta-lactam antibiotics in MIC trays. J Clin Microbiol 1985, 21 (3), 366-70.
158. Datla, U. S.; Mather, W. H.; Chen, S.; Shoultz, I. W.; Tauber, U. C.; Jones, C.
N.; Butzin, N. C., The spatiotemporal system dynamics of acquired resistance in an
engineered microecology. Sci Rep 2017, 7 (1), 16071.
159. Deter, H. S.; Dies, M.; Cameron, C. C.; Butzin, N. C.; Buceta, J., A Cell
Segmentation/Tracking Tool based on Machine Learning. In Computer Optimized
Microscopy: Methods and Protocols, Springer’s Methods in Molecular Biology: 2019.
In Press.
160. Gillespie, D. T., Exact stochastic simulation of coupled chemical reactions. The
Journal of Physical Chemistry 1977, 81 (25), 2340-2361.
161. Stefan Behnel, R. B., Dag Sverre Seljebotn, Greg Ewing, et al. The Cython
compiler. http://cython.org.
162. E Jones, T. O., P Peterson, et al., Scipy: Open source scientic tools for python
[software]. 2001.
163. Cumming, G.; Fidler, F.; Vaux, D. L., Error bars in experimental biology. J Cell
Biol 2007, 177 (1), 7-11.
164. Brauner, A.; Fridman, O.; Gefen, O.; Balaban, N. Q., Distinguishing between
resistance, tolerance and persistence to antibiotic treatment. Nature Reviews
Microbiology 2016, 14, 320.
165. Goormaghtigh, F.; Fraikin, N.; Putrins, M.; Hallaert, T.; Hauryliuk, V.; GarciaPino, A.; Sjodin, A.; Kasvandik, S.; Udekwu, K.; Tenson, T.; Kaldalu, N.; Van
Melderen, L., Reassessing the Role of Type II Toxin-Antitoxin Systems in Formation of
Escherichia coli Type II Persister Cells. MBio 2018, 9 (3).

94
166. Hoskins, J. R.; Kim, S. Y.; Wickner, S., Substrate recognition by the ClpA
chaperone component of ClpAP protease. The Journal of biological chemistry 2000, 275
(45), 35361-7.
167. Griffith, K. L.; Shah, I. M.; Wolf, R. E., Jr., Proteolytic degradation of Escherichia
coli transcription activators SoxS and MarA as the mechanism for reversing the induction
of the superoxide (SoxRS) and multiple antibiotic resistance (Mar) regulons. Molecular
microbiology 2004, 51 (6), 1801-16.
168. Forde, B. M.; O'Toole, P. W., Next-generation sequencing technologies and their
impact on microbial genomics. Brief Funct Genomics 2013, 12 (5), 440-53.
169. Hirsch, M.; Elliott, T., Stationary-phase regulation of RpoS translation in
Escherichia coli. J Bacteriol 2005, 187 (21), 7204-13.

