Boston University

OpenBU http://open.bu.edu
Boston University Theses & Dissertations Boston University Theses & Dissertations
2022

Development of methods to diagnose
and predict antibiotic resistance using
synthetic biology and computational approaches

https://hdl.handle.net/2144/44044
"Downloaded from OpenBU. Boston University's institutional repository."



BOSTON UNIVERSITY
GRADUATE SCHOOL OF ARTS AND SCIENCES
AND

COLLEGE OF ENGINEERING

Dissertation

DEVELOPMENT OF METHODS TO DIAGNOSE AND
PREDICT ANTIBIOTIC RESISTANCE USING SYNTHETIC

BIOLOGY AND COMPUTATIONAL APPROACHES

by

EMMA ANN BRIARS

BA, Boston University, 2013

Submitted in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy

2022



© Copyright by
EMMA ANN BRIARS
2022



First Reader

Second Reader

Approved by

Ahmad Khalil, PhD
Associate Professor of Biomedical Engineering

Daniel Segre, PhD

Professor of Biology

Professor of Bioinformatics
Professor of Biomedical Engineering
Professor of Physics



ACKNOWLEDGMENTS

This work would not have been possible without amazing support systems both
in and out of graduate school. Finishing up a PhD during a global pandemic with
lock downs and lab shifts was not what I would have hoped for, but it was made
possible by their support.

First, I would like to thank my advisor, Mo Khalil, for his mentorship and sup-
port. Thank you for fostering such a uniquely positive work environment and for
always being a source of encouragement and optimism. I would also like to thank
Daniel Segré for giving me my start in bioinformatics back in 2008 as a UROP
student, and for supporting me since then. I am also thankful for my additional
commitee members: Cathie Klapperich and Mary Dunlop for their expertise and
insightful questions.

Next, I would like to thank all of my lab mates, past and present for their indi-
vidual expertise, thoughtful discussions, and camaraderie over the past few years:
James Angstman, Zehua Bao, Abdul Bhuiya, Nate Borders, Dana Braff, Meghan
Bragdon, Guilio Chiesa, Allison Drain, Keith Gagnon, Marco Galardini, Sam Gan,
Daniel Hart, Zack Heins, Divya Israni, Sungho Jang, Charles Jo, Szilvia Kiriakov,
Heidi Klumpe, Colin Kunze, Hui-Shan Li, Chris Mancuso, Hagar Moussa, Nikit
Patel, Minhee Park, Arjun Ravikumar, Adam Sanford, Will Shaw, Brandon Wong,
Ezira Yimer Wolle, Belle Ye. A special thank you to Marco Galardini for his work
on implementing the morbidostat in the eVOLVER, as well as for joining my antibi-
otic resistance evolution journal club during the pandemic. Another special thanks
to Dana Braff for letting me rotate with her as a green synthetic biologist, and for
teaching me the basics of toehold sensors and paper-based reactions. I would also

like to thank Chris Mancuso, Colin Kunze, Szilvia Kiriakov, and Brandon Wong for

iv



their assistance with various projects over the years. And a final acknowledgement
to the Bay of Blankets, for always putting comfort first in a temperature-controlled
shared open office space.

I would like to thank my colleagues and friends from the Bioinformatics pro-
gram and the BDC. A special thank you to Sebastian Carrasco Pro for being my
tirst-year Challenge Project partner, as well as for teaching me how to play squash.
Thank you to Dakota Hawkins, Will Hackett, David Jenkins, Xingyi Shi, Sean Cor-
bett, Dave Bray, Alan Pacheco, Lucas Schiffer, Shruthi Bandyadka, Dileep Kishore,
Emily Speranza, and Jamie Strampe for combinations of: being great friends, work-
ing on the Student organized symposium with me, terrace house watch parties,
and being leaders I look up to. A huge thank you to Breanna O’Reilly for being an
amazing teammate, for conceptualizing BDC SPIN, and for bringing me along to
co-found it. Thank you David McIntyre, Jeremy Tran, and Diana Arguijo Mendoza
for jumping onto the BDC SPIN team and being such a joy to work with. I am so
proud of the work we have done, and am so excited for this resource that we have
created for future members of the BDC. A final shout out to the members of the
BDC running club for bringing the fun to fun runs.

Thank you the amazing administrative and support staff that I have worked
with in the Khalil Lab, the Biological Design Center, and in the Bioinformatics
Program both past and present: David Michaels, Valeria Claret, Kevin Gonzalez,
Johanna Vasquez, Caroline Lyman, David King, Mary-Ellen Gipson-FitzPatrick.
Thank you to Jess Tytell, Akshata Sonni, and Josh Finkelstein for their past and
present support of the BDC SPIN.

To my dearest friends, Georgia, Danny, Jaclyn, Kate, Ashley: I am in debt for

your constant encouragement, motivation, and enthusiasm. To my family, Mom,



Dad, Megen, Papa Rock, Mama Rock, Kelsey, Craig, Tommy, Ashley, T, E, Brooks:
thank you for your never-ending support. To my husband Pete, thank you for
being my best friend and constant throughout this PhD. And to Lilo, thank you for

being you.

vi



DEVELOPMENT OF METHODS TO DIAGNOSE AND
PREDICT ANTIBIOTIC RESISTANCE USING SYNTHETIC
BIOLOGY AND COMPUTATIONAL APPROACHES
EMMA ANN BRIARS
Boston University, Graduate School of Arts and Sciences and
College of Engineering, 2022
Major Professor: Ahmad Khalil, Associate Professor of Biomedical

Engineering

ABSTRACT

Antibiotic resistance is a quickly emerging public health crisis, accounting for
more than 700,000 annual global deaths. Global human antibiotic overuse and
misuse has significantly expedited the rate at which bacteria become resistant to
antibiotics. A renewed focus on discovering new antibiotics is one approach to
addressing this crisis. However, it alone cannot solve the problem: historically, the
introduction of a new antibiotic has consistently, and at times rapidly, been fol-
lowed by the appearance and dissemination of resistant bacteria. It is thus crucial
to develop strategies to improve how we select and deploy antibiotics so that we
can control and prevent the emergence and transmission of antibiotic resistance.

Current gold-standard antibiotic susceptibility tests measure bacterial growth,
which can take up to 72 hours. However, bacteria exhibit more immediate mea-
surable phenotypes of antibiotic susceptibility, including changes in transcription,

after brief antibiotic exposure. In this dissertation I develop a framework for build-
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ing a paper-based cell-free toehold sensor antibiotic susceptibility test that can de-
tect differential mRNA expression. I also explore how long-term lab evolution
experiments can be used to prospectively uncover transcriptional signatures of an-
tibiotic susceptibility.

Paper-based cell-free systems provide an opportunity for developing clinically
tractable nucleic-acid based diagnostics that are low-cost, rapid, and sensitive. I
develop a computational workflow to rapidly and easily design toehold switch
sensors, amplification primers, and synthetic RNAs. I develop an experimental
workflow, based on existing paper-based cell-free technology, for screening toe-
hold sensors, amplifying bacterial mRNA, and deploying sensors for differential
mRNA detection. I combine this work to introduce a paper-based cell-free toehold
sensor antibiotic susceptibility test that can detect fluoroquinolone-susceptible E.
coli. Next, I describe a methodology for long-term lab evolution and how it can
be used to explore the relationship between a phenotype, such as gene expres-
sion, and antibiotic resistance acquisition. Using a set of E. coli strains evolved to
acquire tetracycline resistance, I explore how each strain’s transcriptome changes
as resistance increases. Together, this work provides a set of computational and
experimental methods that can be used to study the emergence of antibiotic resis-
tance, and improve upon available methods for properly selecting and deploying

antibiotics.
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CHAPTER 1

Introduction

1.1 THE ANTIBIOTIC RESISTANCE CRISIS

Antibiotics are a critically important tool in modern healthcare. However, increas-
ing rates of antibiotic resistance pose a real threat on our ability to rely on antibi-
otics for many aspects of modern medicine, including: surgery, immunosupressive
therapy, and the treatment of sepsis and other bacterial infections. Antibiotic use
is directly linked to the acquisition of antibiotic resistance, so as we continue to
use antibiotics, we will continue to see naturally susceptible bacteria achieve resis-
tance, either through mutation or the transfer of genetic material (MacGowan &
Macnaughton (2013)).

Although 1% of bacteria are naturally resistant to new antibiotics (Levine et al.
(2006)), the staggering rates at which we are encountering antibiotic resistant infec-
tions — up to 95% in some bug-drug combinations — is a global cause for concern.
Today; it is estimated that there are more than 700,000 annual global deaths due to
antibiotic resistant infections (O’Neill (2020)), and in some countries, up to 90% of
E. coli infections are resistant to ciprofloxacin (WHO (2020)).

Antibiotic overuse and misuse are major contributors to increased rates of an-
tibiotic resistance (Bronzwaer et al. (2002), Goossens et al. (2005)). In human medicine
alone, global antibiotic use increased 40% between 2000-2010 (Van Boeckel et al.
(2014)). This, combined with antibiotic use in agriculture, unrestricted antibiotic
access in some countries, increased global travel, and decreasing rates of new an-
tibiotic discovery, have contributed to the global rise of antibiotic resistant infec-

tions (O’Neill (2020)). More simply, putting antibiotics into the hands of humans



has significantly expedited the rate at which bacteria become resistant to antibi-
otics.

The WHO has highlighted various scientific, medical, and public health inter-
ventions that are needed in order to reduce the increasing rate of antimicrobial
infections. These include: promoting the research and development of new an-
tibiotics, implementing best practices for antibiotic use in agriculture, encourag-
ing best practices of antibiotic use among both the general public and healthcare
workers, and increasing public awareness of the antibiotic resistance crisis (WHO
(2021)). In order for antibiotic best practices to be advocated for by the general
public, and implemented by healthcare workers, these groups need access to both
diverse sets of antibiotics as well as diagnostic tools. Diagnostics are a crucial
implement as they can expedite treatment, enable the use of narrower spectrum
antibiotics, and in some cases, reduce the need for antibiotics. As such, there is
a critical need for new diagnostics that can identify the bacterial species present
in an infection, as well as tools that can assess the antibiotic susceptibility of the

infection.

1.2 ANTIBIOTIC SUSCEPTIBILITY TESTING

Correctly selecting an antibiotic based on the antibiotic susceptibility profile of a
bacterial infection allows clinicians to use targeted antibiotics when appropriate,
and preserve stronger, broad spectrum antibiotics for when they are absolutely
necessary. Moreover, improved antibiotic stewardship efforts have been linked
to improved clinical outcomes, including a reduction in incidence of multi-drug
resistant infections (Baur et al. (2017), Karanika et al. (2016)). However, without

widespread access to rapid diagnostics that can quickly assess the susceptibility of



an unknown pathogen to a potential antibiotic, physicians must use empirical ev-
idence to determine an initial antibiotic course (Figure 1.1). Unfortunately, relying
on empirical evidence leads to frequent antibiotic overuse and misuse, and in some
cases, increased mortality and hospital stays (Kollef et al. (2021)). For example, a
recent study found that only 20.6% of isolated bacterial cultures from the National
Cancer Institute in Sri Lanka were susceptible to the empirical antibiotic selected
(Chathuranga et al. (2021)). As rates of antibiotic resistance increase, it is essen-
tial that clinicians possess rapid tools for assessing the antibiotic susceptibility of
potential bacterial infections.

Definitive Therapy Timeline

Microbiology Results Timeline

[ | Antimicrobial treatment Deescalate antimicrobial
appropriate for —p spectrum of coverage if
Clinical identification offending pathogens possible
Infection of_ infectic_m Sta_rt _empi(ic _ Obt_ain D_eﬁpitive_ Antimicrobial
Onset —p (Obtanj specimens —» antimicrobial — microbiology - . Escalate spectrum of antimicrobial —» therapy
for microbiology therapy* results Antimicrobial treatment antimicrobial agents therapy* completed
S inappropriate for  —  a5eq on microbiology

testing) F
offending pathogens and susceptibility testing

results

|

Empiric Therapy Timeline |

Duration of Treatment Timeline

Figure 1.1: Overview of the timeline of clinical decision points and
antibiotic usage for critically-ill patients

Figure adapted from Kollef et al. (2021). Without rapid diagnostics,
the empiric therapy is not always the same as the definitive therapy,
leading to unnecessary antibiotic exposures and increased treatment
time.

1.2.1 Gold-Standard Methods for Antibiotic Susceptibility Testing

The gold-standard methods for clinical antibiotic susceptibility testing (AST) are
growth-based phenotypic methods, which assess the ability of an antibiotic to in-

hibit bacterial growth in vitro. These include the disk diffusion assay, which mea-



sures the zone of bacterial growth inhibition around an antibiotic disk; and the
broth (or agar) dilution assays, which measures the minimum inhibitory concen-
tration (MIC) of an antibiotic through bacterial culture in the presence of serial
dilutions of an antibiotic in media (Arena et al. (2015)). The results of these meth-
ods are interpreted as clinical calls of susceptibility or resistance via comparison
to the clinical breakpoints set by the Clinical and Laboratory Standards Institute
(CLSI) or the European Committee on Antimicrobial Susceptibility Testing (EU-
CAST). Recently, work has been done to modernize these assays, including the de-
velopment of microfluidic platforms to streamline assay set-up (Lee et al. (2017),
Osaid et al. (2021)); automate reading the results to reduce time to response (TTR)
(Hombach et al. (2017)); and democratize the process of interpreting AST results
(Fowler et al. (2021)).

Although the gold-standard AST methods are relatively cost-effective and ac-
curate, and despite the highlighted innovations made to streamline these methods,
they are still limited by their TTR. Since these methods rely on bacterial growth
from a single bacteria colony as the readout, they can take at least 48-72 before a
clinical assessment can be made. However, this timescale is days slower than what
is needed in a point-of-care setting (Figure 1.1). Thus, AST methods are not always
implemented, and even when they are, clinicians still need to make an empirical
decision on which antibiotic to use while waiting for the results, creating a large
opportunity for antibiotic overuse and misuse.

In the following two subsections I describe alternative molecular approaches to

the gold-standard antibiotic susceptibility tests.



1.2.2 Genotypic Methods for Antibiotic Susceptibility Testing

Genotypic approaches to AST detect specific genetic elements that are known to
confer resistance, include preexisting genomic or proteomic signatures of antibi-
otic resistance (van Belkum et al. (2020)). This group of molecular approaches uses
a one-to-one relationship between genetic element and resistance phenotype for
an antibiotic. For some bug-drug combinations, this information has been previ-
ously identified and is stored databases such as Comprehensive Antibiotic Resis-
tance Database (CARD) and MEGARes (Alcock et al. (2020), Lakin et al. (2017)).
CARD contains both genomic and proteomic genetic elements that are known to
confer resistance in certain bug-drug combinations. However, for most bacteria
there is not just one genetic element that can be used to infer antibiotic susceptibil-
ity, but instead there are numerous genetic elements - including point mutations,
plasmids, etc. - that are associated with antibiotic susceptibility for different an-
tibiotics. For example, recent work identified - in Mycobacterium tuberculosis alone
- 449 unique genetic determinants that increase the MICs across thirteen antibiotics
(Carter et al. (2021)). Genotypic diagnostic tests require both a compendium of ref-
erence data and the ability to collect sequence information from each sample. This
strategy is being developed commercially by companies such as BioFire and Day
Zero Diagnostics to provide rapid, genotypic-based methods for AST (Furukawa
et al. (2021), Asundi et al. (2020)).

One challenge to genotpyic AST is the dynamic nature of antibiotic resistance.
As we continue to use antibiotics and place new selective pressures on bacteria,
we will in turn encounter new genomic and proteomic features of antibiotic resis-
tance. Moreover, the absence of certain antibiotic resistance genes does not predict

antibiotic susceptibility (Bard & Lee (2018)). In fact, a recent study found that



for 85 isolates of Bacillus cereus, the presence of antibiotic resistance genes was a
poor predictor of phenotypic resistance (Mills et al. (2021)). Thus, the genetic and
proteomic determinants of antibiotic resistance can be both a moving target and

non-deterministic, making it a challenging diagnostic approach.

1.2.3 Phenotypic Methods for Antibiotic Susceptibility Testing

An alternative approach to detecting antibiotic resistance is phenotypic: introduc-
ing the antibiotic to the bacterial sample and observing its response. One benefit
of phenotypic AST is that there are far less phenotypes of antibiotic resistance than
genotypes, i.e. many distinct genetic elements can all lead to the single pheno-
type of resistance to a specific antibiotic. Additionally, phenotypic methods gener-
ally predict antibiotic susceptibility more accurately than genotypic methods since
they are directly testing for the susceptibility phenotype (van Belkum et al. (2020)).
As described previously, the gold-standard method for AST is a phenotypic test
that measures bacterial growth in response to antibiotic exposure. Although this
method is extremely accurate, its reliance on observing cell growth is slow and
relatively low-throughput.

Recently, work has been done to probe other phenotypes of antibiotic suscepti-
bility for rapid AST. For these methods, bacteria are still exposed to an antibiotic or
panel of antibiotics, but a different phenotype of the response is measured. For ex-
ample, the rate of cell death can be directly linked to antibiotic susceptibility, and
can be measured faster than a growth-based output (Kalashnikov et al. (2012)).
Antibiotic susceptibility has also been linked to changes in cellular architecture -
including cell size and shape - which can be measured faster than a growth-based

output (Quach et al. (2016)). Finally, changes in transcription habe also be linked



to antibiotic susceptibility, and can be measured for rapid AST (Sangurdekar et al.
(2006), Barczak et al. (2012)).

Together, these new methods demonstrate the potential for advancements in
phenotpyic AST. However there is still a need to make these approaches faster,

cheaper, and better-suited for point-of-care (POC) settings.

1.3 TRANSCRIPTOMES OF ANTIBIOTIC EXPOSURE

Whole-genome expression profiling of bacteria in response to antibiotic exposure
has revealed transcriptional signatures of antibiotic exposure (Brazas & Hancock
(2005)). The genes involved in these signatures can be grouped into four cate-
gories: direct effects (e.g., related to the antibiotic target), indirect effects (e.g., stress
response, metabolic changes), secondary effects (downstream to genes targeted by
antibiotic), and bystander effects (organism or antibiotic specific). Originally, these
gene signatures were used for screening the effects of new antibiotic compounds.
More recently, these signatures have been teased apart to provide a relationship
between the antibiotic susceptibility of a bacterial strain and its transcriptional sig-

nature in response to brief antibiotic exposure.

1.3.1 Gene Signatures of Antibiotic Susceptibility

The use of microarrays for whole-cell transcriptomic studies allowed for the dis-
covery that susceptible bacteria differentially express stereotypical transcriptional
signatures in response to brief antibiotic exposure (15 minutes — 45 minutes). In
wild-type E. coli cells, brief exposure to norfloxacin - a quinolone with activity
against DNA gyrase and topoisomerase IV - elicits changes in gene expression,

including genes associated with DNA damage and SOS repair, DNA relaxation,



ATPases, transposons, and targets of FIS and FNR. However in norfloxacin resis-
tant E. coli cells, brief antibiotic exposure does not lead to transcriptional changes
associated with the antibiotic’s effects, but instead leads to changes in cells” energy
metabolism and cell division (Sangurdekar et al. (2006)). Signatures of antibiotic
susceptibility have since been identified for additional "drug-bug" combinations,
including E. coli, P. aeruginosa, M. tuberculosis, N. gonorrhoea, and K. pneumoniae

(Barczak et al. (2012), Khazaei et al. (2018), Bhattacharyya et al. (2019)) (Figure 1.2).
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sequencing (SEQ) in susceptible (S) and
resistant (R) clinical isolates.

R

(b) Figure adapted from Bhattacharyya
et al. (2019). Differential expression of
signature genes in Klebsiella pneumoniae
in response to meropenem as measured
by a NanoString-based workflow in sus-
ceptible (S) and resistant (R) clinical iso-
lates.

Figure 1.2: Examples of transcriptional signatures of antibiotic sus-
ceptibility

Unlike genotypic signatures of antibiotic susceptibility, these transcriptional
signatures are conserved across many strains of one species, and recently have
been shown to be conserved across multiple antibiotics within an antibiotic class
(Martinsen et al. (2021)). Therefore, transcriptional signatures serve as an opportu-

nity for RNA-based antibiotic susceptibility testing as an innovation in phenotypic



antibiotic susceptibility testing.

1.4 NUCLEIC ACID-BASED DIAGNOSTICS FOR RNA DETECTION

Transcriptional signatures of antibiotic susceptibility are conserved within species’
and drug classes, and are quickly activated in response to brief antibiotic exposure,
making them a promising opportunity for AST. The detection of transcriptional
signatures for AST relies on the ability to detect differences in nucleic acids (here,
RNA) between bacteria that were and were not briefly exposed to antibiotics. In
this section I provide a general overview of nucleic acid-based diagnostics, fol-
lowed by an introduction to both standard methods and new innovations for RNA

detection.

1.4.1 Nucleic Acid-Based Diagnostics

Nucleic acid-based diagnostics provide sequence-level information about disease-
causing pathogens and their pathogenesis (Paul et al. (2020)). Unlike other molecu-
lar diagnostic strategies such as antibody detection, nucleic acid-based diagnostics
offer superior sensitivity and specificity for diagnostic applications. These diag-
nostic tests consists of three steps: nucleic acid extraction, amplification, and am-
plicon detection. These steps can be run sequentially, or collapsed into one or two
total steps. Moreover, these steps can be miniaturized and multiplexed in various
paper-based and microfluidic contexts (Basha et al. (2017), Connelly et al. (2015),
Rodriguez et al. (2015), and many others). However, the majority of current nucleic
acid-based diagnostics focus on the detection of genomic elements such as DNA,

viral RNA, or 16S rRNA.
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1.4.2 Nucleic Acid Amplification

Nucleic acid-based diagnostics frequently employ a nucleic acid amplification step.
For DNA, PCR is commonly employed. For POC diagnostics, isothermal ampli-
fication techniques are preferred because they do not rely on expensive thermo-
cyclers. Loop-mediated isothermal amplification (LAMP) is run at 65°C and can
amplify DNA regions within 30 minutes using multiple sets of primer pairs (No-
tomi et al. (2000)). Recombinase polymerase activation (RPA) is another isothermal
technique that works optimally between 37 — 42°C, requires only one primer pair,
and can be as accurate and faster than PCR in amplifying DNA (Piepenburg et al.
(2006)). Both LAMP and RPA can be combined with a reverse transcription (RT)
step for RNA detection. Nucleic acid sequence based amplification (NASBA) is
an isothermal technique that is optimized for RNA detection (Malek et al. (1994)).
It works optimally at 41°C (but still has good activity at 37°C), only requires one
primer pair, and is one of the only isothermal amplification techniques that pref-
erentially amplifies RNA over DNA. The steps of a NASBA amplification reaction

are shown in Figure 1.3.

1.4.3 Gold-Standard Methods for RN A Detection

Gold-standard laboratory methods for RNA detection include RT-qPCR and RNA-
seq. For the detection of a few RNA transcripts, quantitative reverse transcrip-
tion PCR (RT-qPCR) is employed (Heid et al. (1996)). In RT-qPCR, RNA is reverse
transcribed into cDNA, followed by primer-mediated detection of specific cDNA
molecules using quantitative PCR. For the analysis of many transcripts or the
entire transcriptome, RNA-seq (RNA-sequencing) is employed (Mortazavi et al.

(2008)). In RNA-seq, RNA is reverse transcribed into cDNA, and the resulting
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Figure 1.3: Overview of nucleic acid sequence-based amplification
(NASBA) for isothermal RNA amplification

Figure adapted from Takahashi et al. (2018)

cDNA is chopped up, sequenced using next-generation sequencing methodolo-
gies, and the resulting data are bioinformatically translated into information about
RNA abundance levels. Both of these methods can be sensitive, fast and high-
throughput - making them well-suited for laboratory RNA diagnostic applications.
However, they are technologically complicated, requiring expensive, non-portable
instrumentation, and requiring skilled personnel. As such, these methods can not

employed in many POC and resource-limited settings.

1.4.4 Other Emerging Methods for RNA Detection

In an effort to bring RN A-based diagnostics to POC and resource-limited settings,
new methodologies for RNA detection have been developed. One hallmark of
these strategies is their ability to be multiplexable, portable, and less-reliant on

large, expensive equipment.
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1.4.4.1 CRISPR-Based RNA Detection

CRISPR-Cas (clustered regularly interspaced short palindromic repeats; CRISPR-
associated proteins) systems can be programmed for single-base specificity and
detection of specific nucleic acid sequences (Li et al. (2019)). Recent character-
ization of different CRISPR systems has identified effector proteins with RNA-
guided ribonuclease activity, such as Cas13a (Shmakov et al. (2015), Abudayyeh
et al. (2016)). This led to the development of Specific High-Sensitivity Enzymatic
Reporter UnLOCKing (SHERLOCK), a platform for RNA sensing based on the
programmable RNA cleaving activity of Cas13a (Gootenberg et al. (2017)). RNA
detection with SHERLOCK follows the standard nucleic acid detection workflow:
input nucleic acid is amplified, T7-mediated reverse transcribed into RNA, fol-
lowed by CRISPR collateral detection via specific CRISPR RNAs (crRNAs) and
Casl13 activity. This approach allows for attamolar sensitivity and has been used
for nucleotide resolution detection of Zika virus, Dengue virus, and the SARS-
COV-2 (Joung et al. (2020)). Recent work has expanded upon this methodology
to design a CRISPR-based broad bacterial species identification panel by design-
ing crRNA guide RNAs for 52 unique bacterial targets of the topA gene (Thakku
et al. (2021)). Still, these methods have been focused on genotypic detection of bac-
teria and viruses. Moreover, the single nucleotide specificity of CRISPR-Cas13a
methods make them well-suited for species identification, but limits their general-
izabilty. For example, the single nucleotide variations in the topA gene that make it
well-suited for species identification by Cas13a, would therefore prevent that gene
from being using in a pan-species gene expression test. Therefore, a molecular
sensor with ‘wobble’ in its specificity might be more adept for generalizable gene

expression-based diagnostics.
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1.4.4.2  Paper-Based Toehold Switch Sensor RNA Detection

Toehold switch sensors are a programmable class of synthetic riboregulators that
control the translation of a reporter gene via the binding of a trans-acting trigger
RNA (Green et al. (2014)). The transcriptional and transational machinery needed
to power a toehold switch sensor reaction can be accomplished using cell-free ex-
tract (Hodgman & Jewett (2012)). Briefly, cell-free systems contain the transcrip-
tional and translational machinery required for in vitro protein translation. To-
gether, cell-free extract and toehold switch sensors can be applied to paper discs
and freeze-dried for a portable, ready-to-use, RNA detection platform (Pardee
et al. (2014)) (Figure 1.4). Toehold switch sensors can be designed to detect vir-
tually any nucleic acid sequence and can tolerate a few mismatches in the toehold
region. Panels of toehold sensors have been developed for the rapid and portable
detection of the Zika virus (Pardee et al. (2016)), norovirus (Ma et al. (2018), and
different bacterial species in the microbiome (Takahashi et al. (2018)). These plat-
forms frequently employ an isothermal RNA amplification step - such as NASBA
or RPA - to increase their sensitivity. To date, these methods have focused on the

detection of RNA-based genomic elements such as viral RNA or 16S rRNA.

1.5 DISSERTATION AIMS

This dissertation aims to improve antibiotic stewardship through the development
of methods to diagnose antibiotic resistance in clinically-relevant infections, as well
as through the development of methods to predict antibiotic resistance in experi-
mental settings.

In Chapters 2 and 3, I focus on developing fast, sensitive, and portable meth-

ods for mRNA detection for transcriptional phenotype-based AST. In Chapter 2,
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(b) Figure adapted from Pardee et al. (2014). Overview of toehold switch sen-
sors in the inactive (left) and active (right) states. The binding of a trans-acting
RNA (trigger RNA) to the complementary region of the toehold switch allows for
the switch to unfold, subsequently revealing a ribosomal binding site (RBS) and
translational start site (AUG), leading to translation of the reporter gene (e.g., GFP

Figure 1.4: Overview of paper-based synthetic gene networks and
toehold switch sensors

I summarize the current approaches for designing toehold switch sensors. I then
introduce a streamlined workflow for designing and testing toehold switch sen-
sors for transcriptional phenotype-based AST. In Chapter 3, I introduce a first-of-
its-kind toehold switch sensor assay for detecting differential RNA signatures of
antibiotic susceptibility, and deploy this assay on a set of clinically relevant E. coli
strains. This work includes numerous optimizations to the deployment of toehold

switch sensors, as well as the characterization of a set of clinically relevant E. coli
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strains. Finally, in Chapter 4, I describe a method for laboratory evolution of an-
tibiotic resistance and introduce how it can be used for time-resolved analysis of
gene expression in increasingly antibiotic resistant strains. Using a small set of E.
coli strains evolved towards tetracycline resistance, I demonstrate how this method
can be used to uncover new signatures of antibiotic susceptibility, as well as probe
the evolution of antibiotic resistance.

Together, this work provides a set of computational and experimental methods
that can be used to study the emergence of antibiotic resistance, and improve upon

available methods for properly selecting and deploying antibiotics.
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CHAPTER 2
A Comprehensive Framework for Designing, Testing, and Evaluating Toehold

Switch Sensors for Detection of Differentially Expressed mRNAs

2.1 INTRODUCTION

As described in Chapter 1.4.4.2, toehold switch sensors are a programmable class
of synthetic riboregulators that control the translation of a reporter gene via the
binding of a trans-acting trigger RNA (Green et al. (2014)). Binding of the trans-
acting RNA to the toehold region yields unfolding of the hairpin region of the
toehold switch, revealing a ribosomal binding site (RBS) and a translation start site.
Unlike CRISPR-based systems, toehold switch sensors can be designed to detect
virtually any RNA sequence. This, combined with the portability of toehold switch
sensors into paper-based contexts with cell-free extract, makes them a powerful
tool for cell-free biosensing.

Toehold switch sensors are programmed to detect specific RNA sequences via
encoding a complementary sequence into the toehold region of the switch (Fig-
ure 1.4b). The sensor read-out can be customized via the selection of the reporter
gene that is translated. When designing toehold switch sensors, the hairpin and
linker regions are largely conserved, save for sequence optimizations that have
been reported, such as the introduction of a ‘Series B’ structure that exhibits in-
creased reporter activity and decreased leakiness (Pardee et al. (2016)). Further
modifications to the switch structure have yielded interesting new dynamics, in-
cluding the ability to detect single nucleotide variants (Hong et al. (2020)).

Until recently, less than 1000 toehold switches had been designed and tested in

cell-free in vitro contexts, making it challenging to systematically identify key de-
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sign rules. Various work has been done to try and computationally predict the
efficacy of toehold switch sensors using machine learning and thermodynamic
modeling. In the beginning of this chapter, I compile all of the available tools
and metrics for toehold switch sensor design. I then combine these design consid-
erations into an open-source, easy-to-use tool for toehold switch sensor design (as
well as the design of NASBA amplification components). The goal of this work is
to provide a first-of-its-kind compendium of information on existing design strate-
gies, as well as to provide a flexible tool for future toehold switch sensor design.
The flexibility allows for design changes to be made as new design considerations

become available.

2.2 CURRENT METHODS FOR DESIGNING TOEHOLD SWITCH SENSORS
FOR RNA DETECTION

2.2.1 Brute Force Approach to Toehold Switch Sensor Design

The most common approach for toehold switch sensor design is to simply design
as many toehold sequences as possible and test them in vitro (Green et al. (2014),
Pardee et al. (2014), Pardee et al. (2016)). Recent work to design toehold switch sen-
sors for the detection of norovirus provides an update to this brute-force design
algorithm (Ma et al. (2018)). First, putative toehold switch sensor sequences are
designed for every 36nt continuous region along the target RNA. Second, a set of
metrics regarding the thermodynamics of RNA folding are computed to score each
design. Third, sequences containing in-frame stop codons are filtered out. The re-
sulting top candidate sequences are then ordered and constructed in plasmids. It
was found that scoring these designs by these parameters provides a modest cor-

relation to toehold switch sensor activity, but the authors note that larger libraries
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of toehold switch sensors are needed to optimize these design strategies.

2.2.2 A Web-Based Tool for Toehold Switch Sensor Design

Most toehold switch sensor design workflows employ some combination of in-
house scripts and manual entry. Recently, an iGEM team developed an online
web tool to streamline the design process, however it is not open-source (To et al.
(2018)). Still, it introduces both the need for and the utility of an automated tool to
facilitate the design process. The steps employed to design the toehold switch sen-
sors are as follows. First, the target RNA sequence and design parameters are used
as input. Second, a sliding window is used to design a candidate toehold switch
for each potential target RNA. For each region, fixed sequences corresponding to
the RBS, start codon, and other fixed sequences are attached. Third, each candidate
toehold switch sequence is evaluated for its specificity within the target organism,

and confirmed to not contain an in-frame stop codon.

2.2.3 Deep Learning for Toehold Switch Sensor Design

A new pipeline for large-scale toehold sensor design, synthesis, and evaluation
was developed to facilitate large-scale deep-learning on the relationship between
structure and function of toehold switch sensors (Angenent-Mari et al. (2020)). In
order to generate the large data set required for training deep neural nets, an in
vivo pooled library approach was employed. Interestingly, it was discovered that
the performance of toehold switch sensors in vivo differs from their performance
in in vitro cell-free contexts, likely due to the vast differences between the natural
cellular environment and the in vitro cell-free environment. Commonly used k-

mer searches and thermodynamic modeling provided weak relationships between
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toehold sensor sequence and function. However, training feed-forward neural net-
works on one-hot encoded representations of the full toehold switch sensor se-
quences provided improvement in the classification scores. However, one chal-
lenge with this approach is that it is not simple to translate the generated models
into learned sequences or motifs that can be used for future toehold switch sensor
design. Together, this work suggests that large-scale toehold sensor screens can
be used to predict and identify high functioning toehold switch sensors, but the
information gained is not directly portable into developing platforms for cell-free
in vitro expression of toehold switch sensors.

A complementary study using the data set produced by Angenent-Mari et al.
(2020) furthered the modeling performed on the relationship between toehold se-
quence and performance (Valeri et al. (2020)). This work identified a few new
specific toehold switch sequence features that are over-represented in the best per-
forming sensors (Table 2.1). Additionally, this group provides an online tool for
predicting ON/OFF values for toehold switch sensors based on the sequence of
the toehold region. Currently, this tool is not flexible for user-specified design
constraints, nor can it be used for high-throughput toehold switch sensor design.
However it is a beneficial, complementary resource to the approach I develop in

this Chapter.

2.3 DESIGNING TOEHOLD SWITCH SENSORS FOR TRANSCRIPTIONAL
PHENOTYPE-BASED AST

As highlighted by Angenent-Mari et al. (2020), the environmental context of the re-
action is a critical variable in terms of toehold switch sensor efficacy. This might ex-

plain why in many of the above studies, in silico predictions and testing of toehold
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Position Sequence Note
AUA, CUA, GUA, NUA bulge opposite AUG S’Fart
22-24 codon to prevent hybridization
UUA
to start codon
51, 54,57 No U causes in-frame stop codon
overall N/A 20-60% GC

Table 2.1: Toehold switch sensor sequence design considerations
from Valeri et al. (2020)

switch sensors in different contexts did not always correlated to toehold switch
sensor activity in the target context. Thus, for the design, testing and evaluation of
toehold switch sensors for phenotpyic AST, it is important to consider the end-
point workflow: the use of toehold sensors on NASBA amplified E. coli RNA.
When designing candidate toehold switch sensor sequences and target RNA re-
gions, the corresponding NASBA primers and amplicon region must also be con-
sidered. Moreover, it is useful to be able to rapidly design all of these components
so that in vitro screens can be quickly performed. Currently, there is no available

tool to consider all of these sequences in the design process in an automated way.

24 MATERIALS & METHODS

This section describes the specific steps taken by the algorithm for automating toe-
hold switch sensor design and NASBA primer design. For brevity, it is referred to

as "the workflow". A graphical overview of the workflow is shown in Figure 2.1.

2.4.1 Snakemake

This workflow was built using the snakemake workflow management system (Molder

et al. (2021)). The workflow is written in a human-readable, python-based lan-



21

guage, and allows for scalable and reproducible toehold switch sensor design.
Rather than having to keep track of and individually run a batch of scripts to de-
sign each toehold switch sensor (and NASBA primers), this snakemake workflow
can keep track of both which steps have been completed, and which steps need to
be completed, for each target workflow. The workflow is broken down into a set of
"rules", each which specify the target inputs and outputs. The operations of each
rule are carried out in custom python scripts that interface with the snakemake in-
frastructure. Moreover, snakemake can parallelize the steps, and the entire design

workflow can be run locally or on a shared computing cluster.

2.4.2 Installation & Initialization of the Design Workflow Environment

This design workflow is available as an open-source github repository: https://
github.com/ebriars/toebuild. A README file provides the instructions for ini-
tializing the workflow, and a conda environment is used for reproducibility. A
configuration file is used to take user inputs, including the species of interest (e.g.,
E. coli), and a gene, or set of genes, to build toehold switch sensors for. The se-
quence of each gene is identified by the workflow by querying the NCBI gene
database (NCBI (2021)).

2.4.3 Using Nupack for Toehold Switch Sensor Design

Nupack is a software suite that allows for the analysis and design of nucleic acids
and their structures (Wolfe et al. (2017)). This workflow automates the process of
creating nupack design scripts and running nupack. For each gene, a sliding win-
dow is used to identify gene subregions. For each subregion, nupack is used to

design a toehold switch that can bind to 36nts of this subregion within the spec-
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ified design constraints. The design constraints include the desired structures of
the switch when it is unbound (inactive), the switch when it is bound by the trans-
acting RNA (active), and the trigger RNA. The nupack design file (input to nupack)
and the resulting designs (direct output from nupack and a human-friendly sim-
plified file) are automatically generated by the workflow and can be accessed by

the user.

2.4.4 Filtering Candidate Toehold Switch Sensor Designs

This workflow can produce up to length, ., — (length 1) designs. These

toehold region
candidate designs are filtered following a set of both standard and user-defined
parameters. In some cases, nupack will design the same toehold switch sensor for
slighlty different subregion windows. These duplicate designs are filtered from
further analysis. Toehold switch sequences that have an in-frame stop codon, or
do not have 20%-60% GC content are removed (as suggested by Valeri et al. (2020)).
Toehold switch sequences that have repetitive regions (NNNNN, where N is the
same nucleotide) are removed. The user also has the ability to add other custom fil-

ters to the desired sensor or trigger sequences by adding them to the configuration

file.

2.4.5 Designing NASBA Primers and Synthetic RNA

To automate the primer design step, the command-line version of Primer3 is used
(Untergasser et al. (2012)). A 350nt region that spans the toehold region is input as
the sequence template. Forward and reverse primers are designed with the param-
eters in Table 2.2. The user has the ability to modify these parameters by modifying

the primer design script. The resulting candidate primers are used to design syn-
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thetic RNA (synRNA) corresponding to the amplicon region. This synRNA is the
region of the gene that spans the forward NASBA primer binding region to the

reverse NASBA primer binding region.

Parameter Description Value
PRIMER_OPT_SIZE Optimal primer size 20nts
PRIMER_MIN_SIZE Min. primer size 19nts
PRIMER_MAX_SIZE Max. primer size 24nts

PRIMER_MIN_GC Min. GC Content 40%
PRIMER_MAX_GC Max. GC Content 60%
PRIMER_PRODUCT_SIZE_RANGE Amplicon size 180 — 215nts

Table 2.2: Parameters used for NASBA primer design with Primer3

2.4.6 Formatting Nucleotide Designs for Ordering and in vitro Testing

The methods used for building toehold switch sensors and testing them with trig-
ger RNA and NASBA amplified synRNA are described in the Material & Meth-
ods of Chapter 3. In order to facilitate the rapid testing and evaluation of these
components, the workflow outputs the designed oligonucleotides in the following

formats so that oligonucleotide sequences can be directly ordered (e.g., from IDT).

2.4.6.1 Toehold Switch Sensor

A T7 promoter is appended to the 5" end of the toehold switch sensor, and is linked
to the switch such that the start of the switch is gGG. The toehold switch sensor
design, which is RNA, is converted to DNA via a "U to T" substitution. This re-
sulting oligonucleotide sequence (124 — 126 nts) is ordered as dsDNA (e.g, an IDT
gBlock).
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2.4.6.2 Trigger RNA

A T7 promoter is appended to the 5 end of the trigger RNA. The trigger RNA,
which is RNA, is converted to DNA via a "U to T" substitution. This resulting

oligonucleotide sequence (60nts) is ordered as ssDNA.

2.4.6.3 NASBA Primers

A T7 promoter is appended to the 5" end of the forward NASBA primer. The
reverse NASBA primer is left as is. These oligonucleotide sequences are ordered

as ssDNA.

2.4.64 synRNA

A T7 promoter is appended to the 5" end of the synRNA sequence. The synRNA,
which is RNA, is converted to DNA via a "U to T" substitution. This resulting

oligonucleotide sequence (~200nts) is ordered as dsDNA (e.g, an IDT gBlock).

2.5 RESULTS

2,51 A Customizable and Automated Workflow for Designing Toehold Switch
Sensors for RNA-based AST

The individual steps of the workflow are described in the Material & Methods,
and can be visualized by the directed acyclic graph produced by snakemake in
Figure 2.1. This is a representation of the workflow for designing three toehold

switch sensors for two genes.



25

P —— - ¢ -
Pet_gene_seq uencesi Fet_gene_sequencem

gene:recA 1
\ ‘e v

(O ——

make_nupack_in_files make_nupack_in_files' ‘make_nupack_in_files make_nupack_in_files make_nupack_in_files!  make_nupack_in_files
design_num: 0 design_num: 1 design_num: 2 design_num: 0 design_num: 1 design_num: 2
run_nupack_design run_nupack_design run_nupack_design run_nupack_design run_nupack_design run_nupack_design
parse_toehold_designs parse_toehold_designs:  parse_toehold_designs parse_toehold_designs parse_toehold_designs:  parse_toehold_designs
filter_designs filter_designs
gene: dinD gene: recA
design_NASBA design_NASBA
o ~ o ~
’ \
1 make_order_form j .' make_order_form ‘l
1 order: IDT 1 1 order: IDT 1
\ ’ \ ’
- L d - L4

Figure 2.1: Workflow for automated toehold sensor design for RNA-
based AST

Representation of the steps completed by the snakemake workflow.

Here an example for designing three toehold sensors for two genes
(dinD and recA).

2.5.2 Designing a Set of Toehold Switch Sensors and Components for a Gene

Signature of Fluoroquinoline Susceptibility in E. coli

Genes associated with fluoroquinolone susceptibility in E. coli, and genes with no
differential expression (control genes) were identified as described in Chapter 3.3.1
(Tables 3.15, 3.16). The strain Escherichia coli str. K-12 substr. MG1655 was used as
the reference strain. The workflow described above was used to design candidate
toehold switch sensors, trigger RNA, NASBA primers, and synRNA. The resulting

oligonucleotide designs listed in Tables 2.6, 2.4, 2.5 were ordered from IDT.
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Figure 2.2: Screening Candidate Toehold Switch Sensors for the E.
coli fluoroquinolone susceptibility signature

Sensitivity of each sensor in response to 2uM trigger RNA (36nt).
Replicates are individual paper-based reactions. Top row (black bars)
correspond to sensors detecting control genes; Second and third rows

(red bars) correspond to sensors detecting signature genes (signature
defined in Chapter 3).

2.5.3 Screening Candidate Toehold Switch Sensors with Short Trigger RNA

For each gene in the gene signature, a panel of candidate toehold switch sensors
and trigger RNAs were generated as described in Chapter 3.2.2 and Chapter 3.2.4,
respectively. The sensitivity of each toehold switch sensor was probed by measur-
ing its GFP expression in response to 2uM of trigger RNA (see 3.2.5 for methods)
(Figure 2.2). Each toehold switch sensor was evaluated by two metrics. First, 'GFP

activation” was calculated by subtracting the GFP signal of the no RNA control
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from the GFP signal of trigger RNA sample. Second, the ‘background GFP’ value
was noted. For each gene, the toehold switch sensor with the highest activation
greater than 100, and the lowest background less than 20 was selected as the best
per gene sensor. For genes that did not have a sensor that met those criterion, ad-
ditional sensors were designed, tested, and evaluated. The best sensor for each

gene, and its corresponding metrics, are in Table 2.3.

load RNA onto paper with

prepare synthetic NASBA amplify toehold sensors & detect
RNA (200bp) RNA in each sample differential expression
30-120 minutes 3-4 hours

Figure 2.3: Workflow for screening toehold switch sensors with
NASBA amplified synRNA

Serial dilutions of synRNA are prepared and NASBA amplified,
screening different NASBA primer pairs and amplification times.
The resulting NASBA amplified RNA is loaded onto paper discs
with toehold sensors and other reaction components. Toehold sensor
activation is measured by GFP production over time.

2.5.4 Screening NASBA Primers and Parameters with synRNA

Although screening toehold switch sensors for GFP activation signal and back-

ground GFP levels is an important step first step, toehold sensor activation is
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Sensor | GFP Activation | Background GFP
csrD-3 124.48 9.66
kdgR-11 159.47 17.43
rppH-101 119.78 427
yciM-3 551.03 7.24
dinD-1 222.59 8.09
dinI-10 96.53 15.34
ilvD-1 484.72 8.72
lexA-9 175.10 5.56
recA-101 298.35 7.41
recN-9 103.46 10.42
rmuC-2 71.02 3.91
sulA-6 406.80 10.73
umuD-101 97.58 3.49
yebG-1 192.85 5.62

Table 2.3: Best sensors for each gene in the E. coli fluoroquinolone
susceptibility signature

GFP activation: difference between maximum GFP signal from trig-
ger RNA and no RNA control. Background GFP: GFP from no RNA
control. Control genes are above the horizontal line; signature genes
are below the horizontal line (signature defined in Chapter 3).

context dependent. In order to further screen candidate toehold sensors for the
purpose of detecting differential RNA from NASBA amplified RNA, I employ an
additional screening step with the synRNA designed by the workflow (Figure 2.3).
With this approach, each toehold sensor can be screened against synRNA ampli-
tied with different primer pairs and for different amplification times. This screen-

ing step can be used to identify the primer pairs and NASBA parameters that yield
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toehold sensor detection of differential amounts of RNA (e.g., Figure 3.12).

2.6 DISCUSSION

Toehold switch sensors can be rapidly designed, tested, and evaluated for emerg-

ing disease diagnostics and new applications. Here, I have introduced a frame-

work for facilitating both the in silico toehold switch sensor design, and the in vitro

evaluation of toehold switch sensors. Moreover, this design workflow takes into

consideration the context-dependence of toehold switch sensors. This workflow

couples toehold sensor design with NASBA amplification primers and synRNA

design so that toehold sensors can be rapidly screened not just for their efficacy in

detecting short fragments of trigger RNA, but also 200nt NASBA amplified RNA.

The set of toehold switch sensors, synRNA, and NASBA primers developed in this

framework are used in Chapter 3.

2.7 SUPPLEMENTARY TABLES

Table 2.4: Oligonucleotides output by design workflow for toehold
trigger RNA generation (best sensor per gene)

Trigger Sequence Type
Name
dinD-1-T AAAGTGTGTGGTGTTTGCTTGCTGTTIT | 25nmole DNA
GAATTCACccctatagtgagtcgtattagege Oligo
dinl-10-T | TATCAGGAAACGCATACTGAATACGGC | 25nmole DNA
GGGAAAGTTccctatagtgagtcgtattagegc Oligo
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ilvD-1-T CCATTGATTTCAGGAAGCTGGTTGGGT | 25nmole DNA
AGAGCATTTccctatagtgagtcgtattagege Oligo

lexA-T ACGCGCAGCAGGAAATCAGCATTCGGC | 25nmole DNA
TTGAATAAGccctatagtgagtcgtattagege Oligo

recA-101-T | GCGCATGATGGAGCCTTTACCAAATTG | 25nmole DNA
TTTCTCAATccctatagtgagtcgtattagege Oligo

recN-9-T ACGTGCGGTCATTTCCTGCAGTAGAGA | 25nmole DNA
GGTTTCATTccctatagtgagtcgtattagege Oligo

rmuC-2-T | ATTTCGTGGGTCAGGGTATGGCGTTCTT | 25nmole DNA
GTGCTTCTccctatagtgagtcgtattagegc Oligo

sulA-6-T AGAGTTGCCAGCGCGATTGCTGACCGA | 25nmole DNA
GTTGCTGTAccctatagtgagtcgtattagegc Oligo

umuD-101-T | AATTCCACCATCAATCATAGAATCACC | 25nmole DNA
ACTTGCTTTccctatagtgagtcgtattagege Oligo

yebG-1-T CAAGCAGATCCGCCGTATCAAGCATTT | 25nmole DNA
TGTCATAAGccctatagtgagtcgtattagege Oligo

csrD-3-T AGTAACGCAATAGTGGAATAAGACGG | 25nmole DNA
CTGATTTGCAccctatagtgagtcgtattagege Oligo
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kdgR-11-T | CCAGTTCAAACAATTTCAGGGTCAGGG | 25nmole DNA
AATATTTCTccctatagtgagtcgtattagege Oligo

rppH-101-T | CTTCGTGTCCCAACGCACCAAACGTTTC | 25nmole DNA
GGTAATTTccctatagtgagtcgtattagege Oligo

yciM-3-T CAAGACGGACAATGCCAGTAGAGGGT | 25nmole DNA
GTATGCGGTAccctatagtgagtcgtattagege Oligo

Table 2.5: synRNA oligonucleotides and corresponding primer pairs
output by design workflow for toehold sensor screening (best sensor

per gene)
synRNA synRNA Sequence F Primer R Primer
Name
dinD-1- | TAATACGACTCACTATAGGGGCTAT | AATTCTA | ATGGTTC
synRNA | TCATCAGCGGAAGGGGCTGAAAAA | ATACGAC | CGCCAAG
GAATCAGAAGATCCTGGATCATAT | TCACTAT TTCCT
GGGTTCAACAGAACTGGCGGCTAA | AGGGAGA
TCTCTTTCGAGCTACCCAAACAGAA | AGGGCTA
GAAAAACTCAAGCGGGATGGCGTG | TTCATCA
AATTCAAAACAGCAAGCAAACACC | GCGGAAG
ACACACTTTGACGTGGGTCGCAAG GG
GTGAGGCAAACCATTCAGGAACTT
GGCGGAACCAT
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dinl-10- | TAATACGACTCACTATAGGGGCGA | AATTCTA | AAACCAG

synRNA | AAACTTCTCCATTGCCAGCTGGGGC | ATACGAC | TCATCGG
TATTGACGCCCTGGCTGGCGAACTT | TCACTAT CGCTTT
TCCCGCCGTATTCAGTATGCGTTTCC | AGGGAGA
TGATAATGAAGGCCACGTATCGGT | AGGGCGA
ACGTTATGCCGCAGCGAATAATTTA | AAACTTC
TCGGTTATTGGCGCGACAAAAGAA | TCCATTG
GATAAACAGCGCATTAGTGAAATT CCA
CTCCAGGAAACGTGGGAAAGCGCC

GATGACTGGTIT

lexA- | TAATACGACTCACTATAGGGAATTG | AATTCTA | TCTTTCAT

synRNA | TTTCCGGCGCATCACGCGGGATTCG | ATACGAC | CGACATC
TCTGTTGCAGGAAGAGGAAGAAGG | TCACTAT CCGCT
GTTGCCGCTGGTAGGTCGTGTGGCT | AGGGAGA
GCCGGTGAACCACTTCTGGCGCAAC | AGGAATT
AGCATATTGAAGGTCATTATCAGGT | GTTTCCG
CGATCCTTCCITATTCAAGCCGAAT | GCGCATC
GCTGATTTCCTGCTGCGCGTCAGCG AC

GGATGTCGATGAAAGA
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recA-
101-
synRNA

TAATACGACTCACTATAGGGACAA
ACAGAAAGCGTTGGCGGCAGCACT
GGGCCAGATTGAGAAACAATTTGG
TAAAGGCTCCATCATGCGCCTGGGT
GAAGACCGTTCCATGGATGTGGAA
ACCATCTCTACCGGTTCGCTTTCACT
GGATATCGCGCTTGGGGCAGGTGGT
CTGCCGATGGGCCGTATCGTCGAAA
TCTACGGACCGGAATCTTCCG

AATTCTA

ATACGAC
TCACTAT
AGGGAGA
AGGACAA
ACAGAAA
GCGTTGG

CG

CGGAAGA
TTCCGGT
CCGTAG

recN-9-
synRNA

TAATACGACTCACTATAGGGTGGTC
AGCACGCTCATCAATTACTCACCAA
ACCTGAGCACCAAAAATTCCTGCTT
GATGGCTATGCCAATGAAACCTCTC
TACTGCAGGAAATGACCGCACGTT
ATCAGTTGTGGCATCAAAGCTGCCG
TGACCTCGCGCATCATCAACAGITA
AGTCAGGAACGCGCCGCCCGTGCG
GAACTGCTGCAATAC

AATTCTA

ATACGAC
TCACTAT
AGGGAGA
AGGTGGT
CAGCACG
CTCATCA

AT

GTATTGC
AGCAGTT
CCGCAC
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rmuC- | TAATACGACTCACTATAGGGGCAC | AATTCTA | CCCTGGG
2- AAGAACGCCATACCCTGACCCACG | ATACGAC | TTTTATTG
synRNA | AAATTCGCAATCTCCAGCAACTCAA | TCACTAT TCGCC
CGCGCAAATGGCCCAGGAAGCGAT | AGGGAGA
CAACCTGACGCGCGCGCTGAAAGG | AGGGCAC
CGACAATAAAACCCAGGG AAGAACG
CCATACC
CT
sulA-6- | TAATACGACTCACTATAGGGTCTTC | AATTCTA | CCTGAAC
synRNA | GTCGTTCTCATCCGCAGCAAGTAAA | ATACGAC | CCATTCC
ATTGCGCGTGTCTCTACGGAAAACA | TCACTAT | CGACTC
CTACAGCCGGGCTTATCAGTGAAGT | AGGGAGA
TGTCTATCGCGAAGATCAGCCCATG | AGGTCTT
ATGACGCAACTTCTACTGTITGCCAT | CGTCGTT
TGTTACAGCAACTCGGTCAGCAATC | CTCATCC
GCGCTGGCAACTCTGGTTAACACCG GC

CAACAAAAACTGAGTCGGGAATGG
GTTCAGG
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umuD-
101-
synRNA

TAATACGACTCACTATAGGGTCAGT
GTGGCTTTCCTTCACCGGCAGCAGA
TTACGTTGAACAGCGCATCGATCTG
AATCAACTGTTGATCCAGCATCCCA
GCGCGACTTACTTCGTCAAAGCAAG
TGGTGATTCTATGATTGATGGTGGA
ATTAGTGACGGTGATTITACTGATTG
TCGATAGCGCTATTACCGCCAGCCA
TGGTG

AATTCTA
ATACGAC
TCACTAT
AGGGAGA
AGGTCAG
TGTGGCT
TTCCTTCA
CcC

CACCATG
GCTGGCG
GTAATA

yebG-1-
synRNA

TAATACGACTCACTATAGGGGTCAT
TCGTGAGGGCGAAGAGAAAATGTC
GTTTACCAGCAAAAAGGAAGCCGA
TGCTTATGACAAAATGCTTGATACG
GCGGATCTGCTTGACACCTGGCTGA
CAAATTCTCCAGTGCAAATGGAAG
ACGAGCAACGTGAAGCCCTITTCGCT
ATGGCTGGCAGAACAAAAAGATGT
GCTGAGCACCATTCTGAAAACCGG
CAAATTACCGTCC

AATTCTA
ATACGAC
TCACTAT
AGGGAGA
AGGGTCA
TTCGTGA
GGGCGAA
GA

GGACGGT
AATTTGC
CGGTTIT
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csrD-3-
synRNA

TAATACGACTCACTATAGGGCGGTT
ACTCGCGAAGGTCAGGTTCATCATC
GCGAACTCATGTGCCGCATCTTCGA
TGGTAATGAAGAGGTTAGCTCGGC
GGAGTATATGCCGATGGTCTTGCAG
TTTGGCTTATCGGAAGAGTATGACC
GTCTGCAAATCAGCCGTCTTATTCC
ACTATTGCGTTACTGGCCAGAGGAA
AATCTGGCGATTCAGGTTACCGTTG
AGTCGCT

AATTCTA
ATACGAC
TCACTAT
AGGGAGA
AGGCGGT
TACTCGC
GAAGGTC
AG

AGCGACT
CAACGGT
AACCTG

kdgR-
11-
synRNA

TAATACGACTCACTATAGGGTAGG
GATAACCGAGCTGTCGCAGCGCGT
CATGATGTCAAAAAGCACCGTITAT
CGCTTTTTACAGACCATGAAAACCT
TAGGTTATGTGGCGCAGGAAGGGG
AGTCGGAGAAATATTCCCTGACCCT
GAAATTGTTTGAACTGGGCGCTCGC
GCGTTACAAAACGTCGATITAATTC
GTAGCGCAGATATCCAGATGCGTG

AATTCTA
ATACGAC
TCACTAT
AGGGAGA
AGGTAGG
GATAACC
GAGCTGT
CG

CACGCAT
CTGGATA
TCTGCG
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rppH- | TAATACGACTCACTATAGGGCGGA | AATTCTA | ACCAGCT

101- ATCAACCCCGGAGAATCCGCAGAG | ATACGAC | GCAAGAG

synRNA | CAGGCGATGTACCGTGAATTGTITTG | TCACTAT | AAACCAT
AAGAAGTAGGATTAAGCCGCAAAG | AGGGAGA
ACGTTCGAATCCTTGCTTCAACGCG | AGGCGGA
TAACTGGTTGCGCTACAAATTACCG | ATCAACC
AAACGTTTGGTGCGTTGGGACACGA | CCGGAGA
AGCCGGTTTGTATCGGCCAAAAAC ATC
AAAAATGGTTTCTCTTGCAGCTGGT

yciM-5- | TAATACGACTCACTATAGGGGCAG | AATTCTA | CAGGTTT

synRNA | AAGTGCGCAACAAAACAAGCAAG | ATACGAC | CCGAGCG
ATGAAGCCAACCGCTTGTCGCGTGA | TCACTAT TAAGGT
TTACGTAGCGGGGGTTAACTTCCTG | AGGGAGA
CTTAGTAATCAACAGGATAAAGCG | AGGTATG
GTAGACCTGTTTCTCGATATGCITA | GCTGGTA
AAGAGGATACAGGCACCGTTGAAG | TATGGGC
CCCACCTITACGCTCGGAAACCT CG

Table 2.6: Oligonucleotides output by design workflow for toehold
sensor generation (best sensor per gene)

Oligo

Name

Sequence

Type
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dinD-1-S- | taatacgactcactatagGGAAAGTGTGTGGTGTTTGCTT | gBlock
GFP GCTGTTTTGAATTCACGGACTTTAGAACAGAG
GAGATAAAGATGGTGAATTCAAAAAACCTGG
CGGCAGCGCAAAAGATGCGTAAA
dinl-10-S- | taatacgactcactatagGGTATCAGGAAACGCATACTG | gBlock
GFP AATACGGCGGGAAAGTTGGACTTTAGAACAGA
GGAGATAAAGATGAACTTTCCCGCAAACCTGG
CGGCAGCGCAAAAGATGCGTAAA
ilvD-1-S- taatacgactcactatagGGCCATTGATTITCAGGAAGCT | gBlock
GFP GGTTGGGTAGAGCATTTGGACTTTAGAACAGA
GGAGATAAAGATGAAATGCTCTACAAACCTGG
CGGCAGCGCAAAAGATGCGTAAA
lexA-9-S- | taatacgactcactatagGGACGCGCAGCAGGAAATCA | gBlock
GFP GCATTCGGCTTGAATAAGGGACTTTAGAACAG
AGGAGATAAAGATGCTTATTCAAGCAAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
recA-101-S- | taatacgactcactatagGTACTCTTCGTCGATTTGTTCA | gBlock
GFP AACTCTCCGGGCTGCGGACTTTAGAACAGAGG

AGATAAAGATGGCAGCCCGGAGTAACCTGGC
GGCAGCGCAAAAGATGCGTAAA
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recN-9-5- taatacgactcactatagGGACGTGCGGTCATTTCCTGC | gBlock
GFP AGTAGAGAGGTTTCATTGGACTTTAGAACAGA
GGAGATAAAGATGAATGAAACCTCGAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
rmuC-2-S5- | taatacgactcactatagGGATTTCGTGGGTCAGGGTAT | gBlock
GFP GGCGTTCTTGTGCTTCTGGACTTTAGAACAGAG
GAGATAAAGATGAGAAGCACAAGTAACCTGG
CGGCAGCGCAAAAGATGCGTAAA
sulA-6-S- | taatacgactcactatagGGAGAGTTGCCAGCGCGATTG | gBlock
GFP CTGACCGAGTTGCTGTAGGACTTTAGAACAGA
GGAGATAAAGATGTACAGCAACTCAAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
umuD-101- | taatacgactcactatagGGGAATTCCACCATCAATCAT | gBlock
S-GFP AGAATCACCACTTGCTTTGGACTTTAGAACAG
AGGAGATAAAGATGAAAGCAAGTGGAAACCT
GGCGGCAGCGCAAAAGATGCGTAAA
yebG-1-S- | taatacgactcactatagGGCAAGCAGATCCGCCGTATC | gBlock
GFP AAGCATTTTGTCATAAGGGACTTTAGAACAGA

GGAGATAAAGATGCTTATGACAAACAACCTGG
CGGCAGCGCAAAAGATGCGTAAA




40

csrD-3-5- | taatacgactcactatagGGAGTAACGCAATAGTGGAAT | gBlock
GFP AAGACGGCTGATTTGCAGGACTTITAGAACAGA
GGAGATAAAGATGTGCAAATCAGCAAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
kdgR-11-S- | taatacgactcactatagGGCCAGTTCAAACAATITCAG | gBlock
GFP GGTCAGGGAATATTTCTGGACTTTAGAACAGA
GGAGATAAAGATGAGAAATATTCCAAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
rppH-101- | taatacgactcactatagGGCTTCGTGTCCCAACGCACC | gBlock
S-GFP AAACGTTTCGGTAATTTGGACTTITAGAACAGA
GGAGATAAAGATGAAATTACCGAAAAACCTG
GCGGCAGCGCAAAAGATGCGTAAA
yciM-3-5- taatacgactcactatagGCAAGACGGACAATGCCAGT | gBlock
GFP AGAGGGTGTATGCGGTAGGACTTTAGAACAGA

GGAGATAAAGATGTACCGCATACAAAACCTG
GCGGCAGCGCAAAAGATGCGTAA
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CHAPTER 3
A Toehold Sensor Platform for Detecting Ciprofloxacin Susceptible Escherichia

coli

3.1 INTRODUCTION

UTIs are incredibly common community and health-care acquired infections, and
are the second most common infection to be prescribed antibiotics (Foxman (2010)).
Although UTIs can be caused by bacterial species such as Klebsiella or Enterobacter,
uropathogenic E. coli (UPEC) strains are the most prevalent cause of UTIs (WHO
(2020), Shaifali et al. (2012), Addis et al. (2021)). Most UPEC strains are susceptible
to at least one common oral antibiotic, however the specific antibiotic suscepti-
bility profile of the strain should be used to determine the appropriate antibiotic
course (Hooton & Stamm (1997)). More than twenty years ago, 25% to 75% of
UPEC isolates were resistant to ampicillin and sulfonamides, and less than 5%
were resistant to fluoroquinolones, such as ciprofloxacin (Hooton & Stamm (1997),
Griineberg (1994)). However today, ciprofloxacin resistant UTIs are a major global
health concern with up to 92.9% of cases being caused by ciprofloxacin resistant E.
coli (WHO (2020)). Thus, in only two decades we have seen a dramatic shift in the
antibiotic susceptibility profiles of UPEC isolates, and an increased concern for the
prevalence of antibiotic resistant strains.

Due to the widespread nature of ciprofloxacin resistant E. coli UTIs, there is a
great need for rapid antibiotic susceptibility testing (AST) for UTIs. In this chap-
ter, I demonstrate the development, testing and deployment of a proof-of-concept

toehold switch sensor platform for detecting fluoroquinolone susceptible E. coli.
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3.1.1 Proposed Workflow for AST Using Paper-Based Toehold Switch Sensor

Detection of Signature Transcripts

As described in Chapter 1, the gold-standard methods for AST begin with collect-
ing a sample culture, and then waiting for bacterial growth (48-72+ hours) in the
presence of antibiotics in order to make a susceptibility or resistance determina-
tion. Here, I introduce a faster phenotypic paradigm (Figure 3.1). First, a bacte-
rial sample is isolated and split into two sub-samples. One sub-sample is treated
with an antibiotic at the CLSI MIC break-point concentration (i.e., the concentra-
tion at which if cells did grow, they would be designated resistant), and the other
sub-sample is left untreated. After this brief antibiotic exposure (e.g., 30 minutes),
the steps of a nucleic acid-based diagnostic are employed. First, RNA is isolated
(nucleic acid extraction). Second, the RNA is amplified using an isothermal am-
plification technique, nucleic acid sequence-based amplification (NASBA). Third,
the amplified RNA is loaded onto paper discs containing toehold switch sensors
and cell-free extract for amplicon detection. After I developed and optimized the
steps of this workflow, I deploy it on a set of clinically relevant, UPEC strains.
The details of each steps in this workflow for assay development and deployment
are described in the following Materials & Methods section, and the results are

described in the following Results section.

3.2 MATERIALS & METHODS

3.2.1 Toehold Switch Sensor Design

Candidate toehold switch sensors were designed as described in Chapter 2, and

DNA oligonucleotides containing a T7 promoter, toehold switch, and linker region
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Figure 3.1: Proposed workflow for a toehold sensor based antibiotic
susceptibility test
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were ordered (Integrated DNA Technologies (IDT)) (Table 2.6).

3.2.2 Toehold Switch Sensor Generation

Toehold switch oligonucleotides (gBlocks, IDT) were reconstituted per IDT recom-
mendations in TE buffer to 10 ng/xL. Extension PCR was employed to attach the
gBlock containing the toehold switch to linear DNA containing GFP (GFPmut3b-
ASV with T7 terminator) ("Toehold Switch Linker-GFP’). For each toehold switch,
extension PCR 1 was set-up on ice following the reaction components listed in Ta-
ble 3.1. Reactions were run on a thermocycler following the protocol in Table 3.2.
The resulting PCR products ("Toehold Switch Product A") were purified using the
Qiagen MinElute PCR Purification Kit (Qiagen: 28004). Products were quantified
using a nanodrop and validated using a 1% agarose gel. Next, extension PCR 2
was set-up on ice following the reaction components in Table 3.3 to stitch “Toehold
Switch Product A’ to "Toehold Switch Linker-GFP’. Reactions were run on a ther-
mocycler following the protocol in Table 3.4. Again, the resulting PCR products

(linearized DNA "Toehold switch sensors’) were purified, quantified, and verified.
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Toehold switch sensors were diluted to working stocks of 24nM in water.

Component Concentration | Volume p L
Sensor-Trigger-Generation-F 10 uM 2.5
Sensor-Linker-Generation-R 10 uM 2.5

Toehold switch DNA oligo 1ng/pL 1
Phusion Master Mix N/A 25
RNase Free Water N/A 19

Table 3.1: Reaction components for toehold switch sensor generation
for PCR extension 1

Cycle(s) | Temperature (°C) | Time (seconds)
1 98 30
98 10
2-31 64 20
72 15
32 72 7
33 4 00

Table 3.2: Toehold switch sensor generation PCR protocol for PCR
extension 1

3.2.3 Trigger RNA and Synthetic RNA Design

RNA trigger (35nt) and synthetic RNA (synRNA) (~200nt) sequences were de-
signed as described in Chapter 2, and DNA oligonucleotides were ordered (IDT)
(Tables 2.4, 2.6, 2.5).
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Component Concentration | Volume p L
Sensor-Trigger-Generation-F 10 uM 2.5
Sensor-GFP-Generation-R 10 uM 25
Toehold Switch Product A 1ng/pL 1
Toehold Switch Linker-GFP 3ng/uL 1
Phusion Master Mix N/A 25
RNase Free Water N/A 18

Table 3.3: Reaction components for toehold switch sensor generation
for PCR extension 2

Cycle(s) | Temperature (°C) | Time (seconds)
1 98 30
98 10
2-36 67 20
72 30
37 72 7
38 4 00

Table 3.4: Toehold switch sensor generation PCR protocol for PCR
extension 2

3.2.4 Trigger RNA & synRNA Generation

Trigger DNA oligonucleotides were reconstituted in TE buffer to 100 M. The T7
promoter region was made double stranded by annealing a complementary DNA
oligonucleotide. The reaction components in Table 3.5 were combined at room
temperature, followed by annealing at 95°C for 5 minutes, followed by an hour
of cooling to room temperature. synRNA dsDNA oligonucleotides (gBlocks, IDT)
were reconstituted following the IDT recommendations in TE buffer to 10 ng/xL.

Trigger DNA and synRNA DNA were in vitro transcribed to RNA using T7 me-
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diated transcription (HiScribe T7 Quick High Yield RNA Synthesis Kit (NEB):
E2050S) following the reaction components in Tables 3.6 and 3.7, and incubated
at 37°C for three hours. Following in vitro transcription, reactions were treated
with DNase I for 15 minutes. The resulting RNA products were purified using the
RNA Clean and Concentrator Kit (Zymo: R1017) and quantified using the Qubit
RNA Broad-Range (BR) Assay (Invitrogen: Q10210).

Component Volume pL
TE (1X) 242
5M Na(l 0.25
ds-T7 (100.M) 0.275
Trigger RNA (100 M) 2

Table 3.5: Reaction components for making Trigger RNA with a dsT7

Component Volume L
RNase-free Water 3
NTP Buffer Mix 10
Trigger RNA with a dsT7 5
T7 RNA Polymerase Mix 2

Table 3.6: Reaction components for trigger RNA T7-mediated syn-
thesis

3.2.5 Paper-based Toehold Sensor Detection of Trigger RNA

A 2mM punch biopsy was used to cut paper discs (Whatman: 1442-042) into each
well of a 384 black-walled plate (Corning: 3544) such that the unused wells and
border wells were filled with water. Each cell-free toehold sensor reaction was

assembled on ice following the reaction components in Table 3.8 using components



47

Component Volume ;L
RNase-free Water 8
NTP Buffer Mix 10
synRNA (10 ng/ L) 10
T7 RNA Polymerase Mix 2

Table 3.7: Reaction components for synRNA T7-mediated synthesis

from the NEB PURExpress in vitro Protein Synthesis Kit (NEB: E6800). 1.4uL of
each reaction was spotted onto an individual paper disc, in triplicate. The plate
was sealed and immediately transferred to a plate reader set at 37°C for at least

two hours. A fluorescent measurement was taken every five minutes.

Component Volume (¢L) | Percentage
NEB Reaction Mix A 1.6 40%
NEB Reaction Mix B 1.2 30%
RNase Inhibitor (Roche: 3335399001) 0.02 1%
Sensor (1.8 nM) 0.3 8%
Trigger RNA (2 uM) 0.7 17%
RNase-free water 0.180 5%

Table 3.8: Reaction components for cell-free toehold sensor detection
of trigger RNA

3.2.6 Nucleic Acid Sequence-Based Amplification (NASBA) of synRNA

NASBA amplification reactions were assembled on ice following the reaction com-
ponents in Table 3.9, save the enzyme cocktail, using the NASBA Liquid Kit (Life
Sciences Advanced Technologies: NWK-1). Reactions were briefly and gently vor-

texed to mix, and centrifuged to collect at the bottom of the tubes. Reactions were



48

added to a pre-heated thermocycler (65°C) and incubated at 65°C for five minutes,
followed by ten minutes at 41°C (lid temperature: 41°C). NASBA enzyme cocktail
was added to each reaction, and reactions were briefly vortexed and centrifuged,
then returned to the thermocycler for amplification at 41°C (lid temperature: 41°C)
for 30 minutes - 120 minutes. Following amplification, reactions were heat inac-
tivated at 70°C for ten minutes. Upon completion, reactions were immediately

removed from the thermocycler, and put on ice.

Component Volume (¢L) | Percentage

3X NASBA Reaction Buffer 1.675 33.5%

6X NASBA Nucleotide Mix 0.825 16.5%
RNase Inhibitor (Roche: 3335399001) 0.025 0.5%
NASBA F Primer (12.5 M) 0.05 1%
NASBA R Primer (12.5 uM) 0.05 1%
synRNA /NASBA amplified synRNA 1 20%
RNase-free water 0.180 2.5%

NASBA Enzyme Cocktail 1.25 25%

Table 3.9: Reaction components for NASBA amplification of syn-
RNA

3.2.7 Paper-based Toehold Sensor Detection of Amplified synRNA

A 2mM punch biopsy was used to cut paper discs (Whatman: 1442-042) into each
well of a 384 black-walled plate (Corning: 3544) such that the unused wells and
border wells were filled with water. Each toehold sensor reaction was assembled
on ice following the reaction components in Table 3.10 using components from the
NEB PUREXxpress in vitro Protein Synthesis Kit (NEB: E6800). 2/.L of each reaction

was spotted onto an individual paper disc, in duplicate or triplicate. The plate was
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sealed and immediately transferred to a plate reader set at 37°C for at least four

hours. A fluorescent measurement was taken every five minutes.

Component Volume (¢L) | Percentage
NEB Reaction Mix A 0.8 40%
NEB Reaction Mix B 0.6 30%
RNase Inhibitor (Roche: 3335399001) 0.01 1%
Sensor (1.8 nM) 0.15 8%
synRNA 0.334 17%
RNase-free water 0.106 5%

Table 3.10: Reaction components for cell-free toehold sensor detec-
tion of synRNA

3.2.8 Identifying a Panel of Clinically Relevant E. coli Strains Using staramr

Susceptibility to ciprofloxacin was computationally predicted for each E. coli strain
in a library of strains (library from Galardini et al. (2017)). A fasta file containing
the genome assembly for each of the 696 E. coli strains was analyzed by staramr
(version: 0.4.0) against the ResFinder database (version: Mon, 16 Jul 2018 16:58)
(Zankari et al. (2012)). Briefly, staramr scans bacterial genome contigs against
the ResFinder database, and provides a summary report of detected antimicro-
bial resistance genes. The summary report was parsed for strains with predicted

ciprofloxacin susceptibility and resistance.
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3.2.9 Characterizing a Panel of Clinically Relevant E. coli Strains with Mini-

mum Inhibitory Concentration (MIC) Determination

Overnight cultures of E. coli strains grown in Mueller Hinton Broth (MHB) were
diluted 1:10,000 in MHB containing a 3.5X dilution series of ciprofloxacin (604
pg/mL - 0.0004 pg/mL) and grown at 37°C with shaking for twenty-four hours.
Growth/no growth results were interpreted by eye and confirmed on a plate reader
by taking absorbance measurements at ODgy. MIC was estimated by fitting the
data to a modified Gompertz function (Lambert & Pearson (2000)) (3.1) and using

the parameters to calculate MIC with Equation 3.2.

B(z—M)

y=A+Ce " , where
A: lower asymptote of y
B: slope parameter (3.1)

C': distance between upper and lower asymptote

M: log concentration of the inflection point

MIC = 10M+/B (3.2)

3.2.10 Gene Ontology Analysis and Visualization

The gene IDs for each gene in the E. coli fluoroquinolone susceptibilty signature
were inputs for gene ontology enrichment analysis (Ashburner et al. (2000), gen
(2021)). GO terms (biological processes) that were significantly over-represented
compared to a reference list of all E. coli genes were identified using PANTHER

with a false discovery rate p-value < 0.05 (Mi et al. (2021)). To visualize the re-
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sulting GO terms, their semantic similarity scores (RSS) were computed and rep-
resented in a two-dimensional similarity space using NaviGO (Wei et al. (2017)).

The GO terms were colored by their highest-level membership.

3.211 E. coli Strain Growth & Brief Antibiotic Exposure to Elicit Transcrip-

tional Responses

Single colonies of E. coli strains were cultured overnight in MHB in a shaking in-
cubator at 37°C. Each sample was diluted 1:1000 and grown to mid-log phase.
Each sample was split into two 1mL sub-samples and incubated with either 5 nL
ciprofloxacin ('Cipro’; final concentration: 1 pg/mL) or 5 L water ('NT’) for 30
minutes in a shaking incubator at 37°C. Samples were immediately processed for

RNA isolation.

3.2.12 E. coli RNA Isolation

RNA isolation was performed using the RNeasy mini kit (Qiagen: 74104) with the
Qiagen RNAprotect Bacteria Reagent (Qiagen: 76506). Briefly, 250 pL of each sam-
ple culture was added to a tube containing 500 4L RNAprotect Bacteria Reagent,
and then processed following the RNAprotect Bacteria Reagent protocl. Each pel-
let was resuspended in Proteinase K (20 mg/mL; Qiagen: 19131) in TE containing
lysozyme (15 mg/mL; Sigma Aldrich: L6876) and incubated at room temperature
for ten minutes, and vortexed every two minutes. RNA isolation was done fol-
lowing Protocol #4 of the RNeasy mini kit with the optional DNAse treatment step
(Qiagen: 79254), and ultimately eluted in RNase-free water. Isolated RNA was
quantified using the Qubit RNA Broad-Range (BR) Assay (Invitrogen: Q10210).
Isolated RNA was used in the following experiments: RT-qPCR, NASBA amplifi-
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cation of E. coli RNA.

3.2.13 RT-gPCR

Transcriptional response to brief antibiotic exposure in the set of clinically rele-
vant E. coli strains was probed by RT-qPCR using the iTaq Universal SYBR Green
One-Step Kit (Bio-Rad: 1725151). E. coli strains were treated with brief antibiotic
exposure and RNA was isolated as described above. RT-qPCR reactions were as-
sembled on ice following the reaction components in Table 3.11. 10 pL of each
reaction were input in duplicate into the wells of a 384-well white-walled plate.
No reverse transcriptase (NRT) and no template (NTC) controls were always per-
formed. RT-qPCR reactions were run following the protocol in Table 3.12. The
primers for each signature gene and control gene are listed in Table 3.20. Only
data from wells with one observed melting curve was observed was used for anal-
ysis. dC; values were calculated by subtracting either the NT signature gene C;
values or the Cipro signature gene C, value from their respective NT or Cipro con-
trol gene C, values. Each gene’s ddC, values were calculated by subtracting the
Cipro dC; values from the NT dC; values. Fold changes were calculated as 244¢,

and replicates were used to compute the mean and standard deviation.

3.2.14 NASBA Amplification of E. coli RNA

NASBA amplification was carried out similar to the amplification of synRNA. Iso-
lated RNA was diluted to 0.1Ing - 1.0 ng in water. Each reaction always had an
amplification control with no RNA. The current optimal gene specific NASBA pa-

rameters are in Table 3.13.
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Component Volume (¢L) | Percentage
SYBR Green Master Mix 5 50%
Reverse transcriptase 0.125 1.25%
Forward Primer (10 M) 0.3 3%
Reverse Primer (10 uM) 0.3 3%
RNA (1 ng/uL) 1 10%
RNase-free water 3.275 32.75%

Table 3.11: Reaction components for RT-qPCR of E. coli strains after

brief ciprofloxacin exposure

Function Time Temperature (°C) | # of Cycles
Reverse Transcription | 10 minutes 50 1
Achvation & DNA | DUeS . !
Denaturation

Denaturation 15 seconds 95
Annealing & Extension | 60 seconds 60 40
Acquisition X X
Melt-Curve Analysis X X X

Table 3.12: RT-qPCR parameters

Gene | Input RNA (ng/ul) | Amplification Time
csrD 1 120 minutes
dinD 1 120 minutes
sulA 1 120 minutes

umuD 1 120 minutes
yebG 0.1 60 minutes

Table 3.13: NASBA parameters for E. coli RNA amplification




54

3.2.15 Paper-based Toehold Sensor Detection of NASBA Amplified E. coli RNA

A 2mM punch biopsy was used to cut paper discs (Whatman: 1442-042) into each
well of a 384 black-walled plate (Corning: 3544) such that the unused wells and
border wells were filled with water. Each toehold sensor reaction was assembled
on ice following the reaction components in Table 3.14 using components from the
NEB PUREXxpress in vitro Protein Synthesis Kit (NEB: E6800). 2L of each reaction
was spotted onto an individual paper disc, in duplicate or triplicate. The plate was
sealed and immediately transferred to a plate reader set at 37°C for at least four

hours. A fluorescent measurement was taken every five minutes.

Component Volume (¢L) | Percentage
NEB Reaction Mix A 0.8 40%
NEB Reaction Mix B 0.6 30%
RNase Inhibitor (Roche: 3335399001) 0.01 1%
Sensor (1.8 nM) 0.15 8%
E. coli RNA/NASBA Amplified E. coli RNA 0.334 17%
RNase-free water 0.106 5%

Table 3.14: Reaction components for cell-free toehold sensor detec-
tion of E. coli RNA

3.2.16 Best Practices for Working with RNA Samples

The following best practices were used for all of the above methods employing
RNA. Prior to each experiment, all surfaces and pipettes were cleaned with RNase
AWAY Surface Decontaminant (ThermoFisher: 7000TS1). Filter tips were used as
much as possible to reduce contamination by aerosols. RNase-free PCR tubes with

caps were used for the set-up of all RT-qPCR, NASBA, and toehold sensor reac-
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tions, and care was taken to leave extra space between tubes and keep caps closed
to prevent cross-contamination. RNA samples were frequently re-quantified with
the Qubit BR assay, as well as probed for their integrity using the RNA IQ assay
(Invitrogen: Q33221). All RNA samples were stored at -80°C in RNase-free water,

and were either sub-aliquoted or limited in their free-thaw cycles.

3.2.17 Data Analysis for Paper-based Toehold Sensor Reactions

Custom python notebooks were used for data analysis and visualization. Raw flu-
orescent measurements were first smoothed using a three-point moving average.
Each measurement was then normalized to its corresponding "Negative Control’
(no sensor, no trigger). These background adjusted measurements were then ad-
justed to zero such that there were no remaining negative values. To calculate the
relative maximum GFP for each sensor-trigger pair, an average was computed on
the maximum value of the sensor-trigger pair divided by the maximum value of
the corresponding sensor-no trigger pair (labelled as ‘GFP” on plots for parity).
For the toehold sensor detection of E. coli RNA, a ciprofloxacin transcript response
(CTR) value was calculated by normalizing either the NT signature gene relative
maximum GFP values or the Cipro signature gene relative maximum GFP values
from their respective NT or Cipro control gene relative maximum GFP values, and
then calculating the fold change by dividing the normalized Cipro relative max-
imum GFP values from the normalized NT relative maximum GFP values. The

CTR is then computed as the log,(Fold Change) (Bhattacharyya et al. (2019)).
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3.3 RESULTS

3.3.1 Transcriptional Signatures Associated with Fluoroquinolone Susceptibil-

ity in E. coli

As described in Chapter 1, brief antibiotic exposure can elicit stereotypical tran-
scriptional responses in antibiotic susceptible cells. A panel of clinical isolates of E.
coli were used to identify ten genes that are differentially expressed between flu-
oroquinolone susceptible and resistant E. coli in response to brief (30 minutes) ex-
posure to three fluoroquinolones: ciprofloxacin, levofloxacin, moxifloxacin (Mar-
tinsen et al. (2021), Bhattacharyya et al. (2019)). Fluoroquinolones are chemother-
apeutic bactericidal antibiotics and act by interfering with DNA replication. The
differentially expressed genes are shown in (Figure 3.2 and Table 3.15). A set of

control genes were also identified (Table 3.16).

Gene Name | Gene ID | Encodes

dinD b3645 | DNA damage-inducible protein D
dinl b1061 | DNA damage-inducible protein I
ilvD b3771 | dihydroxy-acid dehydratase
lexA b4043 | DNA-binding transcriptional repressor LexA
recA b2699 | DNA recombination/repair protein RecA
recN b2616 | DNA repair protein RecN

rmuC b3832 | putative recombination limiting protein RmuC
sulA b0958 | cell division inhibitor SulA

umuD b1183 | DNA polymerase V protein UmuD

yebG b1848 | DNA damage-inducible protein YebG

Table 3.15: List of ten genes in the E. coli fluoroquinolone suscepti-
bility transcript signature
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Ciprofloxacin Levofloxacin Moxifloxacin

STRAINNUMBER: 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
b4043 (lexA)
b0958 (sulA)
b1848 (yebG)
b2616 (recN)
b1061 (dinl)
b2699 (recA)
b1183 (umuD)
b3832 (rmuC)
b3645 (dinD)
b3771 (ilvD)

R R R

Figure 3.2: Differential expression of a fluoroquinolone-induced 10-
transcript gene signature in E. coli

Figure adapted from Martinsen et al. (2021). RNA-Sequencing was
performed and heatmaps of the normalized, log-transformed fold in-
duction (treated /untreated) data show the differential expression of
a fluoroquinolone-induced 10-transcript signatures for three fluoro-
quinolone drugs across six strains of E. coli that are either susceptible
to the antibiotic ('S’) or resistant ('R’).

Gene Name | Gene ID | Encodes
csrD b3252 | regulator of CsrB and CsrC decay
kdgR b1827 | DNA-binding transcriptional repressor KdgR
rppH b2830 | RNA pyrophosphohydrolase

3.3.2

Table 3.16: List of control genes in the E. coli fluoroquinolone suscep-
tibility transcript signature

Gene Ontology Enrichment Analysis of the Fluoroquinolone Susceptibil-

ity Signature

To uncover the significance of the biological functions of this gene set, gene ontol-

ogy (GO) enrichment analysis was performed on the ten genes listed in (Table 3.15.

The set of significantly shared GO terms that are over-represented in the list were
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visulized using NaviGO (Figure 3.3). As expected, the biological functions of the
genes in the signature are associated with cell stress and response to stimuli. In-
terestingly, this signature seems to be composed of three hubs of GO terms that
span different niches of cellular response to an antibiotic. The first are GO terms
broadly associated with the extracellular response to a stimulus. The second are
GO terms associated with the intracellular response to a stimulus. And the third
are GO terms specifically associated with the DNA response to a stimulus. This
suggests that the gene signature is composed of both broad stress response genes,

as well as fluoroquinolone-specific response genes.

3.3.3 Identifying a Panel of Clinically Relevant E. coli Strains for AST Platform

Development and Deployment

From a panel of E. coli strains (Galardini et al. (2017)), six E. coli strains were pre-
dicted by staramr to have an "[/R" (Intermediate / Resistant) phenotype to ciprofloxacin
with 100% identity (Table 3.17). Five of these strains are pathogenic E. coli strains,
four of which are UPEC strains. In order to build a proof-of-concept toehold switch
sensor platform for detecting fluoroquinolone susceptible E. coli, a set of three sus-
ceptible and three intermediate/resistant E. coli strains were selected to use as a
test bed. For the remaining of this chapter, this set of six E. coli strains were used

for all experiments.

3.3.4 Set of E. coli Strains have Varying Ciprofloxcain Susceptibilities

The minimum inhibitory concentration (MIC) of each E. coli strain was experimen-
tally determined using the broth dilution method. The MIC was estimated by

titting the growth curve data to a modified Gompertz Equation 3.1 and calculat-
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Figure 3.3: Visualization of Gene Ontology Terms for 10-transcript
gene signature in E. coli

Visualization of the significant gene ontology (GO) terms associated
with the 10-transcript signature associated with fluoroquinolone sus-
ceptibility in E. coli. GO terms are plotted by their computed rele-
vance semantic similarity scores (RSS). GO terms in blue are asso-

ciated with SOS response; GO terms in yellow are associated with
DNA repair.

ing the MIC with Equation 3.2, and the resulting value was compared to the CLSI
break-points to determine susceptibility or resistance. The MIC results confirmed
the resistance phenotypes predicted by staramr (Figure 3.4). Thus, resulting in a

set of E. coli strains with known genotypic and phenotypic ciprofloxacin suscepti-

bility.
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Strain Name | Predicted Phenotpye (staramr) Type Source
MG1655 ciprofloxacin susceptible N/A Lab strain
NILS 30 ciprofloxacin susceptible Pathogenic | Urine
NILS 33 ciprofloxacin susceptible Pathogenic Urine
NILS 55 ciprofloxacin I/R Pathogenic | Unlisted
NILS 64 ciprofloxacin I/R Pathogenic | Urine
NILS 78 ciprofloxacin I/R Pathogenic | Urine

Table 3.17: E. coli strains used for development of toehold sensor
platform

3.3.5 Set of E. coli Strains Have Expected Transcriptional Signatures in Re-

sponse to Brief Ciprofloxacin Exposure

Although this set of E. coli strains showed a growth-based phenotype of ciprofloxacin
susceptibility, I next sought to determine if these strains also exhibit the predicted
transcriptional signature of ciprofloxacin susceptibility. To probe this signature in
this set of E. coli strains, I used RT-qPCR to measure the differential response to
ciprofloxacin of the ten signature genes across the set E. coli strains. A comparison
of MIC results and gene expression results are shown in Figure 3.5 for represen-
tative susceptible and resistant strains. Gene expression results for all strains are
shown in Figure 3.6. A set of three control genes were used, and the normalized
fold change values were comparable across each of them (Figure 3.7). The sus-
ceptible strains show differential expression of the ten signature genes, relative to
each control gene. Conversely, the resistant strains do not show differential ex-
pression of the ten signature genes relative to each control gene. Interestingly, the
intermediate strain (NILS 78) has differential expression of some, but not all, of the

ten signature genes. Hierarchical clustering the fold change values separates the
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Figure 3.4: Minimum inhibitory concentration (MIC) measurements
for a panel of six E. coli strains

Relative cell amount (ODg00 normalized to maximum value) v. con-
centration of ciprofloxacin in a serial dilution of ciprofloxacin expo-
sure. Green vertical line (left) corresponds to CLSI threshold for sus-
ceptibility; red vertical line (right) corresponds to CLSI threshold for
resistance. MIC is estimated using a modified Gomptertz function
(3.1)

resistant strains from the susceptible strains.

3.3.6 A Panel of Toehold Switch Sensors for Detecting Ciprofloxacin Suscepti-
ble E. coli are Specific

A library of toehold sensors were designed, built, and screened as described in
Chapter 2, resulting in one toehold sensor per gene in the fluoroquinolone re-

sponse signature. To demonstrate the specificity of the toehold sensor panel, each
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Figure 3.5: Comparing the MIC to gene expression (RT-qPCR) of sig-
nature genes in two E. coli strains.

(A): Susceptibility of NILS30 to ciprofloxacin via broth dilution assay
(left) and gene expression across panel of signature genes (right). (B)
Resistance of NILS55 to ciprofloxacin via broth dilution assay (left)
and gene expression panel of signature genes (right). Gene in title is
control gene.

toehold sensor was deployed against each 35nt trigger RNA in paper-based, cell-
free reactions. Each toehold sensor is specific to its intended RNA target and

showed little-to-no off-target activation (Figure 3.8).

3.3.7 Optimization of the NASBA Workflow for Context-Dependent Differen-
tial mRNA Detection

NASBA has typically been employed to amplify RNA for downstream applica-
tions where the readout is binary: 'no’ signal v. ’yes’ signal. For those applica-
tions, the input RNA is amplified such that the greatest amount of amplicon can
be produced for subsequent RNA detection. This is achieved through running the

amplification reaction to completion (i.e., for more than two hours). Other work
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Figure 3.6: Gene expression (RT-qPCR) of signature genes in set of E.
coli strains

E. coli strains labelled as resistant, intermediate ("Int."), or susceptible
as confirmed by broth dilution MIC.

has used NASBA for quantitative RNA detection, however this been done with in
vitro transcribed RNA (Takahashi et al. (2018)). In order to use NASBA amplifica-
tion followed by toehold sensor detection of mRNA from antibiotic treated cells,

I sought to modify the traditional NASBA paradigm in the context of this AST

workflow. A summary of the NASBA and toehold sensor detection workflow and
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(a) Fold Change as determined by RT-qPCR of RNA isolated from NILS30 following
brief exposure to ciprofloxacin. Plot headers designate the control gene used as refer-
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(b) Fold Change as determined by RT-qPCR of NILS30 brief exposure to ciprofloxacin
for the control genes only.

Figure 3.7: Consistency of control gene expression by RT-qPCR of
NILS30

points I identified as potential parameters to be tuned are described in Figure 3.9.

These optimizations used both synRNA and E. coli RNA for context-dependent

improvement of the workflow.

3.3.7.1 Toehold Switch Sensors can Detect Equimolar Concentrations of Un-amplified

RNA

It has previously been shown that the GFP production from toehold sensor de-

tection is proportional to different amounts of input trigger RNA, without NASBA
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Figure 3.8: Specificity of the best toehold sensor for each gene in the
fluoroquinolone response signature, and controls

Rows: Toehold sensors; Columns: 35nt trigger RNA, and a water
control (NA); Color Scale: Mean relative maximum GFP signal ac-
quired across technical replicates

amplification (Pardee et al. (2016), Takahashi et al. (2018)). To see if this was true for
the 200nt synRNA, serial dilutions of equimolar amounts of trigger RNA and syn-
RNA were detected with the toehold switch sensors. It has been demonstrated pre-
viously that the limit of detection for toehold sensor detection of RNA fragments
(without NASBA) is in the nM range (Pardee et al. (2016)). Data for the detection
of yebG trigger RNA and synRNA is shown in Figure 3.10. With the exception of

the highest RNA concentration (9.62 uM), GFP production is proportional to the
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Figure 3.9: NASBA process and corresponding points of optimiza-

tion
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amount of input RNA for both trigger RNA and synRNA (Figure 3.10a). Moreover,
there is a linear relationship between the GFP production of equimolar amounts of
the two types of RNAs (Figure 3.10b). One hypothesis for the reduction in GFP
production for the highest RNA concentration (9.62 M) is that by there being too
much RNA in the sample, there is too much toehold sensor activation, and there-

fore overwhelmed the translational machinery in the cell-free mixture.

3.3.7.2  Heat Inactivation of NASBA Enzymes Preserves Relative RNA Concentrations

NASBA amplification is optimal at 41°C, but has been shown to have almost com-
parable activity at 37°C (Pardee et al. (2016)). However, the toehold sensor detec-
tion, which is run subsequent to the NASBA amplification, is optimized to run at
37°C. This overlap in activity has the potential for NASBA reactions to carry over
from amplification to toehold sensor detection, and unintentionally run to com-
pletion. One strategy to reduce this unwanted phenomenon is to inactivate the

enzymes present in the NASBA mixture. Theses enzymes and their corresponding
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(a) Maximum GFP signal of toehold sensor detection
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yebG synRNA (right)
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Figure 3.10: Toehold sensor detection of serial dilutions of equimolar
amounts of trigger RNA and synRNA.

heat inactivation protocols are listed in Table 3.18. The effect of inlcuding a heat
inactivation step following E. coli RNA amplification was compared to no heat in-
activation by measuring the subsequent toehold sensor production of GFP. The
heat inactivation protocol employed was a 10 minute incubation at 70°C, followed

by immediately putting the reactions on ice. By including the heat inactivation
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step, there is a more linear relationship between input RNA amount (pre-NASBA)

and GFP production than when this step was omitted (Figure 3.11).

Enzyme Heat Inactivation Protocol Citation
Avian
Myeloblastosm 70—_100 (?, followed by a Ahokas & Erkkili (1993)
Virus Reverse 5-minute incubation on ice
Transcriptase

https:/ /www.neb.com/
products/
m0297-rnase-h#
Product%?20Information

Rnase H 65°C for 20 minutes

https:/ /www.nzytech.

com/files/brochures/

MBO080_T7%20RNA%
20polymerase.pdf

T7 RNA Polymerase 70°C for 10 minutes

Table 3.18: Enzymes present in the NASBA enzyme mixture and
their recommended heat inactivation protocols

3.3.7.3  The Panel of Toehold Switch Sensors for Detecting Ciprofloxacin Susceptible E.

coli are Sensitive and Log-linear

After the introduction of heat inactivation into the NASBA protocol, I next sought
to determine the sensitivity each toehold switch sensor in detecting NASBA am-
plified synRNA. A range of synRNA concentrations were NASBA amplified for 60
minutes (before completion), followed by toehold sensor detection (Figure 3.12).
All of the toehold switch sensors are able to detect NASBA amplified synRNA
within log-linear regimes (R? > 0.75). These data suggest that toehold switch sen-
sors can detect differential amounts of NASBA amplified RNA from the nM to fM

range.


https://www.neb.com/products/m0297-rnase-h#Product%20Information
https://www.neb.com/products/m0297-rnase-h#Product%20Information
https://www.neb.com/products/m0297-rnase-h#Product%20Information
https://www.neb.com/products/m0297-rnase-h#Product%20Information
https://www.nzytech.com/files/brochures/MB080_T7%20RNA%20polymerase.pdf
https://www.nzytech.com/files/brochures/MB080_T7%20RNA%20polymerase.pdf
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Figure 3.11: Heat inactivation of NASBA enzyme preserves relative
E. coli RNA concentrations

Left: No heat inactivation; Right: 10 min. 70°C heat inactivation.
RNA samples from both untreated (NT) and ciprofloxacin (Cipro)
treated E. coli.

3.3.7.4 Toehold Switch Sensor GFP Production is Dependent on Input RNA Concentra-
tion to NASBA Amplification and Toehold Sensor Concentration

Previous studies have used a toehold sensor concentration of 1.8nM for toehold
sensor detection of NASBA amplified RNA. To see if this concentration was ap-
propriate for the toehold sensor detection of NASBA amplified E. coli RNA for
differential detection of signature genes, a screen of sensor concentrations and
RNA concentrations (input to NASBA) was performed for dinD expression in
the susceptible strain ECOR-28 after brief antibiotic exposure (Figure 3.13, Fig-
ure 3.14). The goal of these experiments was to determine which combination(s) of
RNA concentrations and sensor concentrations yield a good dynamic range in the

proposed AST context: differential detection of signature genes in Ciprofloxacin
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Figure 3.12:

Wt g
Amount RNA Input to NASBA (ng/uL)

Amount RNA Input to NASBA (ng/uL)

Amount RNA Input to NASBA (ng/uL)

Sensitivity and concentration dependence of panel of

toehold switch sensors in detecting NASBA amplified synRNA

(Left plots) GFP production of toehold sensor detection of NASBA
amplified synRNA across a range of synRNNA concentrations. (Right
plots) Log-linear fit of GFP v. RNA input amount with R* value.
(0.1ng/pL ~1.3nM synRNA)

treated cells versus untreated cells. Figure 3.13 shows the middle ranges of in-
put E. col RNA concentrations tested (0.1ng — 10ng). Across the sensor concentra-
tions, when 0.1ng/uL or Ing/uL RNA is input into NASBA, there is differential
detection of dinD in the Cipro treated versus untreated cells. The dynamic range
is greatest when 1InM or 2nM sensor is used, and for Ing/uL of input RNA. As

RNA concentration increases to 100nguL, there is no differential detection of RNA
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and in fact, the GFP production is similar to when there is no input RNA (Fig-
ure 3.14). These results are further illustrated in Figure 3.15. InM — 2nM sensor
concentration is appropriate for the toehold sensor detection of NASBA ampli-
tied E. coli RNA when the amount of RNA input to NASBA is within a certain
range (for dinD, 0.1ng — Ing). For both the untreated and Cipro treated samples,
as RNA input concentration increases, so does the GFP production - until there is
too much RNA in the sample (10ng/uL for Cipro treated, less than 100ng/ ;L for
untreated). Since the brief antibiotic exposure increases the amount of the signa-
ture transcript, it is expected that these two samples would have different limits.
Together, this data demonstrates that it is possible to identify a regime of NASBA
parameters and toehold sensor parameters where differential transcript detection

from NASBA amplified E. coli RNA can occur.

3.3.7.5 Tuning RNA Levels through RNA Input Amounts and NASBA Amplification

Time

For end-point reactions, NASBA is typically run for at least two hours. However
data for the detection of E. coli 165 mRNA suggested that tuning the amplification
time can modulate the amount of resulting amplicon (Takahashi et al. (2018)). To
identify the NASBA amplification times that preserve relative amounts of input
RNA, a combination of experiments with synRNA and E. coli RNA were used.
Since this variable is likely linked to the amount of input RNA, these two param-
eters were tested together. Thus, these experiments scanned the space of ampli-
fication times and input RNA concentrations for both synRNA and E. coli RNA.
Ultimately, the parameters that lead to differential detection of synRNA are not

always the same for E. coli RNA, so their respective parameters are used for the
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Figure 3.13: Optimization of E. coli RNA concentration and sensor
concentration for NASBA amplification and toehold sensor detection

Time-course of GFP production from toehold sensor detection of
NASBA amplified (60 minutes) RNA from E. coli strain ECOR-28
(susceptible) after brief ciprofloxacin exposure.

respective experiments. For synRNA, amplification times from 30 minutes to 60
minutes preserve relative input RNA amounts. For total E. coli RNA, amplification

times from 60 minutes to 120 minutes preserve relative input RNA amounts.
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Figure 3.14: Optimization of E. coli RNA concentration and sensor
concentration for NASBA amplification and toehold sensor detection

Time-course of GFP production from toehold sensor detection of
NASBA amplified (60 minutes) RNA from E. coli strain ECOR-28
(susceptible) after brief ciprofloxacin exposure.

3.3.8 Paper-Based Toehold Sensor Detection of Ciprofloxacin Susceptibility in

a Panel of E. coli Strains

Finally, I demonstrate the complete workflow (Figure 3.1) for detecting ciprofloxacin
susceptible E. coli via toehold switch sensor detection of differentially expressed
signature transcripts. The set of E. coli strains (Table 3.17) were briefly exposed
to Ciprofloxacin to elicit the transcriptional response, and RNA was isolated and
NASBA amplified using the previously described optimized workflow. NASBA
amplified RN A was detected on paper-based reactions with toehold switch sensors
for the E. coli fluoroquinolone signature and a control gene (csrD), and GFP mea-

surements were used to calculate a ciprofloxacin transcript response (Figure 3.16).
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(a) GFP production per toehold sensor concentration. InM and 2nM sensor show similar
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Figure 3.15: Optimization of E. coli RNA concentration and sensor
concentration for NASBA amplification and toehold sensor detection

This workflow for paper-based toehold sensor detection of differentially expressed
signature genes was able to measure increased expression of the signature genes
in the susceptible strains (NILS33, NILS30, MG1655), and no change in expression
or decreased expression of the signature genes in the resistant strains (NILS55,
NILS64). As was the case in the RT-qPCR results, toehold sensor detection of sig-
nature genes in the intermediate strain (NILS78) shows up-regulation of some, but
not all signature genes. Hierarchical clustering of the ciprofloxacin transcript re-
sponse values groups the resistant strains seprate from the susceptible strains. The
intermediate strain (NILS78) is grouped with NILS33, which is the least suscep-
tible, susceptible strain. Future work will provide optimized parameters for the
remaining genes in the signature, which will likely improve the interpretation of

results from intermediate strains. Nevertheless, susceptible strains are distinctly



75

identified by this method.
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Figure 3.16: Paper-based toehold sensor detection of ciprofloxacin
susceptibility in a panel of E. coli strains.

E. coli strains were briefly exposed to ciprofloxacin, and RNA was
isolated and amplified with NASBA following the gene-specific pa-
rameters in Table 3.13. Color bar is the ciprofloxacin transcript re-
sponse: normalized ciprofloxacin versus untreated signal.

Although this method is not meant to be as quantitative as RT-qPCR, it is useful
to see how the ciprofloxacin signature response as determined by RT-qPCR com-
pares to the signature response as determined by this paper-based toehold sensor
platform. The log transformed Fold Change values were compared for the genes
present in both assays (Figure 3.17). There is relatively good correlation between

the Fold Change as determined by the two, distinct, methodologies.
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Figure 3.17: Correlation of Ciprofloxacin transcript response as de-
termined by RT-qPCR and the paper-based toehold sensor platform

Toehold: log.Fold Change; RT-qPCR: logioFold Change. For both
toehold sensor detection and RT-qPCR, fold change is calculated as
Cipro v. NT for signature genes normalized by a control gene.

3.4 DISCUSSION

Here I have introduced a first-of-its-kind toehold switch sensor workflow for de-
tecting differential RNA signatures of antibiotic susceptibility, and deployed this
assay on a set of clinically relevant E. coli strains. I characterized a set of clini-
cally relevant E. coli strains with different genotypic and phenotypic ciprofloxacin
susceptibility profiles. Using the work done in Chapter 2, I was able to identify a
set of toehold switch sensors with the greatest efficacy for each gene. These toe-
hold switch sensors can differentially detect equimolar amounts of short 35nt trig-
ger RNA and 200nt synRNA. I explored numerous optimizations to identify the
parameters that optimize the context-specific toehold sensor detection of NASBA

amplified E. coli RNA. Toehold switch sensors can differentially detect NASBA am-
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plified synRNA from the nM to fM range when NASBA is not run to completion.
NASBA can be kept from running to completion by adding a heat inactivation step
and reducing the amplification time. Toehold switch sensors can detect differen-
tial amounts of NASBA amplified E. coli RNA within gene specific regimes of sen-
sor concentration, NASBA amplification time, and input RNA amount. Together,
these parameters were used to detect ciprofloxacin susceptibility in a set of E. coli
strains, with results comparable to RT-qPCR. Future work could deploy this work-
flow on additional E. coli strains and in response to additional fluoroquinolone
drugs such that statistically significant models can be made to translate toehold

switch sensor GFP production to a classification of susceptibility or resistance.

3.5 SUPPLEMENTARY TABLES

Table 3.19: Primers used for trigger RNA and toehold switch sensor

generation

Name Primer Sequence
Sensor-Trigger-Generation-F | GCGCTAATACGACTCACTATAGGG
Sensor-Linker-Generation-R CATCITTTGCGCTGCCG

Sensor-GFP-Generation-R TCTCAAATGCCTGAGGTTTCAG
ds-T7 GCGCTAATACGACTCACTATAGGG
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Table 3.20: List of primers for RT-qPCR of E. coli fluoroquinolone
susceptibility signature

Gene Forward Primer Reverse Primer Type of
Response
cstD | CTGGGCGGCCATTCA | CATTCGTTGATGACC Control
TAGAT ACCGC
dinD | GCTATTCATCAGCGG | CATGGTTCCGCCAAG Control
AAGGG TTCCT
dinl AAACCAGTCATCGG | GCGAAAACTTCTCCA Control
CGCTTT TTGCCA
ilvD CTATGAAGGCCCGA | TCGATAGCGATCAG Control
AAGGCG GTCACCA
kdgR | TTTCTTTGGTCAGGC | CAGCGCGTCATGATG | Signature
GGGAG TCAAA
lexA AATTGTTTCCGGCGC | TCTTTCATCGACATC | Signature
ATCAC CCGCT
recA GTCAGCGTGGTTTITA | CAGCACTGGGCCAG | Signature
CCGGA ATTGA
recN TCACCAAACCTGAG | TCTCCGGGCTGCGGA | Signature
CACCAA TTAAA
rmuC | CCGCTACGTGAACA | CGTCAATACTACCTC | Signature
ACTGGA GCCCC
rppH | GCAACCAGTTACGC | ACCGCCCAAACGTA | Signature
GTTGAA GGTATC
sulA | ACTGTAATTGCCCGT | GCCCATGATGACGC Signature
GCGTA AACTTC
umuD | ATCCCAGCGCGACTT | TACGCGCTGTTCATG | Signature
ACTTC GGAAT
yciM | TGGTATATGGGCCGC | AGGTTTCCGAGCGTA | Signature
AGAAG AGGTG
yebG GACCTGTGGGGACG | GCAAAAAGGAAGCC | Signature
GTAATTIT GATGCT
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CHAPTER 4

Transcriptomics of the Evolution of Antibiotic Resistance

4.1 INTRODUCTION

As described in Chapter 1, widespread global antibiotic use has led to increased
rates of antibiotic resistance, making antibiotic resistant infections a major global
health concern. In an effort to slow the rate of antibiotic resistance acquisition, it is
critical that we improve our antibiotic stewardship efforts and reduce unnecessary
antibiotic use. Still, antibiotic resistance will always be a feature of antibiotic usage,
and as such, it is critical that we have methodologies to study it.

When susceptible bacteria are under external antibiotic pressures, they experi-
ence biological stress due to cell membrane damage, changes in protein synthesis,
or alterations in DNA supercoiling. These stress conditions increase the amount of
mutational events, leading to an increase in the rate of resistant variants emerging
in the population (Baquero & Blazquez (1997)). Over the past century, consistent
and widespread environmental antibiotic pressures have continuously allowed for
the emergence of bacterial variants with numerous phenotypes and genotypes of
resistance.

As resistant variants continue to emerge, there is a need to be able to identify
both the genetic and phenotypic markers of resistance. The majority of existing ef-
forts have been retroactive: identifying specific mutations, genes, or genotypes of
bacteria that have observable phenotypes of resistance. However, a more challeng-
ing phenomenon to study is the coupling between genetic or phenotypic markers
and the evolution of antibiotic resistance. As was described in Chapters 2 and

3, transcriptional signatures are an observable phenotype of antibiotic suscepti-
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bility. In this Chapter, I investigate if we can use gene expression as a marker of
antibiotic resistance emerging in a population. First, I provide a brief summary of
antibiotic resistance evolution and how it has been studied in in vitro. Second, I in-
troduce a framework for utilizing long-term evolution experiments to control the
evolution of antibiotic resistance and study how a strain’s transcriptome changes
as resistance increases. Third, I provide preliminary results for the lab evolution
of tetracycline resistance in E. coli, and the transcriptional changes observed. To-
gether, this work provides a framework for future studies aimed at gleaning the

connection between antibiotic resistance evolution and gene expression.

4.1.1 Evolution of Antibiotic Resistance

The evolution of bacteria to evade antibiotics is not a unique phenomenon; bac-
teria are extremely adept to evade numerous environmental challenges, including
extreme pH, extreme temperature, and nutrient depletion (Rodriguez-Rojas et al.
(2013)). Widespread antibiotic use has allowed for bacteria to develop mechanisms
to evade antibiotics through many mechanisms, including changes in cell perme-
ability, altering the antibiotic target, and horizontal gene transfer (andersson 2003,
davies 1994, livermore 2003).

The classical view of antibiotic resistance evolution is that prolonged antibi-
otic treatment selects for pre-existing antibiotic resistant variants. This can occur
when genetic mutations that confer antibiotic resistance spontaneously arise dur-
ing replication, and antibiotic treatment will fortuitously select for them. This type
of spontaneous resistance is of particular concern in infections that are treated with
monotherapies or get insufficient amount of antibiotics, such as tuberculosis and

gonorrhoea (Llewelyn et al. (2017)).
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Beyond spontaneous mutations, antibiotics themselves can be mutagenic. The
general stress response that they induce can increase mutation rates, but also mu-
tations can be induced from oxidative damage (e.g., by bactericidal antibiotics),
the SOS response (e.g., from sub-inhibitory concentrations), and nucleotide-pool
unbalancing (e.g., by folic acid antagonists) (Kohanski et al. (2007), Baharoglu &
Mazel (2011), Genther et al. (1977)). Horizontal gene transfer (HGT), or the lat-
eral transfer of resistance genes between organisms, is another major mechanism
for the acquisition of resistance. Although HGT can happen spontaneously, some
antibiotics can increase the rates of HGT and antibiotic damage can promote the

mobilization of genetic elements (Rodriguez-Rojas et al. (2013)).

4.1.2 Methods for in vitro Antibiotic Resistance Evolution

Lab evolution experiments allow for time-resolved measurements, making them
well-suited for studying the evolution of antibiotic resistance. Some of the most
well-known long-term evolution experiments are those carried out by Lenski, et.
al. (Lenski et al. (1991), Lenski (2004)). In this batch culture set-up, bacterial pop-
ulations are manually propagated in specific conditions (e.g., nutrients, temper-
ature, antibiotics), and samples are stored throughout the course of the experi-
ment. These batch culture evolution experiments are relatively easy to implement,
and have been used to generate experiments with samples that have evolved over
50,000 generation times (Grant et al. (2020)). Evolved strains can be compared to
their ancestral strains to uncover the genetic links behind evolvability and antibi-
otic resistance phenotypes (Card et al. (2019), Card et al. (2021)).

The MEGA-plate (microbial evolution growth arena) is an experimental device

that allows for evolution of antibiotic resistance in both time and space (Baym
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et al. (2016)). In this set-up, bacteria are cultured on a large agar plate with differ-
ent regimes of increasing antibiotic concentration. Distinct bacterial lineages can
then migrate and evolve across the plate. Individual isolates can be sequenced to
identify distinct antibiotic-resistance conferring mutations, and their phenotypes
of antibiotic susceptibility can be measured. This approach offers a unique method
to visually observe the evolution of antibiotic resistance.

Continuous culture systems offer more fine-tine control over the conditions in
a long-term evolution experiment. These systems can be implemented to maintain
predefined constant growth rates (chemostat), or use feedback control algorithms
to maintain population features such as population density (turbidostat) or antibi-
otic resistance (morbidostat) (Koga & Humphrey (1967), Sorgeloos et al. (1976),
Toprak et al. (2013)). Of relevance for this work, the morbidostat is a continu-
ous culture device that can be used to study the evolution of antibiotic resistance
through dynamic control of antibiotic concentration in a fixed volume with fixed

intervals of refreshed media containing antibiotics (Figure 4.1).
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Figure 4.1: Morbidostat overview figure adapted from (Toprak et al.
(2013)).

(A) Morbidostat set-up and control algorithm. (B) Representative
bacterial growth curve (black line). Green lines denote culture di-
lution with media. Purple lines denote culture dilution with antibi-
otics.
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One challenge with many of these methods is that they are cumbersome and
difficult to use to study complex environments or dynamics. To address this chal-
lenge, in work led by Brandon Wong, PhD and Chris Mancuso, PhD, our lab de-
veloped the eVOLVER, a novel platform for scalable programmable continuous
culture (Wong et al. (2018)). Additionally, recent work in our lab done by Marco
Galardini, PhD built out a morbidostat control algorithm for the eVOLVER (un-
published).

4.1.3 A Proof-of-Concept Framework for Time Resolved Transcriptomics in Lab

Evolution Experiments

As described in Chapter 1, and leveraged in Chapters 2 and 3, antibiotic suscepti-
ble bacteria exhibit stereotypical transcriptional signatures. However, these have
largely been studied as end-point measurements: measuring gene expression from
bacteria that are already susceptible or resistant, but not as they adapt from one
phenotype to the other (as seen in Figure 4.2). In this Chapter, I probe gene ex-
pression in response to antibiotic exposure not just at these end-points, but also
over time as bacteria evolve antibiotic resistance. This framework can be used to
(1) identify drug-bug specific signatures of antibiotic susceptibility and resistance,
and (2) identify transcriptional markers of the emergence of antibiotic resistance.
Together, this can provide time-resolved gene expression measurements as bac-
teria traverse the evolutionary landscape in response to antibiotic selective pres-
sures.

By conducting long-term evolution experiments and probing their transcrip-
tome over time, we can observe the transcriptional dynamics in concert with mu-

tational analysis (via genome sequencing), antibiotic resistance (via growth condi-
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Figure 4.2: Gene expression of susceptible and resistant isolates of K.
pneumoniae

Figure adapted from Bhattacharyya et al. (2019). RNA-Sequencing
data from two susceptible (S) and two resistant (R) K. pneumoniae
strains briefly exposed to the corresponding antibiotics.

tions), and other phenotypes. We can begin to ask questions such as: do suscepti-
bility gene signatures progressively dampen as cells become more resistant (con-
tinuous expression), or are they discrete; what is the effect of specific resistance-
conferring mutations on gene expression? Together, this approach can provide an
expanded view of the evolution of antibiotic resistance.

In an experiment led by Marco Galardini, PhD, a panel of E. coli strains with
known genetic backgrounds and known susceptibility to tetracycline were contin-
uously cultured in the eVOLVER platform under a morbidostat feedback control
algorithm. This algorithm increased tetracycline concentrations in the media while
maintaining growth rate of the population, thus evolving tetracycline resistance.
At regular intervals throughout the course of the experiment, cultures were sam-
pled and frozen as glycerol stocks. This resulted in an experimental data set of
338 samples across 16 ancestral strains, 37 total time-points, and vial replicates.
This data set provides the framework for measuring transcriptional phenotypes of

antibiotic resistance across time and genetic background.
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4.2 MATERIALS & METHODS

421 RNA-Sequencing of Lab Evolved E. coli with Time-Resolved Tetracycline

Resistance
4.2.1.1 Strain Growth & Brief Antibiotic Exposure

From the set of E. coli strains that were evolved in the framework described in 4.1.3,
three strains each from three time-points (9 samples), and the wild-type lab strain
MG1655 in replicate (11 samples total) were cultured overnight in a shaking in-
cubator at 37°C (Table 4.1). Each sample was diluted 1:000 and grown to mid-log
phase. Each sample was split into two sub-samples and treated with either tetracy-
cline (final concentration: 8 ;ig/mL) or water for 30 minutes in a shaking incubator
at 37°C, to induce a transcriptioanl response. The resulting 22 samples were im-

mediately processed for RNA isolation.

4.2.1.2 RNA Isolation & Library Preparation

RNA isolation was performed using the RNeasy Mini Kit (Qiagen: 74104) with the
Qiagen RNAprotect Bacteria Reagent (Qiagen: 76506). Briefly, 250:L of each sam-
ple culture was added to a tube containing 500uL RNAprotect Bacteria Reagent,
and then processed following the RNAprotect Bacteria Reagent steps. Each pel-
let was resuspended in Proteinase K (20mg/mL; Qiagen: 19131) in TE containing
lysozyme (15mg/mL; Sigma Aldrich: L6876) and incubated at room temperature
for ten minutes, and vortexed every two minutes. The samples were then pro-
cessed following Protocol #4 of the RNeasy mini kit. The isolated RNA was then
transferred to the DAMP Lab (https://www.damplab.org/) for library prepara-
tion. RNA quality was assessed using an Agilent Bioanalyzer with the RNA 6000
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Pico Kit (Agilent: 5067-1513). Enrichment of mRNA was accomplished by using
the MICROBEXxpress Kit (ThermoFisher: AM1905). cDNA libraries were prepared
using the NEBNext Ultra Il RNA Library Prep Kit for Illumina (NEB: E7775).

4.2.1.3 RNA-Sequencing

The cDNA libraries were sequenced by the Boston University Medical Campus Mi-
croarray and Sequencing Core. Library quality was first assessed using an Agilent
Bioanalyzer, and all samples were satisfactory for sequencing. All libraries were
sequenced on an Illumina NextSeq 500 across four lanes, generating single-end,
un-stranded, 150bp reads. FASTQ generation was performed in Illumina BaseS-

pace.

4.2.2 Analysis Pipeline for Pre-Processing RNA-Sequencing Data

The following analysis steps were built into a pipeline using the snakemake work-
tlow management system (available at: https://github.com/ebriars/TREE-Analysis).
Each sample was coded following the scheme in Table 4.1. The complete list of soft-
ware packages and versions can be found in Table 4.2. All of the software require-
ments can be reproduced using the provided conda environment in the repository.
An overview of the workflow is visualized in Figure 4.3. By building this work-
flow using the snakemake workflow management system (Molder et al. (2021)).
The workflow is written in a human-readable, python-based language, and allows
for scalable and reproducible analysis. The workflow is broken down into a set
of "rules", each which specify the target inputs and outputs. The operations of
each rule are carried out in custom python and bash scripts that interface with the

snakemake infrastructure. Moreover, snakemake can parallelize the steps, and the
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entire design workflow can be run locally or on a shared computing cluster.

align_to_reference align_to_reference
lane: 1 lane: 2
sample: 1_S1 sample: 1_S1
run_feature_counts run_feature_counts
run_fastqc run_fastqc
lane: 1 lane: 2 simplify_simplify_feature_counts simplify_simplify_feature_counts make_counts_matrix
sample: 1_S1 sample: 1_S1

all

Figure 4.3: Snakemake workflow for RNA-Seq analysis of evolved
E. coli strains

Example workflow for two FASTQ files corresponding to two lanes
of the same sample. Final output is a feature counts matrix of per
sample gene counts that can be used for downstream analysis.

4.2.2.1 FASTQ Quality Control

Each raw FASTQ file was analyzed using FASTQC (Andrews (2010)), and an aggre-
gate report was generated using multiQC (Ewels et al. (2016)) (Figure 4.1). Reports

were manually screened for quality assessment.

4.2.2.2 Read Alignment & Calculating Transcript Counts

Sequencing reads were aligned to the E. coli str. K-12 substr. MG1655 reference
genome (GenBank Assembly Accession: GCA_000005845.2) using the Burrows-
Wheeler Aligner (bwa mem) (Li & Durbin (2009)). Alignment metrics were an-
alyzed using samtools flagstat. The featureCounts program from Sub-
read was used to calculate gene counts for each sample (Liao et al. (2014)). Align-

ment coordinates were mapped to gene names using the E. coli str. K-12 substr



88

MG1655 GTF file (GCF_000005845.2_ASM584v2.gtf). Feature counts were com-
puted for genes using the -t gene parameter. The resulting per sample feature
counts were reduced to a single column of data for each sample, where each row
is a gene and the value is the count. A feature counts matrix was created by com-
bining each column of per sample data into a matrix with 4419 rows (genes) and
88 columns (samples). A reduced feature counts matrix was created by collapsing
each sample’s four columns (from four sequencing lanes) into one column. This
reduced feature counts matrix is the final output of this Snakemake workflow and

was then used for downstream analysis.

4.2.3 Custom RNA-Seq Analysis of Evolved E. coli strains

The following analyses were completed using custom R scripts which are also

available in the github repository.

4.2.3.1 Required Data & Metadata for Analysis

The experiment’s feature counts matrix was prepared by the snakemake workflow,
resulting in a genes by samples matrix with 4419 rows and 22 columns. A metadata
matrix was manually prepared, resulting in a samples by features matrix with 22
rows and 4 columns. The features included were: Sample Name, Strain, Treatment,
and Time-Point. Additionally, a file containing the gene IDs for rRNA and tRNA
genes was prepared from the E. coli str. K-12 substr MG1655 GTF file. Finally, a
file containing the gene lengths for each gene in the E. coli str. K-12 substr MG1655

GTF file was prepared.
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4.2.3.2 Transcript Abundance and Principal Component Analysis (PCA)

Rows in the feature counts matrix corresponding to rRNA or tRNA genes were
removed. Rows where all samples had a count of zero were removed. Transcripts
per million (TPM) were calculated as reads per kilobase per million. TPM values
were log-transformed and centered. Log-transformed TPM values were used for

principal component analysis (PCA)

4.2.3.3 Differential Expression Analysis

Differential expression analysis was performed using DESeq2 on raw transcript
counts (Love et al. (2014)). DESeq2 was selected since this experiment has a small
number of biological replicates (Schurch et al. (2016)). Additionally, since this is a
small data set with a small number of biological replicates, statistical significance is
not always achieved with the standard significance thresholds of |log.(Fold Change)| >
2 and adjusted p-value < 0.05. As such, when it is relevant, data is shown for a
range of significance thresholds to provide an illustration of the trends in the data,

without purporting statistical significance.

4.2.3.4 Gene ontology analysis and visualization

Gene IDs from gene sets produced by differential expression analysis were inputs
for gene ontology enrichment analysis (Ashburner et al. (2000), gen (2021)). GO
terms (biological processes) that were significantly over-represented compared to
a reference list of all E. coli genes were identified using PANTHER with a false
discovery rate p-value < 0.05 (Mi et al. (2021)). To visualize the resulting GO
terms, their semantic similarity scores (RSS) were computed and represented in a

two-dimensional similarity space using NaviGO (Wei et al. (2017)).
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Code | Strain | Time-Point Treatment MIC (p1g/mL)

7 ECOR-09 0 hours No Treatment 3

17 IAI14 0 hours No Treatment 1.5

1 IATI40 0 hours No Treatment 3

5 ECOR-09 0 hours Tetracycline (8 pg/mL) 3

21 IAI14 0 hours Tetracycline (8 1g/mL) 1.5

19 IAI40 0 hours Tetracycline (8 11g/mL) 3

12 | ECOR-09 | 43.02 hours No Treatment 3 <MIC < 24
22 IAT14 43.02 hours No Treatment 3<MIC <24
4 IAI40 43.02 hours No Treatment 3<MIC <24
16 | ECOR-09 | 43.02 hours | Tetracycline (8 ug/mL) | 3 < MIC <24
18 [IAI14 43.02 hours | Tetracycline (8 ug/mL) | 3 < MIC < 24
3 IAI40 43.02 hours | Tetracycline (8 ug/mL) | 3 < MIC < 24
14 | ECOR-09 | 762.54 hours No Treatment 24

2 IAI14 762.54 hours No Treatment 24

8 IAT40 236.54 hours No Treatment 24-32

15 | ECOR-09 | 762.54 hours | Tetracycline (8 1g/mL) 24

13 IAI14 762.54 hours | Tetracycline (8 ;ug/mL) 24
20 IAI40 236.54 hours | Tetracycline (8 pug/mL) 24-32

11 MG1655 N/A No Treatment <1

10 | MG1655 N/A No Treatment <1

6 MG1655 N/A Tetracycline (8 pg/mL) <1

9 MG1655 N/A Tetracycline (8 pg/mL) <1

Table 4.1: E. coli strains, time-points, and tetracycline susceptibilities
of the evolved samples processed for RNA-Seq
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4.3 RESULTS

4.3.1 Tetracycline Susceptibility Over Time of the Evolved Strains in the RNA-
Seq Data Set

For each sample, their tetracycline susceptibility (MIC) was estimated by the
eVOLVER using the amount of tetracycline in the media (Figure 4.4). Their initial
time-point and final time-point MICs were also measured using tetracycline MIC

strips (Table 4.1). The clinical breakpoints for tetracycline (4 pg/mL,

25
23 /)\
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% NT12111
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Figure 4.4: Estimated tetracycline MIC over time for three evolved
strains evolved processed for RNA-Seq

4.3.2 Characterization of the RNA-Seq Data Set

Overall, this experiment produced a high quality initial data set. There were no

observed lane effects, and each sample had between 1.1-2.4 million reads (with



92

the exception of Sample 2). All samples had a high percentage of duplicate reads,
likely due to the high number of rRNA and tRNA remaining in the sample (Fig-
ure 4.5, Figure 4.6).

FastQC: Mean Quality Scores
37.5

32.5

Phred Score
N
o

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
Position (bp)

Figure 4.5: Summary of FASTQC per base quality results for RNA-
Seq of evolved E. coli strains

Figures generated by multiqc. Mean quality (Phred) score for all of
the reads each sample across each lane at each position.

PCA of all samples suggests that, as expected, the majority of the variance in
gene expression is due to the strain and tetracycline exposure as seen in Figure 4.7.
Additionally, the MG1655 biological replicates (the only biological replicates in this
study) cluster close to each other, suggesting that the gene expression is consistent

across different individual samples.



93

FastQC: Sequence Counts
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Figure 4.6: Summary of number of reads per sample from RNA-Seq
of evolved E. coli strains

Figures generated by multiqc. Total number of reads for each sample
across each lane.

4.3.3 Total Number of Differentially Expressed Genes Decreases as E. coli Be-

come Resistant to Tetraycline

The overall differential gene expression was compared between the susceptible
(time = 0 hours), intermediate (time = 43 hours), and resistant (time = 236-762
hours) samples in response to brief tetracycline exposure (Figure 4.8). As the
strains are continuously cultured in the eVOLVER with constant growth rate and
increasing tetracycline concentration as controlled by the morbidostat control al-
gorithm, the amount of genes that are differentially expressed in response to brief
tetracycline exposure dampens over time (Figure 4.9). Interestingly, the amount of
differentially expressed genes between the initial time-point and after 43 hours is

only slightly reduced. By sequencing additional samples in this data set from addi-
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Figure 4.7: PCA of all samples from the dataset of RNA-Seq of
evolved E. coli strains

Time-points correspond to the initial (0), intermediate (1), and final
(2) time-points listed in Table 4.1

tional time-points corresponding to increasing levels of tetracycline resistance, this
curve could be expanded to concretely identify if (a) there is an inflection point
in resistance where differential gene expression shuts off, or (b) gene expression

dampens over time.



95

0 Hours 43 Hours 236 - 762 Hours
(Susceptible to Tetracycline) (Intermediate Susceptibility to Tetracycline) (Resistant to Tetracycline)

10

log2(Fold Change)

-10

log,(Average Transcript Abundance)

Figure 4.8: Differential expression versus transcript abundance
across time in E. coli strains evolved towards tetracylcine resistance

Differential expression (brief tetracycline exposure v. NT) of all
evolved strains at each time point. Each dot represents one gene,
and are colored red when the differential expression is significant
(|loga(Fold Change)| > 2 and adjusted p-value < 0.05).

4.3.4 Identification of Differentially Expressed Genes Unique to Levels of Tetra-

cycline Resistance

As expected, the susceptible samples exhibit a transcriptional response to the tetra-
cycline exposure. The resistant strains, however, only differentially express a few
genes in response to tetracycline exposure (Figure 4.10). The specific genes that
are in each subset of genes that are differentially expressed in response to brief
tetracycline exposure for each time-point were further analyzed. Interestingly,
the genes that are differentially expressed at the initial time-point only marginally
overlap with the genes that are differentially expressed at the intermediate time-
point (Figure 4.11). Both the susceptible and intermediate samples have unique
sets of genes that are differentially expressed (|log,(Fold Change)| > 2.5 and ad-
justed p-value < 0.05). These two gene sets were probed using gene onotology

analysis to identify over-represented biological features. The enriched GO terms
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Figure 4.9: Number of differentially expressed genes across time in
E. coli strains evolved towards tetracycline resistance

Comparison of number of differentially expressed (brief tetracycline
exposure v. NT) genes with different log2 Fold Change (FC) and
adjusted p-value cut-offs.

for the initial time-point and the intermediate time-point are visualized in Fig-
ure 4.12 and Figure 4.13, respectively. There were no enriched GO terms from the
gene set from the final time-point. In the susceptible samples, there appear to be a
tew regimes of GO terms. The largest group of GO terms are associated with amino
acid transport, and likely correspond to a tetracycline-specific response since tetra-
cycline is a bacteriostatic drug that binds thee 30S ribosomal subunit and prevents

incoming aminoacyl tRNAs from binding. The remaining GO terms are more as-
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Figure 4.10: Volcano plots of differential expression in E. coli strains
evolved towards tetracylcine resistance

Differential expression (brief tetracycline exposure v. NT) of all
evolved strains at each time point. Each dot represents one gene,
and are colored red when the differential expression is significant
(/loga(Fold Change)| > 2.5 and adjusted p-value < 0.05).

sociated with general stress responses. In the intermediate samples, the majority
of GO terms cluster in one group associated with protein localization.
Interestingly, there are only four genes that are uniquely differentially expressed
in the resistant strains (Table 4.2). One of these genes, gapA, has been shown to be
affected by evolution under conditions of chronic heat stress (Riehle et al. (2003)),
suggesting that this is due to the experimental set-up. However, upon examining
the other genes in this set, we see potential associations with mechanisms of tetra-
cycline resistant. For example, the over expression of raiA in stress conditions has
been associated with faster growth restart and an increase in 70S ribosome con-
tent, allowing for protection of the ribosome (Lang et al. (2021)). Additionally, the
protein encoded by entF is involved with enterobactin synthsesis. Enterobactin is
synthesized in response to iron deprivation (Reichert et al. (1992)). Interestingly, it
has been shown that the accumulation and activity of tetracycline can be inhibited
in E. coli in the presence of iron (Avery et al. (2004)). One hypothesis is that these

E. coli strains evolved to tetracycline resistance are up-regulating entF to encour-
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Figure 4.11: Intersection of differentially expressed genes between
each time-point

age enterobactin production in order to increase iron uptake, and therefore inhibit
tetracycline accumulation. Follow-up studies could be used to explore these hy-

potheses generated by this work.

4.4 DISCUSSION

In this Chapter, I have introduced a framework for reproducible RNA-seq analy-

sis of bacterial strains evolved to antibiotic resistance over time. I have used this
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Figure 4.12: Visualization of enriched GO terms in gene set of
uniquely differentially expressed genes in the samples from the ini-
tial time-point

framework to explore the distinct transcriptional phenotypes of E. coli strains with
different susceptibilities to tetracycline throughout their evolution towards tetra-
cycline resistance. In this data set, I identified distinct gene sets in the susceptible
and intermediate strains that are differentially expressed in response to brief tetra-
cycline exposure. I also identified sets of genes whose expression continuously in-
creases or decreases as the strain becomes more resistant to tetracycline. Together,
this work provides a framework that could be replicated with additional samples

from the tetracycline evolution experiment introduced here, or for the design and
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Figure 4.13: Visualization of enriched GO terms in gene set of
uniquely differentially expressed genes in the samples from the in-
termediate time-point

analysis of future evolution experiments. The inclusion of additional strains could
allow for the discovery of a signature of tetracycline susceptibility for E. coli.
Additionally, this framework can be used for hypothesis generation and test-
ing for mechanisms of susceptibility and resistance. In this Chapter, I highlighted
the genes that are uniquely differentially expressed in the resistant strains. I per-
formed a literature search to generate hypotheses for why these genes are present
in this gene set, but follow-up mechanistic studies could be performed to test these
hypotheses. This would be useful for identifying the functional features of suscep-

tibility and resistance.
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GenelD | Name Encodes Note
b0586 ontF apo-serine activating involved with enterobactin
enzyme synthesis
Expression affected by
b1779 gapA glyceraldehyde-3-phosphate evolution and oxygen
dehydrogenase o
limitation
. ribosome-associated ribosome protection in
b2597 raid inhibitor A stress conditions
b3125 arR tartronate semialdehyde
& reductase

Table 4.2: Genes that are differentially expressed only in E. coli
strains with lab-evolved resistance to tetracycline

A deliberate design choice for this framework was to study the evolution of an-

tibiotic resistance in these different E. coli strains with the lab strain E. coli MG1655

as the reference. This allows for any differentially expressed signature genes iden-

tified to be generalizable across all strains, and not just features specific to each

strain (i.e., if each strain was analyzed individually in comparison to its reference).

However, if one wanted to couple this transcriptional analysis with mutational

analysis, for example, it would make sense to modify this workflow such that each

species’ reference genome is used.

4.5 SUPPLEMENTARY TABLES
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Package Version
bwa mem
fastqc 0.11.7
multigc 1.10.1
samtools 1.10
snakemake-minimal | 5.4.5
subread 1.6.2

Table 4.3: List of software packages and versions used by snakemake
pipeline for RNA-Seq analysis of evolved E. coli
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CHAPTER 5

Conclusions & Future Perspectives

51 SUMMARY OF WORK

This dissertation aims to improve antibiotic stewardship through the development
of methods to diagnose antibiotic resistance in clinically-relevant infections, as well
as through the development of methods to predict antibiotic resistance in experi-
mental settings. In Chapter 2, I introduced a framework for facilitating both the
in silico toehold switch sensor design, and the in vitro evaluation of toehold switch
sensors. In Chapter 3, I introduced a context-optimized workflow for toehold sen-
sor detection of NASBA amplified differentially expressed mRNA. I introduced
a toehold switch sensor platform for detecting differential RNA signatures of an-
tibiotic susceptibility, and deploy this assay on a set of clinically relevant E. coli
strains. In Chapter 4, I introduced a framework for reproducible RNA-seq anal-
ysis of bacterial strains evolved to antibiotic resistance over time, and highlight
some interesting transcriptional features observed in a set of E. coli strains evolved

towards tetracycline resistance.

5.2 FUTURE PERSPECTIVES

5.2.1 Deploying the AST for E. coli Susceptibility to Fluoroquinolones on Ad-

ditional Clinically Relevant Strains

The simplest future direction of this work is to deploy the platform developed in
Chapter 3 on additional, clinically relevant strains of E. coli. This data set could
then be used to build a set of rules for classifying a test sample as susceptible or

resistant, based on the toehold sensor detection. Moreover, this data set could be
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expanded to additional fluoroquinolone antibiotics.

5.2.2 Exploring Known Transcriptional Signatures of Antibiotic Susceptibility

For currently known signatures of antibiotic susceptibility (e.g. the E. coli fluoro-
quinolone susceptibility signature used in Chapter 3), the framework introduced
in Chapter 4 could be used to follow the signature gene expression over time as
strains evolve towards tetracycline resistance. By teasing apart where in the re-
sistance evolutionary landscape each gene’s expression is modulated, one could
assign weights to each gene in the signature. For example, genes that quickly (in
evolutionary time corresponding to increased resistance) would be weighted such
that detected differential expression strongly correlates with susceptibility, and the

lack of differential expression suggests emerging resistance.

5.2.3 Identifying New Signatures of Antibiotic Susceptibility

The framework introduced in Chapter 4 could be used to identify new transcrip-
tional signatures of antibiotic susceptibility. Moreover, these time-resolved evolu-
tion experiments done in the eVOLVER can easily be paired with genotypic mea-
surements and other phenotypic measurements. Not only could this be used to
identify end-point signatures of antibiotic susceptibility, but this can also be used
to identify early transcriptional markers (or other measurable phenotypes) of sus-
ceptibility. This could be extremely useful for emerging infections that are not
well-characterized, or for bacteria for which early resistance detection has favor-

able clinical outcomes, e.g. sepsis (Rivers et al. (2001)).
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5.2.4 Exploring Drug-Bug Pairs and Collateral Susceptibility

Time-resolved transcriptional measurements throughout the evolution of antibi-
otic resistance could be used to probe the currently mixed literature on collateral
sensitivity. If a bacterial species is resistant to antibiotic X, what is the likelihood
that it is resistant to antibiotic Y (concurrent resistance), and what is the likelihood
that it is susceptible to antibiotic Z (collateral sensitivity). Identifying collateral
sensitivity is of clinical relevance because it would allow for antibiotic cycling in
treatment plans, thus significantly reducing the occurrence of antibiotic resistance
due to single antibiotic use. Some in vitro evolution studies have demonstrated the
occurrence of collateral sensitivity for E. coli (Pal et al. (2015), Apjok et al. (2019)).
However, a recent retrospective analysis of almost 500,000 antimicrobial suscepti-
bility tests acquired over four years from 23 hospitals in Pittsburgh, PA found that
at the species level, only 0.7% of antibiotic pairs had collateral sensitivity. Instead,
more than 53% of antibiotic pairs had concurrent resistance (Beckley & Wright
(2021)). Additionally, a similar trend was seen in a smaller in vivo study (Cherny
et al. (2021)). Although these in vivo data suggest that there are not generalizable
rules for collateral sensitivity within a species, the high incidence of concurrent re-
sistance does provide empirical evidence for choosing antibiotics that avoid cross-
resistance. Additionally, these data could be informative both for the development
of future evolution experiments, and for considerations in identifying new tran-
scriptional signatures of antibiotic susceptibility. For example, signatures could
be designed such that they cover the smallest set of antibiotics for which there is

either direct or concurrent resistance information for.
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